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In memory of Ruth Marie Jenner née Kleinheinz

Nothing in life is to be feared, it is only to be understood.
Now is the time to understand more, so that we may fear less. — Marie Curie



Abstract

Optimization is a cardinal concept in the sciences, and viable algorithms of utmost importance as tools
for finding the solution to an optimization problem. Empirical risk minimization is a major workhorse,
in particular in machine learning applications, where an input-target relation is learned in a supervised
manner. Empirical risks with high-dimensional inputs are mostly optimized by greedy, gradient-based,
and possibly stochastic optimization routines, such as stochastic gradient descent.

Though popular, and practically successful, this setup has major downsides which often makes it
finicky to work with, or at least the bottleneck in a larger chain of learning procedures. For instance,
typical issues are:

* Opverfitting of a parametrized model to the data. This generally leads to poor generalization performance
on unseen data.

* Tuning of algorithmic parameters, such as learning rates, is tedious, inefficient, and costly.

* Stochastic losses and gradients occur due to sub-sampling of a large dataset. They only yield
incomplete, or corrupted information about the empirical risk, and are thus difficult to handle from a
decision making point of view.

This thesis consist of four conceptual parts.

In the first one, we argue that conditional distributions of local full and mini-batch evaluations of
losses and gradients can be well approximated by Gaussian distributions, since the losses themselves
are sums of independently and identically distributed random variables. We then provide a way of
estimating the corresponding sufficient statistics, i. e., variances and means, with low computational
overhead. This yields an analytic likelihood for the loss and gradient at every point of the inputs space,
which subsequently can be incorporated into active decision making at run-time of the optimizer.

The second part focuses on estimating generalization performance, not by monitoring a validation
loss, but by assessing if stochastic gradients can be fully explained by noise that occurs due to the
finiteness of the training dataset, and not due to an informative gradient direction of the expected loss
(risk). This yields a criterion for early-stopping where no validation set is needed, and the full dataset
can be used for training.

The third part is concerned with fully automated learning rate adaption for stochastic gradient descent
(sGp). Global learning rates are arguably the most exposed manual tuning parameters of stochastic
optimization routines. We propose a cheap and self-contained sub-routine, called a ‘probabilistic
line search’ that automatically adapts the learning rate in every step, based on a local probability of
descent. The result is an entirely parameter-free, stochastic optimizer that reaches comparable or better
generalization performances than sGp with a carefully hand-tuned learning rate on the tested problems.

The last part deals with noise-robust search directions. Inspired by classic first- and second-order
methods, we model the unknown dynamics of the gradient or Hessian-function on the optimization
path. The approach has strong connections to classic filtering frameworks and can incorporate noise-
corrupted evaluations of the gradient at successive locations. The benefits are twofold. Firstly, we gain
valuable insight on less accessible or ad-hoc design choices of classic optimizer as special cases. Secondly,
we provide the basis for a flexible, self-contained, and easy-to-use class of stochastic optimizers that
exhibit a higher degree of robustness and automation.



Zusammenfassung

Optimierung ist ein grundlegendes Prinzip in den Wissenschaften, und Algorithmen zu deren Losung
von grofier praktischer Bedeutung. Empirische Risikominimierung ist ein géngiges Modell, vor allem in
Anwendungen des Maschinellen Lernens, in denen eine Eingabe-Ausgabe Relation iiberwacht gelernt
wird. Empirische Risiken mit hoch-dimensionalen Eingaben werden meist durch gierige, gradienten-
basierte, und moglicherweise stochastische Routinen optimiert, so wie beispielsweise der stochastische
Gradientenabstieg.

Obwohl dieses Konzept populdr als auch erfolgreich in der Praxis ist, hat es doch betrichtliche
Nachteile, die es entweder aufwendig machen damit zu arbeiten, oder verlangsamen, sodass es den
Engpass in einer grofleren Kette von Lernprozessen darstellen kann. Typische Verhalten sind zum
Beispiel:

¢ Uberanpassung eines parametrischen Modells an die Daten. Dies fiihrt oft zu schlechterer Generali-
sierungsleistung auf ungesehenen Daten.

¢ Die manuelle Anpassung von algorithmischen Parametern, wie zum Beispiel Lernraten ist oft miih-
sam, ineffizient und kostspielig.

¢ Stochastische Verluste und Gradienten treten auf, wenn Zufallsstichproben anstelle eines ganzen
groflen Datensatzes fiir deren Berechnung benutzt wird. Erstere stellen nur inkomplette, oder korrupte
Information tiber das empirische Risiko dar und sind deshalb schwieriger zu handhaben, wenn ein
Algorithmus Entscheidungen treffen soll.

Diese Arbeit enthélt vier konzeptionelle Teile.

Im ersten Teil argumentieren wir, dass bedingte Verteilungen von lokalen Voll- und Mini-Batch Ver-
lusten und deren Gradienten gut mit Gaufsverteilungen approximiert werden kénnen, da die Verluste
selbst Summen aus unabhéngig und identisch verteilten Zufallsvariablen sind. Wir stellen daraufhin
dar, wie man die suffizienten Statistiken, also Varianzen und Mittelwerte, mit geringem zusétzlichen
Rechenaufwand schétzen kann. Dies fiihrt zu analytischen Likelihood-Funktionen fiir Verlust und Gra-
dient an jedem Eingabepunkt, die daraufhin in aktive Entscheidungen des Optimierer zur Laufzeit
einbezogen werden konnen.

Der zweite Teil konzentriert sich auf die Schitzung der Generalisierungsleistung nicht indem der
Verlust eines Validierungsdatensatzes iiberwacht wird, sondern indem beurteilt wird, ob stochastische
Gradienten vollstindig durch Rauschen aufgrund der Endlichkeit des Trainingsdatensatzes und nicht
durch eine informative Gradientenrichtung des erwarteten Verlusts (des Risikos), erklart werden kon-
nen. Daraus wird ein Early-Stopping Kriterium abgeleitet, das keinen Validierungsdatensatz benétigt,
sodass der komplette Datensatz fiir das Training verwendet werden kann.

Der dritte Teil betrifft die vollstindige Automatisierung der Adaptierung von Lernraten fiir den sto-
chastischen Gradientenabstieg (sGp). Globale Lernraten sind wohl die prominentesten Parameter von
stochastischen Optimierungsroutinen, die manuell angepasst werden miissen Wir stellen eine giinstige
und eigenstidndige Subroutine vor, genannt ‘Probabilistic Line Search’, die automatisch die Lernrate
in jedem Schritt, basierend auf einer lokalen Abstiegswahrscheinlichkeit, anpasst. Das Ergebnis ist ein



vollstandig parameterfreier stochastischer Optimierer, der vergleichbare oder bessere Generalisierungs-
leistung wie sGp mit sorgfaltig von Hand eingestellten Lernraten erbringt.

Der letzte Teil beschéftigt sich mit Suchrichtungen, die robust gegentiber Rauschen sind. Inspiriert von
klassischen Optimierern erster und zweiter Ordnung, modellieren wir die Dynamik der Gradienten-
oder Hesse-Funktion auf dem Optimierungspfad. Dieser Ansatz ist stark verwandt mit klassischen
Filter-Modellen, die aufeinanderfolgende verrauschte Gradienten berticksichtigen konnen Die Vorteile
sind zweiféltig. Zundchst gewinnen wir wertvolle Einsichten in weniger zugéngliche oder ad hoc
gewdhlte Designs klassischer Optimierer als Spezialfélle. Zweitens bereiten wir die Basis fiir flexible,
eigenstdndige und nutzerfreundliche stochastische Optimierer mit einem erhohten Grad an Robustheit

und Automatisierung.

vi



Acknowledgments

I'am sincerely and heartily grateful to my advisor Philipp Hennig for the fantastic support and thought-
ful professional and personal guidance he granted me throughout the past years. Philipp is an impres-
sive source of thoughts that reach beyond established concepts. I feel privileged to have worked in his

group.

I am grateful to Ulrike von Luxburg, who supported my PhD, especially towards the end, as supervisor,
as well as with guidance and valuable insight on career paths and opportunities.

I want to thank Bernhard Scholkopf for accepting me to the institute and for providing this fantastic
research environment. The dynamic environment, the skilled people, and the access to science are
amazing and I am thankful for the opportunity to be a part of it.

I'am also thankful to the the IT-crew of the MPI, and especially to Sebastian Stark, who run everything
so smoothly, including the cluster.

Research is seldom the works of a single person, and the effort is worth little without joy and laughter. I
thank my present and past colleagues of the Max Planck Institute for Intelligent Systems, and especially
of the Probabilistic Numerics group: Edgar Klenske, Michael Schober, Simon Bartels, Hans Kersting,
Lukas Balles, Alexandra Gessner, Filip DeRoos, Motonobu Kanagawa, Frank Schneider, and Matthias
Werner. I am thankful for the scientific discussions, but also for the quality time we spent together.

Finally, I would like to thank my parents Karin and Thomas for their faith in me, and Steffen, my brother,
for always having my back.

Maren Mahsereci
Cambridge & Tiibingen, July 2018






Uncertainty is an uncomfortable position.
But certainty is an absurd one. — Voltaire
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Introduction

PTIMIZATION problems, or rather the solutions thereof manifest in
O the very basic laws of nature: Light travels the path of mini-
mal time (Fermat’s principle), closed physical systems settle in states
of lowest energy (2" law of thermodynamics), or the dynamics of a
system arise from minimizing the action functional (Hamilton’s princi-
ple). Vaguer versions appear in biology, when scarce iron in red blood
cells is recycled by an organism, or in the structure of honeycombs (Fig-
ure 1). They are artificially created in human-defined objectives, for
example a concrete engineering task like the fuel efficiency of an inter-
nal combustion engine, or the growth of sales figures and profit. Even
in our daily lives, we might seek to minimize the time to get to work
by choosing an appropriate travel path.

The concept of optimization is thus often related to a fundamental
law, a limited and/or valuable resource, a subjective loss or gain.
Optimization itself is a powerful principle and mathematical tool that
prevailed over time, and hence has been extensively studied, albeit
with varying focus in different fields, motivations and applications.
Solvers find the solutions to optimization problems, and are thus of

utmost practical relevance.

Definition and Task

Nowadays, automated computers are used to solve optimization prob-
lems. While the design of such a solver can be guided by intuition
and experimental feedback, further constrained by hardware require-
ment and finite computational budgets, mathematics provides a for-
mal definition of the problem setting: Formally, optimization is the
task of finding the extremal value of a function, also called the objective,
f:RN =R, w+ f(w); without loss of generality, hereafter always
phrased as minimization:

rrgnf(w) 1

In practice though, we are often interested in the the point w* where
the objective attains its extremal value, i.e., w* = argmin, f(w),
rather than the minimal value of f alone. We will call the point
w* the solution. It determines our course of action, an optimal algo-
rithm, or the specific manifestation of a production line. Formally,
w* is the global minimizer of f(w), that is a point w* € RN where
f(w*) < f(w) for all w € RN. There might be multiple points ful-

Figure 1: The honeycomb is composed
of many hexagons. The shape is bene-
ficial to minimize building cost for the
bees. [Image taken from S. G. Goodrich
Animal Kingdom Illustrated Vol 2 (New
York, NY: Derby & Jackson, 1859), public
domain]



4 | INTRODUCTION

filling this requirement, in which case any of them is a solution. For
our purposes, we will further assume that f is bounded from below,
and that w* is attained in RN. We also assume that f is at least
once-differentiable everywhere, such that the multi-output gradient
function Vf : RN - RN, w s Vf(w) exists. Therefore w* equals a
point of vanishing slope, i.e., V f(w*) = 0.1

If the input-dimension N is large, we often simplify the task fur-
ther, and assume that any Jocal minimizer, that is a point w* that
fulfills f(w*) < f(w), for all w € O, with O € RN a neighborhood
of w*, is an acceptable solution as well. The latter statement enables
the use of greedy, gradient-based optimizers that do not explore the
whole domain of f(w), but rather focus on exploiting promising areas
towards a local minimum. This is algorithmically and structurally
more appealing and easier to handle, but comes at the expense of
potentially not finding the best solution possible. Still, local mini-
mizers often perform well in the task they are applied to later, even
though they might not be optimal by definition. The goodness of
an algorithm that performs optimization tasks, also simply called an
optimizer, can be evaluated in the light of mathematical convergence
results, or alternatively (but not mutually exclusive) by an extended
empirical evaluation. The former arguably provides more rigor, but
possibly only for a restricted class of functions whose assumptions
are hard to check in practice, or are possibly not fulfilled by definition
of f. The latter argues in the light of experimental evidence, which
is less rigorous, but sometimes the only accessible tool at hand. In
practice, both methods often go hand in hand and provide a more
complete picture about an optimization algorithm. In this thesis we
will focus on experimental evidence, not as a matter of principal, but
rather for reasons of personal taste, and since the aim of this disserta-
tion is to design novel optimizers of immediate practical and applied
relevance. The immediate feedback from toy-examples with a con-
trolled environment as well as real-world applications is valuable in
that respect.

Optimization in Machine Learning & General Outline

Optimization problems occur in many different disciplines. This dis-
sertation specifically deals with optimization tasks arising from ma-
chine learning applications, where computers learn a task without be-
ing explicitly programmed for it.> Since computers are deterministic
calculators, this means that these programs need to select or continu-
ously change a model that subsequently identifies their current strat-
egy and hence the algorithm, rather than directly encoding it. This is
done according to a finite amount of data that they see sequentially, or

alternatively at one point in time. If this selection process is non-trivial,

1 Other objectives that will not be dis-
cussed here might include functions
with discrete input and/or output, non-
differentiable functions, or constrained
solution domains.

2 This definition is commonly attributed
to Arthur Lee Samuel.



it is typically performed by optimizers which find a good model under
some measure among a parametrized class of potentially infinitely
many models. This might be the hyperparameters of a hierarchical
probabilistic model under the model’s evidence, the indicators and
group parameters of a clustering model under some average distance
relation, or the weights of a neural network under an empirical risk.
A particular instance of this is high-dimensional, stochastic empirical
risk minimization, which currently is a major workhorse for solving
supervised regression and classification tasks, and has been attract-
ing attention especially in combination with artificial neural network
models. This dissertation develops novel concepts for optimization
and the latter will provide the main application for testing. All rel-
evant concepts briefly mentioned here will be introduced in greater
detail in later chapters.

Intriguingly though, even numerical methods like optimizers, which
are applied to a variety of different tasks are not at all static methods
and, they, too, need to adapt and change according to the ‘data’ they
collect from the CPU, usually in the form of possibly stochastic func-
tion evaluations and gradients, albeit in a much more lightweight,
efficient, and hence often approximate way. Thus, a part of this thesis
will be concerned with elaborating on the connection to probabilistic
inference, and the interpretation of optimizers as being learning ma-
chines themselves that exhibit additional requirements on tractability,
constraints on hardware, memory and computational cost. This will
be done by tackling three sub-challenges, present in contemporary
empirical risk minimization problems. These are: i) Improvement of
generalization performance, ii) Gains in automation by removing tun-
ing parameters, and, iii) Design of search directions that are robust to
stochastic gradient evaluations.

The next section provides a brief, targeted historic overview, fol-
lowed by a section that summarized the main tasks and contributions
of this thesis in greater detail.

A Short Historic Introduction

The history of optimization is vast and old. The following paragraphs
thus mention some selected historic steps in the development of defin-
ing, solving and analyzing non-trivial optimization problems, with the
aim to position this thesis in today’s knowledge and challenges. To-
wards the end, contextual emphasis will be placed on topics relevant
to this dissertation; as mentioned above, these are stochastic high-
dimensional optimization problems, in particularly empirical risk min-
imization.

* FIRST GEOMETRIC OPTIMIZATION PROBLEMS: The first optimization

problems that were analyzed in a structured way, were probably of

INTRODUCTION | 5
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geometric nature. Especially the works of Euclid of Alexandria’,
The Elements—Books I-XIII, ~ 300 B.C. [38], is an extensive collection
and study of geometric and trigonometric shapes and their rela-
tions, some of which are the solutions to questions of optimality:
The minimal distance of a point to a plane, the square as the rect-
angle of largest area for a given circumference, or the sphere as the
3D-object with largest volume for a given surface area (Figure 2).
Most of these problems have an analytic representation of f, as
well as an analytic solution w*. Also the honeycomb-conjecture
mentioned above and illustrated in Figure 1, proven to be correct
just recently in 1999, 2001 by T. C. Hales, was already phrased back
then, as the division of a 2D-surface into equal areas that minimizes
the perimeter (optimal packing).*

FROM ANALYTIC SOLUTIONS TO ITERATIVE TECHNIQUES: It became
apparent soon that some equations would not have analytic solu-
tions, such as finding the eccentric anomaly E of a star’s orbit in
Kepler’s equation M = E — e sin(E), given the eccentricity € of the
ellipse and mean anomaly M (Figure 3). Issac Newton famously
solved it by first starting ata good guess close to E*, and then adding
terms to it, found by an algebraic expansion, with the goal to ap-
proach the true solution ever closer. With the advent of calculus,
and thus gradients (fluxions), by Newton and Leibniz (~ 1670), and
later Euler and Lagrange (calculus of variations, ~ 1750), similar
solvers appeared, such as steepest descent by Cauchy [21] that low-
ered a function’s value by walking cautiously but ad infinitum into
a descent direction. The first iterative solvers were born, breaking
down a difficult problem into multiple, successive easier ones.

COMPUTERS AND NEW MATHEMATICAL CONCEPTS: In the meantime,
new mathematical concepts appeared (~ 1850 — 1950), and ex-
isting ones were formulated more rigorously, such as continuity
(Weierstraf$), convexity (Jensen), or Lipschitz continuity of func-
tions, which made it possible to analyze iterative solver in the light
of convergence and convergence rates. The questions “Can the true
minimizer be returned if we just iterate long enough, and, if yes,
how fast will we get there?” that had only been hypothesized before,
e.g., by Cauchy, became more prominent and of practical concern
since it was now possible to consider more than a handful of iter-
ates. Automated computers finally leveraged the full potential of
iterative techniques that showed very good behavior just beyond
the first few iterations, notably quasi-Newton methods (~ 1950), or
iterative solvers for constrained linear problems (linear program-
ming). Computational complexity and memory requirement of
algorithms became primary issues, due to the increasing demand
for also solving multi-dimensional optimization problems.

[21] Cauchy, “Méthode générale pour la
résolution des systémes d’équations si-
multanées,” 1847

[38] Euclid and Fitzpatrick, Euclid’s Ele-
ments, 2009

3 He also invented the phrase ‘Quod erat
demonstrandum.’, still used to date to end
mathematical proofs.

4 Pappus of Alexandria provided a proof
for divisions by the polygons triangle,
square and hexagon in Collection Book V

(~ 300 B.C.).
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Figure 2: For a given surface area A, the
sphere has the largest volume V of all
3D-objects.

circle

Figure 3: Orbit of a planet (P) around the
sun (S). Solving Kepler’s equation (Jo-
hannes Kepler, 1609 in Astronomia Nova
Chapter 60) corresponds to minimizing
the 1D-function

f(E) = 0.5E* — ME + ecos(E),

where € € (0, 1) is the eccentricity of the
elliptical orbit.

Source Fig. 2: Wikipedia CC BY-
SA 3.0, ‘Tetrahedron.svg’, by Cmglee
https://commons.wikimedia.org/w/
index.php?curid=26667051

Source Fig. 3: Wikipedia CC BY-SA 4.0,
‘Mean Anomaly.svg’, by CheCheDaWaff
https://commons.wikimedia.org/w/
index.php?curid=48381371


https://commons.wikimedia.org/w/index.php?curid=26667051
https://commons.wikimedia.org/w/index.php?curid=26667051
https://commons.wikimedia.org/w/index.php?curid=48381371
https://commons.wikimedia.org/w/index.php?curid=48381371
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* FasTER coMPUTERS, GPUs AND LARGE DATASETs: Towards the end

of the 20" century, the possibility to collect and store large amounts

of data became ubiquitous. Processing it, though, still remained

slow, but was considerably sped up by graphics processing units

(GPUs) which enabled parallel processing of a limited amount of

datapoints, as long as algebraic operations could be expressed

as independent arithmetic operations, e.g., matrix-vector prod-

ucts. In an attempt to lower the cost further, stochastic optimizers,

such as stochastic gradient descent (sGp), were invented, ground-

breakingly proven to converge under certain conditions by Robbins

and Monro [113]. These methods only process a small fraction of [113] Robbins and Monro, “A stochastic

data at a time, sub-sampled from a much larger, finite dataset, or approximation method,” 1951
an online stream of data that is infinite theoretically, but finite at
every point in time. This arguably led to a shift in the optimization
community, towards solvers needing an excessive amount of, but
therefore very cheap iterations. Especially stochastic empirical risk
minimization became a major workhorse, where unbiased gradient
estimators are easily accessible by sub-sampling a large dataset. At
the same time, this also opened up new questions, as how to trade-
off potential progress per step, and the cost involved in doing so,
which were not as present before and still are mostly unsolved to
date.

* TopAY’S CHALLENGES AND NEW QUESTIONS: The success of certain
practical machine learning applications foremost in industry (the
second advent of Al), revealed that optimization is still often a
bottleneck in a larger chain of learning procedures. Thus, the need
for better (faster, data-efficient) optimizers is again at a high today
and already led to a pool of variants of sGp that are easier to use

and more cost efficient.

A notable difference, though, in today’s challenges, is that opti-
mizers increasingly are not only concerned about minimizing the
objective function, but become intertwined with the whole learning
problem itself. In empirical risk minimization, for instance, where
the objective f(w) of Eq. 1 is the empirical risk, ‘good” optimizers
nowadays, are expected to return solutions that also generalize well
to unseen data, reduce overfitting, or react robustly to the noise, that
originates from sub-sampling the dataset. These solutions are not
necessarily equal to the solution of arg min_, f(w), and are subject
to questions of information theory and statistics. This connection is
intriguing, but comes with the drawback that the desired objective
can often not be written down analytically anymore, or is subject
to disputable approximations and assumptions. Consequently, it
is up to controversy what the optimizer’s objective should be after
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all, if not f(w); and, throwing Eq. 1 out of the window, the notion
of ‘what a good optimizer is’, is even debated today.

Detailed Outline

Optimization is and has always been a combined effort of disciplines
such as math, physics, and later computer science, driven by appli-
cations and practical problems to solve. Standing on the shoulders
of giants, in this thesis we will attempt to tackle some of the current
open questions of the optimization community, and contribute to the
knowledge and progress of scientific research. In particular, we focus
on stochastic, high-dimensional optimization, with an emphasis on
empirical risk minimization for supervised classification and regres-

sion tasks. As outlined above, current open questions include:

e Improving generalization performance that can not directly be mea-

sured by f(w).
* Gaining automation by removing tuning parameters.

* Designing search directions that are robust to stochastic gradient
evaluations.

Partially based on the publications listed below, this thesis contains
the following parts that are summarized here briefly. Several concepts
that are mentioned here without further note, will be introduced in
more detail in later chapters.

* EARLY-STOPPING WITHOUT A VALIDATION SET: Consider empirical
risk minimization, where f(w) is the empirical risk, defined by
a finite dataset D that contains pairs of an unknown input-target
relation. A very expressive model My, parametrized by w, that
learns this relation, might overfit to the dataset and perform poorly
on unseen data from the same (true) input-target relation. This
is unsurprising, since the encoding of My, and thus the objective
f(w), has knowingly ignored all other possibly occurring input-
target-pairs not contained in D.

Besides regularization techniques that change the model M, and
thus f(w), and some others, arguably the widely accepted paradigm
to prevent overfitting is early-stopping; a procedure that simply halts
the optimizer before it reaches the minimizer w* of the empirical
risk. The rational behind it is that the sequence of models My,
t = 0,...,T that the optimizer proposes at iterations t, generally
lead from underfitting to overfitting, and generalize well some-
where along the path. A good stopping point is then identified
by monitoring the loss of a validation set; that is, the dataset D is
partitioned into two or three smaller disjoint datasets: One for train-
ing/defining f(w), a validation set for monitoring generalization



that also induces stopping, and possibly another for a final evalu-
ation, since the stopping decision is biased towards the validation
set, too. This is a very reliable technique when the dataset D is large
enough, such that splitting it up does not deprive each partition, but
especially the optimizer’s objective, of valuable information about
the input-target relation it has to learn; but for smaller, medium
sized or highly diverse datasets, splitting can notably affect the
generalization performance of M, that can possibly be reached.

In Chapter 6, we will thus formulate a weaker, novel early-stopping
criterion which allows to fold-in the validation set into the training
procedure. The optimizer is halted when gradients can be fully ex-
plained by sample-noise arising from the finite size of the dataset,
and not by an informative gradient direction, even if the full dataset
is used per iteration. We show on several test cases that the addi-
tional data accessible to the training procedure helps to improve
generalization on a withheld test-set, and also empirically induces
well calibrated stopping decisions, especially on small to mid-sized
datasets, where the stopping decision induced by a validation set
can be corrupted or heavily biased.

(GAUSSIAN LIKELTHOODS FOR LOSSES AND GRADIENTS: We will make
a general point on the form of the distribution of local (for a given
w) losses and gradients of an empirical risk function. We will argue
that, by the central limit theorem, the former can be approximated
by Gaussians whose parameters can be estimated at run-time with
little computational overhead. We will also support this claim with
heuristic evidence. This yields an analytic likelihood of the un-
known true loss and gradient at every input-location w, which sub-
sequently can be incorporated into an inference scheme. This is in
line with a re-emerging field called probabilistic numerics [58], based
on previous works by Diaconis [31] and O’'Hagan [101] (for univari-
ate integration, which led to Bayesian quadrature), Skilling [126]
(for ODEs), and more philosophically Poincaré [103]. Specific recent
works on optimization include Hennig and Kiefel [57] on probabilis-
tic quasi-Newton methods, as well as Hennig [56] for works on the
solution of linear systems which is closely related to optimization
of quadratic problems. In all these, ‘data’, such as the evaluations
of mini-batch gradients, is of computational nature, mined by a
brain or a CPU at the cost of time or energy consumption; and the
objects of inferential interest are solutions to non-trivial numerical,

non-physical problems.

For optimization in particular, this means that having incorporated
more knowledge about the distribution of possibly occurring, but
yet unseen gradients, the optimizer has an increased potential to
learn and adapt its internal model parameters such as smoothing
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[126] Skilling, “Bayesian solution of ordi-
nary differential equations,” 1991

[103] Poincaré, Calcul des probabilités,
1896

[57] Hennig and Kiefel, “Quasi-Newton
methods — a new direction,” 2012

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015

[58] Hennig, Osborne, and Girolami,
“Probabilistic numerics and uncertainty
in computations,” 2015

[31] Diaconis, “Bayesian numerical anal-
ysis,” 1988

[101] O’'Hagan, “Some Bayesian Numer-
ical Analysis,” 1992
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constants, learning rates et cetera, that would need to be hand-
crafted otherwise. In other words, the capability of the optimizer
to encode crucial information about the objects it collects from a
CPU, increases its ability to foresee, weigh, and react to yet unseen
evaluations thereof. We will see that, adopting an empirical Bayes
approach, the specific parameters of these distributions, in partic-
ular the variances, can often be estimated with little overhead that
justifies the overall performance gains. The possible results are op-
timizers with a higher degree of automation as well as robustness;
two examples thereof will be discussed next.

* AUTOMATED STEP SIZE ADAPTATION FOR STOCHASTIC GRADIENT DE-
sceNT: We will choose to look at optimizers as models, themselves
parametrized by tunable quantities like smoothing constants, de-
cay factors, learning rates or parameters of learning rate schedules.
Some are more prominent than others, but they all identify a par-
ticular algorithm uniquely. In general, parameters can either be set
to roughly insensitive design choices, or, if that is not possible, they
need to be hand-tuned by an expert, according to a performance
measure, such as generalization loss after a finite budget of CPU-
or wall-clock-time. Given a function handle to f(w), the single
parameter of stochastic gradient descent (sGp) is the step size, or
learning rate o, which is often tedious to tune or to hand-craft and,
even then, is virtually never optimal per step.

In Chapter 7, we will introduce a novel subroutine, called a prob-

abilistic line search, of constant, small cost that adapts the learning

rate of sGp at each step by checking local probabilities of descent.

The algorithm is based on the idea of a line search subroutine (e. g.,

[100, § 3]), classically designed for deterministic gradient and loss [100] Nocedal and Wright, Numerical Op-
evaluations. We take design parts of the algorithm one-by-one and timization, 1999
translate them to their probabilistic equivalent where possible, or

generalize them where necessary. We show on several classifica-

tion tasks that the novel line-search-adapted sGp exhibits superior

or same generalization performance in comparison to sGp with

carefully hand-tuned learning rates; but with the advantage of not

having to do any explorative experiments or expert-user interaction.

It shows that previous tuning-parameters can be removed entirely,

by explicitly encoding and estimating not only loss and gradient

estimators, but also the structure of their distribution.

° A FILTERING FRAMEWORK FOR STOCHASTIC OPTIMIZATION: If one
compares the computer-codes of stochastic gradient descent (sGp)
and full-batch gradient descent (Gp), given a function handle to f,
they are indistinguishable. They also share the same set of tunable
parameters: scalar learning rates «;. This means that sGp in fact
does not understand that it is exposed to corrupted gradients; all we



know, as users, is that it does not matter to some extend because we
were able to proof, that it converges anyway (with constraints on its
own model parameters a; [113]). Thus, the question arises if also the
search direction, and not just a small subroutine like line searches,
might benefit from an explicit encoding of gradient distributions.
After all, it has been shown before [57] [56] that some update rules
of deterministic optimizers are special cases of Gaussian inference on
Hessians, involving Gaussian likelihood functions that collapse on
delta-peaks for exact gradient evaluations, i. e., vanishing variances.
Now that we know that Gaussian likelihoods are quite accurate as-
sumption even, what would happen for finite variances? Would
inference still be tractable? How would we use the posterior dis-
tributions in a concrete iterative scheme? And would an optimizer
even benefit from the potentially more involved iterations?

There can be many more questions asked, though Chapters 8 and
9 can be understood as a cautious approach (similar to [57] who
did not solve tractability) to motivate and derive tractable updates
for noise-informed first- and second-order search directions for
stochastic optimization. We will draw connections to current pop-
ular methods and show direct support of exponential smoothing
of gradients in first-order methods, as done rather ad-hoc in rules
such as momentum-sGp [105] [116] or the denominator of the AbaMm-
update [74]. We will also see that objects, such as sample variances
of stochastic gradients, appear implicitly and much less structured
in many popular updates (see also the works of Balles and Hen-
nig [5]) which supports the use of possibly better, since unbiased,
local variance estimates. Based on these findings, we propose KF-
GRAD, a momentum-like update, derived from a Gauss-Markov
model for the true gradient function defined on the optimization
path, which can learn its own natural smoothing factors (also called
‘gains’ in filtering /signal processing), and is richer in structure than

momentum-sGbp.

In a similar manner, we analyze a novel class of probabilistic quasi-
Newton methods, arising from a tractable estimator based on a
Gauss-Markov model for Hessian elements. We draw connections
to classic quasi-Newton methods (like the members of the Dennis
family [29], including its famous member BrGs [19] [40] [44] [123])
for the limit of deterministic gradient evaluations. We are then
able to analyzes the implicit model assumptions made by these
classic methods and argue that similar strategies or choices of hyper-
parameters, in stochastic settings, might in fact be less preferable,
and should not blindly be transferred. We also show first steps
towards a scalable probabilistic quasi-Newton optimizer that might
be worth investigating in the future.
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[113] Robbins and Monro, “A stochastic
approximation method,” 1951

[57] Hennig and Kiefel, “Quasi-Newton
methods — a new direction,” 2012

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015

[105] Polyak, “Some methods of speed-
ing up the convergence of iteration meth-
ods,” 1964

[116] Rumelhart, Hinton, and Williams,
“Learning representations by back-
propagating errors,” 1986

[74] Kingma and Ba, “Adam: A Method
for Stochastic Optimization,” 2014

[5] Balles and Hennig, “Follow the
Signs for Robust Stochastic Optimiza-
tion,” 2017

[123] Shanno, “Conditioning of quasi-
Newton methods for function minimiza-
tion,” 1970

[29] Dennis, “On some methods based
on Broyden’s secant approximations,”
1971

[19] Broyden, “A new double-rank mini-
mization algorithm,” 1969

[40] Fletcher, “A new approach to vari-
able metric algorithms,” 1970

[44] Goldfarb, “A family of variable
metric updates derived by variational
means,” 1970
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We hope that the above points, and the corresponding detailed texts
below, contribute to progress in optimization research, and that they
will be found useful by the community. Optimization, as a problem-
setting or task, is located at an intriguing mid-ground somewhere in
between a clear inference task with a clear goodness-measure, such as
approximating the Newton direction, and the task of the user that is
evaluated in another measure, such as the performance of returned M,
after a finite computational budget. This trade-off is still poorly under-
stood and hard to analyze. We hope that this work contributes towards
disentangling both sides, such that interpretability, user-friendliness,
and automation of optimization machines can be improved further.
Towards that end, we present first practical algorithms in three sub-
tasks: Search directions, learning rates, and generalization; all based
on probabilistic models that use and rely on statistics of stochastic
gradients and losses, and either analyze model assumptions, ease the
usage, or improve the performance of stochastic optimizers today.

Content

Parr I introduces concepts and notation that will be used throughout
the text, as well as relevant related literature. These are: Chapter 1
General concepts of reasoning and probabilistic inference: Basic probabil-
ity calculus, Gaussian distributions, Gaussian processes, probabilistic
state space models, Wiener processes, and Kalman filters. Chapter 2
Optimization and applications: Empirical risk minimization, artificial
neural networks, gradient-based deterministic and stochastic optimiz-
ers, regularization, early-stopping, and deterministic line searches.
Chapter 3 Closely related literature: Quadratic problems, Kronecker al-
gebra, and the probabilistic linear solver of Hennig [56]. Chapter 4
Miscellanea: Bayesian optimization, and the central limit theorem.

Parts 11, III & IV contain the main contributions of this disserta-
tion. These are: Chapter 5 Explicit description of conditional distri-
butions of stochastic gradients and losses. Chapter 6 A novel early-
stopping criterion for better generalization. Chapter 7 A probabilistic
line search sub-routine for fully automated learning rate tuning of
sGp. Chapter 8 A novel filtering framework for stochastic gradients
and first-order optimization. Chapter 9 A novel filtering framework
for stochastic Hessians and second-order optimization.

The Appendix contains additional results, derivations, plots, and
pseudo-codes of Chapters 5-9.

Publications

Parts of the work in this thesis were done in collaboration with col-
leagues and are based on the following publications:

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015



Chapter 7 is based on the following peer-reviewed journal publication:

M. Mabhsereci and P. Hennig. “Probabilistic Line Searches for
Stochastic Optimization.” In: Journal of Machine Learning Re-
search 18.119 (2017), pp. 1-59. urL: http://jmlr.org/papers/
v18/17-049.html

A peer-reviewed conference version, selected for a full oral presenta-
tion was published in :

M. Mabhsereci and P. Hennig. “Probabilistic Line Searches for
Stochastic Optimization.” In: Advances in Neural Information
Processing Systems (NIPS). vol. 28. 2015, pp. 181-189

Chapter 6 is based on the on the following pre-print (in preparation
for submission to JMLR):

M. Mabhsereci, L. Balles, C. Lassner, and P. Hennig. Early Stop-
ping without a Validation Set. 2017. eprint: arXiv:1703.09580

Chapters 8 and 9 are unpublished at the time of writing and in prepa-
ration for submission to JMLR.

I also contributed major parts to the following peer-reviewed work:

L. Balles, M. Mahsereci, and P. Hennig. “Automating Stochastic
Optimization with Gradient Variance Estimates.” In: ICML
AutoML Workshop (2017)

Additionally, the Preliminaries (Part I), the Appendix, as well as Chap-
ter 5 are partially taken from the publications mentioned above, or are
collections thereof, as indicated in the running text.
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Gaussian Process Regression

NCERTAINTY is fundamentally inherent to smart decision making.
U In other words, if there is no uncertainty, there is always a clear
answer. A mathematical notion of uncertainty is probability theory
which can be derived e.g., from the Cox axioms [25]; these are ba-
sic notions of reasoning in agreement with ‘comparability’, ‘common

sense’, and “consistency’.!

1.1 Probability Calculus

The symbol p(A) denotes the probability that proposition A is true,
and p(A N B) the probability that both A and B are true. Given that
B is true, p(A|B) is the conditional probability that A is also true. The
two basic rules of probability calculus are the product rule and the sum
rule:

p(ANB) = p(A[B)p(B)
p(A) = ;p(A NB) = %:p(A|B)p(B) sum rule (2b)

product rule (2a)

The sum rule computes p(A) by adding up all conditional probabilities
p(A|B) weighted with the probability that B is true, for all possible
propositions B. All probabilities are normalized between zero and
one, i.e, p(A) € [0,1].

Bayes’ Theorem and Probabilistic Reasoning

A direct consequence of the product rule of Eq. 2 is Bayes” theorem [9]
(80]

plale) = PEDEE, or (s 20 ©
Bayes’ theorem states that given the conditional probability p(B|A)
and the probabilities p(A) and p(B), it is possible to compute the
inverse conditional probability p(A|B).

Instead of general propositions A and B, we are particularly inter-
ested in the probability that a variable X is equal to a value x from a
discrete non-empty set X'. We then say that p(X = x) is the probabil-
ity that X takes the value x, and likewise for another variable Y, with
values y from ). Then, p(X = x,Y = y) is called a joint probability,
and e. g., p(X = x) a marginal probability. Additionally, it is common

[75] Kolmogorov, “Grundbegriffe der
Wahrscheinlichkeitsrechnung,” 1933

[25] Cox, “Probability, frequency and rea-
sonable expectation,” 1946

1 Another commonly used axiomatic
system is due to Kolmogorov [75]. Both
systems yield the same probability calcu-
lus. The difference is merely and mostly
in the interpretation of the word “proba-
bility’, as a statement of plausibility of
a hypothesis (Cox), or a frequency of
an event from an experiment with ran-
dom outcomes (Kolmogorov). In this
thesis we will also assign probabilities to
values of non or not obviously random
quantities, without making a rigorous
point that this is the only way probabil-
ities should be looked at. We will also
use wording and notation of either ap-
proach depending on the task and the
related literature.

Figure 4: Probability density (
cumulative distribution function ( ).
Top: uniform. Second: steps. Third:
single Gaussian. Bottom: mixture of two
Gaussians. The cdfs are computed over
the whole real line for pdfs that are non-
zero outside of the shown interval.

) and

[9] Bayes, “On a problem in the doctrine
of chances,” 1763

[80] Laplace, “Mémoire sur la probabil-
ité des causes par les événemens,” 1774
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to use the short-hand notation p(x) instead of p(X = x) et cetera, and
to use x as the symbol for both, the variable X as well as the value x.
In applications, realizations of y are often associated with observations
or data, and x with an unknown quantity. The probability p(y|x) is then
called the likelihood, p(x) the prior, p(y) the evidence, and p(x|y) the
posterior, all of the unknown x. This means that given a joint or gen-
erative? model of observed and unobserved variables y and x, we can
reason about the unobserved ones, given some examples of y, even if
they do not identify x completely.

Continuous Variables and Densities

If the variables X and Y are not discrete but real-valued, then p might
also denote a probability density function (pdf) and the sum in Eq. 2b
turns into an integral. Another relevant function is the cumulative
distribution function (cdf):

X

_pla)da @

cdfyx(x) := /

which is the probability p(X < x) that X has a value smaller than x.
Figure 4 shows examples of four different pdfs (uniform, steps, Gaus-
sian, mixture of two Gaussians) and their corresponding cdf. Some
cdfs can be computed analytically, e.g., the cdfs shown in Figure 4,
others involve solving the integral in Eq. 4 numerically. The probabil-
ity p(x1 < X < xp) that X lies in the half-open interval (x7, x| can
be obtained from twice evaluating the cdf: cdfx(xy) — cdfx(xy). Fig-
ure 5 visualizes ‘marginalization” and ‘conditioning” of a multi-modal
probability density. Pictorially speaking, conditioning defines a nor-
malized slice trough the the joint pdf, while marginalization over a
single variable defines a weighted average of all of those possible slices.

1.2 Gaussian Distributions

The density of a one-dimensional Gaussian or normal distribution is

of the form:
_ 1 C1(x—p)?
p(X) - Wexp [ 2 0_2 ’ (5)

also denoted as calligraphic N (x; i, 0?). It has two parameters y € R
and ¢? € R which identify the distribution.® If p is unknown but
known to be Gaussian, it is thus enough to collect statitics about u
and ¢ from independent and identically distributed (i. 1. d. ) samples.
These statistics are called sufficient statistics, meaning that, roughly
speaking, it suffices to keep around these two numbers instead of
the collected samples. The parameters u and ¢? have a geometric

2 The term ‘generative’ is used used non-
uniquely in the literature. We will use it
to denote a procedure, that can generate
(x,y)-pairs from their joint probability
distribution.

|
|
|
|
1

Figure 5: Marginalization and condition-
ing. Contours of two-dimensional prob-
ability density (——), marginal density
of abscissa ( ), conditional density
of ordinate ( ), location of condition-

ing on abscissa (- - -).

Figure 6: Visualization of mean and
covariance. 2D-Gauss with mean vec-
tor p () eigenvectors of ¥ scaled
with the square root of their eigenval-
ues ( —»/_— ), contour of p(x) =

@27) 1 (|Zfe) 2 (—).

3 The parameters can also be repre-
sented in other bases: A common one
is ;—‘2 and — ﬁ which are also called nat-
ural parameters.



interpretation: p is the mean (first moment, or expected value) of x,
and o2 is the variance (second central moment). For Gaussians the
mean is also simultaneously the location of the maximum of p(x).

The Gaussian distribution can be generalized to multi dimensions:
x ~ N (%), where x € RP is now a vector, U e RP is the mean
vector, and ¥ €P*P is the positive semi-definite covariance matrix. If
X is positive definite (thus non-singular), the pdf can be written as:

PO = o) R e | (x0T (- ), ©

where |£| > 0 is the determinant of X (illustration of 2D-Gauss in
Figure 6).

Gaussian Inference

Marginalization and conditioning—the elementary operations of prob-
abilistic inference—are analytic for Gaussians. This means that given
the joint pdf

N X1 | Bx Lrx ny @)

7 7 7

Y Hy Zyx  Zyy

the marginals are N (x; jx, Zxx) and NV (y; piy, Ly ), and the conditional
for observed y is NV (x|y; g, Zy),) With:

,ux\y = HUx + nyzy_yl (y - ]/ly)r Zx|y =2yx — nyzy_ylzyx- 8)

L,y is called the Schur complement of %,,. Pictorially it shrinks the
covariance Xy by subtracting parts that contain information about x,
observed through y. In other words if the vector [vy,v,]T is drawn
according to Eq. 7, then v, and the vector Uyly = Vx — nyZy_ylvy are
independent.

If additionally y is a noise corrupted linear map of x, i.e., y =
Hx + ¢, with e ~ N(0,R) (H and R are matrices of appropriate size

and properties), then Eq. 8 turns into:

Hxly = Hx + 2'xxI_IT(I_IZxxI'IT + R)il (]/ — H‘ux)

©)
Sy = Zax — T HT(HE HT + R) 'HZ,,.

Figure 7 shows inference on a 2D-Gaussian variable for differing noisy
observations i) top: both dimensions are observed (H = I), ii) middle:
only one dimension (abscissa) is observed (H = [1,0]), iii) bottom: a
one-dimensional arbitrary subspace is observed (H = [1,0]®, where
© is a 2D-rotation). For observed parts, the posterior variances are
always smaller than both the prior and the likelihood variances; for
unobserved parts they are identical to the prior variance. This can be
seen from the middle plot where the variance of the unobserved ordi-
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Figure 7: Two-dimensional Gaussian in-
ference . Probability densities shaded
for 1,2, and 3 standard deviations. Prior
(C), likelihood () and posterior
(CT). Top: noisy observation. Mid-
dle: noisy observation of axis-aligned
1D-subspace. Bottom: noisy observa-
tion of arbitrary 1D-subspace.



20 | GAUSSIAN PROCESS REGRESSION

nate component does not change. The posterior mean |, of Eq. 9 is
always an elementwise linear combination of the projected prior mean
Hpy, and the observation y weighted by ¢ := 3y HT(HXHT + R)7Y;
in other words i, = (I — gH)ux + gy and X, = (I — gH) X,

Exact inference in fully Gaussian systems thus only involves opera-
tions of linear algebra such as matrix-matrix products, matrix-vector
products or matrix-inverses. Gaussian fits to arbitrary probability
distributions can thus be seen as a tool to approximate probabilistic
inference to first order (linear) computations. This insight is tremen-
dously helpful for the design of probabilistic numerical methods, as
considered in this thesis, since numerical linear algebra are operations
that a computer can perform to high precision in finite time.

1.3 Continuous Indexing—Gaussian Processes

The concept of a multi-dimensional Gaussian distribution can be gen-
eralized to continuous index spaces Z, e.g., the real line. Therefore,
an infinite dimensional object like a function instead of a finite dimen-
sional random variable can be modeled with it. A Gaussian process (Gp)
is a collection of random variables {x; },c z indexed by z. The random
variables {x, },—1,_r associated with any finite subset {z;};—1, 7 C Z
of these indices are jointly Gaussian distributed [109], [73].5 Similar
to finite-dimensional Gaussian distributions, the Gaussian process is
fully specified by a mean function u(z), u : Z — R and a covariance or
kernel function k(z,z'), k : Z x Z—R. For the distribution we also
write calligraphic x ~ GP(u, k).

Any T-dimensional finite subset of the Gp can be computed for an
index set z1, .t by evaluating p(z;) and k(z;,z;) forall i,j = 1,...,T.
This yields a T-dimensional mean vector and a T x T-dimensional
positive definite covariance, or kernel-Gram matrix.

Figure 8 illustrates this idea: Row 1 shows two covariance ma-
trices (5- and 9-dimensional). Rows 2 and 3 show illustrations of
the corresponding 5- and 9-dimensional Gaussians: Samples (- - -)
and mean +1 standard deviation (——) versus the discrete index sets
z1,.5 =1{1,3,5,7,9} and z1_¢ = {1,2,3,...,9} (the drawback of this
visualization is that off-diagonal elements of the covariance matrix
can not be represented explicitly). Row 4 shows two 200-dimensional
kernel-Gram matrices for real-valued, equally spaced and sorted in-
dices on the shown interval of z.® Rows 5 and 6 again show cor-
responding samples (- - -), mean (——) and £1 standard deviation
(C™) versus z. The dashed and solid interpolations between indices
were rather associative in rows 2-3, representative for the covariance
structure, but no distribution over x was actually defined there. For
the kernel-induced covariances of the Gp (rows 4-6), in principle z;

41f H is a selector map, i. e., a projection
onto a subspace, like e.g., in Figure 7,
instead of an arbitrary linear map, then
itis a convex combination in the observed
parts.
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Figure 8: Illustration of continuous in-
dexing. Rows 1-3: 5- and 9-dimensional
finite Gaussians. Rows 4-6:  200-
dimensional representation of two Gaus-
sian processes.

[109] Rasmussen and Williams, Gaussian
Processes for Machine Learning, 2006

[73] Karatzas and Shreve, Brownian Mo-
tion and Stochastic Calculus, 1991

5 We will mostly skip the curly brackets
which indicate sefs, i.e., {x, }i=1,r will
be denoted as Xz .7+ We will later also
overload this notation and represent vec-
tors and matrices for double indices with
it.

6The left covariance matrix is in-
duced by the well-known stationary
squared exponential kernel k(z,z') =
exp (7%) The right one k(z,z) =
exp (—2sin?(0.57|z — 2'|)) + min(z,z')
is a combination of a periodic kernel and
a Wiener kernel and is non-stationary.
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could be chosen arbitrarily dense in the shown interval (or in Z), such
that the random vectors approach infinite-dimensional functions.

Gaussian Observations

Similar to the finite-dimensional case, observations y of x with additive
Gaussian noise can be easily integrated into Gps:

Y =X +€ e~N(,r), ie{l,...,M} (10)

where zj ,, denotes the set of M observed locations. Since any finite

subset of outputs x is Gaussian distributed with covariance given by
the kernel-Gram matrix, it is possible to define a finite-dimensional

Gaussian joint over the outputs x;, . corresponding to predictive loca-

tions z; T, and observations Yz at locations z| . The posterior

mean and covariance is given by Eq 9:

0y Sy +rD) (e, e, )

yle,...,T‘yzin =M 1.,M 1M

(11)
=2 —

ZX

Sy (Syy + 1) 1 Eyx

2,.,T ‘yz{ M

where e.g., Xy, is shorthand for the off-diagonal covariance block
= k(zi,z}), ie{1,...T},
., M} Computed by the kernel function; and similarly mean
=p(zi) ie{l,..

function. Since the predlctlve locations z;, T are arbitrary on the con-

of the joint with the ij element z:ﬁ{'y
jedil..

elements, e. g., y} Xy ., T}, computed by the mean

tinuous index domain, y . canbe interpreted as posterior mean

\yr

function and as posterior kernel function which identify the

oy
posterior Gp.

Figure 9 illustrates the posterior of a gp. It uses the same kernels
as in Figure 8: Squared exponential kernel (rows 1-3), and periodic
plus Wiener kernel (rows 4-6). Rows 1 and 4 show a 200-dimensional
x|y’ left and right

plot respectively, for equally spaced and sorted z on the shown domain.

covariance matrix of the prior Xy, and posterior X

Rows 2 and 5 show the prior, as in rows 5 and 6 of Figure 8; rows 3 and
6 show the posterior. Both kernel choices give rise to quite different
posterior structures, i.e., patterns in the posterior covariance matrix
and probable regressors, although they were conditioned on the same
partly noisy observations y,,, (—e—).” Thus kernel design and also
fitting of the kernel parameters is a crucial element in Gp-regression
tasks.3

The largest computational cost of gpr-inference usually stems from
inverting the Gram-matrix Xy, + rI € RM*M which has cubic cost
in its size O(M?). The next section explores structures of Yyy which
reduce the complexity to linear cost for certain choices of kernels and
‘time’-ordered inputs z. In these settings exact Gp-inference can be

w/ T V\ .
PEW AN Y o 7’ R
A ~ Vg \\\“ /\ L
S hx RN AM\A

Figure 9: Posterior Gp and covariances.
Rows 1-3: squared exponential kernel
Rows 4-6: periodic with additive Wiener
kernel; colors and both kernels as in
rows 4-6 of Figure 8.

7 The patterns are visible because the in-
dices i of z; are chosen such that the z
are sorted and kernels usually encode
some kind of distance or larger-smaller-
comparison. A random permutation of
i would render this pattern unrecogniz-
able for the eye, but since the kernel func-
tion k defines how an arbitrary pair of
(zi, zj) covaries, the Gp is invariant un-
der the permuatation as long as the link
between input z; and output x; can be
identified.

8 Gps can also be derived as an infinite
limit of parametric linear feature regres-
sion (e.g., [109]). Since the infinitely
many weights corresponding to these
features are the ‘actual’ parameters of
the gp-model, it is common to call the
kernel parameters ‘hyper-parameters’.
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cast as the solution of a linear filtering and smoothing problem of a
probabilistic state space model which, from a practical point of view,
leverages fast and analytic computations.

Section 1.4 introduces notation for probabilistic state space models,
Kalman filters and smoothers, and draws connections in particular to
the Wiener process and the related integrated Wiener process.

1.4  Wiener Processes & Kalman Filters

An excellent overview over discrete-time probabilistic state space mod-
els and Kalman filtering can be found in [117], which this section
closely follows.

State Space Models

A probabilistic state space model is a Markov-model defined by the initial
state distribution p(xg) and a sequence of conditional probabilities:

xe ~ p(xe|xp_1) dynamic model (12a)

ye ~ p(ye|xe) measurement model (12b)

The vector x; € IRP is the hidden state of the system at iteration t, and
vt € RP is a possibly noisy measurement related to this state. Since
the model is Markov?, Eq. 12 together with an initial distribution p(x)
fully describes the joint probability distribution overall x;,t =0, ..., T,
andy;, t =1,...,T. The discrete-time filtering equations are recursively
given by the predictive marginal distributions p(x;41|y1,.. ) and updated
marginal distributions p(x¢|y;,.. ;). The discrete-time smoothing equa-
tions are given by the marginal distributions p(x|y1 1) conditioned
on all observations up to time step T.

1.4.1 Kalman Filter

Given a state space model as in Eq. 12, the Kalman filter is the closed
form solution of the discrete-time filtering equations for linear dynam-
ics and linear measurements with additive Gaussian disturbances, and
Gaussian initial condition:

xo ~ N (o, Po) (13a)
Xpp1 = Apxe+11, 1~ N (0,Q;) dynamic model (13b)

ye = Hixy +v1, v ~ N (0,R;) measurement model (13¢)

A; € RP*D is called the transition matrix, since it transitions the old

state x; into the deterministic part of the new one x;;1, and H; €
RPy*D ig called the measurement matrix, since it maps the state x; onto

[117] Sarkka, Bayesian filtering and smooth-
ing, 2013

9 This means that the distribution of
x¢ is independent of past x;, i =
0,...,t—2, given the preceding one, i.e.,
p(xilxo,.1-1) = p(xe]xe-1).
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the space where the measurement y; happens. Q; and R; are the
covariances of the diffusion and the measurement noise respectively.
Under these assumptions the probabilities of Eq.12 as well as the
filtering equations can be rephrased as:

N(XO, mo, PO)
N (xp41; Arxy, Qr)

p(xo

p(xpg1|xe

z\

(Y1 Hip1Xe41, Rey)

)

) =
p(xXitalya,.b) =
p(ye1lxer1) =

)

p(xeglyr,.e01) & P X)) p(xea v, 0) = N (Xeg1; Mg, Prp).

All expressions in Eq. 14 are analytic for Gaussian distributions. The
explicit forms for the means and covariances divide into two predictive

equations for the mean vector m; 1_ € RP and covariance matrix

RP*D and two update equations for m; 1 € RP and Py €

10

P €
RP*P_ They have the general forms:

Mpp1— = Apmy

Pry1— = ADAT + Q

M1 = myp1— + P HE G [Hia P HY + Rep] ' yre1 — Hipameea—]

Pii1 = Pryr— — Py H] 4 [Hpsa Py HY + Rega])  Hiq Pryq

Equations 15 are commonly known as the Kalman filter equations [72].
Often, the last two rows of Eq. 15 are presented in a slightly different
way:

_ T

Git1 = HeaPrpi-HY ) + Ry
_ T 1

8t+1 = Pra-Hy Gy

My = [I — g1 Hepa )M — + g1V

Py = [I —gr1Hp1|Pria—

(16)

where Gy 1 is the innovation covariance and g;., 1 is the Kalman gain. The
gain encodes how much the current predictive estimator Hy1m;1_ is
trusted in comparison to the noisy measurement y; 1. If observations
Yt+1 are noise free (R;1 = 0), then the observed part of the state x; 1
collapses on Hy 1141 = Y1 with Hy P H 4 = 0.

Connection to Stochastic Differential Equations

A linear, time-invariant stochastic differential equation (spE) is of the
form:

dx = (Fx)dz + Ldp. (17)

The first term (Fx)dz is called the drift and describes the deterministic
dynamics of the spE; Ld is called diffusion and encodes the stochastic

p(xeplxe)p(xelya,.e)dxy = N (xpp1;mppq—, Pryq o)

(14)

10 A more common way to denote the
mean an covariance of the predictive
state is m, ; and P, ,, instead of m; 41
and P, j_. So, this slightly awkward
sub-script is introduced, because in later
chapters we will also heavily use super-
scripts in addition.

(15)

[72] Kalman, “A New Approach to Lin-
ear Filtering and Prediction Problems,”
1960
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contribution; f is a Wiener process with intensity q that will be defined
in Section 1.4.2. The solution of this spe with initial distribution
Xz, ~ N (myz,, Py,) is a Gaussian process (e.g., [73, § 2.9 and 5.6] or
[118, Theorem 2.7]) with mean m(z) and covariance P(z, zg), forz > z:

m(z) = exp (FAz) my,

[73] Karatzas and Shreve, Brownian Mo-
tion and Stochastic Calculus, 1991

(18a)

P(z,zp) = exp (FAz) Py, expT (FAz) + /Z exp(F(z —«))LqLT expT(F(z — «) )dx. (18b)

The difference Az = z — zj is the traveled path, often also called ‘time’".
The forms of F, L and g thus define the forms of Q and A of Eq. 13; in
particular

Xep1 = Axe+1,, 17~ N(0,Qf)
* (FAz)k

At = exp(FAz) = k;) T (19)

Q= /z exp(F(z —«x))LqLT expT (F(z — x))dx,
Z0

where x; := x;, is the current state and x;; := x, the predicted state.

The dynamic model of the Kalman filter is thus the exact discretized

solution of the time-invariant linear spe of Eq. 17, even if the underly-

ing dynamics are continuous. The Kalman filter predictive equations

compute the marginal means and the covariances of the exact solution.

Marginal Likelihood

Maximum marginal likelihood estimation is a way of fitting a parame-
trized model to data. Suppose that observations occur in a finite
interval of time steps 1,...,T. Egs. 13, 17 and 19 define a class of
probabilistic models which is parameterized by 6 := {F,L,q,Ry,__r}.
The rnarginal11 likelihood or evidence py(y1,...T) for one of these models
is the integral

po(y1,.T) = /p(yl,...,yT|xO,...,xT)p(xO,...,xT)de...de. (20)

This is the probability of observing y; T, given that the filtering
model, indexed by 6, is the true data-generating process The subscript
0, omitted in other places, emphasizes this dependence. Usually Eq. 20
involves solving a non-trivial integral, but in the Kalman filtering
framework it is analytic and cheap since the model is Markov and
Gaussian:

T
po(y1,.1) = /F{P(Mxt)i?(xdxt1)P(x0)dxtdx0
=

T

T

[118] Sarkkd, “Recursive Bayesian In-
ference on Stochastic Differential Equa-
tions,” 2006

1 The term ‘marginal’ is used to
distinguish ~ from the likelihood
po(Y1,...yr|X0,..yr ), X ~ GPg. Note that
both p as well as GP can depend on
(parts of) 6.

21)

= /HN(yt}Htxt/ Re)N (xg; Apxy—1, Qr)N (xo; mo, Po)dxydxg = [ [N (ve; Himy—, HiPr— HT + Ry).

t=1 t=1
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Thus the logarithmic marginal likelihood becomes:!2
1< N
logpe(y1,..T) = —5 Z [(yt — Hymy )Gy (v — Himy— ) + log\th + const. (22)
t=1

Eq. 22 mostly contains terms which are being computed already in
the prediction and update step of the Kalman filter (Eq. 15, 16), thus
tracking py(y1,.. 1) during filtering only adds minimal computational
overhead (log| G| is cheap since G; ! is computed anyway). There is an
intuitive explanation to both terms in Eq. 22: The first one, quadraticin
(vt — Hym;— ), roughly speaking tries to fit the mean prediction Hym;
of the model as close as possible to the observation y; (bias term); the
second term log|G;| is related to the differential entropy of the filtering
distribution and enforces low variance in the prediction.

Figure 10 shows a simple example of a one-dimensional Gaussian
randomwalk (F = 0, L, H = 1, Ry » given) with two noisy observations
y12. The top plot shows log py(112) versus the only free parameter
g € R;. The bottom plot shows the observations y; + Ri/ > (—) as
well as filtering distributions for three different g: The model with a
large g (C) fits the observations well, but is under-confident, while
the model with a small g (C3) does not fit the observations well
and is over-confident at the same time. The max-marginal likelihood
estimator for q yields a model (CJ) which is a trade-off between fitting
the datapoints well without sacrificing too much predictive power.

