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Abstract

In the last decade or so, deep learning has revolutionized entire domains of
machine learning. Neural networks have helped achieve significant improve-
ments in computer vision, machine translation, speech recognition, etc. These
powerful empirical demonstrations leave a wide gap between our current
theoretical understanding of neural networks and their practical performance.
The theoretical questions in deep learning can be put under three broad but
inter-related themes: 1) Architecture/Representation, 2) Optimization, and 3)