The maximum marginal likelihood estimator 6 is the global maxi-
mizer of Eq. 22. In some (rare) cases f can even be found analytically.
Alternatively, a gradient based optimizer can be used, if the gradient
with respect to 0 is available. This is usually straightforward and
quite user-friendly, but it requires multiple runs of the filter (one after
each update of the outer optimization loop) and also only finds local
maxima of log pg(y1,..7). If the dimensionality of 6 is not too large,
other approaches include Bayesian optimization (so) which strategi-
cally searches for parameters with a large marginal likelihood (§ 4.1).
All three approaches are not applicable if the filter needs to adapt its
parameters 6 online, i.e., while it is running, which is the case that is
mostly considered in this thesis.

Smoother

A filter computes the solution of the discrete-time filtering equations.
These are the marginal probabilities of the state x; conditioned only
on the history as well as the current observation y; _;, meaning that
possible future observations y;. 1, do not affect older states. This is
especially useful when only the distribution of latest state is needed,
e.g., in online applications, since it depends on all available data up to
that point in time. The smoother computes the solution of the discrete-

12 The logarithm is a monotonic func-
tion and does not alter the location of
optima. It is usually used since it is nu-
merically more stable than py itself.

= T
s
=
O‘ q —
R
&—!‘ |
=
0 z

Figure 10: Maximum marginal likeli-
hood. Top: log marginal likelihood ver-
sus different values of intensity g ( ),
composed of a variance part (- - - ), and
a bias part ( ). Bottom: filters (mean
solid, + 1 standard deviation shaded)
for the best fit (), and too small/too
large q fits (C—J/C—). Correspond-
ing g indicated in the top plot as verti-
cal lines; observations y with error bars
+RY2 (—e—).

Figure 11: Illustration of predicting,
filtering and smoothing.  State esti-
mate ( ), observations (). Top:
smoothing. Middle: filtering. Bottom:
prediction. Figure inspired by Figure 1.7
in [117].




26 | GAUSSIAN PROCESS REGRESSION

time smoothing equations. It modifies the filtered solution such that
the state x; is conditioned on all, also future observations (illustration
in Figure 11). This is useful if the marginal probabilities of each x;
conditioned on all observations y; _r is needed, e.g., in regression
tasks, but it also requires additional computations. They are about
the same cost as the filtering run with complexity linear in T. In
particular, given the filtered predictive and updated probabilities with
means and covariances as in Eq. 15 we get the backwards recursion
for the smoothed marginal probabilities p(x¢|y1, 1) = N (x¢;m3, PF):

A= PATR)
ms + At (me - mt+1,) (23)

P; =P+ A (P}, — Pryg) A

mj

The recursion is initialized with m%. = mr and P} = Pr since the last
distribution p(xt|y1,. 1) of the filtering state is already conditioned
on all data and is thus equivalent to its smoothed distribution. Eq. 23
is commonly known as the Rauch-Tung—Striebel smoother [110]. Its
derivation is based on the Markov property that p(x¢|x;41,y1,..7) =

p(xt|Xe1, Y1, t)-

1.4.2 Wiener Process

A Wiener process (wP) is a stochastic process x with continuous sam-
ple paths, x(0) = 0, and independent increments x(z + 6z) — x(z)
for every Jz that are Gaussian distributed with zero mean and vari-
ance 0z. A proper mathematical definition can be found e. g., in [73,
§ 2.1]. The Wiener process B(z) is a special Gaussian process [73,
§ 2.9]. It is also the solution to the arguably most basic spE of Eq. 17:
A one-dimensional state x € R, no dynamic component (F = 0), unit
dispersion (L = 1) and initial condition x(0) = 0; thus x(z) = B(z).
In fact, this is how the stochastic part of the spe was defined in
the first place. Let us for now denote this simple one-dimensional
Wiener process with f1(z). A D-dimensional correlated Wiener pro-
cess with positive definite intensity matrix g € RP*P is of the form
x(z) = q%ﬁ(z), where B(z) € RP is a vector of D independent one-
dimensional Wiener processes f1(z), and q% is the square root of the
matrix q. For simplicity, we will use the word ‘Wiener process’ also for
the D-dimensional correlated Wiener process. Especially in physics
the Wiener process is also known as Brownian motion.'3

The corresponding kernel function k(z,z') = min(z,z’) can be
found by computing the covariance between two arbitrary outputs
x(z) and x(z"). This means that the Wiener process can be represented
either as a state space model, or by a cp with kernel function k. The
solutions for the prior and posterior induced by the vanilla ‘kernel’-

[110] Rauch, Striebel, and Tung, “Maxi-
mum likelihood estimates of linear dy-
namic systems,” 1965

[36] Einstein, “Uber die von der moleku-
larkinetischen Theorie der Wirme
geforderte Bewegung von in ruhenden
Fliissigkeiten suspendierten Teilchen,”
1905
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Figure 12: Wiener process/Filtering and
smoothing.  Mean ( ), £1 stan-
dard deviation (——), 5 samples ( ),
observations y with error bars +R"?
(—e—). Top: prior. Middle: filter. Bot-
tom: posterior /smoother.

[73] Karatzas and Shreve, Brownian Mo-
tion and Stochastic Calculus, 1991

13 Named after the botanist Robert
Brown. One of the first mathematical
descriptions include one of Albert Ein-
stein’s famous 1905-papers “Uber die
von der molekularkinetischen Theorie
der Wérme geforderte Bewegung von in
ruhenden Fliissigkeiten suspendierten
Teilchen” [36], where he mentions the
‘Brownian molecular movement’ but
could not decide if his description of
molecular kinetics matches those of the,
at that time, heuristic notion of Brown-
ian motion; even earlier mentions were
done e.g., by the Danish astronomer
Thorvald N. Thiele in 1880.
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view and the state space view are identical for initial condition xy = 0,
but the algorithmic complexity in the number of datapoints M of the
latter is drastically reduced: Linear cost in M instead of cubic cost in
M. This is due to the fact that, although the kernel-Gram matrix Xy
is dense, its inverse is block-tridiagonal and is represented explicitly
in the state space view. The filtering model thus never constructs
Yy and Zyy explicitly but works directly with the block-tridiagonal
inverses [8], [50], [61]. Vanilla cr-inference on the other hand sim-
ply does not exploit this structure. Practical approaches and work
on mapping Gaussian processes to state space models, exact or with
approximations, include e. g., [54], [8], [50], [129], and [51].

Figure 12 illustrates the Wiener process: The top and bottom plot
show the prior and posterior respectively, again for equally spaced
and sorted z on the shown interval (symbols and colors as in Figure 9).
The middle plot shows the filtering distribution where successive x;
are only conditioned on observations y up to this point in time z;. The
sampled functions are continuous but non-differentiable (by construc-
tion), but the mean function is constant for the prior and piece-wise
linear (between observations) for the posterior. This is intuitive, since
the drift is zero (F = 0), thus the transition matrix A = exp(0) = 1is
the unity operator and the independent Gaussian increments are zero
in expectation. The standard deviation (std) of the prior grows with
the square root of z because the diffusion variance grows linearly with

z: Q= fzzo exp(0)2dx = z — 2.

Integrated Wiener Process

The integrated Wiener process (1wp) is the time-integral of the Wiener
process. Since integration is a linear operator, the 1wp is also a Gaus-
sian process. Its kernel function is the kernel function of the Wiener
process integrated in both arguments:

k(z,Z') = %min?’(z, Z')+ %|z —2/| min?(z,2). (24)

The corresponding two-dimensional state x = [xf, x/ /]T of the state
space model represents a function x/ and its time-derivative x/ " which
are correlated through the dynamic model. The corresponding spe is:

f f f
dx/:01 v dz+0d,8=XdZ. (25)
xf 0 0f [xf 1 dp

The gradient xf " still evolves like a Wiener process and the func-
tion value x/ is deterministically connected to it through the integral
(x/'dz). From Eq. 25 we can also read off F = [[0,1]7[0,0]7] and

[8] Barfoot, Tong, and Sarkkd, “Batch
Continuous-Time Trajectory Estimation
as Exactly Sparse Gaussian Process Re-
gression,” 2014

[50] Grigorievskiy and Karhunen,

“Gaussian Process Kernels for Popular

State-Space Time Series Models,” 2016

[51] Grigorievskiy, Lawrence, and
Séarkkd, “Parallelizable sparse inverse
formulation Gaussian processes (Sp-
InGP),” 2016

[54] Hartikainen and Sarkkid, “Kalman
filtering and smoothing solutions to tem-
poral Gaussian process regression mod-
els,” 2010

[129] Solin and Sarkkd, “Explicit link be-
tween periodic covariance functions and
state space models,” 2014
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L = [0,1]T. The drift matrix F is nilpotent of order two (F? = 0), thus
the matrix exponential in A; and Q; is analytic:

0 k
Ay =exp(FAz) =) (FAz) =1+FAz= 1 Az

k=0 k! 0 1

(26)
Zl(z—x 1A 1p2
Qt:/ ( ) q[(z—K) 1:| dK:q 3 2 , Wlth AZ:Z—ZOZZt+l_Zt'
N 1 %AZ2 Az

The marginal of the derivative block xf again evolves like a Wiener
process with constant mean, std « z% . The marginal of x/ evolves like
an integrated Wiener process with standard deviation proportional to

23 and a mean function that is linear for the prior and piece-wise cubic
(between observations) for the posterior. Again this is intuitive since
the drift term is linear thus the transitions matrix A; is the identity
operator plus a linear contribution proportional to the derivative.
Figure 13 illustrates the integrated Wiener process: The top and
bottom plots show the prior and posterior respectively (colors as in

Figure 12). The samples [x/, x/'] are jointly drawn from the rwp and
represent once-differentiable functions: The differentiated parts of the
samples x/ "are again continuous but non-differentiable, the function
value parts x/ are smooth as can be seen from the figure.

In the state space notation it is also straightforward to include

partly observed states and differing observation noise. In particu-

lar in Figure 13 the first two datapoints only observe the derivative:
H; = H, = [0,1]T with noise free (R; = 0) y; € R, and noisy (R, > 0)
Y2 € R, the third datapoint observes the whole state: H3 = I, y3 € R?, Figure 13: Integrated Wiener process.

: ST f of 2%2 Mean (——), #1 standard deviation
but noise Corrupted Ry = dlag( [R3, R3 ]) € RE5 ( ), 5 samples ( ), observations y
The filtering formulation of probabilistic state space models and the with error bars £R"/2 (—e—). Top: poste-

rior marginal on function value. Bottom:

connection to Gaussian processes will be used heavily in Chapters 8 ‘ ' va
posterior marginal on derivative.

and 9.



Empirical Risk Minimization

IVEN some dataset D containing pairs of input x € X and tar-
G get y € Y, the task of classification is to learn some general,
predictive law between the input and categorical target-space of the
data-distribution. The same holds for regression, where the targets are
real-valued. A common approach is to choose a class of functional
relationships fy(x), indexed by parameters w, as a surrogate for this
map, as well as a loss £¢(y) which penalizes discrepancies between
the predictor f,(x) and the targets y. Then, one function fy+(x) is
selected by minimizing the empirical risk (Section 2.1), which is the
expected loss over the empirical distribution defined by the dataset
D. A powerful as well as algebraically appealing class of functional
relationships fi,(x), are artificial neural networks (Section 2.2) which
exhibit a particular structure in their gradients V f;,(x) that enables
their efficient computation, and thus sped-up optimization of the pa-
rameters w. Sections 2.3 and 2.4 introduce some of the most common
iterative solvers for this optimization problem, first for exact, and then
for noise corrupted evaluations of the empirical risk. Some of the text
is based on the introductory chapters of the publications listed at the
end of Chapter 0.

2.1 Riskand Empirical Risk

Many contemporary machine learning problems involve minimizing

an expected loss (risk) of the form
L(w) = Eaog [((fu(x),y)], risk  (27)

where w € RV is the parameter vector, and /( f,(x),d) quantifies how
well w performs on datapointd = (x,y) € X x V.! Inpractice, though
it is often not possible to compute the expectation in 27 precisely,
and instead the empirical risk, define by a dataset D of size |D|, is
optimized
1
Lo(w) = 57 Y L(fulx),y)-

deD

empirical risk  (28)

The datapoints contained in D are assumed to be independent samples
from the (usually unknown) data-distribution Q (Figure 14). Likewise

\
L ALING

d
Figure 14: Illustration of empirical dis-
tribution Q = ﬁ Yiep 6(d). Top: The
point masses 6(d) are indicated as ver-
tical bars ( ). Q is used to approxi-
mate the true data-distribution Q ( ,
shown as pdf in this sketch). Espe-
cially areas of large ‘gaps’ between point
masses (but non-trivial density q) are not
modeled well by Q. Bottom: Same as
top plot but for a mini-batch B C D with
|B] & 0.1|D|. The approximation is even
coarser, especially rare samples and low
density regions are not represented well.

1 Depending on which dependence we
want to emphasize we will use short-
hands like Ef(y), Ly, Ly, or L(f) for the
loss as well. The same holds for the func-
tion f.
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the gradient of the risk VL(w) = E4q [VL(fw(x),y)] with respect to
w can be approximated by

deD
When the size |D| of the dataset is large, even computing Lp might
pose challenging, and V £ is approximated with an even coarser esti-
mator V Lg by sub-sampling a mini-batch B C D

VLg(w Y Vi(fu(x),y). (30)
‘B | deB

The number of elements |B| in B is referred to as the mini-batch size.
We see here already that there is no fundamental difference between
choosing VLp or VLpg as local (i.e., for a given w) estimator for VL.
Both of them are noisy, unbiased estimators of the same quantity using
a dataset which is sampled i.i. d. from the true data-distribution. The
former though is much more precise, meaning that its variance is
reduced by a factor of (IPI/|B])~"/2. This will be further discussed in
Chapter 5.

2.2 Artificial Neural Networks

An artificial neural network? is a function f;,(x) parametrized by w €
RN which maps from some input space x € X C IR to a target space
y ey C R
affine maps with linear transformations W, (weights), translations b;

In addition, fy(x) is a concatenation of alternating

(biases), and non-linear maps 0;; e.g., for one linear, and one non-
linear map:

fw(x) = 0’1(W1X + bl), w = {Wl, bl} (31)

There is a variety of different types of neural networks, which differ in
the structure of how linear and non-linear maps are arranged. These
include rather classic ones like perceptrons or multi-layer perceptrons
[114] [65], and more recent developments like convolutional neural
networks (cNN) [83], or recurrent neural networks [68] [66]. Also lo-
gistic regression is a simple instance of a neural network® that even
has a convex optimization surface (in general, neural networks are
non-convex functions and yield non-convex risks). A recent overview
The ex-
perimental part of this thesis mostly considers logistic regressors and

on networks and developments can e.g., be found in [48].

multi-layer perceptrons (MLPs). The next section will thus focus sim-
ply on the computations involved in finding f,(x) and V fy(x) of
fully-connected nets. These restrictions do not mean, however, that
the results obtained in Parts II, III, and IV can not in the future be

2 The name ‘neural network’ was moti-
vated by the structure of f,(x) which
was originally designed after the brain,
where neurons (nodes) are connected to
each other through neural pathways/
weights of varying strength, that ideally
can be learned by observing examples.
The literature is vast, starting approxi-
mately in the 1970s in the machine learn-
ing community, so the citations below
only capture some of the contributions.

3 Precisely, that is for f;,(x) as in Eq. 31,
01 is the sigmoidal function, ¢f(y) the
cross-entropy loss, and y € {0,1}.

[48] Goodfellow, Bengio, and Courville,
Deep Learning, 2016

[114] Rosenblatt, “The Perceptron—A Per-
ceiving and Recognizing Automaton,”
1957

[65] Hinton and Sejnowski, “Optimal
Perceptual Inference,” 1983

[83] LeCun et al., “Object Recognition
with Gradient-Based Learning,” 1999

[68] Hopfield, “Neural networks and
physical systems with emergent collec-
tive computational abilities,” 1982

[66] Hochreiter and Schmidhuber,
“Long Short-Term Memory,” 1997



extended to cNns or the like, and we will refer to (ongoing) related
works towards that direction throughout the text.

2.2.1  Multi-Layer Perceptrons

Forward Pass

In general, for L linear and L non-linear maps, f, (x) can be computed
recursively for mini-batch-inputs X € R"0*IB! as:

apg =X first activation is equal to input (32a)
zp=Wla;_1+b;  linear layer (32b)
a; = 07(z)) non-linear layer, activations (32¢)
fo =ar = op(z1) last activation is equal to output (32d)
Uy =Ufw,Y) individual losses (32e)
Lg = |ng€}1{| Bx1 mean loss of mini-batch (32f)

The parameters w are the set of all weights and biases w = {Wy, by, ...,
Wi, by }. Computing one or multiple function values f,, (X) asin Eq. 32
is called a forward pass. A collection of variables and maps of a single
index [ that only involve affine transformations (W, by, zj) is loosely
called a linear layer, while a collection involving a non-linear transform
(07, a;) is called a non-linear layer. All variables which have no direct
connection to the input x or the output f, are called hidden layers, the
remaining two layers are called input and output layer. Depending on
the number of hidden layers, a network is vaguely called deep (many)
or shallow (none or little). The sizes of all matrices of Eq. 32, except
input and output, are fixed by the mini-batch size |B| as well as the
user-defined architecture of the network; they will be denoted as n;
with Wy € R"-1%" and by, z;,a; € R *IBI 4

Backpropagation

The recursive structure of Eq. 32 immensely simplifies the compu-
tation of f,(X) but more importantly of the gradient V f,(x) with
respect to w because (analogously to the forward pass in Eq. 32) the
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[11] Bergstra et al., “Algorithms for
hyper-parameter optimization,” 2011

[69] Hutter, Hoos, and Leyton-Brown,
“Sequential model-based optimization
for general algorithm configuration,”
2011

[127] Snoek, Larochelle, and Adams,
“Practical Bayesian Optimization of Ma-
chine Learning Algorithms,” 2012

[84] Li et al., “Hyperband: A Novel
Bandit-Based Approach to Hyperparam-
eter Optimization,” 2016

4Finding the right architecture is an-
other area of research, which will not
feature here. Popular recent approaches
include systematic automated hyper-
parameter searches e. g., by Bayesian op-
timization [11] [69] [127] [84].
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chain rule for computing V fy,(x) decomposes into successive low-

dimensional matrix vector products:

9ty
o = —— output residual (33a)
dfw
Vi =ap_16] output gradient (33b)
0= Wi1d141) © 8aéizl) residual of layer ! (330)
1
Vi =a;_16] gradient of layer [ (33d)

where §; € R"*IBl and V¢, € R"-1%"1, For biases b;, the gradient per
layeris V¢, =1, \6\51T~ Eq. 33 is also called backpropagation [116] [81].
Asin Eq. 32 the matrix-vector products are of the size of the mini-batch
as well as the weights, biases and activations of the individual layers,
and not the whole net, and can be computed efficiently and in parallel
on CPUs and GPUs.

Losses

The loss ¢¢(y) = £(fw(x),y) encodes how much a misfit of fy(x)
to the corresponding target y is penalized, or, in other words, how
well f,(x) performs in hitting the target y. The choice of the loss is
usually up to the user, a typical one for regression problems is the
squared loss £f(y) = 3 (fw(x) — y)? which quadratically penalizes mis-
fits of f,,(w) on y. A usual choice for binary classification tasks is the
cross-entropy loss £f(y) = —ylog(fuw(x)) — (1 —y)log(1 — fu(x)), for
targets y € {0,1}. Both can be interpreted as negative log-likelihoods,
—log p(y|fw(x)) of the parameters w, or as conditional distributions
of y given fy(x): a Gaussian with mean f,(x) and arbitrary finite
variance for the squared loss, and Bernoulli with parameter f;,(x) for
the cross-entropy loss. Thus training an MLP can sometimes be seen
as finding the maximum likelihood estimator of the parameters of a
probabilistic discriminative model. Not all losses though have this
interpretability (only if the integral of exp [—{f(y)] over y is finite).

Multi-class classification tasks either need non-binary targets y (if
the target classes exhibit a natural order), or binary vectors y € R"L
which contain 1 only for the true class label and 0 otherwise. In
addition, it is sometimes useful to move the last non-linear layer of
the net, and regard it as part of the loss-function instead since it might
benefit certain optimizer (Section 2.3).

[116] Rumelhart, Hinton, and Williams,

“Learning representations by back-

propagating errors,” 1986

[81] LeCun et al., “Efficient BackProp,”
1998



Activation Functions

Activation functions are the non-linear maps o7 between two linear
layers. Examples include the tangens hyperbolicus ¢(z) = tanh(z) €
(—1,1), or the sigmoidal function

o(z) . 1—ﬁ—ltanh (E)

1 +exp(—z) 2 2 2 € 01). (34)

Both of them saturate for large absolute values of z. This is beneficial
on the one hand, since it can be ensured that the input to each linear
layer ranges between certain digits. On the other hand, once saturated,
it is hard for the optimizer to ‘move away’ from the saturated areas
again, since gradients become very small, too. A somewhat compro-
mise is the rectifier (ReLU-activation, for rectified linear unit) where
0(z) = zI[z], with T[z] the indicator function.

An activation which is often used in the output layer for multi-class
classification is the softmax-function ¢} (z) = exp(~z})/y/'L exp (—zi) €
(0,1). In contrast to the others, it couples the activations of the layer
and can thus be interpreted as categorical distribution of the classes.
Figure 15 shows the sigmoidal and the ReLU-activation function (—)
as well as their derivatives 90(z)/az (- - - ), which are needed for com-
puting Eq. 33c.

2.2.2 Overfitting, Regularization, and Generalization

Very flexible, expressive models tend to overfit, and in extreme cases
only memorize the exact input-target mapping of the finite dataset
they were trained on. They then loose the ability to generalize. This is
usually circumvented by a variety of regularization techniques which
involve model design, data selection and augmentation, but also the
optimizer itself. There is an up- and a down-side to the latter: Entan-
gling the optimizer formally and algorithmically with model design,
can lead to less clear answers to the question, what exactly contributed
to better or worse performance, and why. On the other hand, it en-
ables exploration of the unknown error surfaces on the fly, and the
optimizer can attenuate possible design flaws.

If the loss function can be interpreted as negative log-likelihood,
optimizing for the weights can be seen as finding a maximum likeli-
hood estimator which is known to potentially overfit for a (virtually
always) finite amount of data [13] § 1.1. Since the topic of over-fitting
will be picked up later again in Chapter 6, we will introduce some
of the most prominent regularization techniques here, which can be
roughly grouped into i) changes about the model, i.e., in f; or ¢ fr
ii) changes in the empirical distribution Q, iii) changes in the opti-
mization routine. A recent overview can be found in [48] § 7. The
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Figure 15: Sigmoidal and ReLU-

activation function (top and bottom re-

spectively). Function values (

) and

gradients (- - - ). The derivative of the
sigmoidal is 0'(z)’ = 0(z)(1 — ¢(z)) and
the one of ReLu is o(z)" = I[z].

[13] Bishop, Pattern Recognition and Ma-

chine Learning, 2006

[48] Goodfellow, Bengio, and Courville,

Deep Learning, 2016
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following subsections mostly focus on regularization in classification
tasks, the major application area of Chapters II, ITI, and TV.?

Changing the Model

Additive terms to the loss ¢ change how weights® are penalized.
A term proportional to the squared Euclidean norm of the weighs
|wl||* (also sometimes called “weight decay’ [78] and more sloppily
‘Tikhonov regularization’, or ‘ridge regression’) pulls weights towards
zero, while the 1-norm Y ;|w;| also enforces sparsity (the latter is also
called the Lasso-regularizer [134]). The idea behind the 2-norm is that
large weights tend to overfit more because they represent more flex-
ible function, while the 1-norm reduces complexity by reducing the
number of effective parameters. Additionally, both can be interpreted
as adding a prior probability on the weights: a zero-mean Gaussian
for the Euclidean norm and Laplace for the 1-norm. Figure 16 shows
the unit-circle of p-norms for p = 0.5,1,2, and 10 from ‘inner’ to
‘outer’. Unit-norm-vectors for p = 0.5,1 tend to lie close to an axis in
comparison to p = 2, 10, thus sparsity is enforced.

Another way to regularize, is to once in a while drop (non-output)
activations or weights by setting them to zero. The former is called
‘Dropout” [63] [131] and the latter ‘DropConnect’ [139]. Effectively
both procedures reduce the number of active connections, and hence
the model complexity. Ateach iteration, a different random sub-model
is updated with a random subset of the data, thus it can be seen as
training all possible sub-models (weighted by the probability that they
occur) as done in bagging, but all of them sharing the same weights.

A more involved change in the model is ‘batchNorm’ [70], which
adds two additional learnable parameters per activation to the existing
weights w, as to minimize the shift in input distribution that occurs
when the weights of the preceding layer change. In contrast to a
vanilla neural network, these additional batchNorm-transformations
tie together the elements in a mini-batch. BatchNorm was initially
designed to help avoid saturated gradients, but it also does seem to
have a regularizing effect. Although less well understood, a possible
explanation is that, similar to Dropout, more activations lie close to
zero, which lead to less extreme values in the weights w.

Changing the Dataset

Data augmentation techniques approach the problem from the op-
posite point of view: If there is too little data to match the model-
complexity, increase it. This is only possible if something is known
about the gaps that need to be filled in the data-distribution, for ex-
ample if there are transformations of the input that should leave the

output invariant. Prominent examples for image-inputs are rotations,

5 Another issue which will not be fea-
tured here is under-fitting, when greedy
optimizers converge to a sub-optimal lo-
cal minimum or get stuck on a stationary
saddle point. Currently it is believed
that saddle points are the bigger practi-
cal concern for very deep networks, and
that local minima with a high loss rather
occur in shallow architecture. For a dis-
cussion see e.g. [48] § 8.2 or [26].

[26] Dauphin et al., “Identifying and
Attacking the Saddle Point Problem
in High-dimensional Non-convex Opti-
mization,” 2014

[48] Goodfellow, Bengio, and Courville,
Deep Learning, 2016

6 We will use the term ‘weights” also to
denote all parameters w, and not only
the elements of the weight matrices W;.
The distinction is not essential for the
made arguments.

[78] Krogh and Hertz, “A simple weight
decay can improve generalization,” 1991

[134] Tibshirani, “Regression shrinkage
and selection via the lasso,” 1996
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Figure 16: Unit-circle of the p-norm for
a two-dimensional vector. From inner to
outer: p = 0.5,1,2, and 10.

[63] Hinton et al., “Improving neural net-
works by preventing co-adaptation of
feature detectors,” 2012

[131] Srivastava et al., “Dropout: A Sim-
ple Way to Prevent Neural Networks
from Overfitting,” 2014

[139] Wan et al., “Regularization of Neu-
ral Networks using DropConnect,” 2013

[70] Ioffe and Szegedy, “Batch Normal-
ization: Accelerating Deep Network
Training by Reducing Internal Covariate
Shift,” 2015



translations, stretching or scaling of the inputs as to represent more
possible variations of the same example.

An opposite approach is to reduce the differences between individ-
ual datapoints (not classes), for example by injecting noise of the same
scale that ‘blurs out’ irregularities, applied to the inputs but also the
hidden units or the weights [124] [137]. A structured approach in case
of RGB-images, is contrast and colorspace augmentation which mim-
ics different external conditions, such as light exposure, for pictures of
the same content [77]. All of the above (besides choosing the dataset
itself) bias toward the artificially created data, but the effect might be
affordable if a better generalization can be achieved thereby.

A third approach is importance sampling, or weighing of data-
points. This locally changes the empirical distribution of the data,
or weighs individual datapoints non-uniformly [145] [23]. The as-
sumption here is that the collected dataset does not represent the
data-distribution well enough, or that certain classes or examples are
harder to learn than others and thus need to be shown more often
to the optimization machine. Though not originally motivated as a
regularizer it helps to learn easier and harder input-target relations at
the same speed, which then yields better generalization. In contrast to
a pre-processing step, this approach is formally and algorithmically
dependent on the optimizer.

Adapting the Optimizer

The arguably most straightforward means of regularization, as part
of the optimization procedure, is to reduce its resolution by injecting
noise into the search direction. The (possibly unsatisfying) pictorial
idea is that certain indents, local minima, or even the precise location
of a minimum are artifacts of a finite dataset. If these are, roughly
speaking, on a smaller scale in w and ¢-space than the structure of the
true risk, then softening the resolution of the optimizer will lead to
better generalization. This is usually done by mini-batching since then,
gradients are still unbiased estimators of the true gradients.”

More recent works include optimizers that encode the goodness
of an optimum in terms of probable generalization performance and
bias their update towards these regions [24] [87]. A measure for this
in [87] is the entropy of the distribution of weights at convergence.

Alast, but not incompatible, approach is to simply halt the optimiza-
tion process when it starts to overfit. This is also called early-stopping,
[94] [111] [107]. The point of stopping is usually found by withholding
some data (a validation set) from the training procedure and monitoring
generalization performance on it. This estimator is unbiased but only
precise if the validation set is large enough. In addition, it reduces
the effective size of the training data that defines the empirical risk
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[124] Sietsma and Dow, “Creating arti-
ficial neural networks that generalize,”
1991

[137] Vincent et al., “Extracting and com-
posing robust features with denoising
autoencoders,” 2008

[77] Krizhevsky, Sutskever, and Hinton,
“Imagenet classification with deep con-
volutional neural networks,” 2012

[145] Zhao and Zhang, “Stochastic Op-
timization with Importance Sampling,”
2014

[23] Chang, Learned-Miller, and McCal-
lum, “Active Bias: Training More Accu-
rate Neural Networks by Emphasizing
High Variance Samples,” 2017

[24] Chaudhari et al., “Entropy-SGD: Bi-
asing Gradient Descent Into Wide Val-
leys,” 2016

[87] Maclaurin, Duvenaud, and Adams,
“Early Stopping is Nonparametric Varia-
tional Inference,” 2015

[94] Morgan and Bourlard, “Generaliza-
tion and parameter estimation in feed-
forward nets: Some experiments,” 1989

[111] Reed, “Pruning algorithms-a sur-
vey,” 1993

[107] Prechelt, “Early Stopping — But
When?” 2012

7 There are further benefits of mini-
batching: Stochastic gradients might
overcome flat plateau-like areas faster
than deterministic ones, but more impor-
tantly it also allows for trading of preci-
sion of calculation with its cost.
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and hence that the optimizer can access. For large enough datasets,
though, it is arguably the gold standard and a reliable method to
induce early-stopping (further discussion in Chapter 6).

2.3 lterative Optimization Routines

The empirical risk minimization problem

w* = arg min Lp(w) (35)
w
(Lp(w) defined in Eq. 28) is usually solved by greedy, iterative optimiza-
tion routines, all of which will only find local minimizers of Lp (we
will assume that this is satisfactory). There are many good textbooks
for an overview on (non-)convex optimization e.g., [100] [16], some
specifically target neural network optimization [81] [48, § 8].

Most iterative optimizers loop over the following subroutines: i) They
initialize w randomly as a current best guess for w*. ii) They approx-
imate Lp(w) around wy, usually with a first- or second-order model.
iii) They define a direction of descent p; € RN, also called search direc-
tion, based on this model. iv) They set a scalar step size a; € R4 (also
called learning rate in the neural network community) conditioned on
this direction, and, finally, v) They make a step into the scaled descent

direction:
Wi = Wi + &P (36)

A pseudocode is shown in Algorithm 1. The following subsections

1: function 1TERATIVEOPTIMIZERSKETCH(Lp (-), Wp)
2 Wy < Wo / initial guess for weights
3 while budget not used do

4 [Lpt, VLp ] < Lp(wy) /| evaluate objective
5 pt <—COMPUTESEARCHDIRECTION(V LDy, ...)

6 &y <—CcOMPUTESTEPSIZE(Lp, .. .)
7 W +— Wi + &Pt / update best guess
8 end while

9: return wy

10: end function

discuss instances of Algorithm 1, where it is assumed that Lp (w;) and
VLp(w;) can be computed exactly; this is usually called deterministic
optimization. Section 2.4 gives an overview over stochastic optimiza-
tion, where gradient evaluations are inexact, since they are computed
on mini-batches only. Before we proceed, we motivate common con-
cepts in optimization, and introduce some terms and notation that
become relevant in the later chapters.

[100] Nocedal and Wright, Numerical Op-
timization, 1999

[16] Boyd and Vandenberghe, Convex Op-
timization, 2004

[81] LeCun et al., “Efficient BackProp,”
1998

[48] Goodfellow, Bengio, and Courville,
Deep Learning, 2016

Algorithm 1: Sketch of iterative opti-
mizer. The subroutines that compute
the search direction p; € RN and the
step size a; € Ry might take additional
arguments e.g., a history of evaluated
gradients, the previous search direction,
or the current position w;. COMPUTESTEP-
Size could for example be a line search
subroutine (§ 2.5).
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Lipschitz Continuity

The gradient function V Lp (w) is called Lipschitz continuous if there ex-
ists a constant . > 0 such that |VLp(w) — VLp(w')|| < Z||w — '

for all w and w'. If this holds, the function Lp(w) is also called £-
smooth. In practice, not all loss-functions Lp are Lipschitz continuous
or .Z-smooth, but the assumption that Lp(w) does not change “all too
much’ from one iteration to the next is inherent to most practical imple-
mentations of iterative optimizers. This manifests for, example, when
learning rates, Hessian estimates, or summary statistics of gradient-
magnitudes are propagated from one iteration to the next. This is
only viable if the function, for all practical purposes, does not change
unexpectedly from one step to another; and a way of approximately
capturing this sloppy notion in mathematical terms, and without be-
ing too restrictive, is Lipschitz continuity on gradient, the loss, or the
Hessian function.

Global Convergence

An optimizer of the form of Eq. 36 is globally convergent if
Jim [[VLp(w)|| =0 (37)

for arbitrary wp, meaning that the gradient vanishes if the optimizer

runs ‘long enough’.® Assume that p; is a descent direction, and that 8 To avoid confusion, the word ‘global’
only implies that the optimizer con-
verges to a stationary point from any
there exists a dy such that cos 6; > dy > 0 for all iterations ¢. For func- globally initialized point, and not that
it converges to a global minimum.

the angle 6; between p; and V Lp (wy) is bounded away from +90°, i. e.,

tions Lp(w) which are bounded below, .Z-smooth, and for iterates
Lp(w;) and p] VLp(w;) that fulfill the weak Wolfe conditions (decay
constraints on Lp (w;) and pTV Lp (wy), definitions in Section 2.5 Eq. 68
below), it is

[e9)

) cos” 0| VLp(wy) |* < co. (38)

t=0
This is the Zoutendijk theorem and Eq. 38 is often referred to as Zou-
tendijk’s condition (e. g.,[100, § 3.2]). Itimplies thatlim; , o || VLp(w;)|| =  [100] Nocedal and Wright, Numerical Op-
0, and thus global convergence. In practice, imposing the weak Wolfe timization, 1999
conditions is fairly easy, since they can simply be checked at runtime
and controlled by «;, but finding search directions p; such that cos 6;

is bounded away from zero is often harder.

Convergence Rates

Optimizers that are globally convergent might still have very slow
convergence rates; or a fast convergent optimizers might not necessar-
ily be globally convergent. The latter is intuitive, since some search
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directions, e. g., the Newton direction, might be nearly orthogonal to
the gradient, but, if initialized well, still convergence rapidly.

Suppose the sequence x; converges to x*, then the rate of Q-convergence
is defined as:

_ *
M <r, r—1, sub-linear (39a)
[[2ce — x|
21 — x| i
M1 =2 1 re (0,1), linear 39
[ —x*[| — oy o
l|xpr1 — x* H i
W 720y, -0, -1 39
o] S % T super-linear (39¢)
_ *
M <r, 0<r<oo,  quadratic (39d)
(|2 — x|

each for t sufficiently large. From top to bottom, the sequence x;
converges faster to x*.° The reduction factors r and 7; define the
local or global slope of reduction. They depend on the choice of the
optimizer, in particular p; and «;, as well as on the specific problem
Lp. An optimizer with linear rate but with a less preferable slope r
close to one, will reduce the distance to x* very little even for many
steps (e. g., if r = 0.999, after 100 steps the total reduction will be just
0.999'%0 ~ 0.9). In practice, the performance of an optimizer will not
be measured in the relative reduction of the loss per step, but the total
reduction after a computational budget is used up. This means that a
good optimizer need to trade off rates, by computing more involved
pt and a;, with the cost in doing so.

Scale Invariance

Scale-invariant updates p; posses the unit of the weight space, such
that they re-scales exactly right if the loss or the weights are re-
parametrized. This is especially helpful since parameters of the op-
timizer (such as the step size a;) do not have to be re-learned or
re-tuned when applied to a different problem. One might even
say that tuned parameters in some way encode the scales unique to
one optimization problem in case the update is not scale-invariant.
Consider for example re-scaling the loss by a scalar ¢ > 0, such
that L53ed(w) := cLp(w). In this example, the update p; should
ideally not change, since the parameterization of the weights did
not change. Newton’s method, which is scale-invariant, produces
pialed = —(cALp)~1(cVLp) = —AL{)lVLD = pt, which is exactly
what is required; the gradient decent update, on the other hand, is
not scale-invariant and produces p?caled = —cVLp = cpt. Thus the
learning rate &y would have to be changed accordingly, in this example
exactly by ase@ed := ¢=1q,, to retain the same optimizer.!® Non-scale-
invariant optimizer are often used in practice, since learning the right

scale is more difficult than just learning a direction. In order to mini-

9 Examples for y € (0,1) are:

(t+1)"! sub-linear

t linear

£ :
super-linear

= < =

t
2 quadratic.

10scale invariance can be checked by
computing the unit of p;. Let [w] de-
note the unit of the weights and [L] the
unit of the loss, then Newton’s update
has the units (Ll/[w]2) ! [Ll/[w] = [w].
The update of Gp has units [Ll/[w] # [w].
The parameters of the optimizer have to
capture this scale, e.g., a;°" will need
to encode the unit [@*/[L] which can be
thought of as a (scalar) inverse Hessian
or an inverse Lipschitz constant for .-
smooth functions.
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mize re-tuning cost, usually care is taken not to confront the optimizer
with all too different optimization problems. For example neural net-
works usually consist of similar puzzle pieces, and one might argue
that these also yield losses of similar scales; these puzzle pieces might
be similar choices of loss functions, normalizing the data X, similar
choices of activations, batchNorm, and so on, such that re-tuninge. g.,
of learning rates is milder. In general though, if used in different con-
texts, non-scale-invariant updates can require re-tuning of parameters
of arbitrary and unknown scale.

2.3.1 Gradient Descent

The arguably most basic algorithm that follows Eq. 36 is gradient de-
scent™ (Gp) where the search direction p; = —V Lp (w;) locally points
into the direction of the steepest path downhill in Euclidean norm,
meaning that for é € RN, ¢ > 0:

.1 . —VLp(wt) pt
lim = arg min Lp(w; +6) = =: , (40)
=0 se VLol ~ Tind
which yields the update:
Wiy1 = Wt — uctVLD(wt). (41)

The underlying model can be thought of as a first-order Taylor ex-
pansion Lp(w) ~ Lp(wy) + (w — wy)TVLp(w;) around the current
location wy, i. e., the tangent plane to Lp (w) at wy. This also means that
the local approximation is unbounded below, and does not provide a
meaningful estimate for the step size a;.1?> The assumptions on Lp (w)
and «; which lead to Zoutendijk’s condition are typically met (apart
from .Z-smoothness), since Lp(w) is bounded below by definition
and cos 6 = 1 can be bounded below by any fixed number dy € (0,1).
Thus cp is globally convergent. It does converge rather slow, espe-
cially in cases where the condition numbers of the local Hessian is
large: For example for a quadratic function with positive definite Hes-
sian and conditions number x and exact line searches (meaning that a;
minimizes the 1D-function Lp(w; + a¢py)), GD is linearly convergent
in the loss with rate r = (x—1)*/(x+1)2. Por large condition numbers
x > 1, r is close to one, thus the reduction is very little.13 This is illus-
trated in Figure 17; Top: positive definite Hessian with low condition
number x = 4 (——, ¥ = 0.36) and middle: positive definite Hessian
with a larger condition number x = 20 (——, r ~ 0.82). Both optimiza-
tion runs start at the same distance from the minimizer w* = [0,0]T
at wg = [—0.1,—0.98]T, and line searches were exact at each iteration
(closed form exists for quadratic functions). The zig-zagging of Gp is
clearly visible, especially for the ill-conditioned problem; also the em-

My s likely that gradient descent was
invented multiple times. A very clearly
documented instance of this, however, is
by Augustin-Louis Cauchy in his 1847
paper “Méthode générale pour la résolu-
tion des systémes d'équations simultanées”
[21]. He explicitly states the importance
of choosing the step size: “It is easy to
conclude from it that the value © of u [u
is objective, © is updated value], defer-
mined |[...] will become inferior to u, if 6
[step size] is sufficiently small.”. He also
emphasizes the iterative nature of his al-
gorithm: “If the new value of u is not a
minimum, one will be able to deduce, by op-
erating always in the same manner, a third
still smaller value; and, by continuing thus,
one will find successively some values of u
more and more small, which will converge to-
ward a minimum value of u.”. (Translation
by Richard J. Pulskamp.)

[21] Cauchy, “Méthode générale pour la
résolution des systemes d’équations si-
multanées,” 1847

121 principle a; could be any positive
number, since the search direction p; =
—VLp can be arbitrarily scaled by mul-
tiplying Lp with a positive constant. As
mentioned above, this is known as non-
scale-invariance of the gradient descent
search direction.

13 For isotropic quadratic problems
though (x = 1), r becomes zero and
GD converges in only one step.
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pirical relative reduction of the loss Lp (bottom plot) is close to the
theoretical upper bound r. For inexact line searches, the rates are not
expected to improve, but they also do not necessarily worsen e.g.,
with minor restrictions on the step size &y, such as upper bounding it
with the Lipschitz constant of the gradient a; < .#~!. Nevertheless,
GD is computationally inexpensive such that many iterations can be
performed; it is quite robust meaning that it is applicable to many
problems as well as numerically stable, and also incredibly easy to
implement (all you need is the gradient). These characteristics make
G still one of the most widely used iterative optimization routines,
since more than 150 years.

Momentum Methods

Momentum methods are inspired by physical systems: the motion
of a massive particle in a potential that experiences friction. Due to
the inertia of the particle, the solution to the dynamics equations is
smoother, and, even when discretized, less saw-toothed than a gradi-
ent descent path. For instance, for a differential equation of the form
mw = —w{ — VLp(w) and a linear approximation of Lp(w) around
wy (just like in Gp), the solution for the velocity v(T) is:

v(7) :=w(t) = —aVLp(w(tn)) + (1) (42)

where the scalars &« and 7y depend on the mass m > 0, the friction
{ > 0, and the time interval T — 70.14 In optimization, the learning
rate a; and the momentum parameter v € (0,1) do not have an obvious
interpretation and are set heuristically, usually ; = 0.9. Eq. 42, in
fact, leads to the famous cp+mMomMmENTUM algorithm [105] [116]:

vt = —atV Lp(w) + Y1041 3)
Wy = Wt + Ot

The velocity term has an intuitive behavior: If similar gradients are
seen in succession, v increases and larger steps are taken; if gradi-
ents rather point in different directions, v decreases which yields
more cautious steps. Pictorially, this allows the optimizer to tra-
verse ravines more smoothly as well as to speed up on plateaus.
The approximation of the potential in the differential equation is
linear; although their flexible behavior suggests otherwise, many
momentum algorithms are thus first-order methods. Another mo-
mentum method is NEsSTEROV accelerated gradients [97], where v; =
a;V Lp(wt + a4vt) + y¢v4—1, which encodes a ‘look-ahead’ by evaluat-
ing VLp not at at current position w; but at the position which would
be reached if the search direction was not altered. GD+MOMENTUM is
illustrated in Figure 18 together with the unaltered Gp-direction and

(%)

wy

0.8 [~ =

0.2

| |
0 10 20 30

iteration t

Figure 17: Gradient descent on 2D-
quadratic functions with different condi-
tionnumbers «. Top: ¥ = 4, middle: x =
20. Path of optimizers (——/—<—). Bot-
tom: theoretical upper bound on slopes
r = 0.36,0.82 ( / , kK = 4,20 re-
spectively), and the heuristic values in
the same colors as the paths above.

14 The constants are v = e () €
(0,1) and & = % (1 —e*%(r’m)) > 0.
The time T has arbitrary scale in the op-
timization setting.

[105] Polyak, “Some methods of speed-
ing up the convergence of iteration meth-
ods,” 1964

[116] Rumelhart, Hinton, and Williams,
“Learning representations by back-
propagating errors,” 1986

[97] Nesterov, “A method of solving a
convex programming problem with con-
vergence rate O(1/sqr(k)),” 1983
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the BrGs-optimizer (§ 2.3.4) on the 2D Rosenbrock polynomial. It is
clearly visible that cp+mMoMENTUM exhibits a smoother optimization
path than cb.

2.3.2  Second-Order Methods

Second-order methods model the curvature or Hessian ALp(w;) of
the loss, or a related quantity. The local approximation around wy is
quadratic:

Lp(w) =~ Lp(wt) + (w — w¢) TV Lp(we) + %(w — wi)TBe(w — wy),

where B; € RN*N is the second derivative of the quadratic approxima-
tion, i.e., By = ALp(w;) would yield a second-order Taylor expansion.
Often, but not necessarily, the corresponding search directions p; are
scale-invariant, e.g., the Newton direction, such that they also pro-
vide a natural length-scale for each step, defined by the distance to
the optimum of the local approximation. If this is not the case, they
usually capture some kind of relative scaling of the input-axis which
have been proven to be very helpful in practice.

The search direction is defined as the vector to the unique root
of the gradient of the right hand side of Eq. 44: VLp(w;) + Bi(w —
wy) L 0, therefore p; = —B[1VLD(wt);15 or, for positive definite By,
alternatively through the weighted norm minimization:

~B,'VLp(w) _  pi
Pl 512

1
lim - argmin Lp(w;+46) =
e—0€ 5:0]] 12 <€ HBt—1VLD(wt)‘
t

B/

fors € RN, e > 0,and [|w]%1, := wT Aw = | A?w|> with A € RN*N
positive definite. Thus the update of Eq. 36 is:

Wiyl = Wy — DCtB;1VL'D (wt) (46)

This defines a descent direction only if B; is positive definite, since
then, —VLp(w;)Tps = VLp(w:)TB; ' VLp(w;) > 0 (for VLp # 0).
There are optimizers which enforce this property when designing B;
(e.g., BEGS, DFP, § 2.3.4), but for example Newton’s method does not
fulfill this property for non-convex functions.

The cost of computing p; depends on the cost of inverting B;. This
can range from cubic cost in N for methods that invert a dense By,
to methods that are quadratic or only linear in cost. The latter two
usually exploit low-rank structures of successive updates to B;. Still,
the additional cost for computing p;, in comparison to a simple update
like Gp, has to be outweighed by faster descent per step in order to
yield a superior optimizer.

(44)

15 Unless noted otherwise, it will always

be assumed that B; is invertible.

(45)
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An additional benefit of second-order methods, is that they often
expose less to none manual tuning parameters. This is a big advan-
tage in the context of automation and user-friendliness, over algo-
rithms that do expose free parameters. Three direct consequences are:
i) Increased applicability, especially in build-in black-box subroutines,
i) decreased overall training time, since additional runs for param-
eter search are not needed, and iii) usually better performance for
restricted budgets. One type of arguably parameter free second-order
methods are quasi-Newton optimizers (§ 2.3.4) in combination with a
line search (§ 2.5).

Newton's Method

Newton’s method!® is a true classic and follows from Eq. 44 if the right
hand side is the second-order Taylor expansion of Lp(w) around w,
i.e., B = ALp(w¢). Then:

wip1 = wi — apALp (wr) "'V Lp(wy). (47)

This only defines a descent direction if ALp(w;) is positive definite,
which holds for convex functions or in a neighborhood around a true
minimum. Thus Newton’s methods only converges (with ; = 1 and
for a Lipschitz-continuous Hessian functions) if started ‘close enough’
to a minimizer. Then, the rate is quadratic for the iterates w; as well as
the gradientnorms || VLp (wy)||. In practice, sometimes a mild version
of aline search, e. g., a backtracking line search that always tests a; = 1
first, is used for robustness. Newton’s method is computationally
quite expensive (cubic in N), since the Hessian ALp(w;) has to be
computed as well as inverted at every iteration.

Generalized Gauss-Newton

The generalized Gauss-Newton matrix at point w is defined as:

G(w) := —

1
Dl

L Ir(@)Apl(f)]p(@)T, (48)
(xy)eD
where the operators V  and Ay are the first and second partial deriva-
tive with respect to f, and J¢(w) € RN*"L s the Jacobian of f(w) €
R" with respect to w. The loss ¢(f) is written in such a way to em-
phasize the dependence on f. The matrix G(w) is an approximation
to the Hessian ALp(w) of the loss. To see this write:

16 The Newton-Raphson method also
denotes a more generic root-finding al-
gorithm. In optimization this refers to
finding the root of the gradient of a
function, thus Newton’s method for op-
timization, described here, is a specific
instance of the more general Newton-
Raphson algorithm.

The Newton-Raphson method is
named after Sir Isaac Newton and
Joseph Raphson. Like gradient descent,
it was most likely invented multiple
times (traces go back to the 12 cen-
tury, an Iranian algebraist called Sharaf
al-Din al-Tusi, who applied it to cubic
equations). Newton applies his method
successfully to the non-polynomial prob-
lem x — esin(x) = M (Kepler’s equa-
tion) in the 2" and 3" edition of his
Philosophiae naturalis principia mathemat-
ica [98] (around 1713 and 1726, 1% ap-
peared in 1687) which states: “But since
the description of this curve is difficult, a so-
lution by approximation will be preferable.
[...] diminished by the cosine of the an-
gel [x¢] [...] And so we may proceed in
infinitum. [...] But since the series [...]
converges so very fast that it will be scarcely
ever needful to proceed beyond second term
[iteration].” (translated from Latin by
Andrew Motte).

[98] Newton, Philosophize naturalis prin-
cipia mathematica, 1726



ITERATIVE OPTIMIZATION ROUTINES | 43

ALD(w)—;w( L Alfo(.)
xy)€D
= ? Z vagk Afk Z Afgkl ka(w)Vfl(w)T} (49)
(x,y)€D kl1=1
:W(; [vaek )Afi(w) + T (w)Apl(f)]f(w )]
xy)€D

where, from the second row on, we dropped the ys and we used f(w)
shorthand for f,(x) to highlight the dependence on w.

The last row of Eq. 49 is equivalent to Eq. 48 for either a root of
V ¢li(f), or avanishing Hessian A fi (w). This means, for instance, that
the generalized Gauss-Newton matrix is identical or very similar to
the Hessian at minimizers of the loss where V ¢/ is supposedly small,
too. The geometric interpretation is that the Gauss-Newton matrix
only models the Hessian of the most outer of the nested functions: the
loss ¢(f), but not the Hessian of f(w). Thus itis a lightweight Newton
step, which only captures parts of a full second-order approximation.
The benefit of the Gauss-Newton matrix is that it is always positive
definite if the loss £(f), as a function of f, is convex (convexity of
f(w) is not needed; can be seen from Eq. 48 for pos. def. Aff). It
thus always yields descent directions p; = —G; !VLp. There are
also connections to the Fisher information matrix discussed below.
When the Gauss-Newton direction is used, sometimes f;, and ¢ r are
re-defined, and the last non-linearity of f, is assigned to ¢, such that
more of the curvature can be captured in the update. For n;, < N the
pseudo-inverse of one of the summands is ( ]}]f)’l J§ which can be
computed at cost O(n? + Nn).

2.3.3 Natural Gradient

The natural gradient direction [2] ([92] for overview) is based on the
idea to measure progress not in the loss-space, but in the distribution
space of the learned conditional distribution Py (y|x), parametrized
by w, between input- and target-space.!” A measure for the differ-
ence of two distributions P and Q is the Kullback-Leibler divergence
KL(P||Q)."® Now suppose we move in weight space by § € RV,
analogously to above, then the difference between the old and new
distribution is given by:

w4\ X,
KL (Pus (0 [Paly)) = [ passloy)log P08 gy

pw(x,y) (50)
— Eqpo [KL (P (y}3) IPul1).

18 The KL-divergence is not a distance,
since it is not generally symmetric:
KL(P||Q) # KL(Q||P); but it is always
positive and only zero iff Q = P. For
densities p(x) and g(x) 1t is defined as

KL(P|Q) = [ p(x

known as the relative entropy. Pictori-
ally it measures how well p(x) is approx-
imated by g(x) weighted by p(x), and
then averaged over all weighted differ-
ences. This also explains why KL is not
symmetric, since discrepancies between
p and g might matter more or less de-
pending if p or g has nontrivial mass
there.

log e )dx and also

[2] Amari, “Natural Gradient Works Effi-
ciently in Learning,” 1998

[92] Martens, “New insights and per-
spectives on the natural gradient
method,” 2014

17 This interpretation only holds if the
loss Lp can be interpreted as negative
log likelihood as described in 2.2.1.
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where Q(x,y) is the unknown joint data distribution with density

q7(x,v), Q(x) the marginal distribution, and Py, (x, y) has density py (x,y).1? 19 The last line of Eq. 50 holds since
only the conditional probability between
inputs and targets is modeled and
in distribution space can be defined as: Po(x,y) = po(y]x)q(x).

Since the KL-divergence is non-negative, the steepest descent direction

~F 'Vip(w) _ pi
[pell 71r2

lim E arg min Lp(wy+96) = (51)

€0 € SKL(Pys(xy)|[Pu(xy))<e? HFﬂVLD(wt)]

F?

The limit of Eq. 51 includes a weighted norm with positive definite
matrix J; defined as:

Fi = =Ep, (1) 5108 P (x,9)] = —Eq(y) [En,, (1) [B10g pu, (v1)]] o)

= Ep, (1) [V 108 puo, (%, ) V 108 puo, (x,1)T] = Eq(a) [ By, (y15) [V 108 piay (y]%)V 108 ey (1) 7]

Fi is known as the Fisher information matrix, and (for ¢(fw(x),y) =
—log pw(y|x)) is the expected Hessian of £ under Py, (x,y) (not Q). An
intuition for this result can be obtained by developing Eq. 50 around
6 = Oy, which by some calculus yields:

KL (Payc5(5, )| Py (x,9)) = 587 Fi6 + O(&). (53)

This is an explicit approximation of the KL-divergence in weight space,
and, since F; is positive definite (can be seen from Eq. 52), it also

defines a distance.?? The update of the optimizer is scale-invariant 20 The metric tensor F(w) (locally given

by Eq. 52), under some assumptions

yields a Riemannian manifold. Since op-

timization steps are discrete, the metric

Wiy = Wy — atft_1VLD (wt) (54) defined by F; = F(w;) is used in a vicin-
ity around wy.

and given by

Assuming F; can be computed, the update is of cost O(N?) which is
the same as the cost of a Newton update.

Connections

The Fisher information matrix F is the expected Hessian of the loss ¢
under the learned distribution Py (x,y). The Hessian ALp, though,
is not the Fisher information matrix for the empirical distribution
P(x,y), but rather the expected Hessian of the loss over the sample-
distribution Q(x,y) (the expected Hessian of the loss over Q(x,y)
is AL). The Gauss-Newton matrix G; is identical to the Fisher if
we approximate the marginal Q(x) (not the joint) with the empirical

distribution Q(x) while computing F and if P, (y|fy) is in the expo- 2L All of this can be checked by re-
nential family (this include e.g., the squared and the cross-entropy arranging terms in the definitions of 7,

G, AL and ALp and using the empirical
loss). Since the Gauss-Newton matrix is a good approximation to the distributions where applicable.

Hessian close to a minimum, thus also F is, under these constraints.

This does not hold further away from minima.?!
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Empirical Fisher

Often, it is not practical or even impossible to compute the integrals
in Eq. 52 since Q(x) is unknown and P, (y|x) complicated. The Fisher
information matrix is occasionally approximated by the empirical Fisher
information matrix F (short: empirical Fisher) which replaces Q(x) and
Py (y|w) by their empirical distributions:

. 1
Fi=1pp L Viegpa(ylx)Viegpu, (ylx)T
(xy)eD
: (55)
= D] Y. Vifu,(x),y)VE(fu, (x), )T
(xy)eD
The update p; = —F, !'VLp(w;) arising from the empirical Fisher

is not scale-invariant anymore, and F, in contrast to F, is also in
general not a meaningful approximation to the Hessian or the gener-
alized Gauss-Newton matrix; and even not to the Fisher itself. The
benefits, though, are that it is easy to compute since the gradients
V{(fw,(x),y) are readily available; it conserves the property of posi-
tive (semi-)definiteness for, and it still provides some relative scaling
of the weights (§ 2.4.2). Some of the currently most popular stochastic
optimization algorithms (RMSPROP, ADAM, ...) are based on a diago-
nal approximation to F.

2.3.4 Quasi-Newton Methods

As the name suggests, quasi-Newton methods ([30], [100, § 6] for an
overview) perform Newton-like updates by approximating the Hes-
sian ALp(w;). They are cheaper (O(N?) or O(N)) than a Newton
update and build their approximation entirely by using previously col-
lected gradient differences Ay; := VLp(w;y1) — VLp(wy) and path
segments s; := w;1 — w;. The basic model assumption for all quasi-
Newton methods is that the estimator B; 1 for the Hessian must fulfill
the secant equation:

Bii1st = Ay for all ¢, (56)

such that B; can be interpreted as being the mean Hessian on the
line between points w; and w; 1. The matrix B; € RN*N is not fully
identified by the N constraints of Eq. 56. Thus, for obtaining the
next approximation B;;1, one imposes the condition that B must
be close to the previous one B; in some weighted norm. The complete
optimization problem to identify By, can be phrased as:

B;41 = arg min||B — Bt”W,P s.t. Bsy = Ay, (57)
B
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Figure 18: GD, GD+MOMENTUM, and
BFGs on Rosenbrock. Top: paths of the
optimizers ( / / , for Gp,
GD+MOMENTUM, and BFGs respectively);
start value (x), minimizer at w* = [1,1]T
(%). Bottom: Corresponding function
values per iteration (double logarithmic).
GD+MOMENTUM performs better than Gp,
although BFrGs is the only optimizer of
the three thatreaches the minimum. The
2D-Rosenbrock polynomial is L(w) =
100(wy — w?)? + (1 —wy )2

[30] Dennis and Moré, “Quasi-Newton
methods, motivation and theory,” 1977

[100] Nocedal and Wright, Numerical Op-
timization, 1999
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where ||Allwr = |W/2AW"?||F is the Frobenius norm weighted by
a positive definite matrix W € RN*N 22 Different choices of W lead
to different quasi-Newton methods, but the optimization update is
always:

Wiyl = Wt — DCtB;1VL'D (wt) (58)

The Hessian estimate B; is usually initialize with a multiple of the
identity By = bl, b € Ry, the update to B; at each step is of rank
one or two, and its inverse thus analytic by the Sherman-Morrison
formula.?® In general, this leads to an update with cost quadratic in N
due to the matrix vector product B~!VLp. Even more efficient linear
updates, in cost and memory, can be achieved by only keeping the
last M < N gradient differences {Ay;_;.1}i—1,.. um and path segments
{st,iﬂ}i:l/m/M in storage. These limited memory versions of quasi-
Newton optimizers, e. g., L-BFGs, are highly successful, although they
only model a handful of off-diagonal curvature contributions.?* For
non-trivial Hessians, they usually perform superior to Gp in overall
performance. Figure 18 shows an example of a quasi-Newton method
(BFGs) in comparison to Gp, and GD+MOMENTUM on a toy problem; es-
pecially the bottom plot shows how much more rapidly (super-linear
in w; for mild assumptions, plot shows log-log of Lp vs. t) BFGs con-
verges than cp.

Broyden’s Method

Broyden’s method [18] is the update corresponding to the solution of
Eq. 57 for W = I, i.e,, for the standard Frobenius norm:
Ayt — Byst)s]
Bis1 = B + (ytT—”)t (59)
St St
It is in spirit much closer to root-finding methods, which approximate
the Jacobian of a multi-output function. This can be seen from the
estimator B, which is not generally symmetric, although Hessians
are, because Eq. 57 did not encode this. Broyden’s method is listed
here for historic completeness, and also since we will use it later to
draw connections to novel probabilistic second-order methods. The
general solution to Eq. 57 for any positive definite W is given by
Ayt — Byst)c]
Biyy = Bi + (yfT—ff)t (60)
C ¢ St

where ¢; := Ws; is a vector in RV (e. g., [30, Thm. 7.3 and below]).
Thus for the special case of choosing W (non-uniquely) such that
¢t = Ay — Bysy, the estimator By is indeed symmetric and known as
symmetric rank-one (sr1) update, probably first introduced by Davidon
[112].

22 The standard Frobenius norm |AllFis
defined as [|A|}} := A}y = ¥ AZ =
tr[ATA] = HXHZ and can be obtained
by setting W = I. It is not to be con-
fused with the weighted vector-norm
above used to derive steepest descent di-
rections (overloaded notation).

A € R¥**1 is a vectorized version of
A, constructed by stacking the elements
of the matrix A row-by-row, and not
column-by-column. This is just for no-
tational convention at this point, but we
will use this notation repeatedly in later
chapters.

231 et B be a matrix with known inverse,
and v, w vectors, then (B + va)’l =
B '+ (B low™B1)/(1 +w B o).

24 This might even suggest, that the Hes-
sians of typical losses Lp are structured
and can locally be captured by a simple
model like a scalar-plus-low-rank ma-
trix. Alternatively one might argue, that
‘old’ observations which identify a large
part of the matrix B; in the infinite mem-
ory version are outdated to some de-
gree, since the Hessian changes with w
for non-quadratic functions, and rather
hamper the optimizer.

[18] Broyden, “A class of methods for
solving nonlinear simultaneous equa-
tions,” 1965

[30] Dennis and Moré, “Quasi-Newton
methods, motivation and theory,” 1977

[112] Davidon, Variable metric method for
minimization, 1959
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Dennis Family

The Dennis family of quasi-Newton methods [29] is obtained by solv-
ing Eq. 57 with an additional symmetry constraint on the estimator
Bt+1 ,l.e.,:

Biy1 = argmin||B — By||yyp s.t. Bst = Ay: AB = BT. (61)
B

The solution to Eq. 61 is given by:

(Ayt — BtSt)C;r + Ct(Ayt — BtSt)T B CtSI(Ayt — BtSt)C;r

T T

Byt =B+ ,
* Ct St (cfst)?

again with ¢ = Ws; € RN. The estimator B;,; is symmetric by
construction and the additive terms to B; are of rank two, or, for special
choice of ¢;, of rank one. In general, different choices of c; define
different members of the Dennis family of quasi-Newton updates,
some of which are listed below:

sr1 ct = z(Ays — Bysy) (63a)
PSB Ct = St (63b)
GREENSTADT ¢t = zBys; (63c)
DFP ct = zAy; (63d)
s] Ay;
=z (A L7 Bysy | . 63
BFGS Gt =2z ( Yt + StTBtSt St (63e)

Thescalarz > 0is an arbitrate positive constant. Eq. 63a again recovers
the sr1 update, the others are Powell-symmetric-Broyden (ps, Eq. 63b
[106]), Greenstadt (Eq. 63c [49]), Davidon-Fletcher-Powell (prp, Eq. 63d
[112], [41]), and the infamous Broyden-Fletcher-Goldfarb-Shanno (B¥Gs,
Eq. 63e [19] [40] [44] [123]). Again all inverses of B; can be computed
analytically by the Sherman—-Morrison formula. For prp and BFGs,
positive definiteness of B;, and thus a descent direction p;, can be
ensured by appropriate line search routines (§ 2.5), which gives them
a huge advantage over their siblings. Empirically, sBFGs has proven to
perform very well, and, in deterministic optimization, is arguably the
state-of-the-art of quasi-Newton method to date.?®

2.3.5 (Non-)Linear Conjugate Gradients

The linear conjugate gradient method (cc) [62] solves for w* € RN

in the systems Aw* = b, with b € RN given, and A € RN*N

).26

symmetric positive definite (spd The method is iterative and

starts with a random guess wy for w*. Then, it constructs successive

ripe
. . PtT“}Pr .
ry = Aw; — b, such that search directions p; are A-conjugate, meaning

wir1 = wy + appt, with exact line searches oy = — and residuals

[29] Dennis, “On some methods based
on Broyden’s secant approximations,”
1971

(62)

[106] Powell, “A new algorithm for un-
constrained optimization,” 1970

[49] Greenstadt, “Variations on variable-
metric methods,” 1970

[112] Davidon, Variable metric method for
minimization, 1959

[41] Fletcher and Powell, “A rapidly con-
vergent descent method for minimiza-
tion,” 1963

[19] Broyden, “A new double-rank mini-
mization algorithm,” 1969

[40] Fletcher, “A new approach to vari-
able metric algorithms,” 1970

[44] Goldfarb, “A family of variable
metric updates derived by variational
means,” 1970

[123] Shanno, “Conditioning of quasi-
Newton methods for function minimiza-
tion,” 1970

251t is not entirely clear why this is so.
[100, § 6.1] mention ‘self-correcting prop-
erties’ if the Hessian estimate is off, in
combination with Wolfe-governed line
searches; or [30, § 7.3] state that there
are results for the prp-estimator to ap-
proximate the Hessian well, which also
hold for the BrGs-estimator and the in-
verse Hessian (which seems to be more
useful, since B, Lig ultimately used for
computing p;). We will follow up on this
discussion in Chapter 9.

[62] Hestenes and Stiefel, “Methods of
conjugate gradients for solving linear
systems,” 1952

26 Guch a system can be interpreted as
finding the optimum of a quadratic func-
tion of the form L(w) = jwTAw — bTw,
with derivative VL(w) = Aw — b.
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that p]TApi o« ¢;j. It can be shown that the residuals {ri}i_, as well
as the search directions {p;}!_, span the Krylov subspace of degree t,
that is K(ro, t) = span{ro, Aro, ..., A'rg}, and therefore approximate
the leading vectors of the eigen-basis of A.

The non-linear conjugate gradient method (N-cg, first due to [42])
are variants of cg, tailored for non-linear problems, i.e., where the
Hessian of a function changes with w. The residuals r; are replaced
e.g., by the gradient VL(w;) of the function and a line search is used
since the exact root along p; can not be found analytic anymore. For
quadratic losses (constant Hessians A), the iterates w; produced by
the BrGs-algorithm for exact line searches are identical to those of
cG. Thus both algorithms coincide on linear problems [96]; but they
split into separate algorithms for non-linear objectives. While, by
the secant equation, it is quite clear that BrGs still infers a mean-
Hessian along p;, the inferred second-order object of N-cG is a bit
more opaque; nevertheless both methods are successfully used in
practice and especially the mathematical properties of linear cc are
very well studied.

2.4  Uncertain Gradients

When the dataset D is very large, it can be impractical or too costly to
compute the gradient VLp(w;). Eq. 30 defines a mini-batch gradient
V Lp which is only computed on a random i.i. d. subset B C D of the
full dataset. It is thus an inexact but unbiased estimator of VLp; and
its quality depends on the data distribution as well as on the size |B|
of the mini-batch. Iterative optimizers which use VLg instead of, or
additionally to, VLp are called stochastic, in contrast to deterministic.
The preceding as well as the following subsections are to a certain de-
gree arbitrary, since e. g., the diagonal preconditioners (§ 2.4.2) could
also be used with full batch gradients; they are grouped here since
they are commonly used with stochastic gradients in practice.

Before we motivate stochastic algorithms, we first need to get an
intuition about the behavior of random vectors in high dimensions.

Random Vectors in High Dimensions

Vectors in high dimensions act differently than in lower dimensions
when their elements are corrupted by noise as it is the case for mini-
batch gradients. As a toy experiment, suppose that z ~ N (p,0?I)
withz, u € RN and o > 0 (Gaussian assumptions for mini-batch gradi-
ents will be discussed in Chapter 5). Then, what are the mean and vari-
ance of the angle 6 between z and y, i.e., E[0] = E[arccos(#"z/||ul|||z])],
and var[f] = E[6?] — E[0]>? We can estimate these quantities by sam-

M and computing E[f] ~ § = 1/mMY;6; and

pling independent {z;}:,

[42] Fletcher and Reeves, “Function min-
imization by conjugate gradients,” 1964

[96] Nazareth, “A relationship between
the BFGS and conjugate gradient algo-
rithms and its implications for new algo-
rithms,” 1979
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Figure 19: Orthogonality of high dimen-
sional Gaussian random vectors. Top
and middle row: mean angle 0 (left),
and corresponding standard deviation
std (right). The axis are ||| and ¢ for
an equally spaced grid between 0 and 1.
Top row shows dimensionality N = 2
and middle plot N = 1000. Bottom:
0 +1 std for a fixed ||| versus o (the
slice is indicated in the top and middle
row.)
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var[f] =~ var =1/MmY; 91-2 — 62 for 0; := arccos(#'zi/ |||z |). Figure 19
shows results for | j-o combinations, using M = 103 samples each.
The top and middle row show the mean angle 8 (left) and its sample
standard deviation std (right) for an equally spaced grid of ||u|| and
o between [0, 1]. The top and middle row show low and high dimen-
sionality, N = 2,1000 respectively. The bottom row depicts  + 1 std
for a fixed ||p|| versus o; the corresponding slices are indicated in the
upper plots in the same colors (——/—— for N = 2,1000). The curve
for N = 1000 concentrates much faster and tighter around 6 ~ 90°
than the one for N = 2, even for very small ratios o/||u]|.

The same can be observed for the whole || j||-o-grid (middle row)
where all vectors (except the ones for vanishing noise ) stand roughly
orthogonal to their mean, and, at the same time, exhibit a low vari-
ance in doing so (colorbars for scale, and Figure 20 for a 2D illustration
for two instances of y-c combination). For an optimizer for instance,
where N as well as ¢/||u| might be even larger, this means that the
collected stochastic gradients { VLg(w;) }!_, span a very different sub-
space than the noise free ones { VLp (w;) }!_; would, even if evaluated
at the same locations w;. This has major implications on the robustness
of methods which inherently rely on inner or outer products involving
e.g., Ays := VLp(wsi1) — VLp(wy) such as all, but especially limited
memory versions, of quasi-Newton methods. This can be observed
empirically as well, where these methods either perform pootly, or fail
when used with noise corrupted gradients.

2.4.1  Stochastic Gradient Descent
Stochastic gradient descent (sGp) [113] is the exact same algorithm
as D with the exception that all gradients VLp(wy) are replaced by
mini-batch gradients?” VLg(w;), thus

Wiyl = Wy — IXtVLB(wt). (64)

This also means that p; = —VLg(w;) does not necessarily define a
descent direction anymore (in fact, by the previous section, it won’t
in up to 50% of the cases), and it is also not possible to know this for
certain unless the full VLp was be computed (which we will assume is
no, or an un-desirable option). sGp does not seem to bother about this;
in fact, given a function handle to some gradient—might it be noisy or
not—the computer codes for cp and sGp are identical; it is oblivious to
the choice of the gradient estimator or even to the size of | B|. Robbins
and Monro [113] showed ground-breakingly?® that the sequence w;
defined by Eq. 64 converges to a minimizer w* in expected squared
error, for a diminishing learning rate schedule that fulfills } 7° ; a; = co
and Y, a? < 0.2 Compared to G, the convergence rate is worse,
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22

Figure 20: Distributions of angle 6 de-
pending on u and ¢ in two dimen-
sions. Shown are two Gaussian distri-
butions with means ( / ), 1std
(——/—), and 20 random samples
each (—/ ). 0 is the angle be-
tween a sample and its corresponding
mean. For 2D (as shown here), the dis-
tribution of 6 is quite dependent on || ||
and o, which is less the case in high di-
mensions.

27 This includes mini-batches of size one.
If the samples originate from a contin-
uous data-stream rather than from a
fixed, finite dataset, this is also some-
times called ‘online-learning’.

28 The exposition in [113] covers the
case for one-dimensional functions only,
but it has since been extended to multi-
dimensional settings, too.

29 Convergence in expected squared er-
ror is defined as

lim E[||w; — w*||?] — 0.
t— o0

If this holds, then w; converges to w*
in probability and the method is also
called consistent for a given distribution
p(V(w)|w). For scp, this is fulfilled
e.g., for a learning rate decay of type
a; = “2 and additional (typical) assump-
tions on p(V/{|w) as well as the loss
Lp(w) (strong convexity and bounded
gradients).

[113] Robbins and Monro, “A stochastic
approximation method,” 1951
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but at the same time a lot more iterates can be performed for the same
budget. This is because one sGp-step is much cheaper to compute, by
a fraction of |B//|p|, than one Gp-step. So, roughly, if the progress per
DI/ || steps outweighs a single one of Gp, then sGp is more efficient.>

To get an intuition for the need of a diminishing learning rate, note
that the probability for a stochastic gradient to vanish might in fact be
zero, even at a true root of V Lp; if B is sampled without replacement
from D, the variance of V Lg is proportional to (IPI-IBl)/(|D||B|-|8]|) ~
1/18| for |B| < |D|. Thus, since VLg(w;) does not decay as much as
VLp(w¢) would for large ¢, the learning rate must.

Similar to Gp, sGD is easy to implement, cheap, and quite robust
(applicable to many problems), but the manual tuning of a; is often
quite intricate. The idea of sGp though—reducing cost per step by
sampling random gradients—carries over to more involved stochastic
updates, some of which are discussed below. Most of them collect
statistics, which in fact have some relation to p(V/¢|w) and reduce the
required effort for tuning their class parameters.

2.4.2  Diagonal Preconditioners

Instead of constructing a matrix B; which is scalar-plus-low-rank, as
quasi-Newton methods do, diagonal preconditioners3! learn a diagonal
matrix. Each dimension is thus treated independent of all others,
and separate summary statistics over many iterations are collected
for each entry of diag[B;], which mostly includes estimators for the
first and second moment of gradients. This averaging, i.e., collecting
many noisy numbers to estimate one scalar, yields a more robust
estimator B; under noise, in contrast to quasi-Newton updates. The
downside is that correlations between dimensions, i.e., off-diagonal
elements of B;, are neglected. Corresponding algorithms often go by
the name of ‘element-wise learning rate tuning’ in the literature; we
will avoid this terminology here, since it virtually covers all possible
search directions, and seldom these methods actually fit an absolute
scale which is the purpose of a learning rate. The diagonal matrix By
is usually related to the Hessian or the Fisher.

Define exponential running averages over collected gradients, gra-
dient squares, and path segments as

my = pmy_1+ (1 — B)VLp(we) (65a)
v="vv_1+(1— 'y)VL%)Z(wt) (65Db)
he = ey + (1= 0) (w1 — wi1) 2, (65¢)

each with some decay factor 7, 8, € (0,1). The symbol ‘®’ denotes
the Hadamard-product (elementwise multiplication), and ‘@’ elemen-
twise division. Additionally, define the sum (not mean) of collected

30 One might argue, that it should not
matter, if the information contained in
a dataset is evaluated at once, or per
mini-batch, hence there should not be
a difference in performance. The dif-
ference, however, lies in the fact that
sGp-mini-batches can be evaluated at dif-
ferent locations in weight space, while
the full batch evaluation is only locally
performed for fixed weights; addition-
ally mini-batches allow the optimizer to
explore redundant information in the
dataset, as well as use hardware opti-
mally.

In practice, there is usually an inter-
mediate sized mini-batch size |B| that
performs best for a given computational
budget, but ideally one would like to
also adapt |B| during the optimiza-
tion run, since the distribution p(V/{|w)
changes with w.

31 we adopt the therm ‘precondition-
ers’ from other works, e.g., [26]. ‘Pre-
conditioner” often only describes a the-
oretically desired, or a priori imposed
preconditioner-matrix, and not empiri-
cal estimates thereof. Here we will call
both as such.



gradient squares as oy = Y '_; VL%)Z (w;). Ignoring the bias from mov-
ing in w-space, with slight abuse of notation, it is

Ey[VLs(w)] = VLp(w),

v(w) = Eg[VLs(w)*?] = VLp(w)*? + varg[VLs(w)] (66)
diag[ /4] — varg[VL(f(w))](1 - |B7).

The last line of Eq. 66 shows that for |B| = 1, v; can also be viewed
as an estimator for the diagonal of the empirical Fisher information
matrix F;; and for |B| > 1, v; is something like a noise-reduced
diag[F}], or a diag[F}] where the empirical distribution Q is defined
for mini-batches, not individual (x, y) data-pairs. The goodness of the
estimators vy and m; depends on the number of samples they are aver-
aged over. For exponential running averages this means, how much
samples significantly contribute to them, which directly depends on
the smoothing factors oy and . If they are close to one, the estima-
tors are less noisy, but therefore biased from evaluating samples at
different locations in weight-space. Smoothing factors thus need to
be tuned when used in an actual algorithm in order to find a good
trade-off. Default choices for smoothing factor usually range between
0.9 — 0.999. Some of the most famous diagonal preconditioners are
composed of the estimators of Eq. 65 as well as 7;:

ADAGRAD pr = —VLg(wy) @ (17?1/2 + €> (67a)
RMSPROP pr = —VLig(w;) © ( o2 +€) (67Db)
ADAM pr=—m; Q@ ( P2 4 €) (67¢)
ADADELTA pr=—VLg(w) © ((he +€) @ (v + €)%, (67d)

where € = ll € RV, ¢y ~ 1078 are small positive perturbations for
numerical stability. The list includes aApaGrap [34], RmspProP [135],
ADADELTA [143], and the apam-optimizer [74].32  The only scale-
invariant update among the four is aApapeLTa, which can be ob-
served empirically as well (¢; = 1 usually works best). RmsproP and
ADAM scale the search direction inversely proportional to the square
root of v, thus damping the enumerator if | B| _1varQ [VU(fw(x),y)]or
VL%z is large. aApam additionally uses the biased but therefore noise
reduced estimator m; for the gradient VLp (wy).

Although none of the above methods model correlations between
elements of V/, they are highly successful and widely used in empir-
ical risk minimization tasks and neural network training. They do,
however, expose free parameters (8, v, {, as well as the global learning
rate a;) that can be more or less fiddly to tune.
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32 Additionally, Apam performs a mild
bias correction for m; and v, not for the
reason that samples originate from dif-
ferent locations w, but that v; is initial-
ized with v9 = (1 — 7)VLg(wp), and
similarly for mg.

[34] Duchi, Hazan, and Singer, “Adap-
tive subgradient methods for online
learning and stochastic optimization,”
2011

[135] Tieleman and Hinton, RMSprop
Gradient Optimization, 2015

[143] Zeiler, “ADADELTA: An Adaptive
Learning Rate Method,” 2012

[74] Kingma and Ba, “Adam: A Method
for Stochastic Optimization,” 2014
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2.4.3  Second-Order Methods

Robust second-order methods that also estimate the off-diagonal of
the Hessian are rather rare in stochastic optimization (for a recent
overview see e.g., [15]). Some notable papers include [20], [95], and
[146] which all, in one way or another, reduce the variance on gradients
by either evaluating on more than one mini-batch per iteration or
averaging. A hybrid of deterministic and stochastic second-order
optimization is Hessian-free optimization (HE) or truncated Newton [100,
§ 7] which was tailored further for the purpose of training deep mLps
by [91]. In its original deterministic form, HF runs a few steps of
the linear conjugate gradient algorithm (cG) on the problem Bp; :=
(ALp(wt) + Al)pr = VLp(wt), where A > 0 is a scalar ensuring that
the matrix B is positive definite, or additionally that the approximate
Newton steps are shortened and stay inside of a trusted region of
the local quadratic approximation. The hybrid proposed by [91] also
computes VLp(w;) on the full training dataset but, in contrast to the
original HF, it runs cc on a single local mini-batch only.>3

Nevertheless, especially in neural network applications involving
large datasets, where even computing VLp(wy) is prohibitively ex-
pensive, fully fletched second-order methods do not yet exist, or are
massively outperformed by scp, momentum methods, or the diagonal
preconditioners mentioned above.

2.5 Line Searches

Line searches control the step size a; of the optimization routine. Their
main goal is to stabilize the optimizer (avoid divergence by reducing
«t, but also push progress by increasing «;), though sometimes they
have auxiliary functionality in the construction of the search direction
(in case of the quasi-Newton optimizers BrGs and prp they only accept
points which ensure positive definiteness of the Hessian estimate B;).
From a practical perspective they also automate one of the most sensi-
tive hyper-parameters of Algorithm 1, which is extremely tedious if it
needed to be set by hand. Hence line searches might seem like small/
non-essential subroutines at first glance but often they are at the heart
of the optimizer and the most intricate problems to solve efficiently
as well as to implement them robustly. The text below is partly based
on sections taken from [89] and [90], listed at the end of Chapter 0.
We will assume again for now that the loss Lp(w;) and its gradients
VLp(wt) can be computed exactly (no mini-batching).

There is a host of existing line search variants [100, § 3]. In essence,
though, these methods explore a univariate domain ‘to the right” of
a starting point, until an ‘acceptable’ point is reached. More pre-

[91] Martens, “Deep learning via
Hessian-free optimization,” 2010

[15] Bottou, Curtis, and Nocedal, “Op-
timization Methods for Large-Scale Ma-
chine Learning,” 2016

[20] Byrd et al,, “A Stochastic Quasi-
Newton Method for Large-Scale Opti-
mization,” 2014

[95] Moritz, Nishihara, and Jordan, “A
Linearly-Convergent Stochastic L-BFGS
Algorithm,” 2015

[146] Zhao, Haskell, and Tan, “Stochastic
L-BFGS: Improved Convergence Rates
and Practical Acceleration Strategies,”
2017

33 This means that the Hessian-vector
products needed for cc are computed
on a mini-batch Hessian only, and in
essence a linear problem of the form
(ALg(wt) + Al)py = VLp (with D for
gradient and B for Hessian) is solved in-
stead. For neural networks, it is possible
to compute a Hessian product with an
arbitrary vector without explicitly com-
puting and storing the Hessian matrix
itself (see e. g., [102] [120]).

[100] Nocedal and Wright, Numerical Op-
timization, 1999

[120] Schraudolph, “Fast curvature
matrix-vector products for second-order
gradient descent,” 2002

[102] Pearlmutter, “Fast exact multiplica-
tion by the Hessian,” 1994

[89] Mahsereci and Hennig, “Probabilis-
tic Line Searches for Stochastic Optimiza-
tion,” 2015

[90] Mahsereci and Hennig, “Probabilis-
tic Line Searches for Stochastic Optimiza-
tion,” 2017



cisely, consider the problem of minimizing Lp(w) as in Egs. 28, 35,
with access to VLp(w). At iteration t, some “outer loop’ chooses,
at location wy, a search direction p; € RN as in Algorithm 1. The
line search operates along the univariate domain w(x) = wy + ap;
for « € Ry. Along this direction it collects scalar function values
and projected gradients that will be denoted f(x) = Lp(w(a)) and
f'(a) = p]VLp(w(a)) € R. Most line searches involve an initial
extrapolation phase to find a point «, with f'(x,) > 0 (point @ in
Figure 21).

This is followed by a search in [0, a;] or [a,_1, ], by interval nest-
ing or by interpolation of the collected function and gradient values,
e.g. with cubic splines (Figure 21 and Algorithm 2, the pseudocode
denotes the evaluations of f(«) and f’(«) as y and y’ respectively).3*

2.5.1 Wolfe Conditions for Termination

As the line search is only an auxiliary step within a larger iteration, it
need not find an exact root of f’; it suffices to find a point ‘sufficiently”
close to a minimum. The Wolfe conditions [141] are a widely accepted
formalization of this notion; they consider « acceptable if it fulfills

(W-I) and (68a)
(W-ID), (68b)

f(@) < £(0) + ac1£'(0)
f'(@) = e2f'(0)

using two constants 0 < ¢; < ¢ < 1 chosen by the designer of the line
search, not the user.3> W-I is the Armijo or sufficient decrease condition
[3]. It encodes that acceptable functions values should lie below a
linear extrapolation line of slope c1 f/(0). W-11is the curvature condition,
demanding a decrease in slope. The choice c; = 0 accepts any value
below f(0), while c; = 1 rejects all points for convex functions. For the
curvature condition, ¢; = 0 only accepts points with f'(a) > 0; while
c2 = 1 accepts any point of greater slope than f’(0). W-I and W-II
are known as the weak form of the Wolfe conditions. The strong form
replaces W-II with |f'(«)| < c|f'(0)| (W-ITa). This guards against
accepting points of low function value but large positive gradient.
Figure 21 and Algorithm 2 shows a conceptual sketch illustrating
the typical process of a line search, and the weak and strong Wolfe

conditions.

Ensuring Positive Definiteness of Hessian Estimates

As shown in Section 2.3.4, quasi-Newton optimizers (such as BFGs or
prP) do not explicitly encode positive definiteness of the Hessian esti-
mate B;. Still, this property is desirable since then, the quasi-Newton
direction p; = —B; 'V Lp(w;) always yields a descent direction. It can
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Figure 21: Sketch of line searches. The
task is to tune « along a univariate search
direction. The search starts at the end-
point @ of the previous line search, at
« = 0. Top: Function values (0/®/@/®)
numbered in the order of their evalu-
ation. Armijo acceptable region W-I
( ) Bottom: Corresponding gradi-
ents (O/®/@/e®). Acceptable region for W-
II/W-IIa ( / , weak, strong re-
spectively) A sequence of extrapolation
steps @,® finds a point of positive gra-
dient at @. It is followed by interpola-
tion steps until an acceptable point @ is
found (o, ).

34 This is the strategy in minimize.m
by C. Rasmussen. It also provided a
model for the probabilistic line search
of Chapter 7, and it is thus explained
here in more detail. At the time
of writing, minimize.m can be found
at http://learning.eng.cam.ac.uk/carl/
code/minimize/minimize.m

[141] Wolfe, “Convergence conditions
for ascent methods,” 1969

35 The constraints on ¢1 and ¢ ensure
that there exists a Wolfe point forx € R .
for functions f(«) which are bounded
below (e. g., [100, Lemma 3.1]).

[3] Armijo, “Minimization of functions
having Lipschitz continuous first partial
derivatives,” 1966

[100] Nocedal and Wright, Numerical Op-
timization, 1999


http://learning.eng.cam.ac.uk/carl/code/minimize/minimize.m
http://learning.eng.cam.ac.uk/carl/code/minimize/minimize.m
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be shown that the estimates B}*® and BP™ as in Egs. 62 and 63 stay
positive definite if they are constructed with gradients that fulfill the

Wolfe conditions at each iteration. To see this write (with s(«) = ap;):

$(2)TAy; = ap] VLp(w(w)) — apf VLp(w(0))
= af'(&) — af'(0) > 0 (69)
= f'(@) > £(0)

which is fulfilled by imposing Eq. 68b (note that f'(0) is negative).

Theorems 7.7 and 7.8 in Dennis and Moré [30] show that Bj*** and
BP'* are positive definite iff s]Ay; > 0, thus when W-II is fulfilled.

. function LINESEARCHSKETCH(f, Vo, Yj, o)
T,Y,Y' <—1nitStorAGE(0, Yo, ¥() /| for scalar observation
& <— g /| position of initial candidate

v, y'] + f(a) / evaluate objective
T,Y,Y' < UPDATESTORAGE(, i, ')
pWOlfe +cHeckWoLreConbITIONS(Y0, Y0, ¥, ')

1
2
3
4:
5: while budget not used and no Wolfe-point found do
6
7
8
9 if pVolfe true then

10: return Wolfe-point

11: else

12: « <—comMPUTENEXTCANDIDATE(R, i, ¥/, T, Y, Y')
13: end if

14: end while

15:

16: // no Wolfe point found in budget
17: return observed location in T with lowest value y
18: end function

19: function compuTENEXTCANDIDATE(, 1, Y, T, Y, Y’)
20: if ' < 0 and extrapolation done then / still negative slope

21: o 4—2u // double step size
22: else

23: a +—cusicMinmum(y, v/, T, Y, Y') /| of previous cell
24: end if

25: return «

26: end function

Limitation

The classic concept of a line search is based on (at least) two hard
assumptions: First, that the Wolfe conditions can be checked exactly
(needs descent direction p;), and second that the search space of «

[30] Dennis and Moré, “Quasi-Newton
methods, motivation and theory,” 1977

Algorithm 2: Sketch of line searches.
The main algorithm consists of a loop
which alternates between evaluating the
objective Lp, then checking the point
for acceptance (by Wolfe conditions),
and finding a new candidate for eval-
uation by collapsing the search space
« € Ry efficiently. The latter is done
by the subroutine comPUTENEXTC ANDI-
paTE which extrapolates with exponen-
tially increasing steps until a gradient of
positive slope is found, then interpolates
between points of the last promising cell
(with a cubic polynomial). Note that all
relevant quantities (y, ¥, &, etc.) are
scalar; this means that besides evaluat-
ing f, line searches virtually add no over-
head to the optimization routine. An-
other important characteristic of a line
search is the ability to ‘immediately-
accept’ after the very first function eval-
uation (lines 8,10), such that well scaled
initial trials ay add no overhead.



can be collapsed efficiently. This can be ensured if and only if Lp
and VLp can be evaluated exactly, but not anymore if the evaluated
gradients and losses are noisy. In other words, if one is uncertain
about the true values of f(a) and f’(«) it is unclear what it means
to evaluate W-I, W-II, and unclear how to find suitable locations to
evaluate the objective. For this reason line search subroutines can not
be used in stochastic optimization settings increasingly prominent in
machine learning application. Consequently the step size a; is a free
parameters again that requires tuning and attention. This is done
manually or (semi-)automated in an ‘outer-outer loop’, either by a
parameter search algorithm, grid search, or an expert user, burning
through a lot of CPU and GPU time on the way. But even leaving the
cost aside, these approaches do not adapt steps sizes locally like line
searches do, and are thus arguably always less optimal.

In an effort to gain the same automation and user-friendliness as
met by classic line searches, Chapter 7 extends this concept to a prob-
abilistic line search which can take in noisy evaluations of f and f’
and return an analytic probability measure on the Wolfe conditions.
Instead of collapsing the search space of «, it will propose locations
in R4 which are likely to fulfill the Wolfe conditions and bring about
descent. Importantly, the algorithm will be of the same cost as a clas-
sic line searches (small, constant, and independent of N), and create
little to no overhead to the outer optimization routine whose cost is
dominated by the evaluation of the mini-batch gradient VLg(w¢).
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Quadratic Problems & Probabilistic Linear Solvers

His chapter provides basic notation and algebra for Gaussian in-
ference on matrices for linear systems. This includes Kronecker
products and Kronecker algebra (Section 3.2). It is introduced here
since we will use similar models, notions, and notation in Chapter 9,
where we solve a sequence of correlated linear systems instead of only
one. Linear systems Ax = b (solve for vector x) with symmetric posi-
tive definite (spd) matrices A can be phrased as quadratic optimization
problems of the form min, xTAx — xTh. Thus Section 3.1 also bridges
the gap to classic quasi-Newton methods for optimization that were
discussed in Section 2.3.4. In linear systems, the quantity of interest
A~ b is a purely mathematical object, but since it is unknown, finding
it by evaluating related mathematical objects, usually Ax; for some
vectors x;, can be phrased as inference task. The general notion of
probabilistic inference on computational objects will be shortly dis-
cussed next.

Inference on Computational Objects

Numerical methods estimate hard to compute or intractable mathe-
matical objects, such as Hessians in optimization, or an integral of a
function. This is done by computing well-posed! mathematical quan-
tities which are related to them, e.g., gradients, or the integrand at
various input locations. This can be seen as inferring an unknown
(hidden) quantity from related known (observed) ones. In contrast
to classic inference tasks, observation or data is of computational na-
ture, in contrast to physical, mined by a CPU, by investing resources
that might be measured in CPU-time or energy consumption. The
general discussion is related to the field of probabilistic numerics [58],
which phrases non-trivial numerical tasks, i.e., where the error of
an estimator to the true solution can not be known easily, as proba-
bilistic inference problems. In probabilistic numerics, the probability
distributions which are used to describe the gradual commitment to
the solution of a numerical problem, also provide a way to capture
the lack of knowledge about the latter; and thus, if scaled well, also
provide an error estimate.

Often, general mathematical properties of the object of interest are
accessible by definition or by proof and can be incorporated into prior
distributions, such es symmetry of the Hessian matrix, or smoothness
of an integrand. A concrete algorithm then needs to trade off the

1 ‘Well-posed’ is supposed to mean that
the task is clearly defined as solvable by
a computer in finite time, and apart from
numerical errors, the precision of the es-
timator to the true solution is known ex-
actly, and can be imposed a priori. These
well-posed problems might be a charac-
ter string encoding an analytic gradient
or an integrand value, both given the in-
put.

[58] Hennig, Osborne, and Girolami,
“Probabilistic numerics and uncertainty
in computations,” 2015
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following points: i) encoding both, the mathematically true or known
properties of the hidden quantities, and also the mathematical relation
to the observables, and ii) keeping the computation tractable and
cheap. This means that the designer of a numerical method needs to
weigh i) and ii), such that the resulting algorithm performs best for
finite computational budgets.

The next section will introduce works about solving linear systems
with symmetric positive definite (spd) matrices from a probabilistic
perspective. The quantity of interest here is (the inverse of) this spd
matrix, and the data are path segments and gradient differences of the
corresponding quadratic objective.

3.1 Gaussian Inference on Positive Definite Matrices

We restate the results of Hennig [56] about the solution of linear sys-
tems of the form ALw = b (solve for w € RN for given b € RN and
AL € RN*N spd). In the context of second-order optimization, this im-
plies a constant Hessian, i.e. ALp(w;) = AL = const and a quadratic
objective L(w) = wTALw — wTb with gradient VL(w) = ALw — b.
Let B; be the current Dennis-estimator for the Hessian, then the Den-
nis family of quasi-Newton methods is defined by the update rule
(repeated from Eq. 62):
(Ayt — Bs)e] + ci(Ayr — Bysy)T B cs] (Ayr — Bese)c]

Biy1 =B + /
c]st (c]st)?

where s; 1= w1 — wi, Ay := Y1 — ¥¢ = VL(wyi1) — VL(wy) and
¢t = Wis as in Section 2.3.4.2 The identical estimator for AL for
one step t — t + 1 can be derived by phrasing the minimization prob-
lem of Eq. 61 as a multi-dimensional Gaussian inference problem
on the matrix AL with prior p(AL) = N (B;, W;@W;) and likelihood
p(Ay:|AL) = limg o N'(ALst, BA) = 5(Ay: — ALs;). The posterior is
p(AL|Ayt) = N (Biy1, Wi 1®@Wiy 1) with mean and covariance

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015

(70)

2 Short reminder: W € RN*N spd was
used to define the minimization prob-
lem By = argming|/B— BfH%\/,F s.t.
Bs; = Ayt AB = BT. This also means,
that a constant AL, and not just its esti-
mator, always fulfills the secant equation
ALsy = Ay, too.

(Ayr — Bst) (Wist)T + ¢t (Aye — Brs))T  (Wise)s] (Ayr — Bysy) (Wise)T

Bt+1 — Bt + —

s] Wisy (sTWsi )2

(WtSt)(WtSt)T_

Wiy = Wi —
+ SIWtSt

Thus, the different sub-algorithms of the Dennis family differ in their
choice of ¢; (or W;) according to:

1)
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sr1 ¢t = {(Ays — Byst) W; = (AL — By) (72a)
PSB cr = (st Wy =121 (72b)
GREENSTADT ¢t = {Byst Wi = (B, (72¢)
DFP ct = (Ay; Wi = CAL (72d)

s] Ayt sT Ayt
=7A 7" B Wi=C|AL 7" B 72
BEGS = ( v+ TErs 1St 1= + TBis: t (72e)

for some arbitrary positive scalar {. The relation c¢; <> W; is not
uniquely defined for a single s, but for all possibly occurring s; € RN.
The equivalence holds in general for one-step Gaussian regression on
symmetric matrices (Theorem 2.3, Corollary 2.4 and Corollary 3.1 in
[56]), and in particular for BrGs and prp also for multi-step Gaussian
regression, when exact line searches are available (Lemma 3.2 and
Lemma 3.3 in [56]).
Similarly Broyden’s methods can be phrased as the non-symmetric
update:
By — B + (W —Brst)s] 73)
S; St
which is equivalent to the posterior mean after one-step of multi-
dimensional Gaussian regression ona AL with prior p(AL) = N (B, Wi ®
W) that does not encode the symmetry of AL (Kronecker instead of
symmetric Kronecker covariance, see § 3.2), and likelihood as above.
Eq. 73 results for the parameter choice W; = I (Lemma 2.1 and there-
after in [56]). [56] Hennig, “Probabilistic Interpreta-
The general update for multiple observations AY = [Ayy, ... Ayr] € tion of Linear Solvers,” 2015
RN*T and S = [sq,...,s7] € RNXT, with likelihood p(AY|AL) =
J(AY — ALS) is given by:

Br = By + (AY — BoS)[STWoS] 1 (WoS)T + (WoS)[STWyS] 1 (AY — ByS)T
— (WoS)[STWoS] " (ST(AY — BoS))[STWoS] " (WoS)T (74)
Wr = Wy — (WoS)[STWoS] ! (WoS)T
for the symmetric update (Theorem 2.3 in [56]). Eq. 71 is recovered

for diagonal STWyS (Wp-conjugate search directions S), and Wy = Wy
for all ¢.

3.2  Kronecker Algebra

This section recaps the most important algebraic properties of the
Kronecker product for better reference, since we will heavily use it, es-
pecially throughout Chapter 9 (see e. g., [85] for an overview). Details [85] Loan, “The ubiquitous Kronecker

and most proofs can be found in Appendix A. The Kronecker product, product,” 2000
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denoted by ‘®’, between two matrices A € RNM*N2 and B € RK1*K2 g
defined as:
(A®B)(1]),(kl) :AlkB]l/ llel, k:1N2,

(75)
j=1...Ky, 1=1...Ky.

The resulting matrix is of size N1K; x NxK, and its elements are de-
noted by two double-indices (if), (kI). A consequence of Eq. 75 is that,
a Kronecker product applied to a vectorized matrix X € RMX2, is the
vectorized version of two lower-dimensional, cheaper matrix-matrix
multiplications:

(A®B)X = AXBT. (76)

The Kronecker product is a generalization of the outer products of two
vectors, and it also exhibits similar algebraic structures: For matrices
A and B of appropriate size and properties, it is

TRANSPOSE (A® B)T = AT® BT (77a)
INVERSE (AeB) '=A1®B! (77b)
FACTORIZING (A®B)(C®D)=AC®BD (77¢)
DISTRIBUTIVE LEFT (A®B)+(A®C)=A® (B+C) (77d)
DISTRIBUTIVE RIGHT (A®B)+(C®B)=(A+C)®8B (77€)
ASSOCIATIVE (A®B)®@C=A®(B®C) (77£)
TRACE tr[(A® B)] = tr [A]tr [B]. (77g)

Egs. 77 especially hold if one or both, A and B, are scalars or vec-
tors (where applicable). All formulas of Eq. 77 exploit the factorizing
structure of Eq. 75, such that often one side of the equalities is much
cheaper to compute in practice than the other. For example the left
hand side of Eq. 77b, i.e., the inverse of A ® B (for square and in-
vertible A and B) naively is of cost O(N®K?), but the right hand side
only of cost O(N? + K3). Importantly, the Kronecker product of two
full rank matrices A and B is also of full rank, or more precisely
rk[A ® B] = rk[A] rk[B]. Thus the assumption of Kronecker structure
on a large matrix does not restrict the space it is operating on when
applied to a vector (A ® B is still bijective if A and B are). It merely
restricts the type of full-rank matrices to ones whose elements factor
as in Eq. 75.4 For a better understanding, we take a look at the clos-
est Kronecker approximation to an arbitrary matrix C € RN KxN2Ko
under the Frobenius norm:

A*,B* = argmin||C — A ® B| 3. (78)
A,B

3 The operation ~ stacks the rows of a
matrix X € RM2*X2 into a column vector
X € RN2Kax1,

4 This property will become important
later again, where Kronecker structure
is imposed on the covariance matrix of
a multi-dimensional Gaussian distribu-
tion. Restricting the rank would restrict
the hypothesis class; restricting its struc-
ture only shifts mass in the space.
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There exists a fixed, known permutation R such that the Kronecker
product can be written as an outer product of the vectorized matrices A
and B: R(A® B) = ABT (details in Appendix A) and thus Eq. 78 can
be re-phrased as a rank-one approximation problem in a N1 Ny x K1 K;
dimensional space

F,l?::argminHR(C) —ZETHZ. (79)
AB F

So, the Kronecker product is a rank-one matrix in a permuted space,
and—under the Frobenius norm—is the closest rank-one approxima-
tion to an arbitrary matrix in this space. With this, also the weighted
Frobenius norm can be re-written as an outer product

1Aly,r = AT(W @ W)4, (80)

for W symmetric positive definite.

3.2.1  Symmetric Kronecker Product

The symmetric Kronecker product (overview in Appendix A.2), de-
noted by ‘@’ is the symmetrized version of the Kronecker product,
defined by (A®B) := I'(A ® B)I'T where I’ is the symmetrization op-
erator T'C = 1(C + CT) for some square matrix C. Thus with A and B
square and of same size:

1
(A®B) i) (k1) = E(Aikle + AiyBjk + AjxBip + AjBix) -
81
(A@B)X = %(AXBT + AXTBT + BXTAT 4+ BXAT).

If A = B then Eq. 81 simplifies to

(A®A) (i), (k1) = 5 (AiAji + AjAir)

(82)

(A®A)X = - (AXAT + AXTAT).

NI —= N[~

Similar to the Kronecker product, the symmetric version has some
nice algebraic properties, although not all of them are carried over:

TRANSPOSE (A®B)T = AT®BT

FACTORIZING (AQA)(C®C) = ACRQAC but (A®B)(C®D) # (AC®BD)

1
(A®B)(C®D) = 5 [AC®BD + AD®BC]
INVERSE (A®A) 1= (AleAa™h) but (A®B) ! +# (A 'eB™Y)
COMMUTATIVE A®B = BRA but AB#B®A

TRACE tr[A©B] = (tr [A] r [B] + tr [ AB])

(83a)
(83b)

(83c)

(83d)
(83e)

(83f)
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Also, A®B does not have the distributive property anymore. If A and
B are both of full rank N, then A®B is only of rank JN(N + 1), as can
be also seen from the definition via I'.



Miscellaneous

His chapter introduces frameworks and notation of topics that do
T not fit well into the previous chapters but are still important for
the subsequent chapters. Section 4.1 introduces Bayesian optimiza-
tion, a fully probabilistic concept for global optimization. Section 4.2
recaps the central limit theorem, which provides an argument that the
distribution of sums of i.i. d. random variables can be approximated
by a Gaussian.

4.1 Bayesian Optimization

The task of Bayesian optimization [79] [93] is to find the global mini-
mizer x* of a function f(x), that is:

x* = argmin f(x) (84)

with x*,x € O € RP and f : Q—R. The only access to f is a re-
stricted number of possibly noisy function evaluations y, as well as
sometimes the corresponding gradients. Often, there is not even an
analytic description of f and its evaluation is time-consuming and/or
expensive. Besides modeling f adequately, the main challenge is to
choose the locations of these evaluations such that good estimators for
the minimizer x* and its function value f(x*) are obtained. Bayesian
optimization has three main ingredients: i) A surrogate for the un-
known objective f, ii) an acquisition function that depends on the
surrogate and ys, which encodes a strategy for finding good evalu-
ation points. Maximizing the acquisition function defines an ‘inner’
non-convex optimization problem after each evaluation of f that can
be solved with standard greedy optimization procedures, and iii) pos-
sibly a stopping criterion. A pseudocode is shown in Algorithm 3.

Gaussian Process Surrogate

The function f is usually modeled with a Gaussian process (Gp) with
kernel k(x,x’) and mean function u(x), such that f ~ GP(u,k).!
The kernel encodes general assumptions about f such as smoothness,
length-scales of variability or even periodicity. It is usually dependent
on its own kernel-parameters, called hyper-parameters, that need to
be set, learned, or marginalized out.

[79] Kushner, “A New Method of Lo-
cating the Maximum Point of an Arbi-
trary Multipeak Curve in the Presence
of Noise,” 1964

[93] Mockus, “On Bayesian Methods for
Seeking the Extremum,” 1975

[121] Shah, Wilson, and Ghahramani,
“Student-t Processes as Alternatives to
Gaussian Processes,” 2014

1 A Gaussian process is arguably the
most widely used surrogate in Bo, but
there are also other ones e. g., Student-t
processes [121].
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Acquisition Function

The acquisition function u(x) characterizes the active part of the op-
timizer. It is based on a utility that encodes a desired strategy for
finding x*. Examples are the probability of improvement (por) [79], the
upper/lower-confidence bound (ucs) [4] [130], the expected improvement
(e1) [71] or entropy search (gs) [59] [61]:

upor(x) = p(f(x) <17) = cdfpyo1) (7(x)) (85a)
MUCB(x) = _,uf|y(x) +ﬁ%sf|y(x)/ IB € R4 (85b)
s (x) = gy [min{0,y — £(x)}] (850)

= s71y(x) [7(x)cdbno1) (7(x)) + Pdbxr(g) (1(x)]

s (x) = B [H[p(x"| f(x), %)]], (85d)

- k}/‘zy(x,x), Y(x) = =#sy(0))/s5,(x), and 77 is a cur-

where sg, (x)
rent best guess for f(x*). All of them are heuristics which trade off
the exploration of the domain of possible minimizers, and further ex-
ploitation of promising regions of low values of f. Figure 22 shows
two toy examples of the same Gps as in Section 1.3, Figure 9, but this
time conditioned on two noise-free observations y (——). The top row
shows the corresponding posterior Gram-matrices. Left: squared ex-
ponential kernel, right: periodic plus Wiener kernel; the second and
fourth row show the posterior gps. Rows three and five show three
different acquisition functions: e1, ucs, and po1 (——/---/-----). The
vertical bars (—/---/-----) indicate the location of the maximum
of each acquisition function, which is the point that is chosen for the
next evaluation. Note that both cps are conditioned on identical ob-
servations. It is apparent that the strategy of the optimizer depends
crucially on the choice of the Gp (the surrogate for f) as well as on the
search heuristic (acquisition function).

Variants

The literature on Bo is vast; an overview can be found e. g., in Shahriari
et al. [122]. Bayesian optimization as described in Algorithm 3 is se-
rial in the function evaluations, meaning that the acquisition function
is optimal for one subsequent observation. There are also acquisi-
tion functions which are less myopic and encode optimality for multi-
step look-ahead [47]. Related to this, there are variants of Bo, called
‘parallel-Bo’ or ‘batch-Bo’, where the acquisition functions is modified
to return more than one point of interest, such that speedups from
parallel evaluations of f at multiple locations are accessible [46]. Ad-
ditionally, recent research also tries to include gradient information of
f into the cp, as well as into the acquisition function [142]. Although
this increases the cost, both of updating the Gp and optimizing the

acquisition

acquisition

Figure 22: Bayesian optimization acqui-
sition functions. Row 1: Gram matri-
ces of the posterior Gps of rows 2 and 4
(squared exponential and periodic plus
Wiener respectively). Rows 3 and 5: The
acquisition functions &1, ucs, and por.

[4] Auer, “Using confidence bounds
for exploitation-exploration trade-offs,”
2003

[130] Srinivas et al., “Gaussian Process
Optimization in the Bandit Setting: No
Regret and Experimental Design,” 2010

[71] Jones, Schonlau, and Welch, “Effi-
cient global optimization of expensive
black-box functions,” 1998

[59] Hennig and Schuler, “Entropy
Search for Information-Efficient Global
Optimization,” 2012

[61] Hernandez-Lobato, Hoffman, and
Ghahramani, = “Predictive  Entropy
Search for Efficient Global Optimization
of Black-box Functions,” 2014

[122] Shahriari et al., “Taking the Human
Out of the Loop: A Review of Bayesian
Optimization,” 2016

[47] Gonzalez, Osborne, and Lawrence,
“GLASSES: Relieving The Myopia Of
Bayesian Optimisation,” 2015

[46] Gonzélez et al., “Batch Bayesian Op-
timization via Local Penalization,” 2015

[142] Wu et al.,, “Bayesian Optimization
with Gradients,” 2017



acquisition function, the sample efficiency can possibly be increased.
Finally, there are variants of Bo which use a different class of surro-
gates for f, such as Student-t processes [121] or even neural networks
[128].

1: function BayesOprtSkeTCH(f, GP)

2 while budget not used do

3 u(x) <—perINEAcQuisiTiIoNFuncTion(GP)

4 x¢ <—opTiMIzEAcQuisiTIONFuNcTioN(u (X))

5: ye < f(xr) // evaluate function
6 GP < urpATEGP(GP, xt, Yt)

7 end while

8 return x; with minimal value y;

9:

end function

4.2  Central Limit Theorem

The central limit theorem (crt) probably goes back to Abraham De
Moivre in 1738, the ‘Doctrine of Chances’ [27, p. 243] who considered
the special case of coin tosses, 39 years before Carl Friedrich Gauss
was born. The name was popularized by Pélya in 1920 [104] who
called it ‘central’ because it plays such a ‘central role” in probability
calculus, and names Laplace as the proper inventor. The definition
below closely follows Feller [39] § 8.4.

LetS ={xy,..., x| } be a set of i. i. d. random variables with finite
mean y and invertible covariance X. As the set size \S| — 00, the
distribution of the sum X 5| := |S]| B Zl‘ill x;, which itself is a random
variable, tends to a normal distribution NV (y, X).

This means that under mild assumptions, normalized sums of i.i. d.
random variables will eventually follow a Gaussian distribution. Nev-
ertheless the cLr is a limit-statement, meaning that for finite sums
of random variables |S| < oo it is generally not clear if a Gaussian
approximation to the probability distribution of X|g, is sensible. In
practice though finite-|S| approximations are already quite accurate
for a variety of base-distributions (the distributions that the x; follow).2

Figure 23 illustrates Gaussian approximations to the distributions
of X 5| for finite sums. Different rows show different (quite small) set
sizes |S| = 2, 10, and 100 which are roughly on the lower end of mini-
batch sizes used in stochastic optimization routines. The columns
from left to right show different base-distribution (F5): uniform,
Gamma, and a mixture of three Gaussians. They showcase different
properties of distributions of random variables that occur in optimiza-
tion, e. g., strictly positive (individual losses), multi-modal (individual
gradients and losses), and clipped (individual gradients). The his-
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[121] Shah, Wilson, and Ghahramani,
“Student-t Processes as Alternatives to
Gaussian Processes,” 2014

Algorithm 3: Sketch of the Bayesian opti-
mization algorithm. The basic structure
is a loop which alternates between find-
ing a location for evaluation by optimiz-
ing the acquisition function, evaluating
the point, and updating the surrogate on

f.

[128] Snoek et al., “Scalable Bayesian
Optimization Using Deep Neural Net-
works,” 2015

[27] DeMoivre, The Doctrine of Chances,
1738

[104] Polya, “Uber den zentralen Gren-
zwertsatz der Wahrscheinlichkeitsrech-
nung und das Momentenproblem,” 1922

[39] Feller, An Introduction to Probability
Theory and Its Applications, 1971

[12] Berry, “The accuracy of the Gaus-
sian approximation to the sum of inde-
pendent variates,” 1941

[37] Esseen, “On the Liapounoff limit of
error in the theory of probability,” 1942

2 Quantitative convergence results exist
(with known upper bounds on the con-
stant) for slightly more restrictive as-
sumptions on the distribution of the x;,
e.g., the Berry-Esseen Theorem [12] [37]
assumes that E[|x|3] < oo and shows
convergence in Kolmogorov-Smirnov-
distance.
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togram (=) in each plot is composed of 10* draws of }_(‘ s| for each
combination of base-distribution and mini-batch size |S| (a total of
10* - |S| draws of x; from the base-distribution). The Gaussian curve
(—) is defined by the sample mean and variance of the 10* samples
X|s|; if it is indistinguishable from the histogram, then the Gaussian
fit is very good. Already a set size of |S| = 10 (second row) pro-
duces very good Gaussian approximations, and even the one for the
smallest set size possible (|S| = 2) is passable at least for the uniform
and Gamma base-distributions. Additionally the |S |’%-dependence
of the standard deviation of the fitted Gaussians to the mini-batch size
can be observed since the Gaussian fits each get more narrow/ more
certain (from top row to bottom row) with increasing |S|.

Uniform Gamma Gauss Mix

IS|=2

10

|S]

|S| =100

We will use the central-limit-argument later in this thesis, especially
in Chapter 5, to justify Gaussian approximations to mini-batch gradi-
ents as well as, to a lesser degree, to mini-batch losses. Heuristics in
a similar style to Figure 23 on a real world problem will back-up the

claim.

Figure 23: Illustration of Gauss approxi-
mation for finite set sizes. All plots: Base
distribution (7). Histogram of sam-
ples X5 (C-) each for 10* samples.
Gaussian fit using the sample mean and
sample variance of the mini-batch sam-
ples X|s| (—). Columns from left to
right: Uniform, Gamma, Gaussian mix-
ture as base distribution. Rows from top
to bottom: increasing set size |S| =2, 10
and 100 respectively. Scale of ordinate
of the Gauss-fit and the normalized his-
togram are identical but arbitrary for the
base-distribution.
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Local Distributions of Losses and Gradients

N stochastic empirical risk minimization as introduced in Chapter 2,
I the mini-batch size |B| trades off computational speed with the
precision of gradient and loss estimators. We will see that this re-
lation locally can be described approximately with the variances of
these quantities which drop linearly with |B|. This chapter lays the
foundations for the empirical, local variance estimator of stochastic
gradients and losses, which will be used by all following chapters.
The text is partly based on the publication [90].

5.1 Likelihood for Losses and Gradients

The estimators VLp(w) and VL (w) of Eq. 29 and 30 are both sums
of independent random variables drawn from a common distribution.
More precisely the datapoints d in D or B are drawn i.i. d. from the
data-distribution Q and are then transformed by the deterministic
network and loss function £( f;(x),y) with d = (x,y).! Thus the cen-
tral limit theorem (crt, Chapter 4 § 4.2) applies and the estimators
VLp(w), and VLg(w) locally (i.e., for given parameters w) are Gaus-
sian distributed around the gradient of the risk VL (w) in the limit
|B|, |D| — oo. Strictly speaking, the cLr does not make a statement
about the distribution for finite |B|, |D|, but often Gaussian approx-
imations are already sulfficiently accurate even for low values of |3
(some tens or hundreds). The same holds for the estimators Lp (w) and
Li(w), although the Gaussian approximation might be a bit poorer
for w close to a minimizer of the empirical risk, since Lp(w), Lg(w),
as well as £(w) are bounded below. For a general dataset S of size |S]|
with elements drawn independently from the data-distribution Q, we
thus approximately get:

Ls(w) ~ N( w), A(w)) (86a)
(w)

M &

L(
VLis(w) ~ N (Vﬁ(w), 5|) (86b)

with population (co-)variances A(w) and X(w) of function value and
gradients respectively:

A(w) = varg gll(w,d)] € Ry (87a)
Y(w) = covgog [VUw,d)] € RV (87b)

[90] Mahsereci and Hennig, “Probabilis-
tic Line Searches for Stochastic Optimiza-
tion,” 2017

T For ease of notation, and since the
map f is not important for the argument
below, we will write ¢(w,d) instead of

L(fuw(x),y).
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The (co-)variances of Ls and V Lg scale inversely proportional to the
set size |S|. Efficient ways of locally estimating the diagonal of X(w)
(the variances only) and A(w) are discussed in Section 5.2.

The statements in Eq. 86 and 87 especially hold for each isolated
mini-batch B = S or the full dataset D = S. Estimators of different
iterates (e. g., from w; to w;;1) are dependent, since, in practice, there
is only one finite dataset available with which either consecutive VLp
are computed (each time using the same D with d ~ Q), or consecutive
VLp where B C D is sub-sampled from a fixed set D. The objective
that can be optimized is thus always limited to the empirical risk Lp
defined by the whole dataset. When B C D is locally sampled with
replacement, a similar statement as in Eq. 86 and 87 can be made which
regards the finite empirical distribution Q as ground truth. Then:

Ap(w)
Ly(w) ~ A (Lp<w>, fm) (85a)
Vig(w) ~ N <VLD(w), ZT[E,T")) (88b)

with the (co-)variances:

An(e) = vary g [Hwd)] = g L (0w,d) ~ o))

(89a)

Lp(w) = cov, ~0 [Vl(w,d)] = i Vi(w,d;) — VLip(w))(VEe(w,d;) — VLp(w))T. (89b)

If B C D is sampled without replacement, the factor in front the
population (co-)variances becomes (IP|-[Bl)/(|p||8|-|B|) instead of 1/|5];
both factors are very similar when |B| < |D|.

5.2 Variance-Estimation from Mini-Batches

An unbiased estimator for the population variances (diagonal of matrix
¥ (w)) are the sample variances (w) € RN of the individual gradient
elements.? Again for an arbitrary i.i. d. dataset S we get:

i 02 S| \vai (w)oz
i=1 Sl_l s

(w)
5| (90)
~ ; Z Ve(w,d;)%? — VLg(w)®?

i=1

where ©2 denotes the elementwise square. The estimator in the last
row is not unbiased anymore, but for large |S| both estimators are

2 Note that T is a covariance matrix, and
3 just a vector of the variances. This
might cause confusion, but is also con-
venient as not to introduce yet another
symbol.
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nearly identical. Similarly, an unbiased estimator for A(w) is the
sample variance A(w):

A(w)

S|
Z G Ls(w)?
a 91)

S|
Z )? — Ls(w)?.

Both estimators ¥ (w) and A(w) require the sample means (first mo-
ments) Ls(w) and VLg(w), as well as the statistics }; V/(w, d;)®? and

Y l(w, d;)?.

Implementation

Parts of this subsection are taken from [6] where the author is second- [6] Balles, Mahsereci, and Hennig, “Au-
tomating Stochastic Optimization with

author (of three). The derivations of A and £ for multi-layer percep-
Gradient Variance Estimates,” 2017

trons were originally done by the author, the ones for convolution
filter of cNNs by L. Balles.

The sample means Lg(w) and VLg(w) are readily available during
the optimization run. In common auto-differentiation frameworks, as
the ones mentioned in Chapter 2, usually individual losses ¢(w, d;)
are accessible, such that A(w) is straightforward to compute. An
efficient implementation (in terms of speed and memory) of the sum
of elementwise squares of the individual gradients Y_; V/(w,d;)®? is
a bit more tricky. The reason is that individual V/(w, d;) are usually
not accessible in auto-differentiation frameworks because the sum
over the mini-batch is performed implicitly via some matrix-matrix
computations. Even if individual V/(w, d;) were accessible, summing
them explicitly would not be a desirable approach since holding them
all in memory is usually too expensive.

Consider a fully connected multi-layer perceptron (ML) with weight
matrices W, of layer | and activations a; of the preceding layer as in
Section 2.2.3 The gradients of the weights V¢; can be computed re- 3 Reminder of sizes: W € R"-1"", and
cursively by backpropagation (Chapter 2, Eq. 33) as V{; = a;_16] b,z a1 € RIS
(with §; = (Wj316;51) © 9u(21)/3z). The matrix-matrix multiplica-
tion 4;_16] implicitly performs the sum over the mini-batch. The
elementwise squares of the gradients can thus be computed as VE,GZ =
(a1-1)2(8] )2, where again the summation over the mini-batch is
performed implicitly by the matrix-matrix product. To see this, let us
decompose the sum as:

(V2 = [(a)_16T)® ﬁ—zal Lt sl

. 92)
=Y (ai'y) [(ﬂz—l)®2(5f)02]“ﬁ

i
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Backpropagation would thus include only one more line:

0= (Wi10141) ® aaéizl) residual (93a)

1
Vi =a;_16] gradient (93b)
VE?Z = (al_1)®2((5lT)®2. squared gradient (93c)

For biases, the squared gradient is VZIQZ =15 (6])“2. The objects
a;_1 and ¢; can be re-used from the gradient computation. Roughly
speaking, computing ¥ (w) during backpropagation adds one more
matrix-matrix computation per layer of complexity n; 1n;|B| to ex-
isting three of same cost (one from the forward pass, two from the
backwards pass); a factor of 1.3. The actual cost is lower because
of non-linearities or auxiliary actions like fetching data or updating
the variables. An efficient way of implicitly computing the second
moments for convolution filters of a cNN can be found in [6].

Connections

The non-central second moments E;.o[V{(w,d)¥?] = VL(w)®? +
diag[X(w)] are quantities that appear in diagonal preconditioners like
ApaM or RMsPROP (Chapter 2 § 2.4). There, the elements of the search
direction are scaled inversely proportional to v?l/ * (Eq. 65), where
v is an exponential running average over the squared stochastic gra-
dients V/(wy,d)®2. Neglecting the bias which occurs from moving
the optimizer in w-space, one can say that vy &~ E;.o[V{(wt,d)*?]
for |S| = 1.4 In principle v; could thus be used to estimate diag[X]
and incorporate it in gradient likelihoods as in Eq. 86. For general
|S| > 1, this would amount to a variance estimator of the form
|S|~! diag[Z(w;)] ~ v; — my”?, where m;, as in Eq. 65, is a running aver-
age over mini-batch gradients VLg(w;). The major difference between
v; and ¥ of Eq. 90 is the local versus non-local computation. Averaging
over different locations w; introduces a ‘memory’ of roughly a few
hundred to thousand previous locations depending on the smoothing
factor (y ~ 0.999 for apam decays to ~ 5% after 3000 steps). This
has two considerable effects: i) Averaging in w-space introduces a
non-trivial bias, and ii) locally large variances get reduced and locally
small variances get enlarged.

This has minor or major implications, depending on the task, and
the benefits of either of the estimation methods, i. e., running averages
or local estimators, or perhaps a combination of the two, can for sure
be exploited. For instance, rough damping of scp-steps might require
less accurate variance estimates, but if decisions depend crucially on
the gradient likelihood as in Eq. 86, locally unbiased estimators of
X (w) might be inevitable.

[6] Balles, Mahsereci, and Hennig, “Au-
tomating Stochastic Optimization with
Gradient Variance Estimates,” 2017

4 For |S| > 1 the same holds, but for the
expectation of mini-batch gradients over
the distribution of mini-batches.
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The following chapters (especially 6 and 7) show examples of algo-
rithms which heavily rely on the local estimators A and % and do not
perform well with running averages like v, possibly for the mentioned
reasons.

Empirical Study

Similar to Chapter 4 § 4.2 we conduct experiments on the empirical
distribution of elements of mini-batch gradients and losses, and com-
pare them to Gaussian fits. Figure 24 shows empirical distributions
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(C0) of gradient weights and biases (one per layer, layers from top
to bottom) for mini-batch size |B| = 100, in different stages of the
optimization process. Columns from left to right: iteration number
t = 1 (initialization), 10!, 102, 103, and 10* (converged). In each box,
two Gaussian fits are plotted: one using the sample mean and sample
variance of all mini-batch gradients (——); and the other using the
variance estimation 3 of a single mini-batch (——), as it would be used
by an algorithm. The network has 4-layers, is fully connected and
trained to convergence with sGp on MNIST? and a well performing
step size. Rows 1-2 show the input layer (random weights in row 1

Figure 24: Empirical distribution of
mini-batch gradients for |B| = 100.
All plots: empirical distribution (TJ).
Gaussian fit using the sample mean and
sample variance of all mini-batch gradi-
ents ( ); same for the variance esti-
mation £ of a single mini-batch ( )
(further details in text).

5 MNIST is a dataset for handwritten
digit classification containing 60k train-
ing datapoints. It is introduced in more
detail in Chapter 7 § 7.5.
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and random biases in row 2); and the same for rows 3-4, 5-6, 7-8 but for
hidden layers 1 and 2 and the output layer respectively. The Gaussian
form holds astonishingly well over the whole optimization process,
even for this (rather small) mini-batch size; and there are only minor
differences in the variance estimate computed by all mini-batches and
the one using only a single mini-batch.®

Figure 25 is structured like Figure 24 but shows histograms and
Gauss fits for a very small mini-batch size |B| = 10. The distribution
of the initial gradients (leftmost column, ¢ = 1) is still well approxi-
mated by a Gaussian, but the fits get poorer the more the optimizer
progresses. Additionally, the sample-variances ¥ often underestimate
the true variances diag[X]. This is because gradients of the tail of the
base-distribution (not the plotted histogram, but the distribution of
individual gradients) are less likely represented in small mini-batches
of only size 10. The effects can also be observed empirically (Chapter 7
§ 7.5) where an algorithm (the probabilistic line search) that relies on
the Gaussian assumption of Eq. 88 as well as on A and %, performs less
well for |B| = 10 but performs well and reliably for larger |B| > 10.

6 The variance of the variance estimator
2. also grows with decreasing mini-batch
size.
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Figure 25: Same as Figure 24 but for a
smaller mini-batch size |B| = 10. The
histograms are less well approximated,
especially towards the end of the opti-
mization process.
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For completeness, Figure 26 shows the same histograms and plots
for the losses Lg instead of gradients. The main difference is that
the base-distribution (not shown), and thus the histogram, is lower
bounded by zero, such that the Gauss distribution (which has sup-
port on the whole real line) tends to be a poorer fit if much mass is
accumulated close to this boundary. Again, for a ‘large enough’ mini-
batch size |B| = 100 (top row) the Gauss fits are satisfactory and the
variance estimate A (— ) approximates the true variance (—) well
enough; histograms for the smaller |B| = 10 (bottom row) are less
Gaussian-like and A (similar to 3) has a higher variance itself, as well
the tendency to underestimate A.

t =1e+03 t =1e+04

t =1e+00 t =1e+01 t =1e+02
o I ANy I I \F I I I I N |
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I
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| | | | |
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I I I I I I I
[}
i
I
9
1 2 —05 0 05 1 15 —05
Lg Ls

All following sections will make use of the Gaussian assumption of
Eq. 88 as well as the statistical estimators 3. and (to a lesser degree) A
(Egs. 90 and 91). It will be assumed that they are ‘good enough’ for our
purposes, in the sense outlined above. In the future it will be helpful to
incorporate additional checks, for example in the form of lightweight
occasional statistical tests during or prior to the optimization run, if
the Gaussian assumptions, as well as the quality of the estimators are
indeed still fulfilled to a well enough degree (which depends on the
given task). If this should not be the case, the mini-batch size could
be increased, the noise estimation could be altered, the optimization
method could be switched, or the optimizer could at least return a
flag. This thesis will not feature these future works.

y gy uar'aame

0 0.5 1 -02 0 02 04
Lg Lg

Figure 26: Same as Figure 24 but for
losses L. Top row: mini-batch size
|B| = 100; bottom row: mini-batch size
|B| = 10. Again the Gaussian fits are
better for the larger mini-batch size.






Early-Stopping Without a Validation Set

ARLY stopping is a widely used technique to prevent poor gener-
E alization performance when training an over-expressive model
by means of gradient-based optimization. To find a good point to halt
the optimizer, a common practice is to split the dataset into a training
and a smaller validation set to obtain an ongoing estimate of the gen-
eralization performance. This chapter introduces an early-stopping
criterion based on fast-to-compute local statistics of the computed
gradients and removes the need for a held-out validation set. The
experiments in Section 6.3 show that this is a viable approach, espe-
cially for smaller to mid-sized datasets, in the setting of least-squares
and logistic regression, as well as neural networks. The text is mostly
based on the article [88]. Section 6.1 motivates the problem, Section 6.2
introduces notation, model assumptions, and motivate the idea of the
stopping criterion. Section 6.2.1 covers the more intuitive case of gra-
dient descent and Section 6.2.2 extends to stochastic settings. Finally
Section 6.3 shows experimental result on convex problems (quadratic,
least-squares, binary logistic regression) as well as non-convex prob-
lems (multi-layer perceptrons, multinomial logistic regression).

6.1 Overfitting, Regularization and Early-Stopping

Since the risk L£(w) i.e., the expectation of the loss over the unknown
data distribution as defined in Eq. 27, is virtually always unknown, a
key question arising when minimizing the empirical risk Lp (w) (Eq. 28),
is how the performance of a model trained on a finite dataset D gener-
alizes to unseen data. Performance can be measured by the loss itself
or other quantities, e.g., the mean accuracy in classification problems.
Typically, to measure the generalization performance a finite fest set is
entirely withheld from the training procedure and the performance
of the final model is evaluated on it. This test loss, however, is also
only an estimator for £ with a finite stochastic error whose variance
drops linearly with the test set size. If the used model is overly ex-
pressive, minimizing the empirical risk Lp(w) exactly—or close to
exactly—will usually result in poor test performance, since the model
overfits to the training data. There is a range of measures that can be
taken to mitigate this effect, some of which were already discussed in
Chapter 2 § 2.2.2; textbooks like [13] give an overview over general
concepts, chapter 7 of [48] gives a comprehensive summary targeted

[88] Mahsereci et al., Early Stopping with-
out a Validation Set, 2017

[48] Goodfellow, Bengio, and Courville,
Deep Learning, 2016

[13] Bishop, Pattern Recognition and Ma-
chine Learning, 2006
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at deep learning. Some widely used concepts are briefly repeated in
the following paragraphs.

Model selection techniques choose a model among a hypothesis class
which, under some measure, has the closest level of complexity to the
given dataset. They alter the form of the loss function £ (Eq. 28) or
the mapping f,, over an outer optimization loop (first find a good
/ £ fw, then optimize Lp), such that the final optimization on Lp is
conducted on an adequately expressive model. This can—but does
not need to—constrain the number of parameters of the model. In
the case of deep neural networks the number of parameters can even
significantly exceed the number of training examples [77] [125] [133]
[55].

If the dataset is not sufficiently representative of the data distribu-
tion, an opposite, although not incompatible, approach is to artificially
enrich it to match a complex model. Data augmentation artificially en-
larges the training set by adding transformations/perturbations of
the training data. This can range from injecting noise [124] [137] to
carefully tuned contrast and colorspace augmentation [77].

Finally, a widely-used provision against overfitting is to add regu-
larization terms to the objective function that penalize the parameter
vector w, typically measured by the /; or I norm [78]. These terms
constrain the magnitude of w. They tend to drive individual parame-
ters toward zero or, in the I! case, enforce sparsity [13] [48]. In linear
regression, these concepts are known as least-squares and Lasso reg-
ularization [134], respectively.

Despite these countermeasures, high-capacity models will often
overfit in the course of the optimization process. While the loss on
the training set decreases throughout the optimization procedure, the
test loss saturates at some point and starts to increase again. This un-
desirable effect is usually countered by early-stopping the optimization
process, meaning that for a given model, the optimizer is halted if a
user-designed early-stopping criterion is met. This is complementary
to the model and data design techniques mentioned above and does
not undo eventual poor design choices of £. It merely ensures that
the empirical risk Lp of a given model is not minimized beyond the
point of best generalization. In practice it is often even more accessi-
ble to ‘early-stop” a high-capacity model for algorithmic purposes or
because of restrictions to a specific model class, and thus preferred or
even enforced by the model designer.

Arguably the gold-standard of early-stopping is to monitor the loss
of a validation set [94] [111] [107]. For this, a portion of the training
data is split off and its loss is used as an estimate of the generalization
loss L, leaving less effective training data to define the training loss
Lp. An ongoing estimate of this generalization performance is then
tracked and the optimizer is halted when the generalization perfor-

[77] Krizhevsky, Sutskever, and Hinton,
“Imagenet classification with deep con-
volutional neural networks,” 2012

[125] Simonyan and Zisserman, “Very
Deep Convolutional Networks for Large-
Scale Image Recognition",” 2014

[133] Szegedy et al., “Going deeper with
convolutions,” 2015

[55] He et al., “Deep residual learning for
image recognition,” 2016

[124] Sietsma and Dow, “Creating arti-
ficial neural networks that generalize,”
1991

[137] Vincent et al., “Extracting and com-
posing robust features with denoising
autoencoders,” 2008

[78] Krogh and Hertz, “A simple weight
decay can improve generalization,” 1991

[13] Bishop, Pattern Recognition and Ma-
chine Learning, 2006

[48] Goodfellow, Bengio, and Courville,
Deep Learning, 2016

[134] Tibshirani, “Regression shrinkage
and selection via the lasso,” 1996

[107] Prechelt, “Early Stopping — But
When?” 2012

[94] Morgan and Bourlard, “Generaliza-
tion and parameter estimation in feed-
forward nets: Some experiments,” 1989

[111] Reed, “Pruning algorithms-a sur-
vey,” 1993
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mance drops again. This procedure has many advantages, especially
for very large datasets where splitting off a part has minor or no effect
on the generalization performance of the learned model. Neverthe-
less, there are a few obvious drawbacks. Evaluating the model on
the validation set in regular intervals can lead to computational over-
head. More importantly, the choice of the size of the validation set
poses a trade-off: A small validation set produces an estimator of £
with a large stochastic error, which can lead to a misguided stopping
decision. Enlarging the validation set yields a more reliable estimate
of generalization, but reduces the remaining amount of training data,
depriving the model of potentially valuable information. This trade-
off is not easily resolved, since it is influenced by properties of the
data distribution (the variance A of Eq. 86a) and subject to practical
considerations, e.g., redundancy in the dataset.

Recently [86] introduced an interpretation of (stochastic) gradient
descent in the framework of variational inference. As a side effect, this
motivated an early-stopping criterion based on the estimation of the
marginal likelihood, which is done by tracking the change in entropy
of the posterior distribution of w, induced by each optimization step.
Since the method requires estimation of the Hessian diagonals, it
comes with computational overhead comparable to the cost of a few
additional gradient evaluations per step.

The following section motivates and derives a cheap and scalable
early-stopping criterion which is solely based on local statistics of
the computed gradients. In particular, it does not require a held-out
validation set, thus enabling the optimizer to use all available training
data.

6.2 When to Stop?—A Criterion Based on Gradient Statistics

The perhaps obvious but crucial observation at the heart of the crite-
rion proposed below is that even the full, but finite, data-set is just a
finite-variance sample from a population: As argued in Chapter 5 and
by Eq. 86, the estimators Lp and VLp are approximately Gaussian
samples around their expectations £ and VL, respectively. Figure 27
provides an illustrative, one-dimensional sketch. The top plot shows
the marginal distribution of function values (Eq. 86a). The true, but
usually unknown, optimization objective L, is the mean of this distri-
bution (——). The objective Lp, which is optimized in practice and is
fixed by the training set D, defines one realization out of this distribu-
tion (- - -).

In general, the minimizers of £ and Lp need not be the same. Of-
ten, for a finite but large number of parameters w € RY, the loss
Lp can be optimized to be very small. When this is the case the

[86] Maclaurin, Duvenaud, and Adams,
Early Stopping is Nonparametric Varia-
tional Inference, 2015

L,Lp
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VL, VLp
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Figure 27: Sketch of early-stopping crite-
rion. Top: marginal distribution of func-
tion values defined by Eq. 86a. Mean £
(——)£1 A% (), pdfshaded. The
full dataset defines one realization of this
distribution (Lp of Eq. 28/- - - ). Mid-
dle: same as top plot but for correspond-
ing gradients defined by Eq. 86b. Mean
VL ( ) +1 pab ( ), realization
VLp (- - -). Bottom: Same as middle
plot; desired stopping regions ((C__J).
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model tends to overfit to the training data and thus performs poorly
on newly generated (test) data 7 ~ Q with 7 ND = @. To prevent
this overfitting-effect, the optimization process is stopped early. The
idea behind this is that variations between training examples of the
same class are mostly learned at the very end of the optimization
process where the weights w are fine-tuned. In practice, the true
minimum of £ is unknown, however, the approximate errors of the
estimators Lp and VLp are accessible at every position w. Local es-
timators for the diagonal of X(w) can be computed efficiently even
for very high dimensional optimization problems (Chapter 5, § 5.2).
The variance estimator of the gradient distribution will be again, con-
sistent with Chapter 5, denoted as £(w) =~ vars.q [V{(w,d)] with
2(w) = 1/(Is|-1) Lyes (VEO(w,d) — VLS(w))Qz, where ©2 denotes the
element-wise square and S is either the full dataset D or a mini-batch
B.

Since the minimizers of £ and Lp are not generally identical, also
their gradients will cross zero at different locations w. The middle plot
of Figure 27 illustrates this behavior. Similar to the left plot, it shows a
marginal distribution, but this time over gradients (Eq. 86b). The true
gradient V £ is the mean of this distribution ( ). The one realization
VLp (- - -) defined by the dataset D corresponds to Lp. Ideally, the
optimizer should stop in an area in w-space where possible minima
are likely to occur if different datasets of same size were samples from
Q. In the sketch, this is encoded as the vertical red shaded area in the
bottom plot (CJ). It is the area around the minimizer of £ where
VL +1 standard deviation encloses zero.

Since VL is unknown, however, this criterion is hard to use in
practice, and must be turned into a statement about VLp. A simi-
lar criterion that captures this desiderata in essence is to stop when
the collected gradients V Lp are becoming consistently very small in
comparison to the error /|p|. This is shown as horizontal red shaded
area 1. Close enough to the minima of Lp and £, the two criteria
roughly coincide (intersection of red vertical and horizontal shaded
areas). A measure for this is the probability:

(T Lo() V£ () = 0) = A7 (VLo(w);0, 550 ) 99
of observing VLp(w) with covariance X(w), were it generated by a
true zero gradient VL (w) = 0.1 If gradients VLp are becoming too
small (stepping into the horizontal red shaded area), the magnitude
of the gradients can mostly be attributed to noise that represents the
finiteness of the dataset, and not an informative gradient direction;
then the optimizer should stop. Using these assumptions, the next
section derives a stopping criterion for the gradient decent algorithm
which then can be extended to stochastic gradient descent as well.

IThis can be seen as the evi-
dence of a model for VL(w) and
VLp(w), described by, both, a prior
p(VL(w)) = 6(VL(w)), and likeli-
hood as in Eq. 94. Then p(VLp(w)) =
Jp(VLp(w)|VL(w)) p(VL(w)) dVL(w).
We will thus also use the term ‘evidence-
based’ stopping. In principal more
general models can be formulated,
which lead to a richer class of stopping
criteria.
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6.2.1  Early-Stopping Criterion for Gradient Descent

When using gradient descent, the whole dataset is used to compute
the gradient V Lp in each iteration. Still this gradient estimator has an
error in comparison to the true gradient V£, which is encoded in the
covariance matrix . In practice X is unknown, the variance estimator
3. described in Chapter 5 however is always accessible. Thus, at every
position w an approximation to p(VLp(w)|VL(w) = 0) of Eq. 94 is
(using the ‘evidence’-notation p(V Lp(w)) for notational convenience):

A n 2" (w)
(L) ~ [T (VEp)0, = ). %)
n=

Though being a simplification, this allows for fast and scalable com-
putations since dimensions are treated independent of each other. To
derive an early-stopping criterion based only on VLp we borrow the
idea of the previous section that the optimizer should halt when gra-
dients relatively become so small that they are indistinguishable from
noise. Specifically: stop when

logp <VLD (w)) - EVLD(ZU)Np [1ng (VLD(w))] > 0. (96)

Here E[-] is the expectation operator. According to Eq. 96, the opti-
mizer stops when the logarithmic evidence is larger than its expected
value, roughly meaning that more/enough gradient samples VLp, lie
inside of the expected range.? In particular, combining Eq. 95 with
Eq. 96 and normalizing with the dimension N of the objective, yields

N
3 108D (VLow) ~Exipayey logp (VLo@))] =1~ I 32

This criterion, hereafter called Es-criterion, for ‘evidence-based’, is
intuitive: If all gradient elements lay at exactly one standard deviation
distance to zero, then }, (VLE)?/%, = Y, =n/|D|-£, = N/|D|; thus the
left-hand side of Eq. 97 would become zero and the optimizer would
stop.

We note on the side that Eq. 97 defines a mean criterion over all
elements of the parameter vector w. This is sensible if all dimen-
sions converge in roughly the same time scale such that weighing
the fractions f, := |PI(VL})?/%, equally is justified. In other words,
overfitting is a global phenomenon on the weights, not a local one. If
optimization problems deal with parameters that converge at different
speeds, like for example different layers of neural networks, or biases
and weights inside one layer, it might be appropriate to compute one
stopping criterion per subset of parameters which are roughly having
similar timescales. In Section 6.3.4 we will use this slight variation

|

<wp<w>>2] o

2 Besides the model-evidence interpre-
tation, Eq. 96 can also be found in
Hotelling’s one-sample t-square test,
with the hypothesis that the mean of the
Gaussian is zero and the covariance is
given. In practice we do not have ac-
cess to the covariance thus we estimate
it. Also note that correspondences to hy-
pothesis tests remain rather vague here
in the same sense as monitoring a valida-
tionlossis nota fully fletched hypothesis
test either.

£ () o7
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of Eq. 97 for experiments on logistic regressors as well as multi-layer
perceptron.

6.2.2  Stochastic Gradients and Mini-batching

It is straightforward to extend the stopping criterion of Eq. 97 to
stochastic gradient descent (sGp), where the estimator for VL is re-
placed with an even more uncertain V L by sub-sampling the training
dataset at each iteration. The local gradient generation is

VLg(w) = VLipw) +1=VL(w)+v with 17~ N (0,Zgps(w)), v ~ N <0, ﬁg) + Zobs(w)> . (98)

Combining this with Eq. 86b yields 2/ |D| + Zqps = Z/|B|. Thus Xgps =

||%W|DZ|S‘Z. Equivalently to Eq. 94, 95 and 97, this results in an early-

stopping criterion for stochastic gradient descent:

2 N1 B
N [logp (VLB(ZU)) - EVLB(ZU)NP [10gp (VLB(ZU))]} =1- N 2 [A (99)

Implementation

Computing the stopping criterion is straight-forward, given that the
variance estimate 3 (w) introduced in Chapter 5 is available . In this
case, it amounts to an element-wise division of the squared gradient
by the variance, followed by an aggregation over all dimensions, i.e.,
sum [VLg(w)¥? @ %(w)].

Smoothing the Criterion

Each iteration t has access to only one gradient sample (from dataset
or mini-batch) to compute the es-criterion locally, i.e., for a given
w;. Additionally the estimator ¥(w;) for the gradient variances is
inexact, since it, too, is computed from a finite amount of examples
only. Hence this local es-criterion itself is noise corrupted as well.
An efficient and practical way to reduce this noise is to average the
criterion over many iterations. Hence, many successive iterations
need to ‘agree’ on a meaningful stopping point. Note that there is a
difference in between averaging the gradient squares and variances
separately before computing their fraction, or to average their fraction.
Apart from reducing the variance on the criterion, this is also beneficial
if the optimizer is passing regions of low gradient/ unstable fix-points
like stationary points of possibly non-convex loss function. With this
in mind, the smoothing factor for and exponential running average
should be as large as possible but still small enough not to bias the
stopping point all too much. All real-world experiment below used
a smoothing factor of 7 = 0.999 which is fully decayed between 1-3k



steps. This number is very small in comparison to the total number
of optimization steps in the conducted experiments, and does not
move the stopping decision visibly to the eye. Only the artificial toy
problems (Section 6.3.1 and 6.3.2) perform a very small number of
steps (~ 100-1000) and consequently used no smoothing.

6.3 Experiments

Strictly speaking, the Es-criterion tests for stationary points only and
not just on minimizers of £. Thus, for proof of concept experiments,
we test the EB-criterion first on convex problems where the only sta-
tionary point is also the minimizer (quadratics, linear least squares,
logistic regression), and later on non-convex problems (multi-layer per-
ceptrons, multinomial logistic regression) where saddle points might
occur [26], on a number of standard classification and regression
datasets. For illustration and controlled environments, Sections 6.3.1
and 6.3.2 show a least-squares toy problem and ill-conditioned large
synthetic quadratic problems. Sections 6.3.3 and 6.3.4 deal with the
more realistic setting of logistic regression on the Wisconsin Breast
Cancer Dataset (WDBC) [140] and a multi-layer perceptron on the
handwritten digits dataset MINIST [82]. Section 6.3.5 contains exper-
iments for multinomial logistic regression, as well as for a shallow
neural network on the SECTOR dataset [22]; the SECTOR dataset
complements MNIST and WDBC, in the sense that it has a much less
favorable feature-to-datapoint ratio (~ 9); increasing the gains on the
generalization performance, when all available training data can be
used. In general, we did not use overly large datasets where overfit-
ting is a less prominent issue and also splitting off of a validation set
has minor effects on the absolute value of the best test loss. We will
also see that models trained on mid-sized but redundant datasets like
MNIST do gain little when folding the validation set into the training,
while models trained on datasets that represent the data distribution
Q to a lesser degree, like e.g. WDBC, benefit a lot.

6.3.1 Linear Least-Squares as Toy Problem

An illustrative example is a toy regression problem on artificial data,
generated from a one-dimensional linear function f(x), x € R with
additive uniform Gaussian noise, i.e., datapoints y are random ac-
cording to y; = f(x;) + €, with e ~ N. This simple setup allows
illustration of the model fitted at various stages of the optimiza-
tion process and also provides the true generalization performance,
since we can generate large amounts of test data. We use a largely
over-parametrized 50-dimensional linear regression model fy,(x) =
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[26] Dauphin et al., “Identifying and
Attacking the Saddle Point Problem
in High-dimensional Non-convex Opti-
mization,” 2014

[140] Wolberg, Street, and Mangasarian,
UCI Machine Learning Repository: Breast
Cancer Wisconsin (Diagnostic) Data Set,
2011

[82] LeCun et al., “Gradient-based learn-
ing applied to document recognition,”
1998

[22] Chang and Lin, LIBSVM: A library
for support vector machines, 2011
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wT¢(x) which contain the features of the ground truth (bias and lin-
ear) and additional periodic features with varying frequency: The
features ¢(x) = [1,x,sin(a;x),cos(a;x),...,sin(apx), cos(ayx)|T with
p = 24, and a, positive integers, by construction define a massively
over-parametrized model for the true function and is thus prone to
overfitting. The model is fit by minimizing the squared error, i.e.
U(fw(x),y) = 3(y — fw(x))? 20 samples are used for training with
full batch gradient descent (no subsampling of datapoints) and about
10 samples for validation. The results are shown in Figure 28; both,
validation loss, and the es-criterion find an acceptable point to stop
the optimization procedure, thus preventing overfitting.3

logarithmic loss
|
N

stopping criterion

—2 | | |
0 20 40 60 80 100 120

number of steps

6.3.2  Synthetic Large-Scale Quadratic Problem

Synthetic quadratic optimization problems offer a controlled envi-
ronment to test on functions with ill-conditioned Hessians (ravines,
long valleys, gradient elements spanning magnitudes et cetera) as
they occur in real world applications [24]. Construct £(w) = 3(w —
w*)TB(w — w*), where B € RN*N is a positive definite matrix and
w* € RN is the global minimizer of £(w); the gradient is VL =
B(w — w*). In this controlled environment it is possible to design the
curvature of £ explicitly and the es-criterion can be tested on different
configurations of eigen-spectra, for example uniform, exponential, or
structured (a few large, many small eigenvalues). The matrix B is

RN*N which contains the

build by defining a diagonal matrix I' €
eigenvalues on its diagonal, and a random rotation R € RN*N that is
drawn from the Haar-measure on the N-dimensional uni-sphere [32];

then B := RI'RT. The ‘empirical’ loss Lp (w) can be artificially defined

31In this illustrative example, the Es-
criterion was also evaluated on the train-
ing set which does not include the vali-
dation set. This has two diagnostic ad-
vantages: i) both criteria, validation loss
and EB-criterion, are evaluated on the
same optimization path and ergo on the
same fits f,, which would notbe the case
if the validation set was folded in, and
ii) the top left plot is less cluttered since
we would need two more lines (a second
train and test loss curve) the former with
shaded areas. Of course a main advan-
tage of the EB-criterion is that one can
fold in the validation set which will also
be done with the real world datasets.

Figure 28: Linear least-squares toy
problem. Top left: logarithmic losses
vs. number of optimization steps: test/-
train/validation ( /---/—);
shaded areas indicate two standard de-
viations £21/A/|s| of the loss estimates
computed during the optimization
(Eq. 91). Bottom left: evolution of the
EB-criterion (——). Induced stopping
point vertical (——). For the steps
marked with color-coded vertical bars,
the model fit f;, ( ) is illustrated on
the right column: training/validation
data (x/©). Sub-optimal fit ( ), to the
training data; fit, when the EB-criterion
indicates stopping (——); fu has
already overfitted to the training data
().

[24] Chaudhari et al., “Entropy-SGD: Bi-
asing Gradient Descent Into Wide Val-
leys,” 2016

[32] Diaconis and Shahshahani, “The
subgroup algorithm for generating uni-
form random variables,” 1987



by moving the true minimizer w* by a Gaussian random variable {p,
such that Lp(w) = L(w —w* + {p)"B(w — w* + {p) with {p ~
N (0,A). Thus VLp = VL + B{p is distributed according to B{p ~
N (0,BABT), and we define £/|p| := diag(BABT). For experiments
we chose N = 10° as input dimension and zero (w* = 0) as the true
minimizer of £. Figure 29 shows results for three different types
of eigen-spectra. The s-criterion performs well across the different
exponential
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types of partially ill-conditioned problems and induces meaningful
stopping decisions; this worked well for different noise levels A (Fig-
ure 29 shows A = 10 - I as well as random seeds; note that the noise
covariance BABT of the gradient is dense, but the algorithm just has
access to its diagonal as it is the case in real world applications).

The eB-criterion as Buffer-Region

The experiments give additional insight on a geometrical interpreta-
tion of the EB-criterion, which might also explain the slightly conserva-
tive stopping decision for the logistic regressor on WDBC (Figure 32 in
subsequent section) and full batch cp on MNIST (Figure 34, column 1).
Eq. 96 has no directional information to where the true minimizer w*
of the risk lies as seen from the current position of the optimizer. This
is of course fundamentally hard to know, and early-stopping would be
obsolete in these cases anyway. Thus Eq. 96 is based on variances only
(in the form of £), defining a buffer-region/ a ‘no-go’-area around the
minimizer w7, of the empirical risk, where statistics of gradients tell us
we should be careful to trust them. Usually, early-stopping is based
on the assumption that a continuation of training that continuously
decreases the training loss, will lead away again from weights that
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Figure 29: Synthetic quadratic problem
for three different structures of eigen-
spectra. Columns from left to right: uni-
form, exponential, structured. Middle

row: logarithmic (exact) test loss (
and train loss (

)

). Bottom row: evo-

lution of the Es-criterion, inducing a
stopping decision indicated by the ver-

tical bar (

).
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generalize well. For the s-criterion this means that the optimizer,
with a deterministic path, for a given mini-batch-sequence and start-
ing point, will enter the buffer-region at a point which is generalizing
better than subsequent locations of the optimizer (and in particular of
wy,) inside this buffer-region. This is usually well justified, primarily
because otherwise early-stopping would not be a viable concept in the
first place; and second because overfitting is usually associated with
‘too large’ weights (weights are initialized small; and regularizers that
pull weights to zero are often a good idea). On the way from small
weights (underfitting) to too large weights (overfitting), optimizers
usually pass a better point with weights of intermediate size.

If the point where the optimizer enters the buffer region has a
worse generalization performance than subsequent iterates inside the
buffer-region, again especially as w,, the s-criterion will still stop and
potentially underfit slightly. We can artificially construct this setup
by initializing the optimizer with weights that lead to an optimization
path that does not lead to any overfitting; this is depicted in Figure 31.
The setup is identical to the one in Figure 29 (B, w* as well as {p and
w}, are identical); the only difference is the initialization of the weights
wy for the optimization process. Since—with this initialization—the
lowest point of £ that can be reached by minimizing Lp is w},, any
early-stopping decision will lead to underfitting. In Figure 31 the
exact test loss flattens out and does not increase again for all three con-
figurations. Figure 30 illustrates these two scenarios in a 2D-sketch:
Contours of the optimizer’s objective Lp(w) (—); contours of the
true loss £(w) not shown. Their minimizers w* and w7, are marked as
crosses (x). Also shown are two optimization paths: i) An optimizer
that passes by weights of better generalization performance than w,
(—), and ii) an optimizer that than can not overfit (——), since weights
were initialized such that, out of all weights w; produced by the op-
timizer, wy, yields best generalization performance. Both optimizers
are stopped by the eB-criterion when they enter the buffer-region (=)
around the minimizer w7, of the empirical loss Lp, resulting in a good
and a too conservative stopping decision respectively for i) and ii).

6.3.3 Logistic Regression on WDBC

Next, we apply the es-criterion to logistic regression on the Wisconsin
Breast Cancer dataset. The task is to classify cell nuclei, described by
features such as radius, area, symmetry, et cetera, as either malignant
or benign. We conduct a second-order polynomial expansion of the
original 30 features, i.e., features of the form x;x;, resulting in 496
effective features. Of the 569 instances in the dataset, we withhold
369, a relatively large share, for testing purposes in order to get a

Figure 30: Illustration of buffer-region
induced by the Es-criterion. Contours of
the optimizer’s objective Lp(w) ( ).
Contours of the true loss L£(w) not
shown. Their minimizers w* and w,
are marked as crosses (x). Buffer-region
of the es-criterion (). Path of opti-
mizer i) ( ) and ii) (——).
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reliable estimate of the generalization performance. The remaining
200 instances are available for training the classifier. We perform two
training runs: one with early-stopping based on a validation set of 60
instances (reducing the training set to 140 instances) and one using
the full training set and early-stopping with the es-criterion derived
in Section 6.2.1.

If parameters converge at different speeds during the optimization,
as indicated in Section 6.2.1, we compute the criterion separately for
different subgroups of parameters. Generally, if we split the parame-
ters into K disjoint subgroups Sy C {1,...,N}, and denote Ny = |S|,
the criterion reads

1 & (VLY)?

R k:Zl 1 N, ) 5 > 0. (100)
This means that every subgroup has one weighted ‘vote” for stopping.
For logistic regression, we treat the weight vector and the bias param-
eter of the logistic regressor as separate subgroups, since they tend to
have different magnitudes. Figure 32 shows results. The effect of the
additional training data is clearly visible, resulting in lower test losses
throughout the optimization process. In this scarce data setting, the
validation loss (top plot, ——), computed on a set of only 60 instances, is
clearly misleading. It decreases throughout the optimization process
and thus fails to find a suitable stopping point. The bottom plot shows
the evolution of the EB-criterion (——) which does induce a (possibly
slightly conservative) stopping decision with a lower or equal test loss
than any test loss attainable when withholding a validation set.

EXPERIMENTS | 87

Figure 31: Synthetic quadratic problem
for three different structures of eigen-
spectra. Plot and experimental setup
as in Figure 29 Weights are initialized
such that the path of the optimizer can
not yield parameters w; which lead to a
model f;, that overfits. The exact test
loss ( ) flattens out, but does not
increase again; the Es-criterion still in-
duces a (in this case conservative) stop-
ping decision.
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Figure 32: Logistic regression on the
Wisconsin Breast Cancer dataset. Re-
sults for the two variants are color-
coded:  Validation set-based early-
stopping (——), EB-criterion (—).
Middle: test loss versus the number
of optimization steps for both methods.
Top: Validation loss. Bottom: Evolution
of the Es-criterion; induced stopping de-
cision as vertical bar.
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6.3.4 Multi-Layer Perceptron on MNIST

For a non-convex optimization problem, where also saddle points
might occur, we train a multi-layer perceptron (MLP) on the well-
studied problem of hand-written digit classification with the MNIST
dataset (28 x 28 gray-scale images). We use an mLP with five hidden
layers with 2500, 2000, 1500, 1000 and 500 units, respectively, ReLU
activation, and a standard cross-entropy loss for the 10 outputs with
soft-max activation (~ 12 million trainable parameters). Analogously
to Section 6.3.3, each weight matrix and each bias vector of the net-
work is treated as a separate subgroup. The MNIST dataset contains
60k training images, which we split into 40k-10k-10k for train, test and
validation set.

The results for full-batch gradient descent are shown in Figure 33,
and sGp runs with mini-batch size 128 and three different learning
rates in Figure 34. The loss of the relatively large validation set (10k
images) in combination with a quite homogeneous dataset yields ac-
curate estimates of the generalization performance. Consequently, the
stopping points are very close to the points of minimal test loss. The
folded training set and validation set leads to only slightly lower test
losses since the data of the validation set does not contain much ad-
ditional information which is not already present in the training set.
Since the strength of the Es-criterion is to use the additional training
data as well as the fact that also validation losses are only inexact
guesses of the generalization loss, both of these points thus favor the
validation set based stopping criterion. Still, for all three sGp-runs
in Figure 34, the Ep-criterion performs as good as or better than the
validation set induced method. For gradient descent (full training
set in each iteration, Figure 33), the EB-criterion performs reasonably
well, however, and very similarly to the gradient descent runs on the
logistic regression on WDBC in Figure 32, chooses to stop a bit too
early. The difference in loss is not very much (test loss red: 107104,
blue 10~%92), but it again shows that validation loss induces stopping
can be preferred in settings where data count is not the main concern.

6.3.5 Logistic Regression and Shallow-Net on SECTOR

Finally, we train a multinomial logistic regressor and a shallow fully-
connected neural network on the SECTOR dataset [22]. It contains
6412 training and 3207 test datapoints with 55 197 features each, thus
having a less favorable feature-to-datapoint ratio than for example
MNIST (784 features vs. 60 000 datapoints). The features are extracted
from web-pages of companies and the classes describe 105 different
industry sectors. The shallow network has one hidden layer with 200
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Figure 33: Multi-layer perceptron on
MNIST trained with full batch gradient
descent. Plot and colors as in Figure 32.

[22] Chang and Lin, LIBSVM: A library
for support vector machines, 2011
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hidden units; the logistic regressor thus contains ~ 5.8 million, and
the shallow net ~ 11.1 million trainable parameters. Experiments are
set up in the same style as the ones in Section 3.3 and 3.4. We use 20%
of the training data for the validation set which yields 1282 validation
examples and a reduced number of 5130 training examples. Figure 35
shows results: Columns 1-2 for the logistic regressor and columns 3-4
for the shallow net. Since the dataset is quite small for this task, the
gap between test losses is quite large (middle row). Both architectures
do not overfit properly, the test loss rather flattens out, although we
trained both architectures for very long (2.5 - 10° steps) and initialized
weights close to zero. The es-criterion is again a bit too cautious and
induces stopping when the test loss starts to flatten out; but since it
has access to an enlarged training set, it beats the validation set on
both architectures.

6.3.6  Greedy Element-wise Stopping

The EB-criterion computes the quantities f, := IBI(VLE)?/5, € R for
each gradient element 7 at each iteration. This quantity can be un-
derstood as a ‘signal-to-noise ratio’, and the es-criterion is the average
over the individual f,,. As aside experiment, we employ the same idea
in an element-wise fashion: we stop the training for an individual pa-
rameter w, € R (not to be confused with the full parameter vector
wy € RN at iteration t) as soon as the scalar f, falls below one. Simi-
larly to the EB-criterion before, we smooth each element-wise criterion
with an exponential running average for noise reduction. Importantly,
this is not a sparsification of the parameter vector w (since wj, is not
set to zero when being switched off but merely fixed at its current

EXPERIMENTS | 89

Figure 34: Multi-layer perceptron on
MNIST trained with sGp and a mini-
batch size of 128. Columns from left
to right: learning rates 0.003, 0.005 and
0.01, respectively. Plot and colors as in
Figure 33.
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value), but rather a sparsification of the update. The smoothed av-
erages are initialized at high values, resulting in a warm-up phase
where all weights are “active’. Figure 36 presents results. Intriguingly,
immediately after the warm-up phase the training of a considerable
fraction of all weights (10 percent or more, depending on the train-
ing configuration) is being stopped. This fraction increases further as
training progresses. Especially towards the end where overfitting sets
in, a clear signal can be seen: the fraction of weights where learning
has been stopped suddenly increases at a higher rate. Despite this re-
duction in effective model complexity, the network reaches test losses
comparable to our training runs without greedy element-wise stop-
ping (test losses in Figure 34). The fraction of switched-off parameters
towards the end of the optimization process reaches up to 80 percent
in a single layer and around 50 percent for the whole net.

6.4 Comparisonto RMSPROP

This section explores the differences and similarities of sgp+Es-criterion
and rRmsproP. This is rather meant as a means for gaining a better intu-
ition, and not for comparing them as competitors since both methods
were derived for different purposes and could be combined in princi-

ple.

Figure 35: Shallow net and logis-
tic regressor on SECTOR trained with
sGp and mini-batch size 128. Colums 1-
2: Logistic regression with learning rates
0.03 and 0.003 respectively. Colums 3-4:
Shallow net with learning rates 0.03 and
0.003 respectively. Rows and colors as in
Figure 33.



2
2 —o06
=
E —o0s|
o -1
S Ll
0 0 1 2 3
1
o 08| 4 7
2 / ) /
Y
g
g I
£ 4
8 I
o " |
E //
<
=
2
— T
0 2
number of steps in le+04 number of steps in 1e+04 number of steps in 1e+04
6.4.1 Non-Greedy Element-wise EB-Criterion

The non-greedy element-wise Es-criterion can be formulated as

o =Per1+(1-B) (1— ff")

(101)

for some conservative smoothing constant f € (0,1), usually f ~

0.999, or 0.99, learning rate a, and the fraction fF** := |B|[VLg(w;)“? ©

3(w;)]. The symbol ‘@’ denotes element-wise division and 1] is the
element-wise indicator function. In contrast to the greedy implementa-
tion of Section 6.3.6, where switched-off learning rates stayed switches
off, Eq. 101 allows learning to be switched on again.

6.4.2 Learning Rate Dampingin RMSPROP
RMsSPROP [135] is a well known optimization algorithm that scales
learning rates element-wise by an exponential running average of
gradient magnitudes (Chapter 2 § 2.4); specifically:

v =901+ (1= ) VLg(w)*?

©1/2

(102)
w1 = wy — aVLg(wy) @ v 7,

again for some smoothing constant v € (0,1), usually v ~ 0.95, and
learning rate &. Let a]"® be the largest element of the vector a; :=
0’2, then the second line of Eq. 102 can be rewritten as

a
Wi = w — aap™ <amtax> © VLg(wy). (103)
t
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Figure 36: Greedy element-wise stop-
ping for a multi-layer perceptron on
MNIST trained with sGp and batch size
128. Columns: learning rates 0.003,
0.005 and 0.01, respectively. Top row:
logarithmic training ( ) and test loss
( ). Bottom row: fraction of weights
where learning has been shut off by the
greedy element-wise stopping for each
weight matrix ( ), each bias vector
( ) and the full net ().

[135] Tieleman and Hinton, RMSprop
Gradient Optimization, 2015
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The fraction ffMSPROP = (at/am>x) € (0,1] describes the scaling of
learning rates relative to the largest one: if the i element of frMs*ror
is very small, the learning of the corresponding parameter is damped
heavily relative to a full step of size aaj"®™. This can be interpreted
as ‘switching-off’ the learning of these parameters, similarly to the
element-wise EB-criterion.

6.4.3 Connections and Differences

The following table gives a rough overview over the possible set of
learning rates for each method.

method domain maximal «; minimal &;

SGD {a} « «

SGD+EB-Crit {0,a} « 0 (when converged)
RMSPROP (0, wa™™]  aapx >0

The table shows that scp+Es-criterion is a very minor variation of sGp,
in the sense that it can also set the learning rate to zero, but only for
converged parameters. It does not change sGp during effective training;
specifically, it does not explicitly encode curvature, or other geometric
properties of the loss.

In contrast to this, RMsrProP also adapts the absolute value of
the largest possible step at every iteration by a varying factor aj"®,
and scales the other steps relative to it. Heuristically, gradient el-
ements with a larger running average v; ~ E4.q[VLg(w:)®?] =
VL(wt)9? + |B|~! diag[X(w;)] get down-scaled relative to the ones
with a smaller v;-element [5]. Figure 37 sketches this behavior. The
top plot shows contour lines (gray) of one element of the damping
term (VL®2 + |B|~!diag[X])~2 for a single dimension. The bot-
tom plot shows color-coded slices through the top plot for different
constant V£, and one for the diagonal slice (——) where VLO? =
|B|~!diag[Z]. Elements with large true gradients V£ and/or noise
variances |B| ! diag[X] get damped relative to ones with low V£ and
low |B|~! diag[Z]. This does not mean, though, that the absolute step
size of RMsPROP drops as the noise level X increases, since the expected
absolute value of the enumerator is non-trivially dependent on X as
well.So, roughly speaking, the Ep-criterion defines a strict threshold
when learning should be terminated. RMsproP defines a vaguer ver-
sion, in the sense that the optimizer should move somewhat ‘less’ into
directions of uncertain gradients. For example in situations where
the eB-criterion triggers (VL = 0, £ > 0), RMsProP just weighs the
step proportional to /|B|~1X which depends on the absolute value
of 2, and not on a signal-to-noise ratio. Of course, the argumentation
above that vy ~ E;.q[VLg(w;)®?] also ignores the smoothing over

(VL2 +|B|'n)- 12

|B]"'Z

Figure 37: Sketch of RMsproP-damping
relative to an scp-step. Top: con-
tour lines of the damping term (V.£2 +
|B|’1E)*% Bottom: color-coded slices
through the top plot for constant V.,
and one ( ) for the diagonal slice
where VL2 = |B|71x.

[5] Balles and Hennig, “Follow the
Signs for Robust Stochastic Optimiza-
tion,” 2017



iterations. In contrast to this, the fractions ff*t are computed lo-
cally, and only the local criteria are smoothed. This is essential for a
stopping (not damping) decision if the magnitude of the gradient as

well as its variance are dependent on w.*

644  Empirical Comparison

For an empirical comparison, we run RMSPROP, SGD with element-wise
EB-criterion (as in Eq. 101), and an instance of vanilla sGp on a multi-
layer-perception on MNIST similar to the setup in Section 6.3.4. For
the sGp instance that uses the es-criterion, the fraction of switched-off
parameters is defined as

. 1 N
ppreti= 55 ) Mens > 0] (104)
n=1

where ¢, is the n'' element of ¢; as in Eq. 101. The percentage
of ‘switched-off” parameters for RMsProOP can be roughly described
as the fraction PfMSPRO" of parameters, whose ffM5%°F (defined in
Section 6.4.2) lie below a threshold feut € (0,1)

1 N
PRmOr = 55 LT < feu] (105)
n=1

The same smoothing factor v = f = 0.99 was used for both meth-
ods, for a meaningful comparison. Figure 38 depicts results: The first
row shows training losses (light colors) and test losses (corresponding
dark colors) of all three methods (sGD, sGp+EB-criterion and RMSPROP).
Row 2 shows the evolution of PF*“", and rows 3-7 of PRMSPROP for
five choices of feut = [1071,1072,1073,107%,1075] respectively. As
mentioned above, in contrast to the ‘greedy’ implementation of Sec-
tion 6.3.6 (switched-off learning rates, stayed switched-off), and for a
more natural comparison to RMsPrOP, learning rates are allowed to
be switched on again as well. The results for PRMSPRO? and PFE-<rit are
color-coded: full net (—), weight matrices (——) and biases (),
the latter two each per layer.

The test losses of vanilla scp and sGp+Es-criterion are almost iden-
tical, while the training loss of scp+EB-criterion is a bit more conserva-
tive than the one of vanilla sp. This is expected, since the es-criterion
ideally should not impair generalization performance, but might lead
to larger training losses at convergence, due to the overfitting pre-
vention. Already at the beginning of the training, scp+Es-criterion
switches off about 10-20% of all learning rates, after that, the fraction
increases to about 50% (green line, second row). The curve is quite
monotonic, exhibiting not significant jumps.
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4 We, in fact tried to use a running av-
erage for variance estimates instead of
3, since they are usually easier to access,
but this corrupted the stopping decision
heavily.
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RMSPROP converges a bit faster, as it is expected. Also the plots for
PfMSPROP are richer in structure. Especially one layer seems to have
significantly smaller learning rates for both, biases and weights, than
the other layers. Overall the difference between the largest learning
rate and all others tends to roughly increase over the optimization
process (especially for feut = 1071, green line, last row). There are also
significant jumps in all the curves in contrast to the rather monotonic
increasing line of sgp+Es-criterion. This indicates nontrivial scaling
of the absolute, as well as relative sizes of learning rates throughout
the optimization process; also, no learning rate is smaller than 10~°
times the largest one at each iteration (third row, green line at exactly
Zero).

6.5 Conclusion and Outlook

This chapter presented the Es-criterion, a novel approach to the prob-
lem of determining a good point for early-stopping in gradient-based
optimization. In contrast to existing methods it does not rely on a
held-out validation set and enables the optimizer to make use of all
available training data. We exploit fast-to-compute statistics of the
observed gradient to assess when it represents noise originating from
the finiteness of the training set, instead of an informative gradient di-
rection. The presented method so far is applicable in gradient descent
as well as stochastic gradient descent settings and adds little overhead
in computation, time, and memory consumption. Experimental re-
sults were presented for linear least-squares fitting, logistic regression
and a multi-layer perceptron, proving the general concept to be viable.
Furthermore, preliminary findings on greedy as well as non-greedy
element-wise early-stopping open up the possibility to monitor and
control model fitting with a higher level of detail.
Desirable future research directions are:

* Theoretical analysis of the criterion for convex functions. Under
which assumptions can we be certain to stop in a ‘desirable region’?

* Thorough experimental tests: This chapter provided promising
proof-of concept experiments. The method needs to be tested fur-
ther, especially on non-convex functions which are in a sense ‘out-of
model’, and theoretical guarantees are less accessible .

* Combining of the (element-wise or global) e-criterion with further
search directions like e.g., Rmsprop. This would be a powerful
tool to encode both—learning rate scaling as well as overfitting
prevention—in one solver.

* Clarification of the vague relation to hypothesis testing. Related to
this: possible informative limits which arise due to the uncertainty
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Figure 38: Comparison of RMsproP and
sGD+EB-criterion on a multi-layer per-
ceptron on MNIST, both trained with
batch size is 120. Top row: logarithmic
training loss (light colors) and test loss
(corresponding dark colors) for vanilla
SGD, sSGD+EB-criterion and RMspPrOP (col-
ors in legend). Row 2: fraction of
weights PFeit where learning has been
shut off by the element-wise stopping:
each weight matrix ( ), each bias vec-
tor ( ) and full net ( ). Row 3-7:
same as row 2, but for PfMSPRF for differ-
ent choices of threshold f.,+ which are
indicated in the legends.
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of the EB-criterion itself i. e., constrains on the mini-batch size |B]|
which controls the gradient noise as well as the goodness of the
variances estimator. Also, when is a validation loss too uncertain
or reliable enough to induce a stopping decision, and when the
eB-criterion? This might help to decide which stopping criterion to
use for which datasets and experimental setups.
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Probabilistic Line Searches

N deterministic optimization, line searches are a standard tool en-
I suring stability and efficiency. Where only stochastic gradients are
available, no direct equivalent has so far been formulated, because
uncertain gradients do not allow for a strict sequence of decisions
collapsing the search space. This chapter constructs a probabilistic
line search by combining the structure of existing deterministic meth-
ods with notions from Bayesian optimization. The method retains a
Gaussian process surrogate of the univariate optimization objective,
and uses a probabilistic belief over the Wolfe conditions to monitor
the descent. The algorithm has low computational cost, and no user-
controlled parameters. Experiments show that it effectively removes
the need to define a learning rate for stochastic gradient descent. The
chapter is mostly based on the publications [89] and [90].

7.1  Motivation

Stochastic gradient descent (Chapter 2 § 2.3) is widely used in ma-
chine learning for the optimization of highly multivariate functions
if their gradient is corrupted by noise. This includes the online or
mini-batch training of neural networks, logistic regression [144] [14]
and variational models e. g., [67] [60] [17]. In all these cases, noisy
gradients arise because an empirical risk Lp(w) of the optimization
parameters w € RN, across a large dataset D of size |D| is evaluated
only onani.i.d. sub-sampled set B C D (notation as in Chapter 2). As
argued in Chapter 5, we ill use here that the error Lg(w) — Lp(w) as
well as the error VL (w) — VLp(w) are unbiased and approximately
normal distributed with (co-)variances |B|~'Ap(w) and |B|~1Zp(w)
respectively. Despite its popularity and its low cost per step, sGp has
well-known deficiencies that can make it inefficient, or at least tedious
to use in practice. Two main issues are that, first, the gradient itself,
even without noise, is not the optimal search direction; and second,
SGD requires a step size (learning rate) that has a large effect on the
algorithm’s efficiency, is often difficult to choose well, and virtually
never optimal for each individual descent step. The former issue,
adapting the search direction, has been addressed by many authors
(e.g., [43] for an overview). Existing approaches were discussed in
Chapter 2 § 2.3; they range from lightweight diagonal precondition-
ing approaches like ADAM and ADAGRAD, to empirical estimates for the

[89] Mahsereci and Hennig, “Probabilis-
tic Line Searches for Stochastic Optimiza-
tion,” 2015

[90] Mahsereci and Hennig, “Probabilis-
tic Line Searches for Stochastic Optimiza-
tion,” 2017

[144] Zhang, “Solving Large Scale Lin-
ear Prediction Problems Using Stochas-
tic Gradient Descent Algorithms,” 2004

[14] Bottou, “Large-scale machine learn-
ing with stochastic gradient descent,”
2010

[67] Hoffman et al., “Stochastic varia-
tional inference,” 2013

[60] Hensman, Rattray, and Lawrence,
“Fast variational inference in the conju-
gate exponential family,” 2012

[17] Broderick et al., “Streaming Varia-
tional Bayes,” 2013

[43] George and Powell, “Adaptive step-
sizes for recursive estimation with ap-
plications in approximate dynamic pro-
gramming,” 2006
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natural gradient or the Newton direction [115], to problem-specific al-
gorithms [108]. Most of these algorithms also include an auxiliary
adaptive effect on the learning rate. Schaul, Zhang, and LeCun [119]
provided an estimation method to adapt the learning rate from one
gradient descent step to another using statistics over iterates. Re-
inforcement learning and ‘learning-to-learn” approaches yield more
specialized solvers that are supposed to work well on the same or sim-
ilar problems they were trained on, but they also come with higher
training cost and lower generality.

None of the mentioned algorithms change the size of the current de-
scent step. Accumulating statistics across steps in this fashion requires
some conservatism: If the step size is initially too large, or grows too
fast, sGp can become unstable and ‘explode’, because individual steps
are not checked for robustness at the time they are taken.

As discussed in Chapter 2 § 2.5, essentially the same problem exists
in deterministic (noise-free) optimization problems. There, providing
stability is one of several tasks of the line search subroutine. It is a
standard constituent of algorithms like the classic nonlinear conjugate
gradient [42] and quasi-Newton methods like Bras [100, § 3].1 In the
noise-free case, line searches are considered a solved problem [100,
§ 3]. But the methods used in deterministic optimization are not
stable to noise. They are easily fooled by even small disturbances,
either becoming overly conservative or failing altogether. The reason
for this brittleness is that existing line searches take a sequence of hard
decisions to shrink or shift the search space. This yields efficiency,
but breaks hard in the presence of noise. Section 7.2 constructs a
probabilistic line search for noisy objectives, stabilizing the stochastic
gradient decent algorithm.

7.2 From Classic to Probabilistic Line Searches

Chapter 2.5 introduced the concept of a classic lines search and the
Wolfe terminations conditions (§ 2.5.1). This chapter will construct
a probabilistic line search which operates in a similar scheme as its
classic sibling, but reacts robustly to noise corrputed observations of
the univariate function f(a) and its gradient f’(a) (same notation as
in § 2.5). The exposition in § 7.4 will initially focus on the weak Wolfe
conditions, which can be precisely modeled probabilistically. Section
7.4 then adds an approximate treatment of the strong form.

Consider minimizing f(«) = Lp(w(a)) where w(a) = wy + ap;
and @« € Ry. That is, the algorithm can access only noisy function
values and gradients y(«), y’ («) atlocation «, with Gaussian likelihood

[115] Roux and Fitzgibbon, “A fast natu-
ral Newton method,” 2010

[108] Rajesh et al., “An Adaptive Learn-
ing Rate for Stochastic Variational Infer-
ence,” 2013

[119] Schaul, Zhang, and LeCun, “No
more pesky learning rates,” 2013

[42] Fletcher and Reeves, “Function min-
imization by conjugate gradients,” 1964

[100] Nocedal and Wright, Numerical Op-
timization, 1999

1 As mentioned in § 2.5, in these algo-
rithms, another task of the line search
is to guarantee certain properties of the
surrounding estimation rule. In BFGs,
e.g., it ensures positive definiteness of
the Hessian estimate. This aspect will
not feature here.

[100] Nocedal and Wright, Numerical Op-
timization, 1999
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v | @] [op@ o
v @] o @

The Gaussian form is supported by the Central Limit argument of

py(a),y(a)| f(a)) =N

Chapter 5. The function value y(«) and the gradient y’ () are assumed
independent for simplicity.”> Each evaluation of f(a) uses a newly
drawn mini-batch. We will also use the notation t := #/«;, which
expresses the input domain of f in units of &, for convenience. With
this: w(t) = w; + tagp, t € Ry and f(t) := f(a(t)) et cetera.’

The probabilistic line search is modeled after the classic line search
routine minimize.m* and translates each of its ingredients one-by-one
to the language of probability. The three main ingredients are: A
robust yet lightweight Gaussian process surrogate on f(t) facilitating
analytic optimization (§ 7.2.1); a simple Bayesian optimization objec-
tive for exploration (§ 7.3); and a probabilistic formulation of the Wolfe
conditions as a termination criterion (§ 7.4). Appendix D contains a
detailed pseudocode while Algorithm 4 sketches the structure of the
probabilistic line search and highlights its essential ingredients.

1: function PROBLINESEARCHSKETCH(S, Vo, y(’), Tfyr (Tfé)
2: gpP <—INITGP(]/0, ]/6, Ofyr Ufé)
3: T,Y, Y <—initSTorRAGE(D, Yo, V() / for observed points
4 t+1 // location of initial candidate
5:
6: while budget not used and no Wolfe-point found do
7: [y, y'] « f(¢) /| evaluate objective
8: T,Y,Y' <~ upPDATESTORAGE(t, i, ')
9: GP «uprpateGP(t, v, y')
10: pWolfe _prosWoLre(T, GP)  // Wolfe probabilities at T
11:
12: if any PVolf¢ above Wolfe threshold cyy then
13: return Wolfe-point
14: else
15: Teand ¢ COMPUTECANDIDATES(GP)
16: EI <—exPECTEDIMPROVEMENT(T;and, GP)
17: PW +PrOBWOLFE(Tang, GP)
18: t < where (PW ® EI) is maximal  / best candidate
19: end if
20: end while
21:
22: // no Wolfe point found during budget
23: return observed location in T with lowest Gp mean

24: end function

(106)

25ee §7.4.1and Appendix C.3 regarding
estimation of the variances 0’%, 0’%,.

3 The notation for the scaled step size t
is now also overloaded with the index
of the # iteration, usually denoted as
subscript rather than input to a function,
e.g., asin w;.

minimize.m was introduces in § 2.5.
At the time of writing, it can be
found here: http://learning.eng.cam.ac.
uk/carl/code/minimize/minimize.m.

Algorithm 4: Sketch of probabilistic
line search. Like Algorithm 2 (classic
line search), the main algorithm con-
sists of a loop which alternates between
evaluating Lz and VL, then checking
all evaluated points for acceptance (by
probabilistic Wolfe conditions), and find-
ing new candidates for evaluation by
lightweight Bayesian optimization. The
latter is done by the subroutine com-
PUTENEXTCANDIDATES which uses the
univariate Gp as model and returns up
to |T| locations (at most one per cell
and one extrapolation point). Then a
promising point is selected among the
candidates which maximizes the prod-
uct of the expected improvement and the
Wolfe probability, and the loop repeats.
Note that again all relevant quantities (v,
y’ , t, etc.) are scalar, which means that
besides evaluating f, the probabilistic
line search virtually adds no overhead to
the optimization routine. Also the abil-
ity of ‘immediately-accept’ after the very
first function evaluation (lines 12,13) ex-
hibited by classic line searches is re-
tained , such that well scaled initial trials
ag (f = 1) add no overhead.


http://learning.eng.cam.ac.uk/carl/code/minimize/minimize.m
http://learning.eng.cam.ac.uk/carl/code/minimize/minimize.m
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7.2.1 Integrated Wiener Process Surrogate
We model information about the objective in a probability measure
p(f). There are two requirements on such a measure: First, it must
be robust to irregularity (low and high variability) of the objective.
And second, it must allow analytic computation of discrete candidate
points for evaluation, because a line search should not call yet another
optimization subroutine itself. Both requirements are fulfilled by a
once-integrated Wiener process, i.e., a zero-mean Gaussian process
prior p(f) = GP(f;0,k) with covariance function

k(1) = 02 %mn@(f, )+ ol — ¢ min’( 7)) (107)
Here f := t+ 7 and I := ' 4+ T denote a shift by a constant T > 0.
This ensures this kernel is positive semi-definite, the precise value T
is irrelevant as the algorithm only considers positive values of t (the
implementation uses T = 10). See § 7.4.1 regarding the scale 2. With
the likelihood of Eq. 106, this prior gives rise to a Gp posterior whose
mean function is a cubic spline [138].5-6

Because Gaussian distributions are closed under linear maps, Eq. 107
implies a Wiener process (linear spline) model on f':

fl (o] [k K

. £l = ; 1
p(fif') =GP ool | | ) (108)
with (using the indicator function I(x) = 1 if x, else 0)
ok(t, t") 2 o, P2
) ) — ’ —p2 AN > ¢/ 1
K 57 0 {]I(t<t)2+11(t_t)<tt 2)}
ok(t,t') #2 ., P
) )= ’ —p2 / S b
k 51 6 {]I(t < t) 5 +1I(t' > t) <tt 2)} (109)
9%k(t,t') -
010 .__ 4 — 02 mi /
k% = Y 6 min(f, ).

Given a set of evaluations (T,Y,Y’) (vectors, with elements ¢;, Y, yéi,
i=1,..., M)withindependentlikelihood 106, the posterior p(f | Y, Y')
is a Gp with posterior mean function y# and covariance function k as

follows:
i -1
ut)| | ke K | |krT+oFl K7 Y
_V/(t) %kt K%y %krr KO pr 4+ 0% 1 y'|’
=:gT(t)
’:‘(fr t') ’{a(t/ ) _ | ke Ky | g7 (t) kry Koy
9k (t, 1) KO(t, 1) Uy Ky kpr k0 rp

[109] Rasmussen and Williams, Gaussian
Processes for Machine Learning, 2006

[138] Wahba, Spline models for observa-
tional data, 1990

5 Eq. 107 can be generalized to the ‘nat-
ural spline’, removing the need for the
constant T [109, § 6.3.1]. However, this
notion is ill-defined in the case of a single
observation, as in the line search.

6 As stated in Chapter 1.4, regression on
f and f’ from M observations of pairs
(y,y') can be formulated as a filter and
thus performed in O(M) time. However,
since a line search typically collects < 10
data points, generic Gp inference, using
a Gram matrix, has virtually the same,
low cost.

(110)
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The posterior marginal variance will be denoted by V (t) = k(t, t). To
see that y is indeed piecewise cubic (i. e., a cubic spline), we note that
it has at most three non-vanishing derivatives’, because

2 ’k(t,t) ., , e 3k(t, 1)
ktt/ = = 9 ]I(t S t ) ktt/ =
ot? ot3
2o . Ok(tt) / o . Ok(tt)
k t = at2at/ — _6 ]I(t S t ) k t = at3at/ —

This piecewise cubic form of y is beneficial for our purposes: having
collected M values of f and f’, respectively, all local minima of y can
be found analytically in O(M) time in a single sweep through the
‘cells’ t; 1 <t < t,i=1,...,M (here ty = 0 denotes the start loca-
tion, where (v, y;) are ‘inherited’ from the preceding line search. For
typical line searches M < 10, c.f. § 7.5. In each cell, u(t) is a cubic poly-
nomial with at most one minimum in the cell, found by an inexpen-
sive quadratic computation from the three scalars p/(t;), 1" (t;), u"' (t;).
This is in contrast to other Gp regression models—for example the one
arising from a squared exponential kernel—which give more involved
posterior means whose local minima can be found only approximately.

Another advantage of the cubic spline interpolant is that it does not
encode the existence of higher derivatives (in contrast to the Gaussian
kernel, for example), and thus reacts robustly to irregularities in the
objective. In our algorithm, after each evaluation of (yu,y),), we
use this property to compute a short list of candidates for the next
evaluation, consisting of the < M local minimizers of y(t) and one
additional extrapolation node at tmax + text, Where tmax is the currently
largest evaluated t, and fex; is an extrapolation step size starting at
text = 1 and doubled after each extrapolation step.

A conceptual rather than algorithmic motivation for using the
IWP as surrogate, are classic line searches. There, the 1D-objective
is modeled by piecewise cubic interpolations between neighboring
datapoints. In a sense, this is a non-parametric approach, since a new
spline is defined, when a datapoint is added. Classic line searches
though always only deal with one spline at a time, since they are able
to collapse/rule out all other parts of the search space. Indeed, for
noise-free observations, the mean of the posterior 1w is identical to
the classic cubic interpolations, and thus candidate locations are iden-
tical as well (Figure 39 for illustration). The non-parametric approach
also prevents issues of over-constrained surrogates for more than two
datapoints. For example, unless the objective is a perfect cubic func-
tion, it is impossible to fit a parametric third order polynomial to it,
for more than two noise-free observations. All other variability in the
objective would need to be explained away by artificially introducing
noise on the observations. An integrated Wiener process very natu-
rally extends its complexity with each newly added datapoint without

= 02M(t < t')(t' —t)

(111)

7 There is no well-defined probabilistic
belief over f” and higher derivatives—
sample paths of the Wiener process are
almost surely non-differentiable almost
everywhere [1, § 2.2]. But pu(t) is al-
ways a member of the reproducing ker-
nel Hilbert space induced by k, thus
piecewise cubic [109, § 6.1].

Figure 39: Integrated Wiener process.
Gp marginal posterior of function values.
posterior mean u ( ), and +2V/V
( ), local pdf marginal shaded; func-
tion value observations (—&—) (corre-
sponding gradients not shown). Classic
interpolation by piecewise cubic spline
( ). Top: Exact observations (of =
0); the mean of the cp and the cubic
spline interpolator of a classic line search
coincide. Bottom: Same observations
with additive Gaussian noise (error-bars
indicate +0y); noise-free interpolator of
top plot (- - - ) for comparison. The clas-
sic interpolator ( ), which exactly
matches the observations, becomes un-
reliable, the Gp reacts robustly to noisy
observations while the gp-mean still con-
sists of piecewise cubic splines.

[1] Adler, The Geometry of Random Fields,
1981

[109] Rasmussen and Williams, Gaussian
Processes for Machine Learning, 2006
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being overly assertive — the encoded assumption is, that the objective
has at least one derivative which is also observed in this case.
REMARK:  The current design of the probabilistic line search considers the
cp-mean but not the variance for candidate selection. For the integrated
Wiener process (1wp) and heteroscedastic noise, the variance V(t) always
attains its maximum exactly at the mid-point between two evaluations. In-
cluding the variance into the candidate proposal biases the existing candidates
towards the center. Additional candidates might occur between evaluations
without local minimizer, even for noise-free observations/classic line searches.
We did not explore this further since the algorithm showed very good sample
efficiency already with the adopted scheme, and has the possibly desirable
property of reverting to the classic candidate proposal for noise-free observa-
tions.

7.3 Lightweight BayesOpt for Candidate Selection

The previous section described the construction of < M discrete candi-
date points for the next evaluation. To decide at which of the candidate
points to actually call f and f’, we make use of a popular acquisition
function from Bayesian optimization. Expected improvement ([71], in-
troduced in Chapter 4 § 4.1 Eq. 85) is the expected amount, under
the Gp surrogate, by which the function f(¢) might be smaller than
a ‘current best’ value 1 (we set 7 = min;—q _pm{u(t;)}, where t; are
observed locations),

2 27T

ug (t) = ’7_7?‘(” (1 +erf17_y(t)> + V(1) exp (_(’7_74(0)2

2V (1) 2V (t)
The next evaluation point is chosen as the candidate maximizing the

Wolfe ‘which is derived in

Wolfe

product of Eq. 112 and Wolfe probability p
the following section. The intuition is that p precisely encodes

properties of desired points, but has poor exploration properties; uy;

has better exploration properties, but lacks the information that we are

seeking a point with low curvature; ug, thus puts weight on, by W-II,
clearly ruled out points. An illustration of the candidate proposal and

selection is shown in Figure 40.

REMARK:  Inprinciple other acquisition functions, e. g., the upper-confidence
bound, cp-ucs [130], Eq. 85, are possible, which might have a stronger ex-

plorative behavior; we opted for ug, since exploration is less crucial for line

searches than for general Bo and some, e.g., GP-ucs, had one additional

parameter to tune. We tracked the sample efficiency of uy, instead and it was

very good (low), and comparable to the one of classic line searches. The exper-

imental Subsection 7.5.3 contains further comments and experiments on the

Wolfe

alternative choices of u, and p as standalone acquisition functions; they

).

[71] Jones, Schonlau, and Welch, “Effi-
cient global optimization of expensive
black-box functions,” 1998

(112)

[130] Srinivas et al., “Gaussian Process
Optimization in the Bandit Setting: No
Regret and Experimental Design,” 2010
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performed equally well in terms of loss and sample efficiency to their product
on the tested setups.
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7.4  Probabilistic Wolfe Conditions for Termination

The key observation for a probabilistic extension of the Wolfe con-
ditions W-I and W-II is that they are positivity constraints on two

Figure 40: Candidate selection by
Bayesian optimization. Top and bottom:
Gp marginal posterior of function values
and gradients respectively (colors as in
Figure 39); newly collected evaluations
(®/®). Locations of the two candidates
as vertical lines ( ). The left one at
about #a4 ~ 1.54 is a local minimum
of the mean p (the gradient mean p’
crosses through zero here); the right one
at 5"! = 4 is a candidate for extrap-
olation. Bottom: Decision criterion in
arbitrary scale: Expected improvement
Ug (- - -, Eq. 112), the Wolfe probabil-
ity pWelfe ( , Egs. 115, 117), their de-
cisive product ( ). For illustrative
purposes all criteria are plotted for the
whole t-space. In practice solely the val-
ues at £5°"d and 5?4 are computed, com-
pared, and the candidate with the higher
value of u, - pw"lfe is chosen for evalua-
tion. In this example this would be the
candidate at £,

Figure 41: Acceptance procedure. Top
and middle: plot and colors as in Fig-
ure 40 with an additional observation
(®). Bottom: Implied bivariate Gaussian
belief over the validity of the Wolfe con-
ditions (Eq. 114a) as contours at the red,
blue and green point respectively. Points
are considered acceptable if their Wolfe
probability p}¥°lf¢ is above a threshold
cw = 0.3; this means that at least 30% of
the orange 2D Gauss density must cover
the shaded area ( ). Only the point
o fulfills this condition and is therefore
accepted.
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Figure 42: Curated snapshots of line
searches (from N-I on MNIST), show-
ing variability of the objective’s shape
and the decision process. Top row:
variables f and f/: Gp marginal posterior of function values

and evaluations, bottom row: approxi-
Wolfe

variables a;, b; that are both linear projections of the jointly Gaussian

mate p over strong Wolfe conditions.
f (0) Accepted point marked red.
1 t -1 0 "0
- “a FO Sy (113)
by 0 - 0 1] |f®

The cp of Eq. 108 on f thus implies, at each value of ¢, a bivariate
Gaussian distribution
a(t)| |mo(t)| [C™(t) C®(t)

(1) =N ; , , a
p(a(t),b(t)) o] Lo ||ty covey (114a)

m(t) = u(0) — u(t) + crtp’(0)
m®(t) = ' (t) — e’ (0) (114b)
C™ (t) = koo + (c1t)*%Kg + ket + 2[crt (K — “Kor) — Kol
CP(t) = 3%3y — 2c2%k9; + kY, (114c¢)
C(t) = C(t) = —ca(kGy + c1tkGy) + 2%k + %y + c1t%K%; — K.

The quadrant probability p"Wolfe(¢) = p(a(t) > 0 A b(t) > 0) for the
Wolfe conditions to hold, is an integral over a bivariate normal proba-
bility,

pwolie ) — [ T on (MO0 PO dagance, (115)

mA(t) mb(t)

RGO chb(t) b(t) 0 P(t) 1

8 e.g., http://www.math.wsu.edu/faculty/

with correlation coefficient p(t) = C%(t)/+/C%(t)CP(t). Tt can be genz/software/matlab/bvn.m

computed efficiently [33], using readlly available code.8 The line [33] Drezner and Wesolowsky, “On the
computation of the bivariate normal in-

search computes this probability for all evaluation nodes, after each
tegral,” 1990

evaluation. If any of the nodes fulfills the Wolfe conditions with


http://www.math.wsu.edu/faculty/genz/software/matlab/bvn.m
http://www.math.wsu.edu/faculty/genz/software/matlab/bvn.m
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pWolfe(t) > ¢y, greater than some threshold 0 < ¢y < 1, itis accepted
and returned. If several nodes simultaneously fulfill this requirement,
the most recently evaluated node is returned.’ Section 7.4.1 below
motivates fixing cyy = 0.3. The acceptance procedure is illustrated in
Figure 41.

Approximation for Strong Conditions:

As noted in Chapter 2 § 2.5.1, deterministic optimizers tend to use the
strong Wolfe conditions, which use | f/(0)| and | f/(t)|. A precise exten-
sion of these conditions to the probabilistic setting is numerically tax-
ing, because the distribution over |f’| is a non-central x-distribution,
requiring customized computations. However, a straightforward vari-
ation to Eq. 115 captures the spirit of the strong Wolfe conditions, that
large positive derivatives should not be accepted: Assuming f’(0) < 0,
i.e., that the search direction is a descent direction, the strong second
Wolfe condition can be written exactly as

0 < b(t) = F(1) — e2f'(0) < —26f(0). (116)
The value —2c; f'(0) is bounded to 95% confidence by
—26,'(0) < 2¢» (|y’(0)| +2\/v/(0)) =:b. (117)

Hence, an approximation to the strong Wolfe conditions can be reached
by replacing the infinite upper integration limit on b in Eq. 115 with
(b —mP(t))/+/CV(t). The effect of this adaptation, which adds no
overhead to the computation, is shown in Figure 43 as a dashed line.

74.1 Eliminating Hyper-parameters

As a black-box inner loop, the line search should not require any tun-
ing by the user. The preceding section introduced six so-far undefined
parameters: c1,cp,cp, 0, af,0p. We will now show that ¢y, ¢y, ¢y, can
be fixed by hard design decisions: 6 can be eliminated by standard-
izing the optimization objective within the line search; and the noise
levels can be estimated at runtime with low overhead for finite-sum
objectives of the form in Eq. 28. The result is a parameter-free al-
gorithm that effectively removes the one most problematic parameter
from sgp—the learning rate.

Design Parameters c1,cp, cyy

The algorithm inherits the Wolfe thresholds c; and ¢, from its deter-
ministic ancestors. We set c; = 0.05 and ¢, = 0.5. This is a standard
setting that yields a ‘lenient’ line search, i.e., one that accepts most

9 There are additional safeguards for
cases where e.g. no Wolfe-point can be
found, which can be deduced from the
pseudo-code in Appendix D; they are
similar to standard safeguards of classic
line search routines, e.g., returning the
node of lowest mean.
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Figure 43: Sketch of a probabilistic line
search. As in Figure 21, the algorithm
performs extrapolation (®,®,®) and in-
terpolation (®,0), but receives unreli-
able, noisy function and gradient values.
These are used to construct a Gp poste-
rior (top: colors as in Figure 40, three
dashed sample paths). This implies a bi-
variate Gaussian belief (§ 7.4) over the
validity of the weak Wolfe conditions
(middle three plots. p,(t)is the marginal
for W-I, py (t) for W-II, p(t) their correla-
tion). Points are considered acceptable if
their joint probability p"¥olfe(t) (bottom)
is above a threshold (gray horizontal).
An approximation to the strong Wolfe
conditions is shown dashed.
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descent points. The rational is that line searches shall not waste ex-
pensive evaluations, since more precise, or strict line searches usually
do not yield a better performance of the outer optimizer.

The acceptance threshold cyy is a new design parameter arising only
in the probabilistic setting. We fix it to cy = 0.3. To motivate this
value, first note that in the noise-free limit, all values 0 < ¢y < 1 are
equivalent, because p"Volfe then switches discretely between 0 and 1
upon observation of the function. A back-of-the-envelope computa-
tion, assuming only two evaluations at t = 0 and ¢ = t; and the same
fixed noise level on f and f’ (which then cancels out), shows that
function values barely fulfilling the conditions, i.e., a(t;) = b(t;) =0,

Wolfe , 0.2 while function values at a(t;) = b(t;) = —e for

can have p
€ — 0 with “unlucky’ evaluations (both function and gradient values
one standard-deviation from true value) can achieve p"°lf¢ ~ 0.4. The
choice cyy = 0.3 balances the two competing desiderata for precision
and recall. Additionally, for a fixed mean [m®, m"]
ance (roughly det [cov|a, b]] — o0), it is that p*olf¢ 5 0.25. Since the

line search should not accept completely uninformative points, the

T and large covari-

threshold cy should lie above this value. Empirically (Figure 42), we
rarely observed values of p"°!f¢ close to this threshold. Even at high
evaluation noise, a function evaluation typically either clearly rules
out the Wolfe conditions, or lifts p"!f¢ well above the threshold.

Scale 0

The parameter 6 of Eq. 107 simply scales the prior covariance. It can
be eliminated by scaling the optimization objective: We set 6 = 1
and scale y; < (vi=¥0)/|y}|, y; < ¥i/ |yy| within the code of the line search.
This givesy(0) = 0and y’(0) = —1, and typically ensures the objective
ranges in the single digits across 0 < t < 10, where most line searches
take place. The division by |y(| causes a non-Gaussian disturbance,
but this does not seem to have notable empirical effect.

REMARK:  The assumption behind this scaling is that the initial step size
provides a rough estimate of where we expect to see a Wolfe point. This is
especially true if the learning rate is well scaled from previous line searches.
For the Wiener kernel, scaling f' with 62 is equivalent to scaling the input t
with 6%. We would like u(t) + /V'(t) to cross zero at about t = &/u; = 1,
ie., 0~ |y

; this is approximated by scaling yo and y(, as mentioned above.

Noise Scales O, O

The likelihood 106 requires standard deviations for the noise on both
function values (0f) and gradients (cy). One could attempt to learn
these across several line searches. However, in empirical risk models,
as captured by Eq. 28, the variance of the loss and its gradient can be
estimated directly for the mini-batch, at low computational overhead
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As described in Chapter 5, we collect the empirical statistics 3(w) and
A(w) (Egs. 90 and 91 respectively) during each evaluation of Lg and
VLjp and set

?=A@w(©0) and 0% = (pF?) E(w(0)) (118)

at the beginning of a line search. This amounts to the assumption that
noise on the gradient is independent. We finally scale the two empiri-
cal estimates: oy <o /[y'(0)], and ditto for oy, in the same style as y
and y'. The overhead of this estimation is rather small if the computa-
tion of £(x, y;) itself is more expensive than the summation over j. For
neural networks the factor is upper bounded by 1.3 (Chapter 5.2).

Propagating Step Sizes Between Line Searches

As will be demonstrated in §7.5, the line search can find good step
sizes even if the length of the direction s; is mis-scaled. Since such
scale issues typically persist over time, it would be wasteful to have the
algorithm re-fita good scale in each line search. Instead, we propagate
step lengths from one iteration of the search to another: We set the
initial search direction to pg = —aV L (wp) with some initial learning
rate ag. Then, after each line search ending at w;1 = w; + t{py,
the next search direction is set to py = —aext - ;o VLg(wy) (with
&ext = 1.3). Thus, the next line search starts its extrapolation at 1.3
times the step size of its predecessor (Section 7.5.2 discusses details).

7.4.2 Relation to Bayesian Optimization and Noise-Free Limit

The probabilistic line search algorithm is closely related to Bayesian
optimization (o) discussed in Chapter 4 § 4.1 since it approximately
minimizes a (1D-)objective under potentially noisy function evalua-
tions. Similarities to Bo mostly lie in the model structure, e.g., a
Gp-surrogate for the objective, and an acquisition function to discrim-
inate locations for the next evaluation of the loss; but there are some
differences to Bo concerning the aim, requirements on computational
efficiency, and termination condition, which are shortly discussed
here: (i) Performance measure: The final performance in Bo is usu-
ally measured by the lowest found value of the objective function.
Line searches are subroutines inside of a greedy, iterative optimiza-
tion machine, which often performs several thousand steps (and line
searches); many, very approximate steps often performs better overall
than taking less, but preciser steps. (ii) Termination: The line search, in
contrast to Bo, has access to a clear measure when an evaluated point
is ‘good enough’. This stopping decision is encoded in the Wolfe ter-
mination conditions and is imposed from the outside. Stricter Wolfe
conditions do not usually improve the performance of the outer op-
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timizer, thus, no matter if a better (lower) minimum could be found,
any Wolfe-point is acceptable at all times. This especially enables the
line search to ‘immediately-accept’ the first evaluated node, a key fea-
ture to an efficient line search routine. (iii) Sample efficiency: Since the
last evaluation from the previous line search can be re-used in the
current line search, only one additional value and gradient evaluation
is enough to terminate the procedure. This ‘immediate-accept’ is, in
contrast to Bo, the desired behavior if the learning rate is currently well
calibrated. (iv) Locations for evaluation: Bo, usually calls an optimizer
to maximize the acquisition function, and the preciseness of this opti-
mization is crucial for performance. Line searches just need to find a
Wolfe-acceptable point. Classic line searches suggest, that it is enough
to look at plausible locations, like minimizer of a local interpolator, or
some rough extrapolation point; this inexpensive heuristic usually
works rather well. (v) Exploration: Bo needs to solve an intricate trade-
off problem in between exploring enough of the parameters space for
possible locations of minima, and exploiting locations around them
further. Since line searches are only concerned with finding a Wolfe-
point, they do not need to explore the parameter space of possible
step sizes to that extend; crucial features are rather the possibility
to explore somewhat larger steps than previous ones (which is done
by extrapolation-candidates), and likewise to shorted steps (which is
done by interpolation-candidates).

Noise-Free Limit

In the limit of noise-free observed gradients and function values
((Tf =0p = 0) the probabilistic line search reverts to its classic parent:
The cp-mean is identical to the classic interpolator, all candidate lo-
cations are thus identical, too. The Wolfe probability becomes binary
and is identical to the classic Wolfe conditions (1 for fulfilled, and
0 otherwise). The only slight difference is that the probabilistic line
search always also proposes one extrapolation candidate/ a second
option, since it does not collapse the search space strictly. Thus, in
rare cases, another candidate might be chosen for evaluation (which
is subject to the same Wolfe conditions).

7.4.3 Implementation

The line search routine itself has little memory and time overhead,
comparable to a classic line search; most importantly it is independent
of the dimensionality N of the optimization problem.



Computational Time Overhead

After every call of the objective function, the Gp needs to be updated,
which at most is at the cost of inverting a 2M x 2M-matrix, where M
usually is equal to 1,2, or 3 but never > 10. In addition, the bivariate

Wolfe

normal integral p of Eq. 115 needs to be computed at most M times.

Wolfe 4sts about 100 microseconds.

On a laptop, one evaluation of p
For the choice among proposed candidates (§ 7.3), again at most M,
for each, we need to evaluate p"o!f¢ and u,, (Eq. 112) where the latter
comes at the expense of evaluating two error functions. Since all of
these computations have a fixed cost (in total some milliseconds on
a laptop), the relative overhead becomes less the more expensive the
evaluation of VLg(w).

The largest overhead is due to the estimation of vy and lies out-
side of the actual line search routine. The computation of the sample
variance ¥, increase the cost of evaluating VLg of a constant factor
that, for neural networks, can be upper bounded by < 1.3, but is
usually smaller in practice (Chapter 5). At the same time though, all
exploratory experiments which very considerably increase the time
spend when using sGp with a hand tuned learning rate schedule need
not be performed anymore. In Section 7.5.1 we will also see that
sGD using the probabilistic line search often needs less function eval-
uations to converge, which might lead to overall faster convergence

than classic sGp in a single run.

Memory Requirement

Vanilla sGp, at all times, keeps around the current optimization param-
eters w € RN and the gradient vector VLg(w) € RN. In addition to
this, the probabilistic line search needs to store the estimated gradient
variances (w) (Eq. 118) of same size. The memory requirement of
sGD+PROBLS is thus comparable to ADAGRAD or apam. If combined
with a search direction other than sGp, always one additional vector
of size N needs to be stored.

7.5  Experiments

This section reports on an extensive set of experiments to characterise
and test the line search. The overall evidence from these tests is that
the line search performs well and is relatively insensitive to the choice
of its internal hyper-parameters as well as the mini-batch size. We
performed experiments on two multi-layer perceptrons N-I and N-II;
both were trained on two well known datasets MNIST and CIFAR-10.

* N-I: fully connected net with 1 hidden layer and 800 hidden units
+ biases, and 10 output units, sigmoidal activation functions and

EXPERIMENTS | 111
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a cross entropy loss. Structure without biases: 784-800-10. Many

authors used similar nets and reported performances.!0

* N-II: fully connected net with 3 hidden layers and 10 output units,
tanh-activation functions and a squared loss. Structure without bi-
ases: 784-1000-500-250-10. Similar nets were also used for example
in [91] and [132].

e MNIST [82]: multi-class classification task with 10 classes: hand-
written digits in gray-scale of size 28 x 28 (numbers ‘0" to '9"); train-
ing set size 60 000, test set size 10 000.

e CIFAR-10 [76]: multi-class classification task with 10 classes: color
images of natural objects (horse, dog, frog,...) of size 32 x 32;
training set size 50 000, test set size 10 000; like other authors,
we only used the “batch 1” sub-set of CIFAR-10 containing 10 000

training examples.

In addition, we train logistic regressors with sigmoidal output (IN-1II)
on the following binary classification tasks:

* Wisconsin Breast Cancer Dataset (WDBC) [140]: binary classifica-
tion of tumors as either ‘malignant” or ‘benign’. The set consist of
569 examples of which we used 169 to monitor generalization per-
forming; thus 400 remain for the training set; 30 features describe
for example radius, area, symmetry, et cetera. In comparison to the
other datasets and networks, this yields a very low dimensional
optimization problem with only 30 (+1 bias) input parameters as
well as just a small number of datapoints.

e GISETTE [52]: binary classification of the handwritten digits ‘4’
and ‘9. The original 28 x 28 images are taken from the MNIST dat-
set; then the feature set was expanded and consists of the original
normalized pixels, plus a randomly selected subset of products of
pairs of features, which are slightly biased towards the upper part
of the image; in total there are 5000 features, instead of 784 as in the
original MNIST. The size of the training set and test set is 6000 and
1000 respectively.

e EPSILON: synthetic dataset from the PASCAL Challenge 2008 for
binary classification. It consists of 400 000 training set datapoint
and 100 000 test set datapoints, each having 2000 features.

In the text and figures, sGp using the probabilistic line search will
occasionally be denoted as sGp+rPrOBLS. Section 7.5.1 contains exper-
iments on the sensitivity to varying gradient noise levels (mini-batch
sizes |B|) performed on both multi-layer perceptrons N-I and N-II,
as well as on the logistic regressor N-III. Section 7.5.2 discusses sen-
sitivity to the hyper-parameters choices introduced in Section 7.4.1

10 http://yann.lecun.com/exdb/
mnist/

[91] Martens, “Deep learning via
Hessian-free optimization,” 2010

[132] Sutskever et al., “On the impor-
tance of initialization and momentum in
deep learning,” 2013

[82] LeCun et al., “Gradient-based learn-
ing applied to document recognition,”
1998

[76] Krizhevsky and Hinton, “Learning
multiple layers of features from tiny im-
ages,” 2009

[140] Wolberg, Street, and Mangasarian,
UCI Machine Learning Repository: Breast
Cancer Wisconsin (Diagnostic) Data Set,
2011

[52] Guyon et al., “Result Analysis of the
NIPS 2003 Feature Selection Challenge,”
2005


http://yann.lecun.com/exdb/mnist/
http://yann.lecun.com/exdb/mnist/
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and Section 7.5.3 contains additional diagnostics on step size statistics.
Each single experiment was performed 10 times with different ran-
dom seeds that determined the starting weights and the mini-batch
selection and seeds were shared across all experiments. We report all
results of the 10 instances as well as means and standard deviations.

7.5.1 Varying Mini-batch Sizes

The noise level of the gradient estimate VLg(w) and the loss Lg(w)
is determined by the mini-batch size | 3| and ultimately there should
exist an optimal |B| that maximizes the optimizer’s performance in
CPU-time. In practice of course the performance is not necessarily
linear in |B| since it is upper bounded by the memory capacity of the
hardware used. We suppose here, that the mini-batch size is chosen by
the user; thus we test the line search with the default hyper-parameter
setting (c; = 0.05, c = 0.5, cy = 0.3, aext = 1.3) on four different

mini-batch sizes:
* |B| = 10,100,200 and 1000 (MNIST, CIFAR-10, and EPSILON)
e |B| =10,50,100, and 400 (WDBC and GISETTE)

which correspond to increasing signal-to-noise ratios. Since the train-
ing set of WDBC only consists of 400 datapoints, the run with the
largest mini-batch size of 400 in fact runs full-batch gradient descent
on WDBC,; this is not a problem, since—as discussed above—the prob-

abilistic line search can also handle noise-free observations.!! We com- 1 since the dataset size |D| of WDBC
is very small, we used the factor
(ID1-1Bl)/(18||D|) instead of 1/|B| to scale
tectures, and an annealed step size with annealing schedule a; = «o/t. the variances of Eq. 5.1. The former
encodes sampling mini-batches B with
replacement, the latter without replace-
step sizes, we will only report on the latter results in the plots.12 Since ment; for |B| < |D| both factors are
nearly identical.

pare to sGp-runs using a fixed step size which is typical for these archi-
Because annealed step sizes performed much worse than sGp+fixed

classic sGp without the line search needs a hand crafted learning rate,
we search on exhaustive logarithmic grids of
aNT —1107°,5.1075,107%,5-1074,1073,5-1073,1072,5-1072,10"},5- 107 1]
al — (oM 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0]
a1 —11078,1077,107%,107°,107%,1072,1072,107 1, 10%, 10%, 10].

SGD

. ey 1 . . .. 12 .
We run 10 different initialization for each learning rate, each mini- An example of annealed step size per-
. . . formance can be found in [89].
batch size, each net, and each dataset combination (10-4- (2-1042-

17 4+ 3 - 11) = 3480 runs in total) for a large enough budget to reach

convergence and report all numbers. Then, we perform the same [89] Mahsereci and Hennig, “Probabilis-
experiments using the same seeds and setups with sGp using the ?CLif;gf;mhesforStOChaStiCOpﬁmiza'
ion,

probabilistic line search and compare the results. For sGp+proBLS,
&scp is the initial learning rate ag which is used in the very first step.
After that, the line search automatically adapts the learning rate, and
shows no significant sensitivity to its initialization.
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Results of N-I and N-II on both, MNIST and CIFAR-10 are shown
in Figures 44, 60, 61, and 62; results of N-III on GISETTE, WDBC
and EPSILON are shown in Figures 63, 64, and 65 respectively. All
instances (sGp and sGp+pPrOBLS) get the same computational budget
(number of mini-batch evaluations) and not the same number of opti-
mization steps. The latter would favour the probabilistic line search
since, on average, a bit more than one mini-batch is evaluated per step.
Likewise, all plots show performance measure versus the number of
mini-batch evaluations, which is proportional to the computational
cost.

All plots show similar results: While classic sGp is sensitive to the

learning rate choice, the line search-controlled sGp performs as good,
close to, or sometimes even better than the (in practice unknown) opti-
mal classic sGp instance. In Figure 44, for example, sGp+pProBLS con-
verges faster to a good test set error than the best classic sGp instance.
In all experiments, across a reasonable range of mini-batch sizes |B|
and of initial asgp, values, the line search quickly identified good step
sizes a;, stabilized the training, and progressed efficiently, reaching
test set errors similar to those reported in the literature for tuned ver-
sions of these kind of architectures and datasets. The probabilistic line
search thus effectively removes the need for exploratory experiments
and learning-rate tuning.
REMARK:  The training error of scD+PROBLS often plateaus earlier than
the one of vanilla sGp, especially for smaller mini-batch sizes. This does not
seem to impair the performance of the optimizer on the test set. We did not
investigate this further, since it seemed like a nice natural annealing effect,
but the exact causes are unclear for now. One explanation might be that the
line search does indeed improve overfitting, since it tries to measure descent
(by Wolfe conditions which rely on the noise-informed cp). This means that
if—close to a minimum—successive acceptance decisions can not identify a
descent direction anymore, diffusion might set in.

7.5.2  Sensitivity to Design Parameters

Most, if not all, numerical methods make implicit or explicit choices
about their hyper-parameters. Most of these are never seen by the
user since they are either estimated at run time, or set by design to
a fixed, approximately insensitive value. Well known examples are
the step size in ordinary differential equation solvers [53, § 2.4], or the
Wolfe parameters ¢ and ¢, of classic line searches. The probabilistic
line search inherits the Wolfe parameters c; and ¢, from its classical
counterpart as well as introducing two more: The Wolfe threshold cyy
and the extrapolation factor aext. cy does not appear in the classical
formulation since the objective function can be evaluated exactly and

[53] Hairer, Norsett, and Wanner, Solving
Ordinary Differential Equations I — Nonstiff
Problems, 1987
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the Wolfe probability is binary (either fulfilled or not). While cyy is
thus a natural consequence of allowing the line search to model noise
explicitly, the extrapolation factor aey; is the result of the line search
favoring shorter steps, which we will discuss below in more detail,
but most prominently because of bias in the line search’s first gradient
observation.

In the following sections we will give an intuition about the task
of the most influential design parameters cp, ¢y, and wext, discuss
how they affect the probabilistic line search, and validate good design
choices through exploring the parameter space and showing insen-
sitivity to most of them. All experiments on hyper-parameter sensi-
tivity were performed training N-II on MNIST with mini-batch size
|B| = 200. For a full grid-search of the parameter space cyy-ca-Xext We
performed 4950 runs in total with 495 different parameter combina-

tions. All results are reported.

Wolfe-1I Parameter c; and Wolfe Threshold cyy

As described in Section 7.4.1, ¢; encodes the strictness of the curvature
condition W-II. Pictorially speaking, a larger c; extends the range of
acceptable gradients (""-area in the lower part of Figure 41) and
leads to a lenient line search while a smaller value of ¢, shrinks this
area, leading to a stricter line search. cy controls how certain we
want to be, that the Wolfe conditions are actually fulfilled, i.e., how

much of the mass of p(a,b) need to lie in . An overly strict line
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Figure 44: Performance of N-II on
MNIST for varying mini-batch sizes.
Top: final logarithmic test set and train
set error after 40 000 function evalua-
tions of training versus a large range of
learning rates each for 10 different ini-
tializations. sGp-runs with fixed learn-
ing rates (+/x, test/train); scp+pPrOBLS-
runs (x/x, test/train). Means and two
standard deviations for each of the 10
runs in gray. Columns from left to
right: different mini-batch sizes |B| =
10, 100, 200 and 1000 which correspond
to decreasing noise in the gradient ob-
servations. Not surprisingly, the perfor-
mance of sgp-runs with a fixed step size
are very sensitive to the choice of this
step size. sGp+PrROBLS adapts initially
mis-scaled step sizes and performs well
across the whole range of initial learn-
ing rates. Middle and bottom: Evolu-
tion of the logarithmic error rates for
all sgp-runs ( / , test/train) and
sGD+PROBLS-runs ( /——, test/-
train) versus # function evaluations. For
mini-batch sizes of m = 100,200 and
1000 all instances of sGp using the prob-
abilistic line search reach the same best
test set error. Vanilla sGp occasionally
reaches smaller train errors but this ad-
vantage does not seem to translate to a
better test set error. For very small mini-
batch sizes (m = 10 and first column in
the plot) the line search performs poorly
on this architecture, most likely because
of the variance estimation becoming too
inaccurate (see Chapter 5.2).
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search (e.g., cy = 0.99 and/ or ¢, = 0.1), will still be able to optimize
the objective function well, but will waste evaluations at the expense
of efficiency. Figure 45 explores the cp-cjy parameter space, while
keeping wext fixed at 1.3. The left column shows final test and train set
error, the right column the average number of function evaluations
per line search, both versus different choices of Wolfe parameter c;.
The left column thus shows the overall performance of the optimizer,
while the right column is representative for the efficiency of the line
search. Intuitively, a line search which is minimally invasive (only
corrects the learning rate, when it is really necessary) is preferred.
Rows in Figure 45 show the same plot for different choices of the
Wolfe threshold cyy.

The effect of strict ¢, can be observed clearly in Figure 45 where for
smaller values of ¢ <= 0.2 the average number of function evalua-
tions spend in one line search goes up slightly in comparison to looser
choices of ¢;, while still a very good performance is reached in terms
of train and test set error. Likewise, the last row of Figure 45 for the
extreme value of cyy = 0.99 (demanding 99% certainty about the va-
lidity if the Wolfe conditions), shows significant loss in computational
efficiency having an average number of 7 function evaluations per line
search. Besides loosing efficiency, it is still optimizing the objective
well. Lowering this threshold a bit to 90% increases the computa-
tional efficiency of the line search to be nearly optimal again. Ideally,
we want to trade off the desiderata of being strict enough to reject
too small and too large steps that prevent the optimizer to converge,
but being lenient enough to allow all other reasonable steps, thus in-
creasing computational efficiency. The values cyy = 0.3 and ¢; = 0.5,
which are adopted in our current implementation are marked as dark
red vertical lines in Figure 45.

Extrapolation Factor aey

The extrapolation parameter aey¢, introduced in Section 7.4.1, pushes
the line search to try a larger learning rate first, than the one which was
accepted in the previous step. Figure 46 is structured like Figure 45,
but this time explores the line search sensitivity in the cy-aext param-
eter space (abscissa and rows respectively) while keeping cyy fixed at
0.3. Unless we choose aext = 1.0 (no step size increase between steps)
in combination with a lenient choice of c; the line search performs
well. For now we adopt aext = 1.3 as default value which again is
shown as dark red vertical line in Figure 46.

The introduction of eyt might seem arbitrary at first, but is a neces-
sity and well-working fix because of a few shortcomings of the current
design. First, the curvature condition W-II is the single condition that
prevents too small steps and pushes optimization progress. On the
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Figure 45: Sensitivity to varying hyper-
parameters ¢;, and cy. Runs were per-
formed training N-II on MNIST with
mini-batch size |B| = 200. For each
parameter setting 10 runs with differ-
ent initializations were performed. Left
column: logarithmic test and train set
error (</x) after 40 000 function evalu-
ations; mean and =+ two standard de-
viations of the 10 runs in gray. Right
Column: average number of function
evaluations per line search (). A low
number indicates an efficient line search
procedure (perfect efficiency at 1). For
most parameter combinations this lies
around =~ 1.3 — 1.5. Only at extreme pa-
rameter values for example cyy = 0.99,
which amounts to imposing nearly ab-
solute certainty about the Wolfe condi-
tions, or ¢; < 0.2 which demands and
unnecessarily large decrease in gradient
magnitude, the line search becomes less
efficient. Adopted parameters as verti-
cal line ( Yatcwy =03and c; =05
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other hand both W-I and W-II simultaneously penalize too large steps
(Figure 21 for a sketch). This is not a problem in case of deterministic
observation (cf, 0 — 0), where W-II undoubtedly decides if a gra-
dient is still too negative. Unless W-II is chosen very tightly (small
o) or ¢ unnecessarily large (both choices, as discussed above, are

Wolfe will thus be more reli-

undesirable), in the presence of noise, p
able in preventing overshooting than pushing progress. The first row
of Figure 46 illustrates this behavior, where the performance drops
somewhat if no extrapolation is done (aext = 1.0) in combination with
a looser version of W-II (larger c»).

Another factor that contributes towards accepting small rather than
larger learning rates is a bias introduced in the first observation of the
line search at + = 0. Observations y/(t) that the Gp gets to see are
projections of the gradient sample VLg(t) onto the search direction
p = —VLp(0). Since the first observations y'(0) is computed from
the same mini-batch as the search direction (not doing this would
double the optimizer’s computational cost) a bias is introduced. Since
the scale parameter 6 of the Wiener process is implicitly set by y'(0)
(§7.4.1), the cp becomes more uncertain at unobserved points than it
needs to be; or alternatively expects the 1D-gradient to cross zero at
smaller steps, and thus underestimates a potential learning rate. The
posterior at observed positions is little affected. The over-estimation
of 0 rather pushes the posterior towards the likelihood (since there
is less model to trust) and thus still gives a reliable measure for f(f)
and f’(t). The effect on the Wolfe conditions is similar. With y'(0)
biased towards larger values, the Wolfe conditions, which measure
the drop in projected gradient magnitude, are thus prone to accept
larger gradients combined with smaller function values, which again
is met by making small steps. Ultimately though, since candidate
points at t*"d > 0 that are currently queried for acceptance, are al-
ways observed and unbiased, this can be controlled by an appropriate
design of the Wolfe factor ¢, (§ 7.4.1 and § 7.5.2) and of course aey;.

Full Hyper-Parameter Search: cy-Co-text

An exhaustive performance evaluation on the whole cyy-co-Aext-grid
is shown in Appendix C.2 in Figures 70-66 and Figures 71-81. As dis-
cussed above, it shows the necessity of introducing the extrapolation
parameter aey and shows slightly less efficient performance for obvi-
ously undesirable parameter combinations. In a large volume of the
parameter space, and most importantly in the vicinity of the chosen
design parameters, the performance of the line search is stable and
comparable to carefully hand tuned learning rates.
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Safequarding against Mis-scaled GPS: Oeset

For completeness, we performed an additional experiment on the
threshold parameter that is denoted by Oreset in the pseudo-code in
Appendix D and safeguards against Gp mis-scaling. Because the line
search models observation noise, it also needs to model the expected
variability of the 1D-objective along the search direction, which is de-
scribed by the kernel scale parameter 6. Setting this hyper-parameter
is implicitly done by scaling the observation input, by assuming a
similar scale than in the previous line search (§ 7.4.1), and thus infor-
mation of a well-scaled learning rate is carried over from one iteration
to the next. If, for some reason, the previous line search accepted an
unexpectedly large or small step (what this means is encoded in 6yeset)
the cp scale 0 for the next line search is reset to an exponential running
average of previous scales, represented by astats in the pseudo-code.
This occurs very rarely (for the default value Oreset = 100 the reset
occurred in 0.02% of all line searches), but it is necessary to safeguard
against extremely mis-scaled GP’s. Oreset therefore is not part of the
probabilistic line search model as such, but prevents mis-scaled cps
due to some unlucky observation or sudden extreme change in the
learning rate. Figure 47 shows performance of the line search for
BOreset = 10,100,1000 and 10 000 showing no significant performance
change. We adopted 6reset = 100 in our implementation since this is
the expected and desired multiplicative (inverse) factor to maximally
vary the learning rate in one single step.
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Figure 46: Sensitivity to varying hyper-
parameters ¢3, and aex. Plot and colors
as in Figure 45 but this time for vary-
ing wext instead of cy. Right Column:
Again a low number indicates an effi-
cient line search procedure (perfect effi-
ciency at 1). For most parameter com-
binations this lies around ~ 1.3 — 1.5.
Only at extreme parameter values, for
example aey¢ = 1.0, which amounts to
no extrapolation at all in between suc-
cessive line searches, the line search per-
forms poorer. The hyper-parameters
adopted in the line search implementa-
tion are indicated as vertical line ( )
at aext = 1.3 and ¢, = 0.5.
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7.5.3 Candidate Selection and Learning Rate Traces

The probabilistic line search, chooses among candidates by comput-
ing values of the acquisition function u, (#53nd) - pWelfe(gcand) a¢ every
candidate point tfand ; then it selects the one with the highest value and
evaluated the objective L5, VL there (§ 7.3). The Wolfe probability

Wolfe
p

and incorporates both conditions (W-I and W-II) about the function

actually encodes precisely what kind of point we want to find

value and the gradient (§ 7.4). However, p""°!f¢ does not have very de-
sirable exploration properties. Since the uncertainty of the gp grows to
‘the right” of the last observation, the Wolfe probability quickly drops
to a low, approximately constant (non-zero) value there (Figure 40).

Also pWolfe

is partially allowing for undesirably short steps (§ 7.5.2).
The expected improvement u,, on the other hand, is a well studied
acquisition function of Bayesian optimization trading off exploration
and exploitation. It aims to globally find a point with a function value
lower than a current best guess. Though this is a desirable property
also for the probabilistic line search, it is lacking the information that
we are seeking a point that also fulfills the W-II curvature condition.

This is evident in Figure 40 where p*Volfe

significantly drops at points
where the objective function is already evaluated but g, does not. In
addition, we do not need to explore the positive ¢ space to an extend,
the expected improvement suggests, since the aim of a line search is
just to find a good, acceptable point at positive ¢ and not the globally

Wolfe j5 thus

best one. The product of both acquisition function ug, - p
a trade-off between exploring enough, but still preventing too much
exploitation in obviously undesirable regions. In practice though, we
found that all three choices ((i) ug; - pW"lfe, (if) ug only, (iii) pWOlfe
only) perform comparable. The following experiments were all per-
formed training N-II on MNIST; only the mini-batch size might vary
as indicated.

Figure 48 compares all three choices for mini-batch size |B| = 200
and default design parameters. The top plot shows the evolution of
the logarithmic test and train set error (for plot and color description
see Figure caption). All test and train set error curves respectively
bundle up (only lastly plotted clearly visible). The choice of acquisition

Figure 47: Sensitivity to hyper-
parameter Oreset. Plot and colors as in
Figure 46. Adopted parameter as verti-
cal line ( ) at Oreset = 100. Resetting
the Gp scale occurs very rarely. For ex-
ample for Oreset = 100 the reset occurred
in 0.02% of all line searches.
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function thus does not change the performance here. Rows 2-4 of
Figure 48 show learning rate traces of a single seed. All three curves
show very similar global behavior. First, the learning rate grows,
then drops again, and finally settles around the best found constant
learning rate. This is intriguing since on average a larger learning rate
seems to be better at the beginning of the optimization process, which
then later drops again to a smaller one. This might also explain why
sGD+PROBLS in the first part of the optimization progress outperforms
vanilla scp (Figure 44). Runs, that use just slightly larger constant
learning rates than the best performing constant one (above --- in
Figure 48) were failing after a few steps. This shows that there is some
non-trivial adaptation going on, not just globally, but locally at every
step.

Figure 49 shows traces of accepted learning rates for different mini-
batch sizes | B| = 100,200, 1000. Again, the global behavior is qualita-
tively similar for all three mini-batch sizes. For the largest mini-batch
size |B| = 1000 (last row of Figure 49) the probabilistic line search ac-
cepts a larger learning rate (on average and in absolute value) than for
the smaller mini-batch sizes |B| = 100 and 200, which is in agreement
with practical experience and theoretical findings ([64, § 4 and 7], [48,
§9.1.3], [7]).

Figure 50 shows traces of the scaled noise levels 0y and o and the
average number of function evaluations per line search for different
noise levels (——/——/—— for | B| = 1000, 200, and 100 respectively);
same colors show the same setup but different seeds. The average
number of function evaluations rises very slightly to ~ 1.5 — 2 for
mini-batch size |B| = 1000 towards the end of the optimization pro-
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Figure 48: Different choices of acquisi-
tion functions. Top: evolution of the
logarithmic test ( /---/---)and
train set error ( /——/——) for
Uy - pVorfe /1, / pWOIe respectively (only
lastly plotted clearly visible since the
curves are very similar). Different lines
of the same color correspond to different
seeds. Rows 2-4: Learning rate traces
of a single seed ( , acquisition func-
tion in legend). For plotting purposes
the curves were smoothed and thinned
out. Mean of the raw, non-smoothed
values of accepted learning rates across
the whole optimization process ( );
+ two standard deviations ( ), a
range of well performing constant learn-
ing rates (- - - ).

[64] Hinton, “A Practical Guide to Train-
ing Restricted Boltzmann Machines,”
2012

[48] Goodfellow, Bengio, and Courville,
Deep Learning, 2016

[7] Balles, Romero, and Hennig, “Cou-
pling Adaptive Batch Sizes with Learn-
ing Rates,” 2016
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Figure 49: Traces of accepted logarith-
mic learning rates. All runs are per-
formed with default design parame-
ters. Different rows show the same plot
for different mini-batch sizes of |B| =
100,200 and 1000. Plots and smoothing
as in rows 2-4 of Figure 48 (details in
text).

Figure 50: Traces of logarithmic noise
levels of (top), op (middle) and aver-
age number of function evaluations per
line search (bottom). Setup and smooth-
ing as in Figure 49. Different colors
correspond to different mini-batch sizes
(—/——/—— for |B| = 1000,200,
and 100 respectively). Curves of the
same color correspond to different seeds
(3 shown).



cess, in comparison to ~ 1.5 for |B| = 100,200. This seems counter
intuitive in a way, but since larger mini-batch sizes also observe smaller
values and gradients, especially towards the end of the optimization
process, the relative noise levels might actually be larger. (Although
the curves for varying |B| are shown versus the same abscissa, the
corresponding optimizers might be in different regions of the loss
surface, especially |B| = 1000 probably reaches regions of smaller ab-
solute gradients). At the start of the optimization the average number
of function evaluations is high, because the initial default learning rate
is small (10~#) and the line search extends each step multiple times.

7.6 Conclusion and Outlook

The line search paradigm widely accepted in deterministic optimiza-
tion can be extended to noisy settings. Our design combines existing
principles from the noise-free case with ideas from Bayesian optimiza-
tion, adapted for efficiency. We arrived at a lightweight “black-box”
algorithm that exposes no parameters to the user. Empirical evalu-
ations so far show compatibility with the sGp search direction and
viability for logistic regression and multi-layer perceptrons. The line
search effectively frees users from worries about the choice of a learn-
ing rate: Any reasonable initial choice will be quickly adapted and
lead to close to optimal performance. Our matlab implementation can
be found at http://tinyurl.com/probLineSearch.

In the future, it would be interesting to:

e Test the line search also on different neural network architectures
(ReLU-activations, cNNs, deeper architectures et cetera), as well as
larger datasets (CIFAR-100[76], ImageNet[28], ...). A main chal-
lenge will be the efficient implementation of the sample variances
3.(w) into common auto-differentiation frameworks to make it ac-
cessible for wider use. Works towards this goal include [6] and

[5].

¢ Test the line search on problems other than neural networks which
also use empirical risks as loss functions as in Eq. 28, such as those
arising in stochastic variational inference [67].

* Combine the line search with search directions other than scp.
Though in principle this should be possible, care must be taken
about potentially ill-posed Wolfe conditions in case that VL (0)Tp >
0.

* Examine and analyze how the line search interacts with typical reg-
ularization strategies as discussed in Chapter 2.2.2, such as Dropout
or batchNorm.
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[76] Krizhevsky and Hinton, “Learning
multiple layers of features from tiny im-
ages,” 2009

[28] Deng et al., “ImageNet: A Large-
Scale Hierarchical Image Database,”
2009

[6] Balles, Mahsereci, and Hennig, “Au-
tomating Stochastic Optimization with
Gradient Variance Estimates,” 2017

[5] Balles and Hennig, “Follow the
Signs for Robust Stochastic Optimiza-
tion,” 2017

[67] Hoffman et al., “Stochastic varia-
tional inference,” 2013


http://tinyurl.com/probLineSearch
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* Couple the line search to methods that adapt the mini-batch size

|B| during the optimization run, such ase. g., [7]. [7] Balles, Romero, and Hennig, “Cou-
pling Adaptive Batch Sizes with Learn-
¢ Improve the line search, possibly by defining a different set of Wolfe- ing Rates,” 2016

like conditions, which do not require the extrapolation parameter
Xext anymore, and are more suited to the noisy setting. Additionally,
define conditions which are not ill-defined for positive initial cp-
means of the gradient.

* Extend the concept to situations where only gradients, but no losses
are robustly available.

* Combine the lines search with methods that provide a Gaussian
posterior over gradients and function values, rather than a likeli-
hood, such as those discussed in the next two chapter.



Part IV

Kalman Filtering for Stochastic Optimization






First-Order Filter for Gradients

His Chapter develops and derives formulas for Kalman filtering
T on gradients. The main goal is to design a general probabilistic
framework for first-order optimization with stochastic gradients of ar-
bitrary noise levels; and then to draw connection to existing, classic
stochastic and deterministic optimizers like Gp, sGp, and MOMENTUM-
methods. This provides further interpretation of these methods, espe-
cially of the smoothing constants of the latter. We will represent the
dynamic of the true but unknown gradient function VLp(w) of the
empirical risk with a Gauss-Markov process, defined only on the opti-
mization path. It will turn out that transitions between Kalman states
actually precisely encode the exponential smoothing done manually in
classic methods and thus—adopting this interpretation—directly sup-
port their use. The conducted experiments include proof-of-concepts
for two instances of a novel class of first-order methods that we call
KFcrap (for ‘Kalman filtering on gradients’); they perform similar to
existing methods, but with a higher degree of automation, flexibility
and extensibility. Additionally, diagnostic results on the magnitude
of learned Kalman-gains support the hypothesis that smoothing in
momentum-sGp can entirely or to a large portion be explained to
benefit stochastic noise reduction due to mini-batching instead of ge-
ometrical smoothing, the latter being often advocated as the main
benefit of these methods.

8.1 A Model for Once-Differentiable Functions

Classic first-order optimization algorithms (e. g., GD or sGp, Sections 2.3
and 2.4) assume only one derivative of the objective function Lp(w)
and locally perform linear approximations. Higher derivatives are dis-
carded and the optimizer has no knowledge about them. In reality
Lp(w) might have more than one derivative but it is often more effi-
cient to conduct crude and cheap, but therefore many iterations. This
section constructs a probabilistic equivalent to classic first-order meth-
ods by modeling V Lp (w) with a stochastic process whose samples are
only once-differentiable with probability one, as well as Markov, sim-
ilar to the update rules of most iterative optimizers. We will specify
the process by a stochastic differential equation (spe) and an initial
condition. The stochastic contribution of the former serves as a vehi-
cle to express the unknown change in the gradient function VLp(w).
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We then derive formulas which describe the discretized solution of
this spE that will lead to concrete, deterministic update rules of a new
class of viable optimizers. This general but concise framework also
allows for straightforward interpretation of parameters of the process,
and consequently of the optimization routine, which eases the on-
line estimation of these parameters by established and well-known
techniques. We first start by defining the process.

Section 1.4.1 introduced the Kalman filter equations and their un-
derlying continuous, stochastic model, but did not make a statement
about the specific forms of the drift matrix F, the diffusion matrix L,
nor what the state x encodes. In the same sense as classic first-order
methods, we will assume here that Lp (w) has only one derivative we
know of, thus encoding a very simple, minimally-assertive structure
on Lp. The state x € RY represents the unknown gradient VLp of
the empirical risk. The most simple spE that follows Eq. 17 is a Wiener

process on Xx:
dx = O0nx1 + dﬁ (119)

By comparing to Eq. 17, we can read off F = Oyxny and L = IyxnN.
Combining this with Eq. 19 yields the diffusion covariance Q € RN*N
and the transition matrix A € RN*N:

[00)

0 k
Ar=), Qo) NkX,N) = Inxn
k=0 (120)

Tp41 Tt4+1
Qr = /T exp(ONx N (T1 — %)) INx NG INx N eXPT (ON <N (Te1 — &) )dK = / gdx = gAr,

t T

where g € RN*N is the positive definite intensity matrix introduced
in Section 1.4.1. The predictive Kalman equations simplify to:

My = My

Pt+1_ = qAT + Pr.

(121)

Eq. 121 is intuitive: Since the drift on the state is zero (F = 0), and
successive Gaussian increments (t — ¢ + 1) are independent of each
other and of same intensity g, the estimated predictive state m;_
is the same as the current one m;; but the covariance P;;_ grows
according to a Wiener process proportional to the traveled distance
AT = [[wps — il

The predictive Kalman filter equations in 121 represent a multi-
output distribution over gradient elements VLp(w), only on the one-
dimensional optimization path, and not on the whole weight space of
ws. The optimization path, in this context, are all ws which lie on the
the ordered sequence of successive piece-wise linear interpolations
between w; and w;q, fori = 0,...,t — 1. This means that, between
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two nodes w; and w; 1, the path can be parametrized with a scalar
T € [0, [Jwir1 — wil]]-

Model of Global Change

Importantly, Eq. 119 does not encode a globally constant derivative of
the loss Lp(T) (just the predictive estimator m;,1_ of this particular
sDE is), but a derivative function x that may change with location w(7);
and we become more uncertain about its value the farther we move
away from the current location. The magnitude of this growing uncer-
tainty is encoded by Q. The ‘stochastic’ part of the spE is hence just a
vehicle to express our lack of knowledge on how the function VLp(T)
evolves, no pseudo-random numbers or physical random processes
need to occur. Disregarding the Gaussian form for a moment, hence,
more sloppily, and rather associative, Eq. 119 can be thought of as a
Lipschitz-type notion on gradients, not in terms of an absolute less-
or-equal statement, but rather that the relative probability of finding

gradient elements i further away from m! | +2(Atq" 4 Pj)'/?

is very
low (although not impossible) given an already uncertain estimator for
the previous gradient.! The possible change of gradients is encoded
by the intensity matrix g, which, like .Z, is a property of the loss Lp (w)
and needs to be learned, or adapted while the optimizer is running in

case it is unknown (§ 8.2.2).

Measurements

In mini-batch settings, the state x is never observed exactly (this would
only be possible by evaluating V Lp on the full dataset), but only noise
corrupted versions of it. As motivated in Chapter 5, we use Gaussian
distributions on sub-sampled gradients y = VLg (e.g., a mini-batch
gradient VLg) with noise covariance R; = Z(wi)/|s| € RN*N; then
the measurement model is straightforward: Since the full state x is
observed, albeit noisy, the measurement matrix H = Iyxy is the
identity. The updated Kalman equations are thus:

Gty1 = Prp1— + Re
St+1 = Pt+1—Gt_+11
My = [ — grra]mip1— + g1 VEs(wiy1)

Pry1 = [I — g1 Pry1—

(122)

Eq. 121 together with Eq. 122 provide the base-equations for filtering
on gradients where the hypothesis class models one derivative and no
drift. In principle, other processes than the one defined by Eq. 119 can
be motivated, which e. g., incorporate knowledge about the behavior
of successive gradients chosen by the optimizers’s routine.? The algo-
rithm defined by Eqs. 121 and 122 has general cost cubic in N (due to

LIn other words, the expected squared
distance between two states is:

Ep(x,ﬂ\xt)[”xf-%—l - xf”z]
= trlg]|we1 — wi].

Compare to a Lipschitz statement of
the form HVLD(wHJ) - VLD(wt)H <
Zwp1 — wi].

2 Assuming a ‘well-working’ optimizer
with well-tuned hyper-parameters, gra-
dient elements will tends towards zero
rather than arbitrarily diffusing away
from zero. Thus a zero-mean reverting
process might be a suitable prior choice
as well. We will not explore this further
here.
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the matrix inversion of G), assuming that the hyper-parameters R and
q are given.

8.2 Diagonal Approximations

For very high dimensional optimization problems, it is often only
feasible to store objects that have memory requirements linear in the
dimensionality N. The covariance matrices R, g, P, and P_ introduced
in Section 8.1, though, are of squared size N2. One way of compressing
the information contained in these matrices, is to only store their
diagonals. Though this is a very drastic simplification, it is a common
and often well working concept in stochastic optimization.® Diagonal
covariance matrices yield parallelizable prediction and update rules

for each component of the state, allowing for sped-up computations.*
The Kalman equations for the i component are then scalar:

mi—s—l— = mj

Pl =q"At+Pf

B pii
t+1—
Gy = ot (123)
P+ R,

miy = [1=gialmiia- + & VEs(we)"
i1 = (1= 8Py = 8R4y

The above equations already define a viable algorithm for filtering
on gradients for some given intensity matrix 4 = diag[¢'] and noise
variances R = diag[R"]. As discussed in Chapter 5, the variances
R can be estimated efficiently within a mini-batch; Section 8.2.2 will
introduce a way of also estimating the intensities g with little compu-
tational overhead at runtime. The memory requirement is less than
what Eq. 123 suggests, since g;+1, Pr+1—, m;+1— are only intermediate
algebraic steps which do not need to be computed or stored explicitly.

8.2.1 Connections

Consider an optimizer which updates the weights with the filtered
gradients m;:

Wi = W — QMg (124)

The update rule for m; for a constant gain ¢ = gii = const. € (0,1) for
all i and t resembles three well known update rules, which we will
summarize in three Lemmas.

3 Well known examples are the Apam-
optimizer, RMSPROP, Or ADAGRAD. In
general, it depends on the structure of
the loss Lp, if taking the diagonal is a
meaningful way of approximation.

41t is not identical to assuming inde-
pendent models on elements of x, since
then AT would split into a different
At = |wi , — wi| for each dimension
i=1,...,N.



Lemma 1 The filtered state m; of Eq. 123 is identical to the enumerator of the
not bias corrected Abam-update for p = (1 —g) € (0,1), same initialization
my, and the same sequence of observations yy,. .., Y.

Proof Can be directly seen from Eq. 67c where the enumerator of
apaM is my = Bmy_q + (1 — B)VLg(wy). [ ]

Lemma 2 The filtered state m; of Eq. 123 is identical, up to a global mul-
tiplicative constant, to the negative velocity v; of scp+momentum (Eq. 43)
with constant learning rate, constant momentum factor vy, initialization
my = —vp, and the same sequence of observations vy, ...,y;. Additionally,
the global constant is given by g, meaning that both algorithms yield the
identical sequence of locations wy if vg = —myg, v = (1 — g), and learning
rates Gyom = Kxr§-

Proof Let v; be the velocity of scp+MOMENTUM as defined in Eq. 43,
and let ayon and ax: be the constant learning rates of momentum
sGD and the filter respectively. Then, v; = Yv;_1 — amou VLs(wr) =
—Knom th-zl 7t’iVL s (w¢), and analogously for the filter with constant
gainm; = gY!_ (1 — g)!"'VLs(w); the formulas are equivalent for
g = 1 — v up to a constant global scale of size #wow/g, which can be
absorbed into the learning rate of Eq. 124. |

Lemma 3 The filtered state m; of Eq. 123 for noise-free observed gradients
(R¢ = 0 for all t) recovers gradient descent on Lp for the same sequence of
observations y1, . .., Yy, regardless of the initialization my. Additionally, for
same initialization mo = V Lp and same learning rates acp, = ayp, both
algorithms yield the identical sequence of locations w.

Proof For noise-free observed gradients (R; = 0 for all £), the gain
g is always one since g = Pi/(pitr) = Pi/(piy = 1, and thus
my = VLD (wt) |

All lemmata, give insight on possible model assumptions of the men-
tioned classic algorithm. Nevertheless, although the algebraic similar-
ities are intriguing, the filtering equations purely encode smoothing
due to noisy observations (mini-batching). The momentum parame-
ter  or the smoothing constant § of Abam which yield the best overall
performance of their corresponding iterative procedure might differ
from the corresponding optimal gain of the filter, since also geometric
smoothing effects can be captured by them (smoothing of zig-zagging
inravines, bending around curves, et cetera), which the filtering model
simply does not encode. The filtering formulation is thus a way of dis-
entangling noise effects due to mini-batching and additional desirable
smoothing due to the geometry of the loss that might even be benefi-
cial when V Lp is known precisely. In the experimental Section 8.3, we
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will see hints, which support the hypothesis that, in neural network
application, most, if not all, of the smoothing of sGb+MOMENTUM can
be explained by noise due to mini-batching (i.e., R).

8.2.2 Hyper-parameter Adaptation

An efficient estimator for the noise variances Ry of the measurements
was introduced in Chapter 5, Eq. 90. Here, analogously, we can set
REK = £ (wr) /5.

One way of adapting the intensity matrix g, is by maximum marginal
likelihood estimation (§ 1.4.1). In general, the (logarithmic) marginal
likelihood for parameter g, for the current noisy datapoint y; 1 with

noise covariance R; 1 is:

p(Yip1) = /P(yt+1|xt+1,y1/-~~,yt)r)(xf+1\,y1,~--,yt)dxm

=N (Yes1;mMep1—, Prvi— + Regq)

(125)

1 1 _
log p(yi41) o 5 log |Pri1- + Rey1| — 5(%“ — 1) T (Prsi— + Reg1) (e — mpsa—).

The following derivation uses diagonal forms for all matrices R, g,
P, et cetera as in Section 8.2 (the full derivation can be found in Ap-
pendix B.1). The gradient of log p(y;+1) with respect to gy is, drop-
ping the index t to declutter:

0 1 0 01
—1o 1) =—5=—1log|P” +R|— =——=AT(P~ +R)"'A.
o108 P(ye1) = 53 Tog|P™ + R = 50 SAT(P™ )
where Ay 1 1= y; 11 — my 1 € RN is the residual (not to be confused
with the scalar path segment A1), and P~ = Py = P; + gAt. With
some algebra, Eq. 126 simplifies to:

At 4

) AT _1\2
%log pye1) = = (Akak ) ~ 5 G (127)

such that the root of the gradient with respect to gy is at

1
Tk = 77 (Bkdk — Pee — Ri) - (128)

Ideally, one would like to incorporate all, or M < t past observa-
tions {yt_i+1}f‘£ ; into the marginal likelihood estimator. Practically,
though, this is not ideal, since computing p(y;—pi+1, - - ., yt) would re-
quire to keep a significant amount of gradients in storage. A practical
workaround to this is to compute g5, as in Eq. 128 in every iteration,
and then smooth g;; with a slowly decaying exponential running av-
erage 11 = Y41 + (1 — 'y)q;‘+l.5 The value of y should be at least
as large as conservative smoothing choices of classic decay factors
(something around y ~ 0.95 or larger), since it in fact smoothes the

parameters of the distribution, and not the quantities of interest (such

(126)

5 Since the elements of the diagonal ma-
trix ¢* can also become negative, but the
theoretical g is positive definite by def-
inition, a practical algorithm will need
to use e.g., a ‘clipped’ version, i.e,
diag(g:] = max(0, diag[F¢]) for comput-
ing P~. A vanishing or negative q* just
means that the noise R; and the state un-
certainty P; fully explain the discrepancy
Atyq1 between the predictive estimator
and the current stochastic observation.

Additionally, one might note here that
we got rid of a smoothing parameter (y
of sGD+MOMENTUM) just to introduce yet
anew one to smooth 7. The difference is
that smoothing occurs one level higher
in the parameter hierarchy, and can thus
be hoped for to be much less sensitive to
choices of that smoothing factor. After
all, the gains g; still can alter per element
and per iteration, depending on a dis-
tribution which is parametrized among
others by a slower changing 7.



as the gradients). If an online-model, such as the filter, would be based
on hyper-parameters which change faster with the data than the quan-
tities they estimate, then the inference is as random as the data itself.
For the filter, this roughly means that 1 — 7 should be larger than an
average gain.

Instead of diagonal forms, an even coarser simplification are scalar
forms Py = pl, Ry = rl, and q; = ul, with p,r,u > 0 for all relevant
matrices. The maximum marginal likelihood estimator then measures
the mean-discrepancy between observation and predictive state which
can not be explained by r and p already:

* 1 1 N 2
W= NZAi—p—r ) (129)
i=1

Taking the average over parameters increases the amount of numbers
available for statistics, and the resulting estimator #* is thus arguably
more robust, but it also reduces the flexibility of the model. The
corresponding update my = (1 — g¢)m;_1 + gy, however, much more
resemble that of scp+mMoMENTUM since then the gain g; € (0,1) is also
scalar.®

8.3  Experiments

The following experiments provide a proof-of-concept for filtering
on gradients. The viability on a broader range of problems, possi-
ble benefits or shortcomings over existing (momentum) methods, as
well as extensions and fine tuning, will need further testing in the
future on a larger number of models f,, {; and datasets D. For
now, Section 8.3.1 provides an in-model toy-example of a synthetic 50-
dimensional multi-output regression problem mimicking gradients
VLp(T), to test approximations and the maximum likelihood esti-
mator for g where ground truth is available. Section 8.3.2 tests the
diagonal filter (§ 8.2) with learned 7 (§ 8.2.2) on an illustrative out-of-
model function with fast varying gq. And, finally, Section 8.3.3 applies
the filter to a real world problem (an mrLp on MNIST), and compares
gain heuristics to the smoothing factor v of scp+mMomeENTUM. The
last experiments cautiously supports the claim that most, or all of the
smoothing in momentum-sGp benefits noise reduction only.

8.3.1 In-Model Toy Example

First, we start with an in-model toy example, where the artificially
constructed 50-dimensional gradients of the objective Lp(T) are a
draw from the generative model, i. e., a multi-output Wiener process
with positive definite dense intensity matrix g € RN*N. Since the
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6 Statistics can also be collected per sub-
group of parameters, e.g., per weights
in one layer or per biases and weights.
Pseudo-codes can be found in Algo-
rithms 5 and 6.
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full filter diag filter
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q
diag|q]
//
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48 49 48 49

ground truth is known, this controlled setup allows to test the diagonal
approximations of Section 8.2 as well as the maximum likelihood
estimator for diag[q| of Section 8.2.2. If the filter (hereafter generically
called KFGrab, for ‘Kalman filter on gradients’) does perform poorly
here, we can not expect it to perform much better on out-of-model
functions.

The intensity matrix q is constructed by defining an eigen-spectrum
with exponential structure. Then, similar to Section 6.3.2, we draw a
random rotation { € RN*N uniformly from all possible 50-dimensional
rotations, and define g := {T'{T, where I € RN*N is a diagonal ma-
trix that contains the eigenvalues on its diagonal. The inputs space
T is discretized in equal portions AT, such that x;; = x; + ¢ with
& ~ N(0,Atq). Observations y; are constructed by adding isotropic
Gaussian noise on the ground truth function: y; = x; + v with
v~ N(0,R),and R = 031

We conduct three experiments with filters that possess decreas-
ing knowledge or expressiveness about VLp(7): i) A full filter as in
Egs. 121 and 122 (inferring dense covariance matrices P; and P;11_)
which has access to the true dense intensity matrix g as well as noise
covariance R. This is an in-model problem, meaning that the filter in-
fers a function which is an instance of its own exact generative model,
thus providing a ground truth comparison to the following approx-
imate filters. ii) A diagonal filter as in Eq. 123 which has access to

diag filter+ g-ML

7, diag[q]

——

48 49

Figure 51: In-model toy example.
Columns from left to right: full fil-
ter, diagonal filter, diagonal filter with
max marginal likelihood estimator for
diag[q]. Top row: true and inferred in-
tensity 4. Middle row: predictive states.
Bottom row: updated states. Means +2
std ( +2 ), observations (——)
and ground truth ( ).




the true diagonal of g (as well as R), but not its off-diagonal elements.
iii) A diagonal filter as in ii) which learns the diagonal of g by maxi-
mum marginal likelihood estimation as in Section 8.2.2, Eq. 128. This
filter, too, has access to the true measurement noise R. The latter
two filters are to separate effects of contributions from the diagonal
approximation and the estimation of 4.

Figure 51 illustrates results of all three runs: columns from left to
right are i), ii) and iii) respectively. The middle and bottom row show
one (the first by random choice) of the N = 50 dimensions of the in-
ferred state x for predictive and updated marginal probabilities versus
the input 7 respectively (true function values VL}, (—), observations
y} + og (——), means mL and m} (—) with 42 standard deviations
(PM)72 and (PH)Y2 (). The top left plot shows the true dense
intensity matrix g as used by i) in arbitrary gray-scale; the top middle
plot the (constant) diagonal elements of g (——) versus T as used by ii),
as well as the sorted eigen-spectrum of g versus an arbitrary abscissa
for reference (—). The top right plot additionally shows the learned
diagonal of q (§, —) versus T as used by iii). All three filters look very
similar, and also the learned § of iii) seem to match the true diag[q]
quite well. This is not too surprising, since the model indeed gets to
see the whole state x, although noise corrupted, i.e., the likelihood
covers the full state space at every discrete time step. Thus, if § is
scaled right, the model can not be arbitrarily wrong.

8.3.2 Out-of-Model Toy Example

Usually, the gradients VLp of an objective function are not draws
from a multi-output Wiener process and the filtering model, with a
globally constant g, might only be approximately correct, or locally
around w;. In a similar sense, classic optimizers often use simple
local approximate models or a Lipschitz-constant that is allowed to
change if one moves further away from a point than a local neighbor-
hood. Corresponding estimators thus may evolve over time, which is
implicitly encoded by smoothing factors like y. We test this concept
here on a simple two-dimensional function: the Rosenbrock polyno-
mial. The ground truth of the state x, as well as the step intervals
AT are obtained by running gradient descent on Rosenbrock. Then,
each obtained gradient x; is corrupted by additive isotropic Gaussian
noise R = 031; after that the diagonal filter with on-line g-adaptation
(number (iii) of the previous section) is trained on it.

Figure 52 depicts results. The top left plot shows contour lines
of Rosenbrock as well as the optimizer’s path which was used for
the ground truth collection (start location and minimum as crosses).
The path-segment in red corresponds to the interval shown in all the
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other plots; its starts shortly before the fixed learning rate is set to
a larger, also fixed value to encourage changes in g. The top right
plot shows corresponding lengths AT of path segments for reference.
All plots of rows 2-4 are plotted versus # iteration ¢ as opposed to T
for better illustration since AT spans a few magnitudes. Rows 3 and 4
again show the predictive an updated marginal probabilities of x: Left
column for first dimension, right column for second dimension, colors
same as in Figure 51. Row 2 additionally plots the learned intensity
estimators §; and 4. The qualitative behavior (drop and rise) of §
well matches the changes in observed gradients per path segment: In
areas where the change in gradient is nearly fully explained by R (low
signal-to-noise ratio around ¢ =~ 10 to 20), § drops, and then rises again
when gradient changes become larger, as they can not be explained
by R only anymore (¢ ~ 20 to 40). Also, the estimators m; for the
gradient seem to be closer to the corresponding true values than the
noisy observations are.

A First Iterative Test on Rosenbrock

So far, we only tested KFGrRAD as a regression type algorithm with
previously generated (gradient) data. This helped to compare to the
same ground truth as sGp and also factored out the feedback an opti-

Figure 52: Out-of-model toy example.
Left and right column are first and sec-
ond dimension of state x. Rows 3-4: Pre-
dictive and updates state (colors as in
Figure 51). Row 2: estimated intensity 4.
Row 1: non-uniform path segments At
(right), and ground truth with contours
of Rosenbrock (left).



1: function KFGrap_br1acG(L, wy, a, v = 0.95)

2 Wy <— Wy / initial guess for weights
3 [ys, 24] < L(wy) / initial evaluation
& mpe=(1=7) -y

5: Ry it
6

7

8

9

Py + Ry

Gi <+ 10% - Ry

while budget not used do

Wi < Wy — XMy /| update best guess

10: [y, it] « L(wy) // evaluate objective
11:
12: Rt%it or Rt%')/Rt‘i‘ (1 —7)2,}
13: AT  [Jamy]|
14: P, < P + Atmax(0,9)
15: P o (P +Ry)
16: Gt < e + (1 =)Dt (yr — mp)% — P — Ry]
17: ms (—(1 — gt)mt +gtyt
18: Pr<(1—g1)P;
19: end while
20: return wy

21: end function

mizer gets when it is choosing its own data through p; and «;. Thus
next, we apply KFGrap and scp to the same function as above, noisy
Rosenbrock, but this time as an iterative scheme (Algorithm 5 for KF-
GRAD_DIAG). Both optimizers start from the same initialization wg and
get the same best working constant learning rate a for each run. We
perform 100 restarts each for three different noise levels ((712{ =10, 100,
1000), and report the evolution of the mean and standard deviation
of the true logarithmic loss.” Figure 53 shows results. Rows from top
to bottom correspond to increasing noise levels 01% = 10, 100, 1000
respectively; means of logarithmic losses (——/——) %1 standard de-
viation (7/17 ) for KFGrAD and sGp respectively. It is evident that
KFGrap outperforms sGp both in lower mean loss as well as lower
loss variances, but more so for smaller noise levels. Also, at the start
of the optimization process (t up to ~ 50 — 100) KFGrap and sGp per-
form very similarly since the noise level is low and the Kalman gains
are close to one (In essence for R — 0, KFGrap and scp are identical
to gradient descent, but they differ more and more for larger R). With
this motivating toy example we try KFGraD on a real world problem

next.
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Algorithm 5: Sketch of the KFGrap_-
DIAG algorithm. The intensity § is initial-
ized larger than the noise R to force an
sGD-type start (until § has burned in). It
is important to compute P,” before up-
dating 4, and updating P; after comput-

ing 4.

7 Since gradients become smaller closer
to the minimum, this decreases the
signal-to-noise-ration towards the end of
the optimization process.
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: function KFGraD_scarar(L, wp, «, y ~ 0.95)

1

2 Wy < Wo / initial guess for weights
3 [yt, 4] < L(wy) / initial evaluation
& mp—(1=7) -y

5 144 mean[3] / scalar
6 prr14 /| scalar
7 iy <102 -7y /| scalar
8 while budget not used do

9 Wy < W — XMy // update best guess
10: [ye, 24] < L(wy) / evaluate objective
11: ri e + (1 — ) - mean[S] / scalar
12:

13: AT < ||y | / scalar
14: py < pt+ Atmax(0, i) /| scalar
15: gepr /(py +11) / scalar
16: u* < At~ (mean[(y; — my)?] — pr — 1) /| scalar
17: i< yip+ (1 —y)u* /| scalar
18: my <—(1 - gt)mt + Sty

19: pr—1—g)p; / scalar
20: end while

21: return wy

22: end function

Figure 53: KFGraDp and sGp on Rosen-
brock. Rows from top to bottom 01% =10,
100, 1000. Means of true log losses
( /——)£1lstd(C1/ ) for KE-
GRAD and sGp respectively.

Algorithm 6: Sketch of the KFGraD_-
scaLAR algorithm. The pseudo-code
is similar to Algorithm 5 but this
time for scalar measurement noise R
and diffusion g (consequently the vari-
ances Py, P, and the gain g are also
scalar). Thus the algorithms has very
little memory requirement; the same as
SGD+MOMENTUM.



8.3.3 Multi-Layer Perceptron and Comparison to Momentum

As argued in Section 8.2.1, the most obvious relation of KFGraD oc-
curs to sGp+MOMENTUM. We can thus compare the gains learned by
KFGrap to the smoothing factor (1 — yyom) = 0.1 of SGD+MOMENTUM.
Let ayonm denote the constant learning rate for scp+MOMENTUM, then,
from Lemma 2, we known that we can recover the identical KFGrab-
update by setting the filtering learning rate to axy = %wom/(1—7yon) and
the gainto g = 1 — yyom. For the same network (N-II) as in Chapter 7.5
(fully connected mrp with 5 layers, 3 hidden) on MNIST and mini-
batchsize | B| = 200, we ran four experiments: i) SGD+MOMENTUM with
Ymom, 1) KFGRAD_DIAG as in Algorithm 5, iii) KFGRAD_scALAR as in
Algorithm 6, and iv) vanilla sGp for comparison (can be seen as corner
case for 1 —y = ¢ = 1). KFGrap_bpiac and KFGraD_scaLAaR have
different strengths; for instance KFGrRAD_scaLAR can collect better
statistics for the hyperparameters R; and g; since it can average over
all weights per iteration. Also it is very memory efficient which is
relevant in very high dimensional problems: The only vector is the
search direction my, all other quantities are scalar. KFGRAD_b1AG, on
the other hand, is more expressive and potentially more powerful
since it can adjust a different measurement noise, diffusion, and thus
gain in each dimension. A more direct comparison can hence be done
between KFGraD_scaLAR and sGD+MOMENTUM since both model a
scalar gain/smoothing, only.

In the following analysis, we will be primarily interested in the
question if we can recover similar performances than momentum
sGp with these first prototypes of KFGrap. And also, to what ex-
tend the smoothing done by sGp+mMoMENTUM can be explained by
noise corrupted gradients only, in contrast to geometrical smoothing,
since the latter is often called out as the explanation for the success of
SGD+MOMENTUM.

For each experiment, we search for the best learning rate on a
logarithmic grid of a = 1078,1077,...,109, and then fine tune the
search in a promising region in steps of 3,5,7 - 10~* for some k. The
best performing learning rate for sGD+MOMENTUM was &y, = 7 -
10-3. Indeed, and perhaps surprisingly, the best performing learning
rate for KFGRraAD (scalar as well as diagonal version) was ten times the
one of SGD+MOMENTUM &, = %vom/ (1—yyom) = 7 102,

Figure 54 shows the logarithmic train and test error traces for all
four setups (colors in caption), each for the best performing learning
rate and five different random seeds. KFGrRAD_D1AG, KFGRAD_SCALAR,
and sGp+MOMENTUM perform very similarly and all three better than
vanilla sGp, especially in train error decay.

EXPERIMENTS | 139
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Diffusion and Gains

It is not straightforward to compare the adaptive gains of the Kalman
filter to a single ‘gain’ of scp+MoOMENTUM i. e., the smoothing constant
1 — Ymom = 0.1, since we compare many numbers to one. Thus we
have a look at the distribution of gains over the course of all iterations.
The top and bottom plot of Figure 55 shows a histogram over all gains
gt for KFGrap_p1ac and KFGrRaD_scALAR respectively (top plot for a
random weight). The mode, median, and mean of the distribution are
shown as vertical lines (——/- - - /-----). The valuesare0.05/0.13/0.25
for the scalar model (bottom), and 0.05/0.08/0.20 for a single weight of
the diagonal model (top) which is very close/similar to the smoothing
of scp+MoMENTUM. Additionally, the shape of the distribution is
telling: There is a prominent peak around the mode at small gains,
and most gains arguably occur in between (0,0.2), but there is also a
heavy tail of larger gains. It is not clear if this tail is a true gradient-
signal, i. e., gradients with a good signal-to-noise ratio, or an artifact of
the smoothing or averaging of variance estimates ; or R;: Empirically
the noise is somewhat coupled to the gradient magnitude, thus, if
the noise estimate is smoothed or even averaged, the gains for larger
stochastic gradients or outliers would indeed be biased towards larger
gains, since R; is estimated too small. This might but does not need
to explain the heavy tails.

So, although this analysis can not be completely conclusive, it is
a strong indicator that in shallow or deep learning problems, a lot
or all of the smoothing done in sGp+mMoMENTUM is beneficial for
noise reduction on stochastic gradients, and not, as often advocated,

Figure 54: Multi-layer perceptron on
MNIST. Left and right columns show log
train and test error respectively versus
number of mini-batch evaluations. KF-
GRAD (diagonal/scalar / ), and
SGD+MOMENTUM ( ); sGp for com-
parison ( ). Each setup is shown
for 5 random seeds (curves of same
color) which determine initial weights
and mini-batch sub-sampling.

normalized counts

normalized counts
e

8

Figure 55: Distribution of Kalman gains
of KFGraD collected over iterations. Bot-
tom: scalar version with single gain per
net. Top: diagonal version, shown are
gains of one randomly chosen weight.
In both plots, the mean (-----), mode
(—), and median (- - - ) are marked
with vertical lines.
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due to geometrical effects. This might of course be very different in
other applications, e. g., with lower dimensionality, or where stochas-
tic noise due to mini-batching is not present or not a major concern. As
mentioned above, another fact which supports this claim, is that the
best performing learning rate of KFGrRAD corresponds to #vom/ (1—yuom),
which indicates that the average norm of the search direction is similar
for all three methods. This can only occur if a similar smoothing is
done. Thus, assuming the learned gains are roughly sensible for the
given estimated gradient variances ¥, nearly all, or all of the smooth-
ing contribution done by scp+MoMENTUM can be attributed to benefit
gradient noise reduction.

Figures 56 and 57, rows 1-3, show additional diagnostics of gain,
diffusion, as well as gradient-noise traces for KFGRAD_scaLAR and
KFGraD_DIAG, for one of the runs of Figure 54. It shows that all three
quantities are initially larger and then decay during the optimization
process, though especially the gain seems to settle for some distribu-
tion when the optimizer converges. The last row shows the marginal
filtering distributions of x; conditioned on all y; up to that point in
time, of a randomly chosen weight. The noisy gradient evaluations
evaluations y; are shown with error bars. The mean estimator m;
(—) seems to be smaller in magnitude on average than gradient ob-

Figure 56: Diagnostics of KFGrap_-
SCALAR, from one run of Figure 54.
Rows 1-3: Traces of learned scalar
gains, diffusions, and gradient noise
respectively, versus number of itera-
tions ( ). Mean#1std as horizon-
tal lines ( + ). Row 4: Poste-
rior marginals of x! for a single ran-
dom weight i, mean m} (——), m; + /P
(C—7), observations vy, £ /7t (
The traces in the top three plots are
smoothed for plotting purposes but the
mean and std are computed with the raw
data. The blue areas (CJ) indicate the
plotting interval for the fourth row, cho-
sen such that it shows an interesting re-
gion in the optimization process.
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Figure 57: Diagnostics of KFGRAD_p1AG,
from one run of Figure 54. Plots an col-

servations y; (— ), and also less spiky’ which might explain that it is ors as in Figure 56, but this time the

traces are also only shown for a single
possible to choose a larger learning rate for KFGraD in comparison to random weights (identical to the one in
vanilla sGp. Also, just by eyesight, the posterior standard deviations the last row).

VP (=) seem well calibrated. A concern might be that the learned
diffusion 4 is quite spiky, too (partly translates to the gain), which is
an artifact of ad-hoc smoothing of one-sample maximum likelihood
estimators (§ 8.2.2). This might need improvement in the future, e. g.,
by hierarchically modeling g, and thus softening the impact of unex-
pected observations.

8.4  Conclusion and Outlook

The following bullet-points summarize the main results of this Chap-
ter:

* We presented a novel filtering framework for stochastic gradients,
based on a continuous Gauss-Markov-model on the optimization
path, and local Gaussian observations. We derived discrete Kalman
filter prediction and update equations for the special case of Brow-
nian motion.
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* We showed correspondences of the mean estimator to classic first-
order methods such as sGb+MOMENTUM, or the enumerator of the
apaM-optimizer. While exponential smoothing factors are ad-hoc
in these methods, they arises naturally in the filtering equations,
and thus provides an indirect justification for using them. Addi-
tionally, these smoothing factors can now, wholly or partially, be
interpreted as Kalman-gains and provide a measure of how much
stochastic gradients can be trusted.

° We presented a prototype of a probabilistic first-order optimizer
(KFGraD) that uses gradient-mean-estimates of the filtering distri-
butions as search directions, and can learn the smoothing constants.
It is expressive and has the potential to be more powerful than
hand-tuned smoothing constants since one gain can be learned and
locally adapted per dimension. This is promising towards the goal
to control, analyze and automate optimization further.

* Additionally, the new framework helps to disentangle noise- and ge-
ometric contributions of smoothing constants. Experiments showed
evidence that classic smoothing in high-dimensional mini-batch set-
tings indeed only, or mostly, benefits stochastic noise reduction in
contrast to geometrical smoothing.

Future research directions:

* Performance improvement of KFGrap might go towards a more
robust estimation of the diffusion g, which is currently done by
averaging over single-sample maximum likelihood estimators. This
mightbe approached by hierarchically modeling g such that outliers
have less impact.

* The posterior variances P; of the marginal filtering distributions can
be used for methods that currently use a sample-variance estimator
(a likelihood) instead, such as updates in AbDAM, RMSPROP, Or even
the probabilistic lines search of Chapter 7.

It is possible to derive different filtering equation for other dis-
crete or continuous Gauss-Markov models of the gradient. The
continuous process presented here is the most basic one (Brownian
motion), but other ones, e. g., an Ornstein-Uhlenbeck process might
perform well, too. They might come with additional parameters,
though which also need to be learned.

 For full automation, KFGrap could be combined with the proba-
bilistic line search of Chapter 7. As mentioned above, this might
also include the line search using the mean-estimators, as well as
variances of the posterior marginal distribution over gradient el-
ements instead of the likelihood only. Other, milder adaptations
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might include step-size damping for uncertain search-directions,

©2

as in diagonal preconditioners (§ 2.4.2) according to % instead of
©2

digé[zt] , or on a global scale.




Second-Order Filter for Hessian Elements

NaLoGousLy to the previous one, this chapter develops and de-
A rives formulas for Kalman filtering on Hessians instead of gra-
dients. Again, the main goal is to design a general probabilistic frame-
work for second-order optimization for gradient evaluations of arbi-
trary noise levels, and then to draw connections to existing classic
optimizers, like members of the Dennis family of quasi-Newton up-
dates, or Broyden’s method. This provides further interpretation of
their implicit hyper-parameters, similar to the one done by Hennig
[56] for linear solvers which was discussed in Chapter 3. The dif-
ference to Hennig [56] will be that the Hessian is not constant over
the weight-space of ws, but rather changing with the traveled path
distance At. Specifically, we will represent the dynamics of the true
but unknown Hessian function ALp(w) of the empirical risk with a
Gauss-Markov process, defined only on the optimization path. It will
turn out that we re-discover Broyden’s method, as well as Dennis class
updates for special choices of diffusion matrices Q. We will also argue
that hyperparemeters of successful classic methods are less suitable
for stochastic problems and thus should not be transferred blindly.
Instead we argue in favor of an empirical Bayes-type approach simi-
lar to the sr1-update of the Dennis class. The last section considers
approximations to the filtering equations for very high-dimensional
problems, such that the resulting quasi-Newton update can be com-
puted in linear time. In this Chapter, we will occasionally use the
Einstein summation convention [35] for better readability. This means
that sum-symbols will be dropped if the index of the sum appears
twice per term.

2.1 A Model for Twice-Differentiable Functions

Classic quasi-Newton methods model the first two derivatives of the
loss function Lp(w). So, for a filter to encode a second derivative as
well, we need to include the Hessian of the loss Lp(w) into the state
x. That is, the enlarged state x will consist of two parts stacked on
top of each other: One for the gradient x¥ € RN and one for the
(vectorized) Hessian x? € RN 2, They are linked to each other since
one of them is the derivative of the other. Expanding the state not only
changes the Gauss-Markov process on Lp(w) (twice instead of only
once-differentiable sample paths), but also makes inference on x more

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015

[35] Einstein, “Die Grundlage der allge-
meinen Relativitdtstheorie,” 1916
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challenging: The state x is significantly larger now (size N + N?2), but
stillonly N informative numbers at each iteration, in the form of a noisy
gradient VLg, are observed. Even for exact gradient evaluations this is
a heavily under-constraint inference problem which can only be solved
by introducing prior assumptions on ALp(w). This is analogous to
the classic derivation of quasi-Newton methods (§ 2.3.4) where the
secant equation Bts; = Ay also did not identify the estimator B; for
the Hessian fully, and thus a ‘closeness’-relation from one iterate to
the next, i.e., minimizer of the Frobenius norm ||B — B;_1||w r s.t.
Bs; = Ay, worked as a regularizing term.

The Kalman filter equations now represent a multi-output distri-
bution jointly over the Hessian and gradient elements of Lp(w) on
the one-dimensional optimization path, and not on the whole weight
space of ws, similar to before. The optimization path, was defined in
Section 8.1. This implies, for example, that the marginal covariance

between Hessian elements x5 (7) and x](gkl) (7’) depends only on two

double-index pairs (ij) and ((;cjl) ) for the output correlation of the Hes-
sian elements, and the scalar path locations T and 7’ along the search
direction py, in contrast to arbitrary weight vectors w and w’.! Thus,
the filtering approach can be seen as solving t successive linear sys-
tems (with one observation each) as in Chapter 3 that are connected to
each other via a dynamic probabilistic model that encodes how these
problems might change on the line defined by successive locations w;
fori=0,...,t

In the following derivations, all relevant vectors and matrices will
be split into sub-blocks for gradient-gradient, hessian-hessian and
gradient-hessian interaction. They will be denoted with the super-
script V for gradient-related, and P for Hessian related quantities. For
example, as mentioned, the state x € RN+N? can be split into two
sub-vectors xV € RN and xB € RN with x = [xV;xB]; the upper
part xV of the state represents the true gradient function VLp(w)
analogously to Chapter 8, whereas the lower part x® represents the
vectorized true Hessian function ALp(w). The Hessian function is
the derivative of the gradient which can be encoded in the integral
Jo ALp(t')sdt’ = VLp(t) — VLp(0) for an arbitrary normalized
direction § € RN. This directly leads to the secant equation used in
classic methods. The most simple Gauss-Markov process for x can be
expressed with the spE:

v VB v
X 0 F X 0 2
d = NxN dT+ NxN dIBNszZ
B 0 B I
x Onexn Onzonz X N2x N2
N—
dx F X L

with FVB defined below. The Hessian elements evolve according to
. 1 . : N?xN?
a Wiener process with intensity matrix g € R , analogously to

1 The latter approach was e.g., used in
[57]who used a squared exponential ker-
nel to describe the covariance between
two locations w and w’. This approach
suffers from the usual problem, that it is
difficult to define covariance functions
in very high dimensional spaces, which
in fact live on a much lower dimensional
manifolds.

[57] Hennig and Kiefel, “Quasi-Newton
methods — a new direction,” 2012

(130)
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the gradient elements in Chapter 8. The gradient xV is linked to
the Hessian via the block FV8 = (I ®3]). The Kronecker product,
symbolized by ‘®’, naturally arises if the Hessian is vectorized in the
secant equation: For the i component of the vector ALps we can

write: ALDS; = (0 ALY = (1©57) 5 1) ALY N2
The explicit forms of the transition matrix A; € RN+N*XN+N* 514

. . . 2 2
the diffusion covariance Q; € RNTN"xN+N

of the Kalman filter again
can be derived by inserting F and L into Eq. 19. The resulting expres-
sions are again analytic, since F is nilpotent of order two (F? = 0) and
the sum of the matrix exponential exp (FAT) is finite:

(I®35])AT

= (FtAT)k InxN

exp FAT = Z T

k=0
Tt+1
o=/
T

%(I ®3])q(1 ®5)AT %(I ® 8] )qAT?
1q(I®35)AT?

At = (I+FAT) =

Onexn Inexn2
(I®5])(T41 — x)

(108 (T 1) Ipee)ds
Inz w2

gAT

The length of a path segment is again denoted by AT = ||ws11 — wt||.
The predictive Kalman equations for each block of m;,1_ and Py q_

are thus:
v _ .,V T\..,B
my o =my + (I®@s])m;
B _ .B
Mpp1— = My

PYY_ =QYV+ PV +PVB(I®s) + (I@s])PEY + (1@ s])PPB(1 @ s¢)

PYE =QYP+PYP + (1@s])PPP
PAR_ = QP + PP
with s := 3At. Eq. 132 is intuitive: Since the drift matrix F5B is

zero, the expected predictive Hessian-state m? ’1_ is the same as the

current one m} and its block-covariance PtliBl—

a Wiener process proportional to the traveled distance At. This is

grows according to

the same behavior as the predictive mean and covariance of first-
order filtering of the previous chapter, just this time it occurs one
derivative higher. This is, because in comparison to Chapter 8, now
we chose a Gauss-Markov process for the evolution of the Hessian
instead of the gradient. Once the Hessian xB is known, the gradient
xV is deterministically linked to it since no further derivatives are
encoded by Eq 130. Thus the predictive mean estimator mtvﬂf of
the gradient changes linearly with the current estimate m? ' 1_ of the
Hessian, as expected for a quadratic model. Its block-covariance PXY—
increases with the third power of the traveled path AT according to an
integrated Wiener process (this was introduced in § 1.4.2).2

(131)

(132)

2 The expected distance between two
Hessian states is:

B B2
Ep(x[B+1‘x?)H|xt+l —x¢[I7]

= tr[q]flwe1 — we.

Again this can sloppily be associated
with Lipschitz continuity on Hessians
where ||[ALp(wiy1) — ALp(wi)|lp <
Zpllwi1 — we|| e.g., in the Frobenius
norm.
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Measurements

Analogously to Chapter 8, we will assume here that we only have
access to gradients VLg(w;) that are Gaussian distributed with mean
Z(w)/|s] € RN*N_ The mea-
surement matrix H thus needs to select the observed part xV of the
full state x, i.e., H € RNXN+N* —

Kalman equations for each block are:3

VLp(w:) and noise covariance R; =

[INxN,Onxnz2]- Then, the updated

vV _ .V \AY v
My =M + Pt+1fGt+1 [ytJrl mt+1f]

B _ B v
my g =mg g+ Pt+l Gt+1 {ytﬂ - mt+1f]

133
P+1 =PYY_ — PYY_G. 4Py, +1— (133)
P =P8 — PYY G\ PY
Pt+1 _Pt+1— Pt+1 Gt+1 t+1 ’

where G; 11 = Pt o TR € RN*N s the innovation covariance.
Eq. 132 together with Eq. 133 provide the base-equations for filtering
on Hessian-elements where the Gauss-Markov model encodes two
derivatives and no drift. The algorithm defined by Egs. 132 and 133
has general cost quartic in N, assuming the hyper-parameters R and
q are given. For noise free observation (R; = 0), the gradient part of
the expected state collapses onto the observed exact gradient mtvH =
VLp(wyy1), with PXY =0and P¥% Y7 = 0, sinceitis fully identified (can
be directly seen from Eq. 133 for PYVG~! = PVVPVV~1l = ). The
Hessian part x? of the state is not fully identified by a single gradient
observation in the same sense as the secant equation of quasi-Newton
methods does not uniquely identify Broyden’s method or updates of
the Dennis class. Thus, the model falls back on the prior and is still
uncertain about the Hessian in most directions of the N-dimensional
space. The corresponding covariance block PBB collapses only in the
observed direction; for R > 0 it never collapses completely.

9.1.1  Non-Symmetric Hessian Estimates

Section 9.1 derived general predictive and updated Kalman equations
for filtering on the Hessian of Lp (w), for the case of Gaussian gradient
measurements. Most formulas in 132 and 133 still contain matrices
which are extremely large and are thus not usable in practice (e.g.,
PBB is of size N2 x N? and thus has memory requirement quartic in
N). As discussed in Chapter 3, classic quasi-Newton methods solve
this issue by smartly choosing the structure and values of their hyper-
parameters, in this case g and Py. In order to lower the computational
complexity of Egs. 132 and 133, we will use Kronecker structures and

3In principle one could think of evaluat-
ing e. g., the diagonal of the Hessian on
a mini-batch as well, since this is some-
times feasible, e.g., in neural networks
[10]. This could be incorporated into the
filter by changing the measurement ma-
trix H accordingly. In general, any ob-
servation which is a linear map of the
state x, corrupted by additive Gaussian
noise can be included into the update
step. This includes all selector maps. We
will not explore this further here.

[10] Becker and LeCun, “Improving
the Convergence of Back-Propagation
Learning with Second-Order Methods,”
1989
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similar choices for the diffusion matrix g € RN**N* and covariance
blocks of the current state PP? and PYB:

PYE=(1oo))(UToUul) U e RN*N, v e RN
=W; @ W; W; e RVN Wy, positive definite
g=VvVeVv V e RV*N_ V positive definite.

The matrices g and P still have full rank, hence we did not restrict
the support of the Gaussian distribution on x; by choosing Kronecker
form. The predictive Kalman equations of 132 together with 131 and
134 turn into:

mig_ =my +(I@sT)mf
m?—s—l—:mf

vy , AT T TN (77T T
Pt+1— A —I—?(I®St)(V®V)(I®St)—I—(I®Ut)(ut®Ut)(1®st)

+(Ios)WLU) (1) +(I®s])(Wi @ W) (I®s)

A
PYA = SL(@sh(Vev)+ (T eo)(U] e uf) + (1o s]) (W e W)
Pt+1— = (V® V)AT+ (Wt ®Wt)

All predictive covariance blocks are now sums of terms which exhibit
the original structure of this block; for example Pthl is a sum of

Kronecker products, and Ptvjf and PXY are both sums of linearly
transformed Kronecker products, where the linear map has the same

algebraic structure across terms.

Measurements

The updated Kalman equations of Eq. 135 can be simplified further.
The derivations can be found in Appendix B.2. By combining Eq. 135

with 133, the predictive covariance PXY € RNVN*N can be written as:

Pt+1 =PVV + At/3V (s Vsy) + U (0] Ul st) + Uy (s] Uror) + Wi (s] Wis).

It is thus a linear combination of the current block covariance PV,
diffusion matrix V, and contributions from Hessian-gradient corre-
lations U; as well as uncertainty on the Hessian W;. With this, the
updated Kalman equations turn into:
B
mg, = mt (VGtJrl )(VE)T + (UtG
v
mgygg = my + (I®s))mf + Pt+1 Gt+1

PYY = PYY_ — PYY_G 4 PYY-

PYE=(V-V) @ (Vs)T+ U] - Uf) ® (Uor)T + (W — W) @ (Wis)T

t+1 )(utvt)T+(Wth+1 t) (Wise)T

(134)

(135)

(136)

(137)
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PEE = AT(V @ V) + (Wi ® W)

— VG LV ® (V&) (Vs)T — UG LV @ (Upor) (V)T — WG LV @ (Wisy) (V3)T
5 WthHU ® (West) (Uroy)T

t
— VG LUl @ (V&) (Uror)T — UG L UT @ (Usor) (Uroy)T

VGH_]Wt ® ( )(WtSt)T - uthH

Here the predictive Kalman equations of 135 are already inserted into
the updated equations, except for PXX The innovation covariance
is again denoted by G;;1 := Pt %1_ + Riy1 and the residual, which
measures the discrepancy between the expected predictive state mtv_H _
and the gradient measurement y; 1, is denoted by A¢ 1= y; 1 —m) —
(I® stT)mtB . Further notatione. g., Viisa ‘gain-corrected’ version of V,
and introduced in Eq. 217, Section B.2 for notational convenience. The
estimator mt for the Hessian is not symmetric, since symmetry was
not encoded in the prior on x?. In other words, the correlated Wiener
process B of Eq. 130 allowed for arbitrary Gaussian increment with
covariance g of general Kronecker structure; i. e., it did not encode that
the Gauss increments should correlate such that the resulting matrix is
symmetric. Nevertheless, for a quasi-Newton optimizer, it is desirable
to encode symmetry of Hessians already in the prior assumptions on
xB. This will be the subject of Section 9.1.2 below.

Connections

From Eq. 137 it can already be seen that for noise free gradients

(R,U = 0), the Hessian estimator m?

resemble Broyden’s method
(§ 2.3.4). We will make this connection more explicit in Sections 9.2.1
and 9.2.2. The previously observed behavior that the mean estimator
of Wiener processes stays unchanged unless new gradients/ new evi-
dence is collected, is apparent in Eq. 137: The only parts of m® which
are updated are spanned by a low-rank matrix that is constructed with
vectors depending on the residual A, containing gradient differences
Ay, as well as path segments s;. This non-stationary behavior is ex-
hibited by virtually all classic quasi-Newton methods. Corresponding
non-stationary probabilistic models thus possibly have an advantage
over stationary probabilistic models, such as a gp with a squared ex-
ponential kernel. This was already argued in Chapter 2.4, meaning
that it is inefficient if models ‘forget” what they have learned, when
moved in w-space, especially when this space is high-dimensional. In
contrast, we would like to overwrite old information with new one,
weighted according to its likelihood, as soon as it is available, and rely
on it less the further we travel from its observed point by growing the
uncertainty.

Wi ® (Utvt)(Wtst) WtG

t+1

Wt X (Wtst)(Wtst) .
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Back-Projection for an Iterative Procedure

Before we proceed to symmetric Hessian beliefs, let us investigate
how Eq. 137 could be used as an iterative procedure, meaning that
successive blocks of m; and P; will need to have the same algebraic
structure. As of now this is not the case since e. g., P?® is a Kronecker
product and Pffl is a sum of Kronecker products. Luckily there is

V is updated with a vector € RV of

structure in Eq. 137: The vector m
same size, and mP with low-rank terms. So as long as mg is of simple
form, e. g., a scalar matrix mp = 0(1)3 I, m; will be, too.

The covariance contributions P2B and PVE are sums of Kronecker
products (although of different size) and we would like to project it
onto a ‘close’ single Kronecker product of the same shape. It turns
out that this can be done rather easily under the Frobenius norm by
solving the minimization problems (Appendix A.1.2 for derivation

and pseudo-code):
2
Wii1 @ Wiy 1= arg min|| W & W — PER HF (138a)
W

2
Upp1 @ Up10p4q = arg minHU ® Uv — PEY HF
U,o

(138b)

This can be computed to high precision by linear algebra operations
available in standard libraries.* The results hold for dense W;, U;, and
V, but especially also for scalar-plus-low-rank structured matrices. In
other words, as long as V, W;, and U; are scalar-plus-low-rank (V can
be chosen as such and we will see that W; and U; will have that form
if Wy and Uy have), W;,1 and U; 1, will be, too. This is because the
solution to Eq. 138 are matrices which are linear combinations of the
matrices contained in their corresponding Kronecker sums. This will
become relevant in Section 9.3.

9.1.2 Encoding Symmetric Hessian Beliefs

The Gauss-Markov process on x? in Section 9.1.1 did not encode that
the Hessian is symmetric by definition, hence the derived estimator m®
in 137 was not either. This section restricts the process on x?, such that
it yields symmetric matrices only. It then derives filtering equations
in the same style as the previous section. We again use Kronecker

structure on all relevant matrices

PVE = (1@ (Ufeu]) U e RNV, v e RN
PP = wieW; W; € RN*N, W positive definite

g=Vvev vV e RV*N, ¥ positive definite,

41n short: Under the Frobenius norm
as in Eq. 138, it is possible to reshuffle
the norm-sum with a fixed, known per-
mutation, such that the minimization
problem can be rephrased as an equiv-
alent rank-one approximation problem.
This can be readily solved by singular
value decompositions of the matrices
contained in the summands, which is
of complexity O(N) if they already ex-
hibit scalar-plus-low-rank structure, and
of negligible cost if an ortho-normal low
rank basis (shared by all matrices) is
known (§ 9.3).

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015

(139)
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but this time using the symmetric Kronecker product, symbolized by
‘®’". Its definition and some of its algebraic properties were already
discussed on in Section 3.2; further properties can be found in Ap-
pendix A.2. The matrices ¢ and PB® now have reduced rank of
%N (N + 1) and the support of the prior distribution on x} equals
the space of all symmetric matrices in contrast to arbitrary squared
ones [56, Lemma 2.2]. Intuitively Eq. 139 can be thought of as applying
1/2(X 4+ XT) onto an
N x N reshaped x5. Since I'is linear, x® is still Gaussian distributed.?

the symmetrization operator I, defined by I'X =

The Gaussian increments of the Wiener process now correlate through
g in such a way, that x? is always symmetric. The predictive Kalman
equations of 132 together with 139 and 131 turn into:

mi_ =my +(I@sT)mf

B _ B
Mpp1— = My

1
PYA_ = E(I ®s])gAT + (I o)) (U] eU) + (1@ s]) (W;@Wi)
Pt+1— = (V@V)AT + (Wt®Wt)
pVVY _ pVv
t+1f p o+ 3

+ (@) (WU (I@v) + (1@ s]) (Wi@Wh) (I ® sy).

All predictive covariance blocks are again sums of terms which exhibit

the original structure of this block in the same way as in Eq 135. The

PVV

predictive covariance block for gradient-gradient interaction Py _

can be simplified further (Appendix B.3):

PYY. =

+ Ut(st Utvt) (Utvt)(ufst)T + Wt(stTWtst) +

In contrast to Eq 136, also rank-one terms (outer vector products)
appear in the above equation.
Measurements

Eq 141 as well as the explicit form of the updated Kalman equations for
the symmetrized process on the Hessian is derived in Appendix B.3;

here again just the results are reported; the predictive Kalman equa-

tions, except for PXY , are already inserted into the updates. By

combining Eq. 140 with 133 we get:
1 < <
mp,, =mp + 5 [(VGLA)(VE)T + (V&) (VGHANT + (UG A

t+1 Ap)T (WfGtH
+(I®sT)mf +P t+1 Gt+1

F+1
+ (Upor) (UGt Ap)(Wise)T +

v
myy = mt

Vo [AT/3V(S V) + 87/3(Vsy) (V)T + U (0] U st) + (U] sp) (Upog)T
(WtSt)(WtSt)T].

5 For this fact, it is much harder to im-
pose positive definiteness of the Hessian
estimate, since this would involve a non-
linear transformation of x8, or a Wishart
prior. Gaussians are always more gen-
eral, since they have support on whole
RP. Section 9.3 will introduce a way of
efficiently projecting each estimator m}P
onto the positive definite cone. The con-
nection of a Wishart prior W(x5; W,v)
for xB reshaped to N x N to a Gaus-
sian prior on vectorized x® with sym-
metric Kronecker covariance, is that the
covariance of this Wishart is given by
v (WaW).

(140)

Yeshvev)(Ies)at+ (o) (Ul ) (Ios)

(141)

t) (Uror)T
(Wiest) (WeGLL A1) (142)
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PYY = PY_ - PYY_G 4 PY.
PYS = (Ios])(VeV) + (1 ®UI)(UI®UD + (I®s])(W@W;)
—(Ie)(VVeV]) —(Iea)(fel]) — (1o o] ) (W] eW/)
PEE = AT(VRV) + (WieW;)
- VthrllVea(Vét)(Vs“t)T — utG;j1V®(utvt)(V~t) WthHV@(Wtst)(Vst)
~ VG LU e(Ve) (U™ — UG L UT @ (Uroy) (Uroy)T — WiGLL UT @ (Wesy ) (Uroy )T

t+1
VGtJert@( )(WtSt) UtG W@(Utvt)(wtst) WtG W@(Wtst)(wtst)T.

t-‘rl t+1

t+1 t+1

where G = Pt “1_ + R¢y1 again is the innovation covariance and
At := Y1 —m) — (I®@s])mP the residual (further notation e.g. V;
is introduced in Eq. 228). The expected value m®? of the Hessian is
now symmetric as well in contrast to the estimator in Eq. 137. Also

B

the uncertainty on x” contracts faster, since more information about

xB

can be deduced from a single gradient under stronger prior as-
sumptions. The update m® roughly resemble the ones of Dennis class
quasi-Newton methods; connections will be discussed in Sections 9.2.1
and 9.2.2. We will call algorithms that arise from the Kalman filter
update as in Egs. 141 and 142 by the general name of KFHEss for

"Kalman filtering on Hessians’.

Back-Projection for an Iterative Procedure

Similar to the back-projection for the non-symmetric process, the up-

dated estimators mY, mP and PVV, already exhibit their original struc-

ture. Also the Hessian covariance Pffl can be projected back with the
same algorithm as described below Eq. 143 and in Appendix A.2.2,

since the minimization problem
Wis1®Wisq = arg minHW@W pEB H (143)
W

is just the square of a linear transformation of a Kronecker sum as
in Eq. 143. Thus its solution is the linear transform of the solu-
tion if all symmetric Kronecker products were replaced by Kronecker
products. In other words let .7 be the linear operator defined by
J[A® B] := A®B (Eq. 190 in Appendix A.2.1), then W; 1 can be
obtained by solving

_ 2
Wist @ Wyay = arg minHW ® W — PPE HF (144)
w

where PBB 111 is the same as Iffl of Eq. 142 but all symmetric Kronecker
products are replaces by normal Kronecker products

Unfortunately, the back-projection of P +1 is not as easy as in the
non-symmetric case since (I ® v7)(A&B) # (A®vTB) (the right hand
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side is not even defined). It is not clear, how to do this properly
algorithmically for now. An intermediate practical workaround is to
impose independence between the gradient and Hessian part of the
state x such that P; is block diagonal with PVE = 0. The theoretical
analysis below is not affected by this.

9.2 Recovering Classic Quasi-Newton Methods

The estimators for the Hessian mP and gradient mY can be used to
construct noise-informed, probabilistic quasi-Newton methods. With
slight abuse of notation (m} occasionally denotes the reshaped N x N
matrix, instead of the vectorized version) we can write updates of the

form:

Wiy = we— o (mP)my or  wpyg = wr — a(mP) IV Ls(wr).
The updates to the Hessian estimators m? are of low-rank and thus

B

my can be inverted analytically by the matrix inversion lemma, anal-
ogously to Dennis-class estimators. Section 9.2.1 will explore con-
nections of noise- and diffusion-free Kalman updates to Broyden's
method and the Dennis family, and Section 9.2.2 likewise for noise-

free updates with non-zero diffusion.

9.2.1 Diffusion- and Noise-Free Updates

Hennig [56] (recap in Chapter 3) established that Broyden’s method

and the Dennis family of quasi-Newton methods can be seen as one-

step Gaussian regression on constant symmetric positive definite (spd)
Hessian matrices in w-space, when gradient evaluations are exact
(R = 0). In addition, the Dennis members BrGs and Drp are identical
to multi-step Gaussian regression for exact line searches, again for
constant Hessians.

For this reason we examine the Kalman update equations, first
under the assumption that the Hessian is constant, i.e., diffusion g
is zero, AL(w) = AL = const, and in Section 9.2.2 for non-quadratic
objectives where the Hessian changes with w. All lemmas assume
that the initial state x5 is Gaussian distributed with mean m5 = of1
and (symmetric) Kronecker covariance PéBB.

Lemma 4 One-step, diffusion-free Kalman updates (g = 0) which have
access to exact gradient evaluation (R = 0), are identical to one-step Gaussian
regression updates on matrices as in [56], for both, the symmetric and non-
symmetric hypothesis on xB and same observation pair (Ayt, s¢).

Proof For the non-symmetric update: For R = V = 0, and t > 0
Eq. 135 simplifies to

6 Note that the majority of the full co-
variance P € RINH+N)X(N+N?) ' o the
block PBB € RN**N? as well as the block
PVV ¢ RNV*N s still dense under this
approximation. Thus omitting U might
have minor practical implications even.
If not, an algorithmic solution for back-
projecting PV® can be found in the fu-
ture.

(145)

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015
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—1

_ W, I
PYV-1 _ (T sTY W, @ W) (I I d wply-t=2xE 146
b1 [(T@sT)(We @ W) (I @ st)] s] Wisy an dlaze s{ Wist (146)

Thus the Kalman updates of Eq. 137 become:

_ A (Wise)T
TI’IEH = m? + (WtPZ_Y_ 1At)(WtSt>T = m? =+ M
Sy WtSt
(Wisr) (Wis)T e
- s s
PEE = (W, @ Wy) — WiPYYZ'Wi @ (Wisy) (Wisy)T = Wi @ (Wt EAL i ot ) )
(s{ Wist)
Eq. 147 is equivalent to Egs. 2.4 and 2.5 in [56] for M = 1 (single
step). Analogously for the symmetric update, and by the the matrix
inversion lemma, Eq. 140 becomes:
_ wl sisT
PYY ! = [(T@sT)(WeeWi)(I R s S
t+1- (T s))(WeaWe) (I @ 51)] s]Wise (5] Wist)? (148)

W,PVV-1_ 3 INxN (Wist)s]

t+1- SIW{S,} (SIWtSt>2'

Thus the corresponding Kalman updates of Eq. 141 are:

1 _ _
mpq = mp + 5 [(WPSY 1A (Wist)T + (Wisi) (WePYY AT

t+1— 41—
- n At(WtSt)T + (WtSt>A;r B SZAt(WtSt)<WtSt)T
t s] Wist (s]Wist)?
PfiBl = (W @W;) — WtPZ_Y:th®(WtSt)(WtSt)T
(West) (West)T (West) (Wise)T
— (w, — LSO VSH W, — WSt (Wist)
( : (s West) AN (s] Wist)

(149)

Eq. 149 is identical to Egs. 2.7 and 2.8 in [56] for M = 1 (single step). W

Lemma 5 For the setup as in Lemma 4, multi-step Kalman updates are
equivalent to multi-step, auto-regressive Gaussian updates as in [56].

Proof Can be directly seen from Eqgs. 147 and 149 for Wy := W; —

(WE;)#?)T, and Egs. 2.4 and 2.7 of [56] for M = 1 (single observation).
t

Lemma 6 For setup as in Lemma 4 and symmetric updates, as well as
a given sequence of search directions p;, the Kalman update equations are
equivalent to exact Gaussian inference on matrices as in [56] if the search
directions are Wy-conjugate, i.e., p] Wopy = p] Wop:Syy for all t and .
If the search directions are defined as p; := —(I ® mth)(mtB)’l, and line
searches are exact, this is e.g., fulfilled for Wy = (AL, { > 0, which
also recovers the DFp-algorithm in the sense that the sequence of search
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directions p; (and consequently (wy, y)-pairs) are identical. The same holds

T B
pymypt

that for my = T, both algorithms are identical to linear conjugate gradients.

=
for Wo =C (AL + 4/ Wmf) and the BrGs-update. This also means

Proof First note that (I ® mtVT)(mF)’1 = (mP)~'my, where the left
hand side of the equation uses the original vectorized version of m?,
and the right hand side (with overloaded notation) the non-vectorized
version. For the first part of the proof, combine Lemma 3.2 of [56] with
Lemma 4 above and set Wy = Wyennic. The second part of the lemma
follows then directly from Lemma 3.3 and Theorem 3.4 of [56]. ]

9.2.2  Noise-Free Updates

In the previous section, we saw that it is possible to recover classic
one-step quasi-Newton updates with a diffusion-free filter and exact
gradient observations. Thus, the question arises if it is also possible
to construct equivalent multi-step Kalman filter updates, if the filter
adapts its intensity g, or to a less rigorous degree its diffusion Q,
in such a way that classic methods, like the BrGs-rule or Broyden's
method get recovered. Differing q or Q per iteration in essence imply
a different scale for the variability of the Hessian elements as well as
different correlations. We will do this here for the symmetric case
only, since it is usually more involved, but the results translate directly
to the non-symmetric updates as well, by replacing the symmetric
Kronecker products with non-symmetric ones. Firstly, the predictive
Kalman filter equations for g4 # 0 and R = 0 are:

AT
PYY = ?(1@95;)4(1@50 + (I@s])(Wi@Wi)(I®st)
AT
PYS_ =S (I@shq+ (Ios])(Wiew) (150)

PER_ = Atg+ (WieWy)
From the previous section, we know that we recover the Dennis class
on mb if
PYY- £ (10 5T) (Woen @ W) (1 51)
PYA. = (1®])(Wosn®Woex) (151)
PRE = (Wpen@Wpiy),

where Wpyy is defined up to a positive scalar as in Eq. 72, and the
subscript DEN is a placeholder for a member of the Dennis family, e. g.,
prp. Thus, for the filter-update m® to be identical, we require:
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AT‘J = QBB ; (WDEN®WDEN> - (Wt®wt) (152&)
%AT(I ® ST)q = QVB ; (I & ST) [(WDEN®WDEN) - (Wt®wt)] (152b)
%AT(I @sT)q(1®s) = QVY = (1@ 5T) [(Wpe®Wpex) — (Wi W1)] (1 ®5). (152¢)

Thus the Dennis-updates can be recovered for blocks of Q as in Eq. 152,
but we can also see that all three equations can not simultaneously be
fulfilled for some common intensity matrix q € RN 2XN2, due to the
factors 1/2 and 1/3 on the left hand side. This leads to the following
theorem:

Theorem 7 Assume exact gradient evaluations (R = 0), and the same
sequence of pairs (wg,ye), i.e., sy == (I® mth)(mf)’l and the same
learning rates ay. Then, the Kalman filter updates as in Eq. 133 recover
the Dennis family of quasi-Newton updates for possibly indefinite diffusion
matrices Q given by Eq. 152. Additionally, the same can not generally be
constructed for diffusions arising from an integrated Wiener process with

intensity matrix q as in Eq. 130 and 131.

The structure is, however, very close to that of a Wiener process, since
matrix blocks just differ by a constant relative factor, i. e., if g is chosen
such that QBB L Q]BDB;N, then the other blocks need to be multiplied
by constant factors as follows: QVBE 52.QVBand QVVY —»3-QVY,in
order to recover the Dennis-updates.”

We can ask now if it is possible to generally find a Gaussian model,
not necessarily only one that is based on a Wiener process, which
recovers the Dennis family. For this, we need the matrix Q to be
symmetric positive semi-definite (semi-spd) such that p(x;;1_|x¢) de-
fines a Gaussian distribution. This is only satisfied if the difference
(Wpen@Wpen ) — (Wi@W;) is semi-spd. Since Wpgy and W; are both
coupled to the identity matrix, the Hessian estimator B, or the mean
Hessian ALp, depending on the Dennis member, this is not satisfied
in general.

An easy instance is the Dennis-update pss, where Wpgy = I and
7 SfflstTf]
W= 1= Grscy

loss of generality. If we choose an ortho-normal basis P € RN*N of

, where we used ¢ = 1 for simplicity and without

W; with PTP = I, where the first column is equal to s:-1/|s;_4|, then
we can write

7 Relative factor means that the same
correspondence could be achieved by

choosing g such that QvVv L Qgﬁz{, then
QVB —2/3.QVB and QBB —1/3. QBB,
Thus blocks have different sizes relative

to each other, once an absolute scale is
fixed.

(WDEN®WDEN) - (Wl‘@Wt) = F(P® P) [(I® I) - (I - ele-]r) ® (I - 6161)] (P®P)TFT

= (P&P) [Iyp — K] (P®P)T = (P&P)D(PRP)T =: Qy},

where ey is the first Cartesian vector and I' is the linear operator defined
in Eq. 186 that maps a Kronecker product onto a symmetric Kronecker
product,and D := I — K a diagonal matrix.®> We would like to find the

(153)

8 We also used that (P@P) = T(P®
P)IT = T(P® P). For general Kro-
necker products this does not hold, i.e.,
T(A®B)IT #T(A®B).
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non-zero eigenvalues of the matrix Q. These are at most %N (N+1),
since this is the maximal rank of Q;. Define the matrices v(;;) :=
pip] +pjpl and e(;j) = eie] +eje] where p; € RV is the ith column of
the ortho-normal basis P and ¢; the ith Cartesian vector. We can see that
e(ij) form the (not-normalized) standard basis for symmetric N x N
matrices, which is of rank N (N + 1). Since the matrices v(;j) and e(j)
are congruent via the invertible transformation P, i.e., v(;;) = Pe;; PT
with PPT = [, also v(;; form a basis. Vectorization does not change
the linear independence, thus a corresponding vectors-basis is given
by vy = pip] + pjpl = (P@P)eie] +ejel, with (P@ P)(P@ P)T = I.

We can now find all %N (N + 1) non-zero eigenvalues of Q; since
Qi9, = (P&P)D(P&P) 355 = (D + Dy ) i (154

From Eq. 154 we see that they are given by all possible combinations
Ajy = D, ajy T Dyjiy,(jiy- From the definition of K and D we see
that D is the zero-matrix with a few ‘1’-entries on the diagonal, in
particular A = 61 + 6 — 101 € {0,1}. Since the eigenvalues
A(ij) are greater or equal to zero, Q" is semi-spd. We can therefore
formulate the following theorem.

Theorem 8 Assume noise free observations (R = 0), a matrix Qf as in
Eq. 153, and a diffusion matrix Q; that is constructed from the blocks QBB =
Qf, QY8 = (I®s])Qf, and QY = (1®5s])Q; (I ®s;). Then, the
Kalman filter updates as in Eq. 133 recover the psB-updat. Additionally, since
Qf is symmetric positive semi-definite, there exists corresponding Gaussian
distributions xy11 ~ N (Asxy, Qt), and thus a Gauss-Markov-model for x;.

B

The identical algorithm arises for p; = —(mP) =1y, and same (wy, y;)-pairs,

i.e., for identical learning rates.

Note that Theorem 8 did not impose further restrictions on Lp(w)
and also does not assume exact line searches, as e. g., done in Hennig
[56]. For other members of the Dennis family, the same would apply
if, exchanging sub- with superscript,

(WP_E1NSt71) (WBElNStfl)T

(WP_ElNStfl) (WBElNStfl)T

[45] Golub and Van Loan, Matrix compu-
tations, 1996

[56] Hennig, “Probabilistic Interpreta-
tion of Linear Solvers,” 2015

(WP eWP™) - (WPS: - )P -

SR s
is semi-spd. One might ask if conditions can be imposed on the
estimator B; and on the loss Lp(w), such that 155 is always semi-
spd. Interesting corner cases might include quadratic losses where
ALp = const, or Hessians ALp (w) that all share the same eigen-basis.
Alternatively one might attempt to find weaker restrictions on ALp
only on the optimization path. A promising direction might be to
decompose Eq. 155 with a generalized eigen-decomposition for WD~
and W;, and then to impose restrictions on the eigenspectrum. See
e.g., [45,§8.7], Theorems 8.71 and 8.72.

T Den
;1 Wiq 81

) (155)
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Scales of Dennis-Covariances

Since classic quasi-Newton methods are succesful in practice, it might
be beneficial to get a better intuition about the relative scaling of the
Dennis-covariances Wyey between Hessian elements only. Consider a
Hessian function ALp(w) with N = 2-dimensional input w and noise
free gradient observations (R = 0). Figure 58 shows the diagonal
of the Hessian estimator BP*™ of five members of the Dennis class
on a 2D-toy function for absolute scale { = 1 as in Eq. 72. Top and
bottom row show the (1, 1) and (2, 2)-element of ALp(w(T)) respec-
tively (the (2, 2)-element is constant). The true Hessian is shown in
blue (—) and the Dennis-estimator B® in black (——), 2 standard
deviations 2 diag[Wpex] shaded (* ). Note that all standard devia-

PSB Greenstadt DFP SR1 BFGS
30 ‘
20 -
3 10\/ \
<
N
07 .|
-10
27 .
da 0 =
~
<
727 .
747
| | I | | | | | | | | | | | |
30 60 90 30 60 90 30 60 90 30 60 90 30 60 90

t

tions diag[Wpen] () could be scaled up or down by a positive scalar
shared across all dimensions; so we are interested in their behavior
relative to the evolution of ALp and the estimator BP=N, as well as how
a shared fitted absolute scale would affect the individual dimensions.’
From the figure, we can deduce the following points:

* psBis equally uncertain, independent of the Hessian estimator B; or
the true Hessian ALp ;. This is probably the simplest, yet possibly
effective, approach, a global uncertainty scale, assuming B stays in
a reasonable range. If this concept was used for KFHEss, ¢ would
adapted such that the posterior uncertainty would be isotropic and
probably quite conservative for most directions.

° GREENSTADT scales its uncertainty proportional to the magnitude
of the Hessian estimator B;. While it might be true that larger
parts of the estimator also “need larger variances”, it is still less

Figure 58: Sketch of Dennis-class hyper-
parameters. Top and bottom row: (1,
1)-element and (2, 2)-element of the Hes-
sian ALp (w) respectively. True Hessian
( ), Dennis-estimator ( ), and 2
std diag[Wpex] ( )-

9 Since When Occasionally depends on
the quantities B°*™ and ALp, positive
definiteness of B°®™™ and ALp will be as-
sumed where necessary for the sake of
interpreting Wyen®Wpen as covariance
matrix.
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favored from an uncertainty point of view, since it vanishes for
vanishing estimators (t ~ 30 and 70 in the figure). This means that
the uncertainty might be scaled down although B; might be far off,
or likewise, but less concerning, scaled up although the estimator
might be performing well (f < 20 and ¢ > 80). Most definitely
it would be troublesome to find a well working absolute scale for
all dimensions simultaneously as can be seen by scaling W in the
bottom row up and down.

* DFP is similar to GREENSTADT in the sense that it couples the un-
certainty to the Hessian, but this time to the true mean value ALp
instead of to the estimator B. Again this only scales the uncertainty
up for large Hessians relative to small Hessians, but does not en-
code if the current estimator is actually doing well and thus an
absolute scale is hard to find.

° BFGs is a combination of GREENSTADT and DPF in the sense that it
scales the uncertainty up if either the estimator or the true Hessian
is large.!0 This is beneficial since it is virtually never overconfident
for a large enough ¢ > 1. But it also means that it is still very
underconfident for potentially very good estimators, as can be seen
from the figure: The estimator B; is quite good nearly everywhere
but the uncertainty wildly varies. BrGs usually does not bother
about this relative under-confidence, since the residual A = Ay — Bs
vanishes in that case and the update to B; vanishes, too. In other
words, the relative scaling of Wg;s is sensible as long as the residual
A is large as well, but it is not sensible for vanishing residuals A.
For noisy gradient observations, and thus noisy residuals Ay, the
latter will virtually never be the case and thus BrGs-type scaling
might be less favorable, too.

* sr1 possesses the only covariance, among the five shown, which
encodes the difference of the Hessian estimator B; to the true mean
Hessian ALp; and has thus, from an uncertainty perspective, the
arguably best approach to coupling Wyey to these quantities. This
can be seen especially at iterations ¢ > 70 where m; and AL are very
close and also the uncertainty shrinks. This is a feature that all other
methods, including Brcs, lack.!! It also enables the possibility to
adjust a reasonable absolute scale ¢ which yields an uncertainty
that is neither too conservative nor specifically over-confident for
all Hessian elements.

The points above shed light on how classic quasi-Newton methods
tune their relative uncertainty: For achieving good estimators By,
some, including the state-of-the-art BrGs-optimizer, additionally rely
on the residual A to vanish when the estimator is well calibrated, and
trade this assumption for a Wyey that is possibly not well scaled in

10 The hyperparameter Wyqs can even
be rewritten as a convex combination of
B; and ALp, t such that:

Wieas = {(0ALp; + (1 — 0)By)

-1
T
9<1+ StBtst) € (0,1).

s{ Ayt

If By = ALp, then 8 = 1 but Wyes #
0. For SIBtSt > SIAED’fSt, 0—0
and Wyees — {B;, while for s[Bis; <
s]ALpst, 0 — 1 and Wyegs — {ALp ;.

11 The factor 6 of sras also compares B
to ALp, but, depending on their mag-
nitudes, just shifts Wy to the larger of
the two instead of shrinking it when they
are close, or scaling it up when they are
different. Thus BrGs encodes their rela-
tive magnitude, while sr1 encodes their
difference.
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those cases. Ultimately this strategy is justified since only the esti-
mator counts. This means that the W-adaptation of e. g., BFGs is less
preferable when A, which appears in all of the Dennis-updates, is not
exact anymore, i. e., when gradients are noise corrupted and A virtu-
ally never vanishes.!> Thus, when one is concerned about the scale W
not only for non-vanishing A, then e. g., the adaption of sr1 should be
a favorable choice.'®

This also means that the best performing classic hyperparame-
ters choices are not necessary the best choice for probabilistic quasi-
Newton methods, where A is a random variable, too, and features like
positive definite estimates m® might not be needed or can be insured
in different ways (see § 9.3). The approach taken by sr1, which re-
sembles a local maximum marginal likelihood estimator, or possibly
just an isotropic adaptive scale as in pss, might indeed be more ap-
propriate. A first cautious approach to the hyperparameter setting of
g based on maximum marginal likelihood estimators is discussed in
Appendix B.4.4 and left out here, since it is not used for the experi-
ments.

9.3  Towards a Fast Solver: Low-Rank Approximations

Depending on the input-dimension N, for practical algorithms, the fil-

tering updates will need to be approximated further. Lower-dimensional

noisy problems already might benefit from updates as in Egs. 141 and
142 which are cubic in cost, like Newton’s method. In this section we
will focus on the more technical case of very high dimensional inputs
N. In this scenario, all computations need to be resource and memory
efficient, in particular with cost linear in N. Classic quasi-Newton
methods solve this issue by limited memory versions of their full up-
dates: A small number M < 10 of lastly evaluated gradients y and
path segments s are kept in storage. Pictorially this restarts the estima-
tion of ALp with a shifting memory window of size M and yields a
scalar-plus-low-rank estimator By, of the Hessian, such that the search
direction —B;/EVLD can be computed in linear time. Intuitively this
only works well if there is structure in ALp(w), which often seems
to be the case in practice; for example the limited memory version
L-BFGs [99] of the BFGs optimizer is widely successful and sometimes
even performs better than vanilla BrGs.

A first approach to scalable probabilistic quasi-Newton updates is
thus to impose a limited memory, too. There is an up and a down-
side to this. On the one hand, the Kalman filter updates will be of
same complexity as classic limited memory versions and can thus be
computed very fast, on the other hand, the information contained in
only a handful of noisy gradients might not be enough to construct

12 This is supposed to mean that, if the
gradients y are instances drawn from a
distribution, then also A are, and the
‘true’ (expected) residual is unknown
and generally non-vanishing.

13 One might wonder, why sr1 does not
do better than BrGs even in the noise free
case, since Wy seems to be scaled well
everywhere. In practice though, there
are further benefits of BrGs which are
crucial for a good overall optimization
performance, such as being able to en-
sure positive definite B (and thus de-
scent directions) while still being able to
scale Wpiy reasonable well for large As.
Inasense, BFGs might be the better trade-
off between algorithmic appeal and rela-
tive uncertainty estimation under noise
free gradients which ensure exact van-
ishing residuals.

[99] Nocedal, “Updating quasi-Newton
matrices with limited storage,” 1980

[26] Dauphin et al., “Identifying and
Attacking the Saddle Point Problem
in High-dimensional Non-convex Opti-
mization,” 2014

[20] Byrd et al,, “A Stochastic Quasi-
Newton Method for Large-Scale Opti-
mization,” 2014
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a low-rank basis of ALp that is robust to stochastic gradient evalua-
tions. In contrast to this, a fully fletched filter with a dense but analytic
(mP)~! as in Eq. 142 will automatically average over all past observa-
tions, weighted by the gains. This is closely related to the discussion
in Section 2.4 on noisy, high dimensional Gaussian random vectors.
We will postpone the discussion on robustness for now and start with
deriving an approximate filter.!4

For tractability reasons, we simplify all relevant matrices to scalar-
plus-low-rank structure:

mP =PI+ PEAPPPT AP = AJT e RPM2M - B c R,

Wi =" 1+ PAlYPT A = AT e RMM, oV e R,
Vi =0/ 1+ PA/PT A = AT eRMM oV eR, (156)
Uy = o1+ PAPP] A £ AT e RMM Gl e R
Ri = of1+PRARPRT AR =AYT e RMM, sReR,
PYV = oV 1+ PAYPT  AY = AT eRMM, oV e R,

The low rank terms of classic quasi-Newton updates are spanned
by the past M gradient differences Ay that are still in storage as well as
their corresponding path segments s, leading to a basis of size 2M. We
will assume the same here and define a low-rank basis P? € RN*2M
for the (reshaped) Hessian estimator m” that is spanned by the last M
gradient evaluations {y;_;.1}i—1..pm1 (this yields M — 1 past gradient
differences) as well as past M — 1 path segments {s; ;1 }i—1..m- All

other objects in Eq. 156 share a reduced basis P € RN*M

, which is only
[P P]/} 15

This is reasonable since contraction of covariances should mostly hap-

spanned by path segments {s;_;,1};—1..um, such that PP =

penin dimensions spanned by the observed projections of the Hessian.
Additionally, since the basis P? can be always ortho-normalized, e. g.,
by Gram-Schmidt, we will use throughout that PBTPB = Lyarxom and
PTP = Iy 10

Combining Eq. 156 with Eqgs. 140 and 142 yields the predictive
equations

v B
myyq = PZ 7Tt+1 (157)
Y
PYY_ = Ut+1I +P_Ay G PT
and updated equations
G '=0S, 1+P_AS,PT
v
Mpy1 = Pt+17fﬂ1 (158)

B _ B B AB

My = 0l + Pt+1At+lPt+1
v \Y T

PYY = ol + P-AY,PT

14 Potential extensions might be to sta-
bilize the basis P and PB, defined be-
low (overloaded notation with the co-
variance P) by averaging it, similar to

g., [26] who smooth the first eigen-
direction of AL from noisy as well as
approximate evaluations thereof; or ad-
vocated by [20].

15 With this definitions, the matrices PY
contains one column less than PY. This
is because P encodes path segments in-
stead of locations, but PY encode gra-
dients instead of gradient differences.
Other parameterization, i.e., a basis us-
ing gradient differences Ays are also pos-
sible, but algorithmically less appealing.
In a practical implementation, it is eas-
ier to work with matrices of same size,
thus P is initialized with the zero vec-
tor such that it contains an additional
column of zeros. We will also use this
notation for the derivations below and
consider P and PY of same size N x M.

16 As mentioned above, precisely speak-
ing, the first of the diagonal elements of
PBTPB is zero in a practical implementa-
tion, since P contains a column of zeros.
This is not relevant for the derivations
below, nor does it need special care dur-
ing the implementation.
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PEE = Y (o714 P-APPPPT) @ (PP 1+ PP PT)
i=1
6
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VB L, VB L, VB R,VB R,VB
P =Y (10]) (of "1+ P AFYEPT ) @ (of VP14 P ARYEPT).

j=1

All matrices A are of very small size M x M, or 2M x 2M, and all ¢
are positive scalars. Also, all matrices and vectors can be expressed
again only in terms of the low-rank basis PB which is the same as
P8 with a newly added observation-pair (s, y;). The precise formulas
for updating them are reported in Appendix B.4 and left out here
for readability. Importantly, all corresponding computations are of
small cost and only involve the memory limit M; in particular, they
are independent of the input-dimensionality N, once the basis P? is
computed. The latter has to be done once per gradient observation in
storage and is of cost linear in N.

Computing the search direction as in Eq. 145 is linear in N because
the inverse of m? is analytic by the matrix inversion lemma, and the
low-rank part of the inverse is also spanned by the ortho-normal basis
PB. Between iterations, the back-projection of P onto Kronecker
form is of negligible cost (Appendix B.4.3), since the inner products
needed also only involve As and os. It is also possible to manipulate
the eigen-values of mP?, since they can be obtained by computing

the eigen-decomposition of AP € R?M*2M

only. Thus, even if the
estimators m® might exhibit negative eigen-values, the update can be
forced to use a positive definite m5P° with negligible computation
overhead.!” We will call the corresponding algorithm 1-KFmEss, for
the limited memory version of ‘Kalman filtering on Hessians'.
Comments and formulas on hyperparameters adaptation, espe-
cially for Ry and V can be found in Appendix B.4.4. In particular,
the observation noise R; can again be estimated within the mini-batch

using 3, and V; by maximum marginal likelihood estimation.

9.4  Experiments

A first test for L-KFHEss are noise-free problems where exact gradients
are available, since, if it performs very poorly there, it probably also
will on noisy problems. We use the same mLP as in Section 8.3.3 and
train it on MNIST for feasibility. For comparison, we also run full-
batch gradient descent (Gp), as well as the state-of-the-art optimizer
L-BFGs and compare the performances. The cost per step is larger for
L-BrGs and KFHEss updates in comparison to Gp by a constant factor
but they all are of same complexity linear in N. We will be mostly
interested in how L-KFnEss performs relative to ¢p, and regard -

17 Flipping negative eigen-valuesise.g.,
advocated by [26]. The rational is that
the magnitude of the eigen-value still
encodes a proper length-scale, just the
direction is flipped.

[26] Dauphin et al., “Identifying and
Attacking the Saddle Point Problem
in High-dimensional Non-convex Opti-
mization,” 2014
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1: function L-KFHEess_Noi1seFRrReg(L, wy)
2 [ye] < L(wy) / initial evaluation
3 Y <y, S0y / store gradient and path
4 al A«~0Oandog<+ 1,0y 1,0y <1 // init state
5: while budget not used do
6 pt  —(mB)"tmV
7 & <—LINESEARCH(W, pt)
8 W < Wy + ap; / update best guess
9 [y¢] < L(wy) /| evaluate objective
10: store Y <—[Y, y] /| remove oldest if size>M
11: store S <[S, ap;] / remove oldest if size>M
12:
13: P8 +—compuTEBASIS(S, Y) /| Gram-Schmidt, O(N)
14: [all A=, 0] +—compuTEPREDICTIONS(S, Y)
15: [all A, o] <—compuTeUpPDATES(all A~,07)
16: [Aw, ow] <—PrOJECTKRONECKER(AIl A™, 07, A, 0)
17: end while
18: return wy
19: end function
0

log test error

—3 | |

100 200

# function evaluations

50 100 150 200
# steps # function evaluations

Algorithm 7: Sketch of the noise-free
KFnEss algorithm. The intensity matrix
V, as well as Wy are set to the unity ma-
trix.

Figure 59: Multi-layer perceptron on
MNIST. Top and bottom row show log
train and test error respectively. Left
and right column shows values versus
t and # evaluations respectively. Col-
ors are GD (——), L-BFGS ( ), and L-
KFHEss ( ). Same colors show the
same setup for different seeds (10 each).




BFGs as ‘best possible’ performance on this problem. If we can gain
performance relative to Gp here, it is more likely to also perform
better in stochastic setting later in comparison to sGp, where L-BEGs is
not applicable anymore. The initial covariance Wy and the intensity
matrix V are set to the identity, such that oy = ow = 1, which is
similar to a psB-style update. L-BrGs and L-KFHEss both set the scalar
contribution of the Hessian estimate to By = mg = Wiv)/(sTyn)I in
each step. A pseudo-code for the noise-free version of L-KFHESss can
be found in Algorithm 7. The first search direction is initialized with
gradient descent, after that, mtB has non-trivial structure. We set the
memory limit to the smallest possible value, M = 1, such that always
one past gradient y and path segment s are kept in storage.

Figure 59 shows results. The top and bottom row show logarithmic
test- and training set error respectively. In the left column, the values
are plotted versus the number of iterations ¢, and in the right col-
umn versus the number of function evaluations (since all optimizers
use a line search, the curves need not be equal). L-BFGs () and t-
KFuEess(—) both perform much better than Gp (——). L-BFGs seems
to be slightly more efficient than L-KFHEss since it needs less func-
tion evaluations on average during a line search, but therefore r-
KFHEss reaches good test errors more consistently on this problem.
The good performance of L-KFness suggests that it might be worth
looking into its noisy version in the future, a feature which is not
natural to classic quasi-Newton methods.

9.5 Conclusion and Outlook

The following bullet-points summarize the main results of this chap-
ter:

* We presented a novel probabilistic filtering framework on Hessians
based on a continuous Gauss-Markov-model and local observations
of Gaussian distributed gradients. We derived discrete Kalman fil-
ter prediction and update equations for the special case of Brow-
nian motion. We then provided a way to use the updates in an
iterative manner by projecting back onto the original structure of
the distribution of the Kalman state. Finally, we provided approxi-
mate updates for very high-dimensional optimization problems by
imposing a scalar-plus-low-rank structure on all relevant matrices.

* We analyzed correspondence of the mean estimator of the Hes-
sian, arising from the filtering framework, to classic quasi-Newton
methods, such as the members of the Dennis family, or Broyden’s
method, for the special case of exact gradient evaluations. We
showed that correspondence can be exact for the diffusion-free fil-
ter, whileitis closely related but only approximate otherwise. There
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is, however, exact correspondence between Gauss-Markov models
that are not based on Wiener processes, for the Dennis member pss,
and possibly for others with restrictions on the the function Lp(w)

and the estimator m?.

* Based on the findings above, we analyzed the implicit hyperparam-
eters choices of the Dennis class members. We argued that most
of them are only sensible in the case of exact gradient observa-
tions and should not be transferred blindly to the stochastic setting.
We instead argue in favor of an sr1-type approach that resembles
hyperparameter setting by empirical Bayes or maximum marginal
likelihood estimation.

* We showed first experimental evidence that the derived filter can
run on very high-dimensional problems, too, and that it might be
worth investigating this line of research in the future.

Future research directions:

* Promising applications for KFuess might be lower to mid-sized
dimensional noisy problems, where all relevant matrices can be
stored densely. Since then, all past collected information will po-
tentially be present in the Hessian estimator instead of a cut-off
memory only, this setup should be more robust. Still, the question
of success can not easily be answered, since it crucially depends
on how many noisy gradient differences, i.e., N numbers instead
of 1N(N + 1) of interest, will be needed to estimate a sufficiently
accurate m®, while the optimizer moves in w-space. This depends
on the dimensionality N, the mini-batch size | B, as well as the loss
Lp(w) and the local noise levels X.(w). But there might be classes
of applications where this trade-off is in favor of the filter.

e It might be further interesting to ask if the approximate filter of
Section 9.3 can be robustified for noisy settings. Currently, due to
the limited memory;, it looses its ability to naturally smooth over
all past iterations. Nevertheless, evidence showed that modeling
only a handful of off-diagonal Hessian-contributions is worthwhile
in high-dimensional applications. It is not entirely clear how this
could be approached but one might attempt to use a different low-
rank basis, which does not loose all past information and propagate
it to the next iteration.
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Conclusions and Outlook

s dissertation mainly focused on three current issues in stochas-
T tic, empirical risk minimization for machine learning applica-
tions. These are: i) improvement of generalization performance and
over-fitting prevention, ii) increase in automation by removing manual
tuning parameters, in particular learning rates, and iii) development
of concepts for robust, stochastic search directions.

Chapter 6 introduced a novel early-stopping criterion that allows
to fold-in the validation set into the training procedure. This enables
an increase in generalization performance since all the available data
can be used for training. Chapter 7 designed a novel probabilistic
line search routine, so far applicable to stochastic gradient descent
(sGp), which eliminates the learning rate as tuning parameter entirely,
while retaining, or even increasing performance in the test accuracy.
The last two Chapters 8 and 9 elaborated on a novel probabilistic
framework for noise-robust first- and second-order optimization. By
drawing connections, the framework gives valuable insight into exist-
ing classic optimizers, and also opens up a class of potentially viable
probabilistic optimizers with increased expressiveness, automation,
and robustness to noise. First prototypes were presented in the form
of KFGrap and KFHEss.

All of the derived work is based on the argument that conditional
distributions of full- as well as stochastic mini-batch gradients and
losses can locally be approximated by Gaussians. These distributions
have analytic form, and their parameters, in particular variances, can
be estimated with justifiable overhead at run-time. They can also be
interpreted as likelihoods, such that stochastic evaluations of losses
and gradients can readily be incorporated into noise-informed deci-
sion making at run-time of the optimizer, by means of well-known
inference techniques of machine learning and statistics. In particu-
lar, we used cp-regression, Kalman filtering, Bayesian optimization,
and others, rendered to the specific needs of an optimizer, such as
memory requirements, hardware limits, and constraints on the com-
putational complexity of the desired algorithm. The result are self-
contained, fast and flexible numerical methods that—on the lowest
level of computation—are learning machines themselves, whose own
internal model-parameters are either set by smart design or adapted
by cheap/approximate empirical Bayes.
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Thebenefits of a single language to cover all theses topics—probability

theory—in this regard are mainly: The possibility to express different
aspects of the same problem in a single framework. Current stand-
alone concepts and algorithms that solve sub-tasks can in the future
be chained together and communicate with each other. For instance,
as outline in Chapter 5, the posterior marginal distribution of the
first-order Kalman filter might be used by the probabilistic line search.
Thus, instead of a large toolbox with many standalone implementa-
tions that a user has to choose from, a unified framework will poten-
tially be able to automatically pick a sub-algorithm depending on the
task, adapt its hyperparameters, and interpolate between, or switch
optimization routines during one run. There is still a lot of work to do
towards that end, but the works presented here are first steps towards
that goal.

The models used throughout this thesis were fully Gaussian, mean-
ing that all relevant variables are affine maps of each other, and ob-
servation noise is additive and Gaussian. Inference in fully Gaussian
systems is analytic, tractable and only needs access to solvers of classic
linear algebra, i. e., solutions to matrix-matrix products and linear sys-
tems. We have seen that Gaussian likelihoods for losses and gradients
are often approximately correct; alternatively, Gaussian approxima-
tions can be seen as casting a difficult inference task onto one, or many
successive linearized ones, in the sense that the latter can be solved
using only linear operations (see also [58]). Since numerical methods,
like optimizers, should ideally not call yet another non-trivial numer-
ical method, it can be argued that Gaussians thus occur somewhat
naturally, as a minimalistic model that includes uncertainty of com-
putations, if one imposes linear constraints on the class of allowed
computations.

Further benefits of a shared probabilistic framework are increased
interpretability of parameters or hyper-parameters of the optimization
routine, as well as valuable insight into classic methods. An example
of this was presented in Chapter 8 where the ad-hoc exponential
smoothing factors of momentum-sGp resemble Kalman-gains of a
Gauss-Markov-model. Or Chapter 9, which presented an argument
that a BrGs-type update is not what should be aimed for in stochastic
optimization.

The outlooks and future research directions were already discussed
at the end of each chapter. On a more general, practical note, future
research should also go towards: i) The creation of software and tool-
boxes that are accessible and easy-to-use. ii) Linking standalone algo-
rithms to each other, such that they can share resources and computa-
tions. On a more theoretical note, it would be beneficial to iii) Improve
the theoretical analysis of the presented algorithms. This is more or
less crucial depending on the task. But, for instance, the EB-criterion

[58] Hennig, Osborne, and Girolami,
“Probabilistic numerics and uncertainty
in computations,” 2015



for early stopping, presented in Chapter 8 might benefit greatly from
it. An interesting research direction that might also lead to algorith-
mic considerations, is the iv) Trade-off between computational cost per
step, and the gains in the overall performance. This is closely linked to
the size | B| of the mini-batch in stochastic empirical risk minimization,
and for sure not easy so solve. Success in this research direction might
help the optimizer to automatically allocate its resources, increase or
decrease | B| as needed, and also choose among different probabilistic
sub-routines, depending on, whether it is beneficial to use one or the
other. The general notion of using readily available and well-studied
techniques of probabilistic inference, for naturally or artificially occur-
ring stochasticity in optimization, is a promising research direction in
general. The notion of uncertainty arising from lack of knowledge,
rather than physical randomness must be embraced to that end.
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Kronecker Algebra

His chapter introduces the Kronecker product and its algebra
which was used throughout this thesis. A significant part of
this section is taken from [85] and [136]; proofs were added, some re- [85] Loan, “The ubiquitous Kronecker
sults (especially on the symmetric Kronecker product) were extended product,” 2000
or stated more explicitly (e.g. Eq. 180 is not given in [85]). The Einstein [136] Van Loan and Pitsianis, “Approxi-
summation convention [35] is used throughout for ease of notation; mation with Kronecker Products,” 1993
this means sum-symbols are being dropped (unless emphasis is nec- ~ [35] Einstein, “Die Grundlage der allge-

Lo meinen Relativitdtstheorie,” 1916
essary), and sums occur across same indices.

A.1  Kronecker Products

Let A € RNM*N2 and B € RX1*X2 be matrices or vectors. Then the
Kronecker product of A and B is in RMKi*N2K2 and defined as:

(A®B)(l]),(kl) — AikB]‘l, l: 1...N1, k: 1...N2,
j=1...K, 1=1...K,

(159)

Example for Ny = Np =2and K; =3, Ky, =2:

AnBi1 AuBi | AizBir ApBr
A1By1 A1By | A1pByr AppBx

Ay A fn B AuBs A11Bs | AppBs; ApB
1n An 1Bz A11B3 | A1aB3i A12B3
Q| By By | = (160)
Ay Ap AnBi1 AxBip | AnBi1r AxBrp
B31 Bs

A By Ay By | ApBy AxBx
A Bs1 Ay Bz | ApB31 AxBs3

The Kronecker product applied to a vector X yields
(A®B)X = AXB' (161)

where the operation ~ stacks the rows of a matrix X € RN2*X2 into a
column vector X € RN2K2x1_ The operation on the right side of Eq. 161
costs O(N,K; (K + Nq)) or O(N1K(Ny + Kq)) while the left side
costs O(N;K1N,K3). The Kronecker product has some nice algebraic



176 | KRONECKER ALGEBRA

properties which roughly resemble the ones of rank-one matrices. For
matrices A and B of appropriate size it is:

TRANSPOSE (A®B)T = AT® BT (162a)
INVERSE (AoB) '=A"1®B! (162b)
FACTORIZING (A®B)(C®D)=AC®BD (162¢)
DISTRIBUTIVE LEFT (A®B)+(A®C)=A®(B+C) (162d)
DISTRIBUTIVE RIGHT (A®B)+ (C®B)=(A+C)®@B  (162¢)
ASSOCIATIVE (AB)@C=A® (B®C) (162f)
TRACE tr [(A® B)] = tr[A] tr [B] (162g)

Also the Frobenius norm of a matrix A can be re-written using the
Kronecker product:

—

JA|2=AT(I®])A (163)
Proof of Eq. 162a: follows directly from definition (Eq. 159):

(A®B).(rij)(kl) = (A®B)(kl)(ij) = AkiBlj = A;I;CB].I} = (AT ®BT)(ij)(kl)- |

Proof of Eq. 162c: Sizes of matrices need to fit the operations, in other
words A € RNM*N2 ¢ ¢ RNV2xNs B ¢ RKi*K2 and D € RK2*K3  then

[((A®B)(C®D)] i),y = (A® B) i) (mn) (C ® D) (), (k1) = AimBjn Cuk Dt
= (AC)ik(BD)j1 = (AC ® BD) jj),(x1)- W

Proof of Eq. 162b: uses Eq. 162c. It only holds for matrices where an

inverse exists. Then
(A®B)(A'®@B 1) = AAT'®@BB ™! = Iyun ® Ixxk = Inkxnk. B

Proof of Eq. 162d and Eq. 162e: follows from definition and rearrang-
ing terms:

[((A®B) + (A®C)yj) ) = AuBjt + AuCj = A(B+ C)jp = [A® (B+C)]jj),4a)- W
Proof of Eq. 162f: follows from definition and rearranging terms:

[(A & B) & Cl(im),kiyn) = (A © B) (i, (kty Conn = Ak BpConn
= Aix(B®C) (jm),(1n) = [AR (BOC)] (i (jm), k (1n)) -

Proof of Eq. 162g: follows from definition and definition of trace:
tr [(A & B)] = (A & B)(1]>r(l]) = AiiBjj =tr [A] tr [B] .

Proof of Eq. 163: follows from definition and definition of the Frobe-
nius norm:



—

A.1.1 Closest Kronecker Product under Frobenius Norm

Find A* € RNM*N2 and B* € RK1*%2 guch that the Frobenius norm
|IC—A®B|z with Ce RMKxNkK (164)
is minimized. Equivalently:

A*,B* = argmin||C — A ® B|)2. (165)
A,B

There exists a fixed permutation R such that the Kronecker product

can be written as an outer product of the vectorized matrices A and B:

vec(c)T

R(A®B)=ABT and R(C)= : : (166)

vec(cNiN2)T

R vectorizes and then transposes each block c*F of the resulting matrix
C = A ® B and stacks them row by row (blocks as shown in Eq. 160 by
horizontal and vertical lines, and « = 1,...,N1, B = 1,...,N). The

resulting matrix is in RN N2x KKz

. The Frobenius norm in Eq. 165 stays
the same since elements in the sum are only reordered. Eq. 165 thus

reduced to solving a rank-one approximation problem of the form:

ﬁ,ﬁ = argminHR(C) - ZETHi (167)
A,B

Let R(C) = UXVT be the singular value decomposition of R(C).

Then this can be solved by computing the leading singular value oy

and corresponding left and right singular vectors 1 and v; of R(C).

Then the solution up to a scalar z # 0 is:
AF = z\/oqup  and B = z /oo, (168)

For order-r approximations we simply get

N r _ r
A*=z) \/ou; and B' = z7! Y Vo (169)
i=1 i=1

AT(I® DA = A (1@ 1)), w)Aw) = AijdidjAn = ZAZZJ = || Al
ij
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A.1.2  Approximating Sums of Kronecker Products

Find A* € RN*N and B* € RK*K guch that the Frobenius norm

P
IC-A®B|; with C=) R*®S" (170)
a=1
is minimized. Equivalently:
. 2
A*,B* = arg min Z(Ra@)sa) —A®B (171)
A,B a=1 F

R* and S* have the same shape as A and B respectively. This is
equivalent to finding the rank-one approximation of:

—>—_12 — —
HRy—ABjL<mm ReRV*P g c RK*P A c RNV**1 B e RE*X1,

Denote the singular value decomposition (SVD) and compact SVD of
Cas:

C=0 % V1 with 0eRV*N 5 cRN>*K 7 cRKK
C=U,2, VI with U, € RV, £, e RV, 7, € RK*P,
173)

Y., is of the form diag(oy ... 0p,) where ¢; are the singular values of C.
Assuming the o; are sorted from largest to smallest the solution to the
rank-one approximation problem of Eq. 172 is

A=./mqii; and B=./017; (174)

where i1 and 7 are the corresponding left and right singular vectors
to o1. They are also the eigenvectors to the following matrices

[CCT]d; = [RSTSRT] f; = o?il;
2

(175)
[CTC] 0; = [SRTRST] 0; = 07 0;.

This can be seen by plugging Eq. 173 into Eq. 175 and using the
orthonormality of I and V. This means that if we find the eigende-
composition of CTC and CCT we can find the oy, 71, and ;. Define:

STS =: UgDgU] € RP*?  eigen-decomposition
RTR =: UrDrU} € RP*P  eigen-decomposition
E:= DUIRTRUsDY?
B =: UsgDsrUl, € RP*?P  eigen-decomposition
§:=SuUsDg " with ST =1,
§:= SUsg with STS = Ipxp

— —12pY/2041

(172)

(176a)
(176b)
(176¢)
(176d)
(176e)
(176f)
(1768)



Note that & can be written as & = ¢¢T. Plugging Eq. 176 into Eq. 175

yields
CTC = SRTRST
— —12p1/ 21Ty (RT /2y =1/211T\gT
= S(UsDg "*DJ°U§)(RTR)(UsD{*Dg "“U¢)S a77)
= §$(DJ?UIRTRUsDY?)ST = §(UsgDsgrU{y)ST
= SDgpST.
Analogously:
CCT = RSTSRT
— =1/2pY/277T\(cT 2y=1/21 1T\ RT
= R(UrDy "?Dg*Ug)(STS)(UrDg*Dy 7*Uf)R a78)

— R(DY?U]STSURDY*)RT = R(UgsDrsULs)RT

= RDgsRT.

The computation of A and B, requires R, S, Dgg, and Dgg. The follow-

ing pseudo-code (matlab notation) illustrates the necessary algorithm:

Require: S, R

RR+RTR // compute p X p matrices
55+« 57§

Us, Dg < eigs(SS, p) /| sorted eigen-decomposition of RR.
Ug, D < eigs(RR, p) /| sorted eigen-decomposition of SS.

= /21717 1/2
Es + DY?UIRRU;DY

Usg, Dsg < eigs(Xis, p) / sorted eigen-decomposition of Eg.

§«+ SUsDg *Usg

ER + DU} SSURDY?

J right singular vectors

Ugs, Dgs < eigs(Xig, p) /| sorted eigen-decomposition of Eg.

R+ RURDy *Ugs

a(—diag(Dls/lg)
R; < R(:,i)o(i)* fori = 1,... papprox
St S(:,i)o(i)/2 fori =1,... papprox

/ left singular vectors

/ singular values
/ reshaped as N x N
/ reshaped as K x K

For the special (symmetric) case of R = S, some equations simplify:

CTC = SSTSST = S(UsDsU7)ST

= S(UsDg *DJ*UT) (UsDsUl) (UsDY*Dg 2Ul)ST
= (SUsDg "*)(D¢*DsD¢?)(Dg /*ULST)

S0 &

(179)

In this case only the SVD of STS is needed. The corresponding simpli-

fied pseudo-code (matlab notation) is:
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Require: S
§§+S§TS // compute p X p matrix
Us, Dg < eigs(SS, p) /| sorted eigen-decomposition of SS.
§+« SUsDg " / singular vectors
o <—diag(Ds) / singular values

S Do(i)/> fori=1,... Papprox / reshaped as K x K

A.1.3  Coefficients of Sum of Kronecker Approximation

Ideally find a solution for A* and B* of the form A} = 25:1 YaRy
and B} = 2521 YaSq Which are linear combinations of the input with
weights y,, & = 1...p. Like this beneficial matrix forms are preserved,
for example if R, and S, are of the form ‘diagonal-plus-low-rank’.
Some algebra shows that the i" approximation is:

P
Ar=Y uRD*VZURS] 0;- Ry
a=1 " e
* Por —1/2
Bf =} |UsD USR:|0”,O.Z'SOL
o (180)
AF =) UrD3" ZURS} iy Ry leading component
a=1 " &
Por 1
B* =Y |UsDg /ZUSR} L 01 S leading component
a=1 &
Again for the symmetric case, where R = S we get:
. p
Az = Z [us]a,i Ry
=1 (181)

A*

|
™=

[Us], 1 - Ra-  leading component

=
I
—_

A.1.4 Decomposition into Symmetric and Anti-Symmetric Part

Let A be in RN*N. The Kronecker product A ® A can be decomposed
into a symmetric AQA and a anti-symmetric AQ A part leading to
the definitions of the symmetric and anti-symmetric Kronecker prod-
uct. If A® A has full rank of N?, then the symmetric Kronecker
product and anti-symmetric Kronecker product span the 1/2N(N + 1)
and 1/2N(N — 1) dimensional subspaces respectively. They can be
obtained by applying the symmetrization and anti-symmetrization
operators I and A. Define the operators ‘@’ and @ by:

A®B:=T(A®B)IT and A®B:=A(A® B)AT (182)

for B also in RN*N. The product can be decomposed into:
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A®B=(T+A)(A®B)(T +A)T
=T(A®B)TT+A(A® B)AT + A(A® B)TT +T(A®B)AT
— A®B+ A®B+ A(A® B)IT+T(A® B)AT.

As mentioned above, if A = B, then A(A® A)IT =T(A® A)AT =0
and the product decomposes into symmetric and anti-symmetric part:
ARA=ARA+ ABA (184)

This also implies that:

INxN®INxN = T(INxN ® INxN)TT =T
INxN®INkN = A(INxN @ INxN)AT = A
INyN®INxN + INxN®INxn = (INxN ® INxn) =T +A =L, N

The element-wise definitions of I', A, '®” and '®” and proof for the
decomposition can be found in Appendix A.2 and A.3 respectively.

A2  Symmetric Kronecker Products

Let A € RN*N and B € RN*N be square matrices of same size. Then
the symmetric Kronecker product of A and Bisin RN *xN? and defined
as (A®B) :=T'(A ® B)I'T with projection operator I':

1 1
TA=3(A+AT), Tjm) = 50udj + 0idy)
1
(A®B)ij),k) = E(Aikle + AyBjk + AjBi + AjBix) (186)
(A@&?:i@u@T+Axwﬂ+BXUU+BXAU

where §;; = 1if i = j and zero otherwise. The symmetric Kronecker
product symmetrizes X. If A = B then Eq. 186 simplifies to

1
(A®A) (), (k1) = 5 (AwAj + AjxAir)
(187)

- 1
(AQA)X = E(AXAT + AXTAT).

Similar to the Kronecker product, its symmetric version has some nice
algebraic properties:

(183)

(185a)
(185b)
(185¢)
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TRANSPOSE (A®B)T = AT®BT
FACTORIZING (A®A)(CC) = ACRAC

(A&B)(C&D) — % [AC®BD + AD&BC]

INVERSE (A®A) 1 = (A7 leA™)
COMMUTATIVE A®B = B®A
TRACE tr[A®B] — %(tr [A] tr [B] + tr [AB]).

Proof of Eq. 188a: follows from definition and rearranging terms:

1
(A®B) [ ) = (A®B)(u)ij) = 3 (AkiBlj + AyjBli + AjiByj + AljBki>

4
_ 1 ATBT + ATBT + A
—1(ik it Agby +

TRT
iBjk

(188a)
but (A®B)(C&D) # (AC® BD) (188b)

(188¢)
but (A®B)~' # (A '@B™1) (188d)
but A®B#B®A (188e)

(188f)

+ AJBL) = (AT@BT) (). W

Proof of Eq. 188c: follows from definition and rearranging terms:

[((A®B)(COD)]ij), i) = (A®B) (i) (run) (COD) (un), (k1)

1 1
= 4 [AimBjn + Aijin + AinBjm + AjnBim] 1 [kaDnl + CukDint + Cont Dk + Cnlek]

11

=277 [(Ac)ik(BD)jl + (AC);(BD)jx + (AC)x(BD)j + (AC);1(BD)x

44

+ (AD)i(BC)ji + (AD);1(BC)jx + (AD)x(BC); + (AD)jl(BC)ik]

1

Proof of Eq. 188b: follows directly from Eq. 188c for A = B and

C=D. 1

Proof of Eq. 188d: follows directly from Eq. 188c. Note that in general

(A®B)~! # A~lg@B~ 1.

(ABA)(AT'@A™ ) = AATT® AA™ = Iy n®Inxn =T N

Proof of Eq. 188e: follows directly from definition and reordering.

Note that A® B # B® A:

1
(ASB)ij), (k1) = 7 (AiBjt + AuBji + AjxBir + AjBy)

—_

= 2 (BixAji + BiyAjx + BjxAig + BjjAi) = (B&A) (jj),xy- W

4

Proof of Eq. 188f: follows directly from definition and the definition

of trace:

1

i,j i,j

= (e [A]tr [B] + tr [AB]).
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A2.1  Closest Symmetric Kronecker Product under Frobenius
Norm

Find the nearest symmetric Kronecker product to a square matrix C
of appropriate size under the Frobenius norm similar to Eq. 165:

Agyms Biym = argmin||C — A®B|3. (189)
A,B

The symmetric Kronecker product can be obtained from the Kronecker
product by applying a linear operator .7 to its vectorized version; .7
can be read off from Eq. 186:

Tt (abed) (A © B) (avedy = Tij), (ab) (A @ B) (av), (ca) T k1), (ca) = (ABB) ij) (k)
Tijkt) (abed) = L (ij) (at) T (k1) (cd) = %(51'545]'1; + 0ip0sj) % (OkcO1d + Okader) (190)
%(5ia5jh5kc5ld + 0i604j0kc01a + 0iabjpOkader + Oip0ajlkader)-
With slight abuse of notation Eq. 189 can be rewritten as:

Alyms Biym = argmin||.7 [C — A ® B| H% (191)

sym’ Psym
Since Eq. 191 is a quadratic form, the solution of Eq. 191 is the linear
projection .7 of the solution of Eq. 170. Therefore we can simply solve
the corresponding nearest Kronecker product problem as described
in Appendix A.1.1 and project the solution through .7. In other words
the nearest symmetric Kronecker product is:

Aim =AY  with A" from Section A.1, Eq. 168

sym

Bl .. = B* with B* from Section A.1, Eq. 168 (192)

sym

A"®B" = 7 [A* ® B*] = Alym@Blym.

The above is also valid for higher order approximations as described
in Appendix A.1.1.

A.2.2  Approximating Sums of Symmetric Kronecker Products

Find the nearest symmetric Kronecker product to a sum of symmetric
Kronecker products under the Frobenius norm similar to Eq. 171:

2

P
Agym/B sym—argml E (Ru®S,) — A®B (193)

F
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Using the same operator .7 as defined in Eq. 190, Eq. 193 can be

rewritten as:

2
Alym, B

sym/ = arg min

A,B

(194)

*
sym

|4
T [Z(Ra@Sa)—AQ@B
a=1

F

By the same argument as in Section B.1 the solution to Eq. 193 is:

Ajym = A" with A" from Section A.3, Eq. 180
BY = = B* with B* from Section A.3, Eq. 180 (195)

sym

A*®B" = T [A" ® B"] = Agm®Bgym-

The above is also valid for higher order approximations as described
in Appendix A.1.2.

A2.3  Approximate 2x2 Symmetric Kronecker Product with re-
duced 2x2 Symmetric Kronecker Product

Let A, B, C be in R2*2. Find the nearest symmetric Kronecker prod-
uct CRC to a general symmetric Kronecker product A®B under the
Frobenius norm:

Coym = arg min||A®B — CRC|[%. (196)
C

Note that using Eq. 188e we can write

2

1 1
— 5A@B + EB@A —CaC (197)

Coym = arg min
C F

Using the same notation for R ans S as in Appendix A.1.2 and A.2.2
yields

s= (V054 V05B), R= (V058 05A)- (198)

We want to show that in this setting R = S. Define a := v/0.5A and
b := +/0.5B, then RTR and STS become

T T T T
sts= [0 W) grp— (PP PTA) (199)
bTa bTh a’b aTa
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SS and RR contain the same elements, just permuted For arbitrary
2 x 2 matrices we can write the eigenvectors and eigenvalues explicitly:
(€11, C12, €21, and (oo stand for arbitrary elements of a 2 x 2 matrix)

STGy — u Ci2) [« — s X1
(o1 () \x2 X2

1 1 1 (200)
Mp =3 (C11+ )+ 3 [(@11 +022)* — 401122 — @126)} ’
—C12 —{n1
X]= —2 x5, Xp= —25xq.
L ST PP A Sv S PP
RR has the same trace and determinant as SS, such that we can write
analogously:
RTRy — |62 ) [*) _ Ao [
12 Cun) \x X2
1 1 3 (201)
Ap = 5 (11 + ) = 3 [(Cn +{2)% — 4(011020 — C12€21)} ’
O 4 W I 5 S

= xZ = .
In—Mp 7 11— Mo

For the same eigenvalue A;, x1 and x; exchange place. With this knowl-
edge the eigenvalue decomposition of RTR and STS can be written as:

STg — USDsuT _ 01 U /\1 0 01 02
Uy Up 0 )\2 uip Up

(202)
RTR = UgDgll = | @2 "2 (M 0) (%2 o).
v U 0 A Uy Uq
Let us show that S = R. With some algebra we find:
S=SUsD:"*=(2Lg4 2 ) 1 iy
D5 = (Jhat b ot b 09

P =12 _ (v v u u
R=RURDR" = (Jb+ Jha b+ fha).

To show that R = S we need to show that Ugs = Usg. Again with
some algebra we find:

DJ?UIRTRUsD{? = DY*URSTSURDY* =

Al(v%bTb + v10(aTh + bTa) + v%aTa) VA A2 (0102bTD + vouraTh + viuxbTa + voupaTa)
VM A2 (01026Tb + vourbTa + vyua™h + vousaTa) Az(u%bTb + uquz(a™b 4+ bTa) + u%aTa)

Since R = § the resulting Kronecker product will be of the form C&C.
Also, we only need to compute STS and its eigendecomposition (we
get RTR for free) and the eigendecomposition of D¢*UT RTRUs D>
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A3 Anti-Symmetric Kronecker Products

Let A € RN*N and B € RN*N be square matrices of same size. Then
the anti-symmetric Kronecker product of A and B is in RN**N? and
defined as (A®B) := A(A ® B)AT with projection operator A:

1 1
AA=S(A=AT), Dgj),m) = 5 0idj — Gudyj)
1
(A®B) ij), () = 7 (AixBjt — AuBjx — AjxBir + AjiBir) (204)
(A@@X:iguBLﬂMUm—BXUU+BmM)

The anti-symmetric Kronecker product anti-symmetrizes X. If A = B
then:

—_

(A®A) (i), k1) = 5 (AiAji — AjAir)
1] )\ K 2 ] ] 1
2
g_1 T TAT 20
(ADA)X = (AXAT — AXTAT),

The algebraic properties are similar to the ones of the symmetric Kro-

necker product::

TRANSPOSE (A®B)T = AT®BT
FACTORIZING (A®A)(C®C) = AC®AC but

(A®BMC®D):%[AC®BD+aAD®Bq

INVERSE (A®A) 1 = (A lpAa™) but
COMMUTATIVE A®B = B®A but
TRACE uM®M:%aunB}4qu)

Proof of Eq. 206a: follows from definition and rearranging terms:

1
(A®B) (i 1) = (A®B) (i) = g (AkiBlj — AxjBii — AiiByj + AljBki)

1
= 5 (4387 - 438} — ATBL + ATBL) = (AT@BT) )

Proof of Eq. 206¢: follows from definition and rearranging terms:

[(A®B)(C®D)] ;i) oty = (A®B) (i) (run) (C®D) (), (k1)

(206a)
(A®B)(C®D) # (AC®BD)  (206b)

(206¢)
(A®B)" ! £ (A '@B™}) (206d)
AQB#B®A (206€)
(206f)

= i [AimBjn — AjmBin — AinBjm + AjnBin] le [Cok Dt — Cuk Dt — Coit Dk + Crii D]
11
=272 [(Ac)ik(BD)jl — (AC)jx(BD)j — (AC);(BD)jx + (AC);1(BD)i

+ (AD)i(BC)ji — (AD)jx(BC);; — (AD);(BC)  + (AD)jl(BC)ik}

1
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Proof of Eq. 206b: follows directly from Eq. 206c for A = B and
C=D. 1

Proof of Eq. 206d: follows directly from Eq. 206b. Note that in general
(A®B)~! # A~l@B L.

(A®A)(AT'@A™) = AATT @ AAT = Iyun®Inxn =T. B

Proof of Eq. 206e: follows directly from definition and reordering.
Note that A® B # B® A:

1
(A®B) i j), k1) = Z(Aikle — AyuBjx — AjxBi + AjBix)
1
= ;(BicAji — BuAjk — BjxAig + BjAix) = (BOA) (i) (k1) W
Proof of Eq. 206f: follows directly from definition and the definition
of trace:

1
tr [A®B] = Z(A®B)(ij),(ij) = 1 Z(AiiBjj — AijBﬁ — A]'iBi]' + AjjBii)
i,j i,j

:;wﬂum—umm.-






Derivation of Filtering Equations for Optimization

This chapter includes derivations of the most essential formulas of
Chapter 9. Section B.2 and Section B.3 deal with the non-symmetric
and symmetric hypothesis class on matrices respectively. Section B.4
derives low-rank approximations of the symmetric class. Additionally,
Section B.1 derives the maximum marginal likelihood solution for the
diagonal of the intensity matrix g for first order filtering.

B.1 Hyper-Parameter Adaptation for First-Order Filter

The marginal likelihood for parameter g, for the current noisy data-
point y;1 with noise covariance R; is:

p(yir1) = /P(yt+1|xt+1/}/1/---/]/t)P(xtH\]/L-~-/yt)dxt+1
= /N(yt+1}xt+1rRt+1)N(xt+l}mt+1—rPt+l—)dxt+1

=N (ye+1;me11-, Prr1— + Rep) (207)
1
2

e~ 3 W1 =1 )T (Pryr—+Rep1) ™ (g1 —mir1-)

(2m)N2| Py + Rt+1|l/2
log p(y41) 10% |Pry1- + Repa| — (yt+1 M1 )T (Pra— + Regpr) ™ (Y1 — mega)

This derivative assumes that all matrices R, g, P, et cetera are diagonal
asinSection 8.2. First, we need the gradient with respect to gy, the find
its root. For notational convenience we write A;y1 1= yp11 — My
(residual) and skip all indice ¢:

d 9 9
T AT
0 log p(yr+1) = 28q log [P~ +R| ™ zA (P~ +R)'A. (208)
From Eq. 121 we know that P~ = P 4 Atg. Also, P~ is the only term
that includes 4. The second term of the right hand side of of Eq. 208

is:

0 1 1 9 1 9 dij
———-AT(P"+R) A= —>—Ai(Atg+P+R);'Aj = —~ ; / A
Ik 2 ( 2 2 9k Ay i 209 ATqii+ P + Ry !
1 d _ 1 5, 0
= —50i=—(Atqii + Py + Rij) '8 = =5 A;(=1)(Atqi; + Pii + Rit) ~*=— (Atqii + Pij + Rig) A
2 0qxk 2 ki (209)
AT _5 04ji AT _
= SUA(ATgy + P+ Ri) 25 A, = ST (Mg + Py + Rip) 263
2 9k 2
AT _ AT “1\?
= — Be(ATqh + P + Rige) A = - (Akakl)
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For the first part we need the matrix identity 9log |X(2)|/3z = tr[X~19(2)X/az]
1 9 1 d 1 d(Atg+P+R)
—>=——1log|P~ +R ——log|ATg+P+R r |Gl ————
3 90 8 = =550, 108187 =5t T
1y (9(ATgji+ Py + Rii) _ 199 1 1
= _EGij ( aqkk = _,A Gz] aqkk = _EATGij ‘Skjéikéij
L -1

Therefore the gradient from Eq. 208 is:
At -1)2 ~1
Frm log p(yr+1) = (Akak ) -5 G (11)

The analytic root of the gradient thus is at

2
AT (MGg!)” = atGy!
1 1
5 =AT
(ATqik + P + Ri) (ATqik + Pe + Ry (212)
ArAi = Aty + P + Ry

ATAkAk

1
= — (A Ay — Py — Ryg) .
Tik Ar( kA% — Pk — Rix)

If we want to approximate Eq. 207 with a gamma distribution around
some point gg then we also need the second derivative; so we list it
here for completeness. From Eq. 211 we have:

0? AT 0 \2 AT 9 4
82q log p(yi41) = AkAk%( kk) —7% Kk

_ 1 d _
= (ATAkAkakl — 2AT> % (Aquk + Pkk + Rkk) 1

1 _
= (ATAkAkakl — 2A’l’> (Atqik + Prk + Ryk) 2 (=1)AT

1 -1 -1 2
= (2 — A Gy ) (Gkk AT) .
For P, g, and R scalar matrices with P = pl, ¢ = ul and R = rl, the
gradient and its root are:

d At N 2 A
S logp(yn) = 5- ) (AG1) = S alGT]
i=1

1 (1
— ZAZ—p—r>,
T(N il

which measure the how the mean-discrepancy between observation

(214)

and predictive state which can not be explained by p or r already.

(210)

(213)
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B.2  Second-Order Filter (Non-symmetric)

This section derives the explicit forms of the updated Kalman equation
of Section 9.1.1. The iteration index t will be occasionally dropped,
in order to de-clutter notation. For computing the updated Kalman
equations we need terms of the following structure:

[(T@oT) (AT & BT)]; ) = GiavpAg By = AfBj oy = Af(Bo); = (AT ® (Bo)T); )
[(A®B)(I®0)] ) = AiaBrwdavs = AuBryvp = Ai(Bo)x = (A® (Bv)) (k)1 (215)
[(I@sT)(A®A)I®0)],, = OpashAacApadeqVa = spApgApaVa = Apg(sTAv).

All updated Kalman equations (Eq. 133) need explicit form of the in-

; _ pVV
novation G = P {

here: inserting 215 in 135 yields a rewritten form of the predictive

+ R441 and related quantities which we derive

covariance bloc PVY :

t+1—
PYY_ = PYV + 87/3Vi(s] Visy) + UJ (0] UT'st) + Uy (sTUgor) + Wi (sT Wisy). (216)
For ease of notation, define 3 : AZTS and also:
(7 5T . pVV vy
V = Pt+l Gt+1V utT =Pl Gt+1uT WisT := Pt+1 Gt+1 (217)

The quantities defined in Eq. 217 can be roughly though of as a ‘gain-
corrected’ versions of the original quantities; if observations are noise

free (R = 0), then V = V, W = W and U = U. For the updated

PVB

covariance block P, i

PYY_Gh PR L,(kl) (PYY_Gi )i [Vi(V3), + UL (Uv); + Wi (Ws)]
= V3 (V8); + U (Un) + W (Ws),; (218)
(V] @ (Va)T) + (O] @ (Urun)T) + (W] @ (West)T)] ,

we need the intermediate quantity:

Therefore the updated covariance block PY 5 Y7 is:

PYR = (V -V @ (Va)T + (U] - Uf) @ (Usor)T + (Wi — W) @ (Wisy)T
=) ([V-V]eV)+ I )([Uf -Uf]eUf) + (I®s])([W - W]® W)
= (I®sH(VeV)+Ixo))(UoU])+ (I2s]) (W@ W)
—(I@s)(VTeV)-(Ieo))(Uf o Uf) - (Ios])(W @ W)

(219)

The updated covariance block Pthl requires the term Ptle G, HPS& :

[PEN-GLLPYS [Vip (V8)j + Uip (U + Wiy (Ws);] Gy

[Var (V) + Ug (Uo); + Wor(Ws), ]

S = (220)

Eq 220 contains only terms of general form:

Aip(AQ);GyBY (Br): = [AG BT [(AD)(By) Ty = [AGBT @ (A7) (By)T] 21)

(if), (k1)
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This mean that P 1 can be re-written as:

PPE = AT(VR V) + (W, © Wy)
— VG LV & (V&) (Va)T — UG, Vi @ (Usor) (V)T — WiG L V @ (Wist) (V51)T (222)
— VG HUT @ (V&) (Uror)T — UG L UT @ (Uroy) (Uror)T — WG L UT @ (West) (Uror)T
VGH-th @ (V5r) (Wese)T — Uth+1Wt @ (Urvr) (Wese)T — WfGt+1Wf ® (West) (West)T

For the Hessian part of the updated mean m? ’,1 we need the term

BV
PPN 11— Gt+1

Again use §; = %st.

multiplied with theresidual A; := [y;41 — my — (I@s])m }

[PEH Gt+l ](") = [Vip(V§)‘+uip(uv)'*'wip(ws)'}(GilA)

(223)
= (VG'A);(V5); + (UG 'A);(Uv); + (WGA);(Ws);

Therefore mf 11 becomes:

mp . =mp + (ViGZLA) (Vist)T + (UG A) (Uroy) T + (WiGLH A) (Wesy)T. (224)

The gradient part of the updated mean mtz1 requirestheterm Py 1 G| +1

For appropriate forms of all N x N objects we can perform this com-
putation (see also Sections 9.3 and B.4). The same holds for (I ®s] )m?.

Therefore we can directly compute:

my, =my +(I@sT)mP + PYY_G7LA:. (225)

B.3  Second-Order Filter (Symmetric)

This section derives the explicit forms of the updated Kalman equation
of Section 9.1.2. The iteration index t will be occasionally dropped,
in order to de-clutter notation. The section is structured similarly to
the derivation of the non-symmetric filter in Section B.2. For comput-
ing the updated Kalman equations we need terms of the following

structure:
[(I@0T)(AT®AT)]; ) = 5 (Af(Av); + Afj(Av)y)

[((A©A) (I ©0)] ) = 5 (Aki(Av); + Aji(Av)y) (226)

HN\»—\N\H

[(T@sT)(A®A)(I®0)],, = 5 (Ap(sTAV) + (Av)p(ATs),)

2

All updated Kalman equations (Eq. 133) need explicit form of the in-

XY, + R441 and related quantities which we derive
here: inserting 226 in 135 yields a rewritten form of the predictive

novation Gyy1 = P

covariance bloc PXYJ which we will also use in Section 9.3 and B.4.

P+1— =PV 4= [AT/3V(STV51) +81/3(Vsy) (Vs) T+ U (0] Uf's¢) + (U] 'st) (Upog)T 227

+ Ut (stTlltvt) (Utvt) (UJSt) + Wt (St Wtst) (Wtst) (Wtst)T]
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For ease of notation, define 5 := AZTS and also:
V] =PYY +1 G4V o =V, s
ay = pYY G hul = U MU (228)
W/ = PYY G iWi Wi Wisi

The quantities defined in Eq. 228 can be roughly though of as a ‘gain-

corrected’ versions of the original quantities; if observations are noise
free(R =0),thenV =V,W=W,0 =U,9 =5,il = v,and @ = s. For

the updated covariance block

[P 1 Gt+1

1
5 [

= [Iea)(VeV]) + ([ ea)(Ufel]) + (e

VB
Pt+1

}p,(kl) = ( t+1 Gt+1>

Therefore the updated covariance block PY 5 Y is:

Pt+1 (I®s)(VeV)+
— (o) (VJeV]) -

The updated covariance block

1 .
[PEY -G PR iy ) = 1 Vin(V)j +

(Ieo])(UfeUl) + (I s])(W;@W;)

o) (W W]

we need the intermediate quantity:

)]

+ Wip(Ws); + Wi (Ws);] Gt [Va (V) + Vi (VS) + Uy (Uo); +

qu(WS)l + qu(WS)k] .

Eq 231 contains only terms of general form:

4 1p€]+Ap§1]

_1

1

1 1

=, [(4c By,
=46 _1B®§17 }

[qum + Bql

]

Vie(V8); + Vi (VE), + UL (Uv); + U (Uv)i + Wik (Ws); + Wi (Ws) ]

(V1(70); + VL (V) + (T, + T, () + W (W), + W (Wab), |

p,(kl) "

(Il )(UTel]) — (Ioa])(WeW).
Pffl requires the term Pt)-tjrv1 Gt+1 Pfﬁ )

V]'p(VST)i + Uip(LIv)]- + LI]-,,(LIv)I-

U;l (U’U)k

[AZPGW BohiGj + AjpGrg B Gi + AipGpg Batlklj + AjyGpy By Wkgl}

o) i+ (AGT'B)j(Tn )i + (AGT'B)i(Tn™) jx + (AG_lB)jl(gﬂT)ik}

(if), (k1)

This mean that P28 can be re-written as:

t+1

PEE = At (VeV) +

VGt+1V®(VSt) Vs )T — UthHV@(Utvt)(Vst)T — WtG

VG Lhule (v
VGtH Wie(Vs

5t

(Wr@Wi)

(

)(Utvt)T — UtG
)(Wtst)T — LItG

t+1

t+1

t+1

W@(utvt) (Wtst)T — WiG

t+1

V& (Wist) (V5r)T
Lule(Upor) (Upo)T — Wth+1U & (West) (Uror)T
Wt@(WtSt)(WtSt)T

(229)

(230)

(231)

(232)

(233)
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For the Hessian part of the updated mean mﬂ_l we need the term
PBY _ G}, multiplied with theresidual A := [y;41 — my — (I®s])mP].
Again use §; = Az S¢.

[Pt+1 Gt+1 ](ij) = %[V (VS) + ‘/jp(vg)i + Ul-p(llv)]- + U]-p(llv)l-

+ Wip(WS)]‘ + ij(WS)i] (G_lA)p (234)
= %[(Vc—lA)i(vg)j + (VG1A)j(V3); + (UG 'A);(Uv);

+ (UG 'A)j(Uv); + (WG A);(Ws); + (WG 1A);(Ws),]

Therefore mf i becomes:

1 - .
mfﬂ =mf + [( Gt+1A)(VtSt)T + (Vtst)(VGt-HAt)T + (uth+1 )(Uror)T (235)

(Utvt) (UtGH_lAt)T + (Wth+1 )(WtSt)T + (Wtst) (Wth+1 ) ]
The gradient part of the updated mean mtv+1 requires the term Py G, ! 10
For appropriate forms of all N x N objects we can perform this com-
putation (see also Section 9.3 and B.4). The same holds for (I ®s] )m?.
Therefore we can directly compute:

myy =my +(I@s])mf + PYY_G; ! (236)

18
B.4 Low-Rank Approximation (Second-Order Filter, Symmetric)

This section states the solution to linear-cost filtering equations on
Hessians. All matrices have scalar-plus-low-rank form as in Eq. 156.
The derivations and intermediate steps are left out because they are
very lengthy (although straightforward by inserting the low-rank as-
sumptions into the Kalman equations). For better readability, terms
are color coded in red for contributions of path segments s;,

for contributions of gradients y, and green for contributions of off-
diagonal noise terms v;.

Basis:  Given an new observation pair (s,y), and the updated state
from the previous iteration 71y, 77,,v, 7Ty, 0y, ow, 0u, 0B, OrR, Ay, Aw,
Ay, Ap, with basis P, PB, then we can write:
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mY = PB?va Ptlirl — {P g, pY ]?J_} c RNV*2(M+1)
I I
v = Pm, PTp = sTNIIJ — [IMxM R (M+1)xM
1
ool Orcm
s =Pt llsLfls Pa = [I(MH)X(MH) 0(M+1)><(M+1)} 7TA
y=Plmy+yLl9. pa = {IMXM oMX(MH)] un

sTs = I ts + [ls 1 |I?
PYy = 8, mpy + PYnY mpy € RPM Y ¢ RMXM
P = [P §L] e RN*(M+1) 0Ts = 7)1
PE — |:P §J_ P\Y:| c RNX(ZM-‘Fl)
It can be shown (by inserting low rank approximations into the Kalman
updates) that especially m", mP, v et cetera keep their respective forms
even after the Kalman update. The only forms that have to be projected

back again are PPB and PV just like in the original non-low-rank
updates.

USEFUL NOTATION: ~ sTs and vTs given above:

ay =0y (sTs) + Tl Apms by :=1/20/205 Ag-1p,  dy == 1/20t/20y 05 1 TI A,

ayr = oy (v7s) + T A7

ay = oy (sTo) + T Aume by == Y205 Ag-1p, dy = 1/20y0 1Ty A]]

ay = ow(sTs) + I Awms by = 1/2(75\]/\671;’); dw := /2001l A],

cu = 1/205-10uAupa + 1/20uAu(PTP_)Ag-1p, ey :=1/20uAg-1py TIA];

cy i=1/28t/20 10y Aypa + 1/28/20y Ay (PTP_ ) Ag-1p,  ev := 1/28t/20y Ag-1p, Td A,
cw =120 10w Awpa + /20w Aw (PTP_)Ag-1p, ew := /20w Ag-1py I A,
fu = 1/20'G—1AupA7'(;|;A.{l + 1/2Au(PTP,)AG71pZ7T;A.{I gu ‘= 1/20'1210'(;_1

fv 1= 1/28/206 1 Ay partd Al 1/2 +1/28t/2Ay (PTP_) Ag-1px T AL, gy = 1/20t/2050 1
fw = 12051 Awpartd Al +1/2Aw (PTP_)Ag-1p; I Al gw = /205,051

Aa = fu+fl+ fv+ f5 + fw + fly + el 4+ curnth + mscl, + msely + eyl + el
Ap = ey +ew +ey + byl + byl + byl

Ac = guit, +dl, +df, +d, + gvts + gwts

Ag = |ls_[| [bv + bw]

Ae:=|[s || [cy + cw]

Ap = s [gv + gw]
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B.4.1 Predictive Equations

prebict PVV:
PYY_ = (o + Y2 [opay + oyayr + oyay + owaw]) I

+P (AV +1/2 [le/\v + aUTAL +aygAyg +awAw + Ay ﬂ;rAV

+ AL sl Al + Aumtotd Ay + Aw st Aw + oy Ay s il 4+ oy Aymen!

+ oW Aw s ! + oy Al sl + oyl Ay + op sl Ay + oyt A

+ oW T Tt Aw + O TTs T + 0 T Tl + ot Ttd + oy st | ) pT (237)
+ P(1/2||5L [ [opAy7ts + ouAUT + OWAWTTs + OF T + 03 TTs + 0y 75 ) 8T
+3 (1/2|5L | [opd Ay + oy Al + owrd Aw + ol + (712—/7T5T + aﬁvng] > pT
+3 (1/2HSLH2 [0"27 + 0’%\/])§1 =oy_I+ PfAV,PI
PREDICT mvz
mtvﬂf :P(nfnv—i—agns—f—/\gpns—f—/\gy lIs. 1D
+81 (i + 0Bl 4 7t AFT s 4 7t AR ) Nl L) 239)
+ PV (1 e+ AR+ A s L)
= [p 8 ﬁY} T,V = P,Bn;jvl_
B.4.2 Updated Equations
INNOVATION MATRIX GZ
G ' =051+ P AgPT  with = —02 =
=0g-1l +P_Ag1P. wit AG—l = —0c [U'G—ll +Av,] , (239)
and o051 = (0y- +(TR)71 = (Tal
UPDATE STATE: mv:
A=PE (mty = 9 ) +lly g = PtB+17TA
mz,'_l — PETC,,,V— + PtB_;’_l (U—V*U—G’1 ﬂA) (240)

+P_ (0y-Agpy +0g1Av_py +Ay-Agapy) = P S
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UPDATE STATE: mB:
mgyy = opl
+P (AR + AP+ AT+ A ) PT
P A
+P (M + AT AR ) 5T
+35, (AQ’ST + AP 4 ARF +Ag) pT

+81 [ AR L AT AT 8T

(241)

+ P [ ARV | BT+ PY [ ARP] PT
+81 [ ARV PYT 4 PY [ AR | 6T
+ B [ ARV | YT
+ PPy (TaAl) PT+ P (Acr}) PP + PRy (adg ) T +51 (Apmh ) B,

= oy T+ PR AT P

uprpate PVV:
PZY = ((TV, — 0’%7(7G71> I+P_ (Av, — [0’%71\(;71 +20y_0g-1Ay_

+ oy Av_Ag 1 +0y Ac 1Ay +0s 1Ay Ag_ + AV_AG,lAv_} )PI (242)

_ 1 t+1pT
= o+ P_AETPT

covariaNce PBB:  Left hand side (terms without U):

VALV = VAtoyI + P(VAtAy)PT = oy 1+ P_Ap, PT
W = owl + P(Aw)PT = 01,1 + P_AL,PT
VGV = (ovoyog1)l + P(ovog-1Ay + 0vog1 Ay + 01 Ay Ay + Ay (PTP-)Ag-1(PTP)Ay)PT
+P_(oyoyAg-—1)PT + P(oyAy(PTP_)Ag-1)PT + P_(oyAg-1(PTP)Ay)PT
= 01,1 + P_A,PT
WGV = (ovowog-1)I + P(ovog-1Aw + owog-1Ay + 01 AwAy + Aw(PTP_)Ag-1(PTP)Ay)PT
+ P_(ovowAg-1)PT + P(ovAw(PTP-)Ag-1)PL + P_(owAg-1(PTP)Ay)PT
=07, ]+ P_ALPT
VG'W = (owovog-1)1 + P(owog-1Ay + 0vog-1Aw + 01 Ay Aw + Ay (PTP-)Ag-1(PTP) Ay ) PT
+ P_(owovAg-1)PL + P(owAv (PTP-)Ag-1)PL + P—(0vAg-1(PLP)Aw)PT
=01yl + P_AL,PT
WG™'W = (owowog1)I+ P(owog1Aw + owog-1Aw + g1 AwAw + Aw(PTP-)Ag-1(PTP)Ay)PT
+ P_(owowAg-1)PL + P(owAw(PTP-)Ag-1)PL + P_(owAg-1(PLP)Aw)PT
= oy, [ +P_Ap,PT
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Left hand side (terms including U):

UGV = (ovouog)l + P(ovogAu + ouog1 Ay + o1 AuAy + Ay(PTP-)Ag-1(PTP)Ay)PT
+ P_(ovoulg-1)PL + P(ovAu(PTP-)Ag-1)PL + P (ouAg-1(PLP)Ay)PT
=01, ]+ P_AL,PT
VGIUT = (oyovog )] + P(oyog 1Ay + ovog 1Al + 0g- 1Ay Al + Ay(PTP_)Ag-1(PTP)A],) PT
+ P_(oyovAg-1)PT + P(oyAv(PTP_)Ag-1)PT + P_(oyAg-1(PTP)A],)PT
= oy, I+ P_ALPT
UG UT = (oyoyog-1)I + P(oyog-1Ay + ouog-1AY; + 01 AuAl; + Ay(PTP-)Ag-1(PTP)A],) PT
+ P_(ououAg-1)PL + P(ouAu(PTP-)Ag-1)PL + P_(cuAg-1(PLP)A];)PT
= 01,1+ P_AL,PT
WG UT = (oyowog1)I + P(oyog 1Aw + owog 1Al + 0 1AwA], + Aw (PTP_)Ag-1(PTP)A]})PT
+ P_(ouowAg-1)PL + P(ouAw(PTP-)Ag-1)PT + P_(owAg-1(PLP)A[)PT
= oy, + P_AL,PT
UG 'W = (owouog-1)I + Plowog-1Ay + ouog-1Aw + 01 AuAw + Ay(PTP_)Ag-1(PTP)Aw)PT
+ P_(owouAg-1)PL + P(owAu(PTP-)Ag-1)PL + P—(0uAg-1(PLP)Aw)PT
= o7,,] +P_Ap, P’

Right hand side (terms without U):

VALV = (VAtoy) T+ P(VAtAy)PT = og, I+ P_Ag,PT
W = owl + P(Aw)PT = og,I + P_Ag,PT
—(At/2Vs) (At/2Vs)T = P(— (bt/2)> [ovoy sl + oy Ay sl + oyl Al + Ay sl Al ) PT
+51 (= (8/2)? [|s || [ovoyal + oyl AL])PT + P(— (84/2)* ||s || [ovov s + oy Ayrs])ST
+51 (= (a/2)% s [lIs 1 lovoy)sT = or,I + P- Ag,PT

—(Ws)(At/2Vs)T = P(—t/2 [owoy s ! + oy Awrtsrtd + ow s tl AT, + Aw sl Al ) PT

+ 8, (=bt/2|s | || [owoy ] + ownl Al ])PT 4 P(=t/2]|s | || [owoy 7ts 4+ ov Aw7ts])3T
+ 5, (=84/2|[s | ||[|s | [[owov )8 = orsI + P—AgsPT

—(8t/2Vs)(Ws)T = P(—=Mt/2 [oyow sl + owAy sl + oyl Al + Ay sl Al ) PT
+ 8, (=825 | || [ovown] + oyl Al ])PT 4+ P(=t/2]|s | || [ovow s + ow Ay s])3T
+ 5, (=at/2|[s | ||[|s | [|ovow)s| = ory] + P-Ag,PT

—(Ws)(Ws)T = P(— [owow st + owAwsm] + owrsmd Al + Awms el Al ) PT
S1(=lls |l [owownd + owml Ay ])PT + P(=|s || [owowts + owAwrts])$T

+
+50 (=[5 lllsLllowow)sT = gy, I+ P-Ag,, P
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Right hand side (terms including U):

—(Uv) (8t/2Vs)T = P(—At/2 [oyoy o] + oy Aymenl + oyl AT, + Aymenl AT ])PT
+ P(—At/ZHSJ_H [O'UU'VT[Z] + UvAuT(U])§I = 0'R4I + P_AR4PI
—(8t/2Vs)(Uv)T = P(—=t/2 [oyoyrsitd + ouAy sith + oy st Al + Ay sl Al ) PT
+ 8 (=8t/2||s | || [ovourtd + oyl Al ])PT = g I + P_Ag,PT
—(Uv)(Uv)T = P(— [oyoumeny + ouAurterth + oume i Al + Ayt Al ] )PT = og, I + P—Ag,PT
—(Ws)(Uv)T = P(— [owoumts) + ouAwts) + ow s ih Al + Aw st Al ] ) PT
+ 8, (= |s. | [ewourth + ow i Al ])PT = oggI + P—Ag PT

—(Uv)(Ws)T = P(— [ouowmont! + owAyrmond + oymonl Al + Ayl Al ])PT

+ P(—s | || [ouow o + owAu7mo])3] = ory I + P-Ag,, PT

BACK-PROJECTION OF p BB

ONTO KRONECKER STRUCTURE:  Letwp ..., wr
be the weights from the Kronecker-approximation of the left hand side

as in Eq. 180, and wg, ..., wg,, of the right hand side, then:
11 11
A= (Z wLiULi> I+ P_ (Z sz-ALi) PT
i=1 i=1
11 11
Ar = (Z wRi‘TRi> I'+P- (ZwRiARi> PT.
i=1 i=1

(243)
The weights w;, and wg, fori = 1,...,11 are cheap to compute (most
notably independent of the dimensionality N) since they only involve
the smaller matrices A and scalars ¢. This is because the inner prod-
ucts RTR (here R is the matrix as in Eq. 172 and not the measurement
noise) and STS (also Eq. 172) are easy to compute when the basis P is
known (see Section B.4.3 for formula). We then find W; 1 such that
Wii1 @ Wi = A; ® Ay. This is fast as well since A; and A, both lie
in the span of P_. Thus also W;1 will lie in the span of P_ and the
computation again only involves small As and os.

uppate PVB:  As mentioned in Section 9.1.2, the back-projection for
PVE is not straightforward in the symmetric hypothesis class, since
(I®vT) # (A®vTA) (right side not even defined). So here we will
report the back-projection as if the non-symmetric(!) hypothesis class
was used. Until this is solved, for the symmetric class, PVB can be
set to zero, such that off diagonal covariance contributions between
gradient and Hessian are ignored.! The right hand side of Kronecker

for non-symmetric Kronecker products is:

1 This does not mean that the whole co-
variance P, € RIVAHN)X(N*4N) js diag-
onal, since PVV € RN*N and PBB ¢
RN XN are dense, just that it is block-
diagonal.
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Uv = oylv+ PAyPTv = P(oym, + Ayrty)

= P_r3
At/2Vs = At)agy [s + PAt/2Ay PTs = P(At)ooy 1ts + At/2 Ay ts) + 8| (Bt/20v s ||) 244)
=P_m
Ws = owls + PAwPTs = P(owmw + Aw7ts) + 35 (owlls )
=P_m
Left hand side of Kronecker:
u-— UGflPtZY_ = (oy —oyogaoy_)I
+ P(Ay — oy_0g-1Ay)PT
+ P_(—[oy_ouAg-1 + ouog 1Ay + ouAg-1Av-]) PT
+ P(— [0y Au(PTP-)Ag1 + 01 Au(PTP-)Ay_ + Au(PTP-)Ag 1Ay _])PT
=0l + P_APT
V—-VG'PYY = (ov —ovogaoy_)I
+ P(Ay —oy_0og1Ay)PT
+ P_(—[oy_0vAg-1+ 0voc1Av_ + oy Ag-1Ay-]) PT (245)
+ P(= [og-Av(PTP-)Ag-1 + 01 Av(PTP_)Ay_ + Ay (PTP_)Ag-1Ay-]) P
= 051 + P_AyPT

W—WGPYY_ = (ow — owog-10v_ )1

+P(Aw — oy_05-1Aw)PT

+ P_(—[oy_owAg-1 + owog 1Ay + owAg-1Ay_])PT

+ P(—[oy-Aw(PTP_)Ag-1 + 01 Aw(PTP_)Ay_ + Aw(PTP-)Ag-1Ay_])PT
= 03] + P_A;PT

BaCK-PROJECTION PVB:  If wy, wy and w; denote the weights found
by the Kronecker approximation, we see that Uy is spanned by P_.
Then:

Uiy = (w1¢71 + w0y + W30'3>I + P_ (wlAl + wyAy + ZU3A3)PI
_ Lt+1 t+1
=0 +P_APT

_ _ _ N 1
ut+11 = Uutil + P,([—aﬁt“ (At&rl' ! +‘7u,il))] )PT

= o I+ PN P

Ut;llvtﬂ = P(oywyAt/27ts + wydt/2Ay 7t + w0y T + Wy Ay Tt + WO T
+ wwAwts) + 81 (||s | [wyAt/20v + wwow])
- P_ ﬁp

1 - 1~
vpp1 = P (00370 + A o) = Pot.
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B.4.3  Gram-Schmidt & Matrix Algebra:

LOW-RANK MATRIX ALGEBRA: Let A = 04l + PA4PT and B = ol +
PAgPT with PTP — I, and let A4, Ag € RM*M and P € RN*M with

M < N then:
A+B=(0g+0p)I+P(As+ Ap)PT (246a)
AB = (0p4+04)l+ P(caAp +0gAa + AyAp)PT (246Db)
AT =0 M+ P(—0 2 A + o ) PT (246c¢)
ATB = Nopop + o tr[Ap] + op tr[Aa] + tr[AT Ap] (246d)

Especially Eq. 246d reduces the cost for the Kronecker back-projections
drastically.

POSITIVE DEFINITE PROJECTION:  Let C = ¢l + PAPT be symmetric (A =
AT) with M non-zero eigenvalues Aq,...Ap and o > 0, then flipping
the sign of negative eigenvalues involves:
ODQT = A eigen-decomposition with elements [; = D;; eigen-values, then
Aij = 0 +1;. Therefore for negative Ay (not negative Iy)
ZII:OS = -l — 20 since AEOS =0+ (—lf—20) = —0 — I = —A; and thus

AP = QDPSQT  where [, — llfos in D.

(247)

The resulting matrix is of form CP% = ¢l 4 PAP*PT and has eigen-
values Afos = | Al

GRAM-SCHMIDT: ~ Some explanation on how to get 7py. PY denotes
the i column of the N x M matrix P¥. PY* denotes the N x (M +1)
matrix [§, PY]

YT pY
pY i (P 7P%as) gy s
Sy old,i j=1"pY+ipy+ °j
P = pg HP]Y (248)
||PY oy ( j old,i) pY—i—H
old,i j=1 15]Y+ij¥+ j

Note that the sum in Eq. 248 runs to i instead of i — 1 since we added
$, to PY*. Now use that PY are orthonormal 15]¥+T13]Y+ = 1and define
fijj = 15].1/+T PY, ;- i willbe an (M + 1) x M matrix where the first row

is the projection on 3 .

Y i o pY+
pY — Poa; — Lj=1 fji

Y _ - (249)
l ”Pgm,i - Z}:l ”jiP]‘Y+ ||
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e Y — [|pY i pY Y i -
Now define c;; = ||y ; — iy ;i P; *. ¢¥ will be an M x M matrix.

i
AY .Y _ pY 5 BY+
Plei = Poai— ) i P (250)
j=1
If the remaining elements of ¢' and 7 are filled with zeros, then after
the complete loop (computation for all 7) is done we can write:

PYeY = PY, — PHa

Pgld = PYnY + pYﬁ(Z:end,:) + §Lﬁ(l,:) (251)
4

B.4.4 Hyper-Parameter Adaptation (Second-Order, Symmetric)

The observation noise R; can again be estimated within the mini-batch
using 2. The difference now to filtering on gradients, is that R must
be of form scalar-plus-low rank instead of being diagonal (the same
holds for the hyper-parameters POv Vi and V). For a start, it is the

simplest, to drop the low rank term of R; and set ¢} = ﬁ Yi¥ito

2 2Alternatively one could assume a

block-diagonal Hessian where correla-
tions between layers are dropped, and
with V = oyl. The maximum marginal likelihood estimator is not then estimate one o per layer.

the mean of the estimated gradient variances.
We also drop the low rank part of V, and just adapt a scalar oy

analytic anymore, but we can always compute the first (and perhaps
second) derivative of log p(y;) and perform a, or multiple gradient
descent, or Newton steps on it. The (logarithmic) marginal likelihood
of parameter oy, given the current datapoint y;1 is:

p(Yir1) = /p(ymlxm,yl,...,yt)p(xt+1|y1,...,yt)dxm
= /N(yt+l;xtv-§-1/Rt+1>N(xt+1;mt+lfxpt+lf)dxt+1

eV \AY
=N (yt+1r M1, P + Rt+1) (252)
e*%(%H*mthJT(PZYJrRtH)*](%H*mthJ

Qm)V2PYY 4 Repa |2

2log p(yr+1) &« —log |[PNY_ + Repa| — (W1 — mYq ) T(PYY- + Reg1) "M (yeg1 — mYq )

FIRST DERIVATIVE:  Some matrix identities which we will need to com-
pute the derivative of Eq. (252) are:
-1
0aTXb :aTai)(b 09X 10X

19X
0z oz 82_X82X’

dlog |X(z)|
0z

(253)

=tr {Xl aX}

dz
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Where a and b are vectors and X is a matrix. V is hidden in PVV~
only. The derivative of Eq. (252) with respect to the scalar oy yields:

Vf)T a(PVV* + R)*l
a(TV
19(PVV~ +R)
aO'V

9
——2logp(y) = (y—m (y—m¥7)+2tr |(PVV™ +R)™

aU'V

19(PYV~ +R)
aO'V :l
= —(y =)V R)”

(PYV= +R) Yy —mV ") +2tr [(PVV™ +R)

Jdo 1%
(254)

Thus, we need %y /acy = 1/At/3(sTs) and 90v /3y = \/At/3. We get:

d(PVV~ +R) 1 9oy 1 _ oday 1. ooy
= 7 PT
aav <2 Yooy T 27 a0y V>I+P< 200 5, T >

90 S logy S logy
+ P ||SJ_||20'V Vo —|—sl HSJ_”ZO’V —nl ) PT4+3§, *HSJ_||220'V v sL
ooy ooy ooy

At N A
:gwKﬂm+mﬂﬁmewaw+mmwwﬂ+amawww+u@uwﬁﬂ

=ocl+ P_ACpI =C

(255)

Combining Eq. (255) with Eq. (254) gives:
9 logply) = SATG1CG 1A — tr [G*lc] (256)
oy 2

Compute 2nd term of Eq. 256:

G 1C = (0 1]+ P_Ag1PT)(ocl + P_AcPT)
= (0g100)] 4+ P_(0cAg1 + 05 1Ac + Ag1Ac)PT
=: 0gcl + P_AgcPT
tr [GAC} = Noge + tr [Agc]

(257)

and 1st term:

G 1CG™! = (06l + P—(Agc)PT) (o1l 4+ P-Ag-1PT)
1

= 5096C0G- 1TIATTA + ZﬂA(PPLP )(og-1Agc +06cAg-1 + AccAc—l)(PtHP )T

(258)

Here PtHP, [Tpi1;0Mma1] € R2M+1)x(M+1)  Thys, the gradient is:

9 1 5
P’T P_ A Ao AccA-- P P_
3oy log p(y) = 506c0c- VTN TTA + 27TA( 1 P-)(0g-1Ace + 0ceAg-1 + AgcAg-1) (P P-)Tra (259)

— Nogc — tr[Agc],
or
At 1 1 pB ~
=—logp(y) = ?UV 2(ST5)(7TA7TA)UG 1+ 27TA( tJrT1P )C(PHHP )
- N(STS)UG—l - tr [(STS)Acfl + ACU’G,1 + AG,]Ac] (260)

AL
2D
3V

_19(PVV~ 4+ R)

|
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with

We could then update oy at each iteration with a, or multiple gradient

steps with step size a according to:

d
oy =0y — aﬁ log p(y), (262)

with 9logp(y)/aey as in Eq. 259 or Eq. 260.

SECOND DERIVATIVE:  The second partial derivative of Eq. 260 is:

2 ]

At ) 0 At At At
- N?(STS)E (oyoga) — 3oy (tr {B(STS)(TvAcl + ?Ach(TG—l + BG'VAclAC]> .

We need:
d Jdo 001 At
3oy (O'G 1(7V) = 0'(2;_1 ﬁ +20v051 ﬁ = 0'(2;_1 — 230‘2,02;,1 (sTs)
d Jdo 001 At
E (UG—lav) = U—G—lﬁ + U'Vﬁ =0g-1— (TV?O’(Z;_lo’V(STS).

We also need the derivative of C. Use 3(XY)/3: = X0Y/az + 9X/3:Y,
then:

aC 0
— Tg)—
aU'V Z(S S) aU'V

-1
1 E)AG 1

0
a AG 1+AG1

Ay
+ AG 1AV_AC

= Agai A AcAG! o

Therefore 9C/a0, becomes:

e s
a(TV

+ 02 A AT AcAGE (C n 2ACA§£A671) + 022 CAGL AcAS Ag

+ 2(sTs)<7é,1AG4 AG AcAG Ag ]

C = _2(STS>UG—1AG—1 + (STS>AG—1AG—1 + UézlAGflAglfACA§lfAG*1

d 1At Jd 1 At
—_— =~ (sTs)(nk7tp) = (02 BT
oy log p(y) 73 (s s)(nAnA)aUV (O'G_lo'v) + = 53 (PtHP )a o

9 o P
(01 8G) + (579) 50 (Mg A1) + 5 (7523 Ac AT AcAG Ag)

A
V- -1
AcAS. A~
aO'V cRv-6t

=—ovo [2(sTs)og1C +2(sTs) (sTs)o2 1 Ag1 + (sTs)Ag 1C + (sTs)CAG 1

(261)

(263)

(264)

(265)

(266)
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For the last term in Eq. (263) we need to compute:

d At At At
oy (tr |: 3 (sTs)ovAg1 + ?Acavacq + 30'\/AG1AC:|>

At 0 At d At 0
= T _ —_— J— _ - _
tr [ 3 (s S)aav (oyAg) + 3 Acaav (oyog1) + 3 90y (ovAg 1)AC}

2 ) 2 (267)
=tr [— <A3tav> (sTs)C + %(STS)AGA - <A3t0\/UG1> (sTs)Ac + %U’G—lAC

At N\ . At
- (30’\/) CAc + 3AG1AC] =:tr [Ctrace] .

Now we can combine all equations to get the second derivative:
? 1At At
Fou log p(y) = 5?(sTs)(cmnA) (Uél - 2?0‘2,05’;,1 (sTs))
1At

At ~
E?ng(Pfij,) (—0‘2,3Ca + c) (PPT P_)Tr, (268)

At At
— N?(STS) (0’Gl - ?0’12/0'%,1 (STS)> —tr [Ctrace]

The update for one Newton step, given the first and second derivative
as in Egs. 260 and 268, is thus:
o o (269)
=0y —a|m—1 —1
oy =0y —a <820V og P(]/)> 30y, 08P W)

with stepssizea < 1,a > 0. Thus, at each iteration, oy can be updated
according to
oy =0y — & J log p(y)
=0y —&—1I1o or
14 1% 9oy g Py

1 (270)
92 0
oy =0y — mlogp(y) alogp(y)

for a gradient descent, or Newton step respectively.
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C.1 Noise Sensitivity
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Figure 62: Performance of N-I on CIFAR-
10 for varying mini-batch sizes: Plots
and colors same as in Figure 61.

Figure 63: Performance of N-III on
GISETTE for varying mini-batch sizes:
Plots and colors same as in Figure 61.
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m:10 m:50 m:100 m:400 Figure 64: Performance of N-III on

—04 5 T ' I 'S I T T WDBC for varying mini-batch sizes:

x | oxx ¥x Plots, colors, and description same as in
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C.2  Hyper-parameter Sensitivity
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Figure 66: Sensitivity to hyper-
parameters cp, and cyy, text = 1.4(§7.4.1).
Experimental setup as in Figures 46 and
45. Top row from left to right: logarith-
mic test set error, train set error, and aver-
age number of function evaluations per
line search averaged over 10 different ini-
tializations. Bottom row: Correspond-
ing relative standard deviations. In all
plots darker colors are better. For extrap-
olation parameters aext > 1 (Figures 67,
68, 69, and 70) the different parameter
combinations all result in similar good
performance. Only at extreme choices
(e.g., aext = 1.0, Figure 70, no extrapola-
tion), the line search performs poorer. At
the extreme value of cyy = 0.99 (imposes
near absolute certainty about the Wolfe
conditions), the line search becomes less
efficient. The default values (cy = 0.3,
¢y = 0.5, and aext = 1.3) are indicated as
red dots in Figure 67.

Figure 67: Same as Figure 66 but for
fixed aext = 1.3. The default values
adopted in the line search implementa-
tion (cy = 0.3, co = 0.5, and aeyt = 1.3)
are indicated as red dots.
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Figure 68: Same as Figure 66 but for fixed
Kext = 1.2

Figure 69: Same as Figure 66 but for fixed
Next = 1.1
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Wolfe threshold cyy

Wolfe threshold cyy

extrapolation &ey;

extrapolation eyt

extrapolation aext

extrapolation aex;

0.99
09
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0.01

= e e
BN R =

= e e
N I

log test set error

[

01 03 05 0.7 09

log test set error

—1.
—1.
—1.
102
10 0.1
6 5.
4 6-
4.
2 5

01 03 05 07 09

log test set error

1072
6
4
2

log train set error # function evaluations

-1
—14

—1.
—1.4 -2

—2.
—1.8

01 03 05 07 09
WII condition ¢,

log train set error

0.1 03 05 0.7 09
WII condition ¢,

log train set error

—1.
-1
-1

01 03 05 07 09

# function evaluations

11072

01 03 05 07 09

# function evaluations

1072 0.1 1102
6 3.
4 6-
4.
2 5.

01 03 05 07 09

01 03 05 0.7 09
WII condition ¢,

01 03 05 07 09

(=)

'S

N

'S

N

'S

N

Figure 70: Same as Figure 66 but for fixed
Next = 1.0

Figure 71: Sensitivity to varying hyper-
parameters ¢y, and aext, cw = 0.01
(§7.4.1). Experimental setup as in Fig-
ures 45 and 46, plots like in Figure 66.
In all plots darker colors are better. All
choices of cyy resultin good performance
though very tight choices of cyy = 0.99
(imposes near absolute certainty about
the Wolfe conditions, Figure 81) are less
efficient. As described in Figure 66, for a
dropped extrapolation factor (aex — 1)
in combination with a loose curvature
condition (large c;) the line searches
performs poorer (top row, right half of
columns in Figures 71-80). The de-
fault values (cy = 0.3, c; = 0.5, and
aext = 1.3) are indicated as red dots in
Figure 74.

Figure 72: Same as Figure 71 but for fixed
cw = 0.10.
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Figure 73: Same as Figure 71 but for fixed
ew = 0.20.

Figure 74: Same as Figure 71 but for fixed
cw = 0.30. The default values as red
dots.

Figure 75: Same as Figure 71 but for fixed
cw = 0.40.
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log test set error log train set error # function evaluations Figure 76: Same as Figure 71but for fixed
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Figure 79: Same as Figure 71 but for fixed
ew = 0.80.

Figure 80: Same as Figure 71 but for fixed
cw = 0.90.

Figure 81: Same as Figure 71 but for fixed
cw = 0.99.
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C.3  Noise Estimation

Chapter 5 introduced the statistical variance estimators A (w) and £(w)
of the function and gradient estimate Ls(w) and VLg(w) at position x.
The underlying assumption is that Ls(w) and V Lg(w) are distributed

according to
, Z(w)  Opx1 271)
01xp diagX'(w)

LS(w) ~ N
VLs(w)
which implies Eq 106
L) | _ v | f [f@] |o@ o
s(w)"- VLg(w) y'(w) (w) 0 op(w)
where s(w) is the possibly new search direction at w. This is an approx-

imation since the true covariance matrix is in general not diagonal. A
better estimator for the projected gradient noise would be (dropping

L(w)
VL(w)

w from the notation)

|B|
1
np =sT lIB ?I Z (VIF —VLg)(VIF—VLg)T ]

N |B] ) )
; B ; - VLs) (Ve - i)

B
75
i (g

:|B|1 ( ; VR ~VL5)2>.

(wk
f Ve

b‘o\
= T

N , ,
Vs Ve -y sjVL]SsiVLfg>
i,j=1

u MZ (B‘

§

Comparing to oy yields

5]
e = Y sis; ! Zwkwk VL, VL
B| -1 18] =

1 8
FZ (V52— (VLE)?
N

=
=
|
=
T
M

1B,
k<7 pk j i
— <B|wa —- VL VL>

i£j=1
From Eq 273 we see that, in order to compute 177/, we need an efficient
way of computing the inner product (s’ - V/¥) for all k. In addition, we
need to know the search direction s(w) of the potential next step (if w
was accepted) at the time of computing #7;. This is might be possible

) |

2

1
1Bl &=

VO - VLEVL; - VIGVLE + v%v%)

5]
2 VIV - VI VL

(272)

(273)

) (274)



e.g., for the sGp search direction where s(w) = —‘%‘ Zl‘fjl VK (w)
but potentially not possible or practical for arbitrary search directions.
For all experiments in this thesis we used the approximate variance
estimator ogr.

The following paragraph is concerned with the independence as-
sumption of gradient and function value y and y’ (in contrast to in-
dependence among gradient elements). In general y and ' are not
independent since the algorithm draws them from the same minibatch;
the likelihood including the correlation factor p reads

(B, (1) f) = N ({"(”] ; [f “)] , ["f P D L o)
vo) o] e

The noise covariance matrix enters the Gp only in the inverse of the
sum containing the kernel matrix of the observations. We can compute
it analytically for one datapoint at position ¢, since it is only a 2 x 2
matrix. For p = 0, define:

detp:() = [ktt + U’J%] [akatt + 0’%,} — kattaktt
-1
1

ke + Uj% k1t _
n detp:()

%y %Ky + (T]%,

p=0 "=

— kst kit +UJ%

For p # 0 we thus get:

Koy + 02, —k% ]
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(276)

detp?go = [ktt + (7']%] [akatt + (7']%/] — [katt + p] [aktt + p] = dEtp:O — p(aktt + katt) — p2

-1
ket + 0'% Ky +p 1

Ky +po %K+ UJ%_ ~ detpzg

_ detPZO G*l _ P 01
- 1P ,
detorzo P detoro |1 ¢

-1 ._
G, ho =

The fraction defp—o/det, ., in the first term of the last row, is a positive
scalar that scales all element of GP_:l0 equally (since Gp—g and G, are
positive definite matrices, we know that det,—o > 0, det,.o > 0). If |p|
is small in comparison to the determinant det,—, thendet .o ~ det,—g
and the scaling factor is approximately one. The second term corrects
off-diagonal elements in G, and is proportional to p; if [o| < det,—o
this term is small as well. In might be possible to estimate p as well
from the minibatch in a similar style to the estimation of oy and o/;
it is not clear, however, if the additional computational cost would
justify the improvements in the gpr-inference.

%K%y + szr/ — (K% + p)
— (% +p)  ku —i-(ff

|

(277)






Detailed Pseudocode of PROBLS

Algorithm 4 of Chapter 7 § 7.2 roughly sketches the structure of the
probabilistic line search and its main ingredients. This section pro-
vides a detailed pseudocode which can be used for re-implementation.
It is based on the code which was used for the experiments in this
thesis. A matlab implementation including a minimal example can
be found at http://tinyurl.com/probLineSearch. The actual line
search routine is called PrROBLINESEARCH below and is quite short.
Most of the pseudocode is occupied with comments, helper function
that define the kernel of the G, the gp-update or Gauss cdf and pdf.
For better readability of the pseudocode we use the following color
coding: Green: variables of the integrated Wiener process, Red: most
recently evaluated observation (noisy loss and gradient). If the line
search terminates, these will be returned as ‘accepted’. ¢ in-
puts from the main solver procedure and unchanged during each line
search.

operator or function | definition

AOB elementwise multiplication

AQB elementwise division

AOP elementwise power of b

Al transpose of A

A-B scalar-scalar, scalar-matrix or matrix-matrix multiplication
A/B right matrix division, the same as A - B-1

A\B left matrix division, the same as A~! - B

sign(a) sign of scalar a

erf(x) error function erf(x) = % IS e dt

max(A) maximum element in A

min(A) minimum element in A

|a| absolute value of scalar a

A<B elementwise ‘less” comparison

A<B elementwise ‘less-or-equal’ comparison

A>B elementwise ‘greater’ comparison

A>B elementwise ‘greater-or-equal’ comparison
[a,b,c] «+ f(x) function f called at x returns the values a,b and ¢
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1: function SGDSoLvER(f, xq)
2 / f - function handle. Usage: [y, dy, Z¢, Zg¢] <+ f(x).
3
4 X 4= Xp / initial weights
5: weg. ~1074 / initial step (rather small)
6 Astats < X
7 [y, dy, Z¢, Zar] + f(x) / initial function evaluation
8 d< —dy / initial search direction
9
10: // loop over line searches
11: while budget not used doa
12: [, &stats, X, Y, dy, Xy, de] <PROBLINESEARCH(X, d, ¥, dy, Xf, L, &, Astats, f)
13: d<+ —dy // new search direction
14: end while
15: return x

16: end function

1: function PROBLINESEARCH (), , [0, [0, 27, , 000, Xstats, f)

2: /| xo — current weights [D x 1]

3: /| f — function handle to objective.

4 J/ d — search direction [D x 1]

5: / fo — function value at start, fo = f(x)

6:  //dfp—gradientatstart, dfy = Vf(xg) [D x 1]

7: /| £5, — sample variance of fo

8/ Zaf, —sample variances of dfy, [D x 1]

9: / &g — initial step size
10:
11: // scaling and noise level of cp
2 Be i
13 op¢ \/7/( -B) // variance of y
14: Tar 4/ ((192) - )/ B /| sample variance of dyg
15:
16: / initialize counter and non-fixed parameters
17: L+6 / maximum # of f evaluations per line search
18: N<+1 / size of Gp=2-N
19: text <1 / scaled step size for extrapolation
20: tt+1 // scaled position of first function evaluation
21:
22: / storage for cp, dynamic arrays of max size [L +1 x 1]
23 T+[0] / scaled positions along search direction
240 Y <+[0] // scaled function values at T
25 dY <[(d/) - 1)/B] / scaled projected gradients at T

26:



27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:
57:
58:
59:
60:
61:
62:
63:
64:
65:
66:
67:
68:
69:
70:
71:
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/ initialize cp with observation at start
[G, A] +—urpATEGP(T, Y, dY, N, OF, 04f)

// loop until budged is used or acceptable point is found
for N from 2 to L +1do

/ evaluate objective function at ft.
[y, dy, X, Xgr, T,Y,dY, N|] «<—evarLuaTeOBjecTIVE(tt, v, 00,4, T,Y,dY, N, B, f)

// update the gp which is now of size 2 - N.
[G, A] «—urpAaTEGP(T, Y, dY, N, OF,0df)

/ storage candidates, dynamic arrays of max size [N x 1].

Teand <[ | /| scaled position of candidates
Meand <[] /| Gp mean of candidates
Scand <[] /| op standard deviation of candidates

/ current point above the Wolfe threshold? If yes, return.

if prroBWoLrke(tt, T, A, G) then
output <—RescaLEOuUTPUT(Y)), [0, 20, d, tt, Y, dy, Zf, de, B)
return output

end if

// Wolfe conditions not satisfied at this point.

// find suitable candidates for next evaluation.

// Gp mean of function values and gradients at points in T.
M <+ map function m(_, T, A) over T
dM < map function plm(_, T, A) over T

/ candidates 1: local minima of Gp mean.
Tsorted < sort T in ascending order
Twolfes < | | /| prepare list of acceptable points

/ iterate through all N — 1 cells, compute local minima.
fornfrom1lto N —1do

Ty, < value of Tyopeq at n

Ty41 + value of Tyyeq atn+1

/ add a little offset for numerical stability
trep < Tn + 1070 - (Tyy1 — Tp)

th

/| compute location of cubic minimum in n* cell

tcubMin <~ CUBICMINIMUM(trep, T, A, N)
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72: / add point to candidates if minimum lies between T}, and T},
73: if feupmin > T and foupmin < Ty41 then

74: if (not isnanOrIsinf(¢.ypmin)) and (teubmin > 0) then

75: Teand < append tcubMin

76: Meand < append M(tcubMin, T, A)

77: Scand < append V(tcupmin, T, G)

78: end if

79: else

80:

81: // most likely uphill? If yes, break.

82: if n =1and p1m(0, T, A) > 0 then

83: r<0.01

84: tt—= 1 (Ty + Tps1)

85:

86: / evaluate objective function at t# and return.

87: [y, dy, X, X, T,Y,dY, N|] «<—evaLuaTeOBjecTIvE(tt, v, 0,4, T,Y,dY, N, B, f)
88:

89: output <—rRescaLEOuUTPUT(Y)), [0, 20, d, tt, Yy, dy, Zf, de, B)
90: return output

91: end if

92: end if

93:

94: /| check for Wolfe point among the old evaluations

95: if n > 1 and rproBWoLre(T,, T, A, G) then

96: Twolfes <= append Ty

97: end if

98: end for

99:

100: // check if acceptable points exists and return

101: if Twolfes is not empty then

102:

103: // if last evaluated point is among acceptable ones, return it.
104: if tt in Ty)ses then

105: output <—RescaLEQuTPUT(Y)), [0, 20, d, tt,y,dy, Zf,de, B)
106: return output

107: end if

108:

109: / else, choose the one with the lowest Gp mean

110: // and re-evaluate its gradient.

111: Mwpoltes — map M(_, T, A) over Tiyoes

112: tt < value of Tyypjes at index of min(Mpgses)

113:

114: / evaluate objective function at t¢.

115: [y, dy, T, Zgr, T,Y,dY, N| <—evaLuaTteOBsJecTIVE(tt, X0, 0,4, T,Y,dY, N, B, f)

116:
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117: output <—rRescaLEOuTPUT(Y, [0, 20,1, tt, Yy, dy, Xp, Xgf, B)
118: return output

119: end if

120:

121: // candidates 2: one extrapolation step

122: Teand < append max(T) + fext

123: Meand < append m(max(T) + text, T, A)

124 Scand < append V(max(T) + text, T, G)%

125:

126: / find minimal mean among M.

127: Mgl < minimal value of M

128:

129: / expected improvement and Wolfe probabilities at T ,ng
130: El ang < EXPECTEDIMPROVEMENT(Mand, Scand, HEI)
131: PWcang < map prosBWorLre(_, T, A, G) over Tgang
132:

133: // choose candidate that maximizes El.;nqg A PWeand
134: ipestCand < index of max(Elung © PWeand)

135: ttpestCand < Value Of Teang at ipestcand

136:

137: / extend extrapolation step if necessary

138: if tHpesicand 1S equal to {1 + text then

139: toxt < 2 - text

140: end if

141:

142: // set location for next evaluation

143: tt < tHpestCand

144: end for

145:

146: // limit reached: evaluate a final time

147: // and return the point with lowest gp mean

148: [y, dy, T, Xgp, T,Y,dY, N|] <—evaLUATEOBJECTIVE(E, Y0, 00,4, T, Y, dY, N, B, f)
149:

150: // update the cp which is now of size 2 - N.

151: [G, A] <—uprpATEGP(T, Y, dY, N, TF, 04F)

152:

153: // check last point for acceptance

154: if prroBWoLrE(tt, T, A, G) then

155: output <—RescaLEOUTPUT(Y)), [0, 00, d, tt,y,dy, Zf, de, B)
156: return output

157: end if

158:

159: / at the end of budget return point with the lowest p mean

160: M <+ map m(_, T, A) over T
161: flowest <— index of minimal value in M
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162: Howest <— Vvalue of T at ijgwest

163:

164: J if Howest 1S the last evaluated point, return
165: if fiowest 1S equal to tf then

166: output <—rescaLEOUTPUT(Y, [0, 20,1, tt,y,dy, T, gy, B)
167: return output

168: end if

169:

170: / else, re-evaluate its gradient and return
171: tt <— value of Howest

172:

173: / evaluate objective function at tt.

174: [y, dy, X, Xgr, T,Y,dY, N] <—evaruateOsjecTive(tt, vo, 00,4, T,Y,dY, N, B, f)
175:

176: output <—RrescaLeQurprut(X, [0, 0, 4, t, Y, dy, T, Zar, B)

177: return output

178: end function

1: function RescaLEOuTPUT(Y)), [0, 0, d, tt, Yy, dy, X, 25, B, Xstats)
2: // design parameters
3: Next — 1.3 // extrapolation parameter
4; Oreset < 100 /| reset threshold for Gp scale
5:
6: Wace < L+ /| rescale accepted step size
7 Xace = 0+ Kace - // update weights
8: facc <y - (00 -B) + /| rescale accepted function value
9; dfacc < dy / accepted gradient
10: DI // sample variance of facc
11: Eifae & Zif // sample variances of d facc
12: v+ 0.95 /| exponential running average of scalings
13: Ngtats € 7Y * Ustats 1 (1 — 'Y) * Kacc
14: Qnext < Kace - Next // next initial step size
15:
16: // reset it Gp scaling if needed.
17: if (&next < &stats/ Breset) OF (Anext > stats * Oreset) then
18: Qnext < Kstats
19: end if
20:
21: /| compressed output for readability of pseudocode
22: output < [“next/ stats, Xace, face, A faces Zfaccr deacc]
23: return output

24: end function
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1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:

function evaLuaTeOsjeCTIVE((t, X0, 00,4, T,Y,dY, N, B, f)

/ evaluate objective function at t#
[y, dy, Zp, Zag] = f o+t -0 - )

// scale output
y—10)/(x0-p)
dy «(dy'- 1)/ p

/ storage

T <+ append tt
Y < append y
dY < append dy
N+ N+1

return [y, dy, T, Xgp, T,Y,dY, N]

end function

D N B A L > o

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

: function cusicMinimum(t, T, A, N)

// compute necessary derivatives of Gp mean at ¢
dlm; <oplm(t, T, A)

d2m; <p2m(t, T, A)

d3m; <p3m(t, T, A, N)

a <+ 0.5-d3m;

b<d2m; —t -d3m;

c+dlmy —d2my - t+0.5 - d3m; - 12

// third derivative is almost zero — single extremum
if |[d3m;| < 177 then

feubMin <— _(dlmt —t- dth)/dth

return { . ;pMin
end if

// roots are complex, no extremum
Ae=b%2—4.a-c
if A < 0 then
tcubMin — Fo0
return f . pMin
end if

// compute the two possible roots

LR < (—b —sign(a) - vVA)/(2-a) / left root
RR < (—b +sign(a) - VA)/(2-a) /| right root

// compute values of left and right root (up to a constant)
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28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:

dtp < LR —t /| distance to left root
dtg <~ RR —t // distance to right root
CVy «dlmy - dty + 0.5 - d2my - dt? + (d3my - dt3) /6
CVg ¢ dlmy - dtg + 0.5 - d2my - dt% + (d3my - dt3) /6

/ find the minimum and return it.
if CV < CVg then
fcubMin LR
else
fcubMin RR
end if

return . ;pMin

end function

10:
11:
12:
13:
14:
15:
16:

17:

18:

19:

20:
21:

22:

23:
24:
25:
26:

O »® N TR

function urpaTeGP(T,Y,dY, N, ot O'df)

/ initialize kernel matrices

krr <—[N x N| matrix with zeros
kdrr <~ [N x N] matrix with zeros
dkdrr <—[N x N] matrix with zeros

/ fill kernel matrices
fori =1to N do
forj=1to N do

krr (i, j) <x(T (i), T(j))
kdrr (i, j) <xo(T (i), T(f))
dkdrr(i,j) <—pxp(T (i), T(j))
end for
end for

// diagonal covariance of Gaussian likelihood [2N x 2NJ.

AN+

diag(c*) N« ONxN ]

ONxN diag (o2 NxN

G+ krr - Kdrr +A / 2N x 2N] matrix
kdr  dkdrr

/ residual between observed and predicted data

Y
A<+ J 2N x 1] vector

ay

// compute weighted observations A.
A+ G\A J 2N x 1] vector



27:
28:
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return [G, A]

end function

B b B W W W W W W W W W W NN DN DN DN DN DN DNDDND PR R, R R s R s
B ES ® %3 3 T k0 2592333 &30 229 »®» 39 T @B 2D

R U > o

function m(t, T, A)

// posterior mean at ¢

return [x(t, T’), xp(t, T')] - A
end function

function p1wm(t, T, A)
/ first derivative of mean at ¢
return [px(t, '), pxp(t, T')] - A
end function

: function p2m(t, T, A)

// second derivative of mean at ¢
return [pok(t, '), pokp(t, T')] - A

end function

function p3m(t, T, A, N)
// third derivative of mean at ¢
return [popk(t, T7), zErOS(1, N)]| - A

end function

: function V(t, T, G)

// posterior variance of function values at ¢
return (¢, £)—[x((t, "), xo(t, T')] - (G\[x(t, T"), xp(t, T')])
end function

: function Vo(t, T, G)

// posterior variance of function values and derivatives at ¢
return xp(t, t)—[x(t, "), xo(t, T')] - (G\[px(t, T'), pxp(t, T")])

: end function

: function pVo(¢t, T, G)

// posterior variance of derivatives at f
return pkp(t, t)—[pk(t, T'), pxp(t, T')| - (G\ [pk(t, T'), pxp(t, T')])
end function

: function VO&(t, T, G)

// posterior covariances of function values at t = 0 and ¢
return x(0,t)—[k(0, "), kp(0, T")] - (G\[x(t, T"), xp(t, T")]")

: end function

: function VpOr(t, T, G)

// posterior covariance of gradient and function value
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43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:

/ att =0 and t respectively
return pk(0, t)— [px(0, T), bxp(0, T')] - (G\[x(t, T'), xp(t, T")]")
end function

function VOpx(t, T, G)

// posterior covariance of function value and gradient

/ att =0 and t respectively

return xp(0, t) —[k(0, T’), xp(0, T")] - (G\ [px(t, T'), pxp(t, T')]')
end function

function VoOpke(t, T, G)

// same as VOr(_) but for gradients

return pkp(0, t)— [px(0, T), bxp(0, T')| - (G\ [pk(t, T'), pxD(t, T")])
end function

WONN NN NN N NN N 2 2 e e e e e e
S P ® N T Bk WD P Q 0 NN DT RN 2D

R U S A

/ all following procedures use the same design parameter:
710

function «(a, b)

// Wiener kernel integrated once in each argument

return1/3 © min(a + 7,0+ 17)% +1/20 |a — b| ©min(a + T, b + 7)9?
end function

function xp(a, b)

// Wiener kernel integrated in first argument

return/20 (a <b) © (a+ 1)+ (a>b)© ((a+71)- (b+71) =120 (b+1)?)
end function

function px(a, b)

// Wiener kernel integrated in second argument

returnl/20 (a > b) O (b+ 1)+ (@ <b) o ((a+71)- (b+7) —1/206 (a+1)9?)
end function

function pxp(a, b)

// Wiener kernel
return min(a + 7,0 + 7)

: end function

function ppx(a, b)
// Wiener kernel integrated in second argument
// and 1x derived in first argument
return (a < b) ®© (b —a)

: end function

: function ppkp(g, b)
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31: // Wiener kernel 1x derived in first argument
32: return (a < b)
33: end function
34:
35: function pppk(a, b)
36: // Wiener kernel 2x derived in first argument
37: / and integrated in second argument
38: return —(a < b)
39: end function
1: function proBWoLre(t, T, A, G)
2: / design parameters
3 14005 /| constant for Armijo condition
4: 05 /| constant for curvature condition
5: cw 0.3 /| threshold for Wolfe probability
6:
7: // mean and covariance values at start position (t = 0)
8: my < M(0, T, A)
9: dmg <—olm(0, T, A)
10: Vo+ V(O,T,G)
11: Vdy <+ Vp(0, T, G)
12: dVdy <+ oVo(0, T, G)
13:
14: // marginal mean and variance for Armijo condition
15: Mg < mo—wm(t, T, A)+cq - t - dmy
16: Vag+Vo+(c1-+)?-dVdo+V(t)+2- (c1-t- (Vdy—VDOr(t)) —VOE(t))
17:
18: // marginal mean and variance for curvature condition
19: my <—DpIM(t)—co - dmg
20: V2% -dVdy — 2 - c2-VDODE(t)+DVD(F)
21:
22: /| covariance between conditions
23: Vap < —c2+ (Vdg+c¢1-t-dVdy) + c2-VDOr(t)+VODE(H)+¢1 - - VDODE(t)— VD(t)
24:
25: / small variances — deterministic evaluation
26 if V3 <1077 and Vj, < 1077 then
27: PwWolfe < (mq > 0) - (my > 0)
28:
29: / accept?
30: Pacc <= PWolfe > CW
31: return pacc
32: end if
33:
34: /| zero or negative variances (maybe something went wrong?)
35: if Vi <0or Vi, <0 then
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36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:
49:
50:
51:
52:
53:
54:
55:
56:

57:

58:
59:

return 0
end if

// noisy case (everything is alright)

04V /' Vaa - Vi /| correlation

// lower and upper integral limits for Armijo condition

low, < —my// Vaa
Upy < +00

// lower and upper integral limits for curvature condition
lowy < —my /\/ Vi
upy < (2 “Cp - (|dmo| +2- \/dVd()) — mb) /v Vip

/| compute Wolfe probability
PWolfe <~ BVN(low,, up,, lowy, upy, p)

/| accept?

Pacc <= PWolfe = CW
return pacc

The function BvN(low,, up,, lowy, upy, p) evaluates the
2D-integral

UPa  LUP 1
/ / "N P dado.
Jlow, Jlowy b 0 o 1

end function

e e e
Ll e =

o *® N T

function caussCDF(z)
// Gauss cumulative density function
return 0.5 ® (1 +erf(z/ \/E))

end function

function caussPDF(z)
/| Gauss probability density function
return exp (—0.5 ©z%2) @ V27

end function

: function EXPECTEDIMPROVEMENT(1, 5, 1])

Ce(p—m)os
return s © [{©caussCDF(0) +caussPDF({)]
end function

Qg
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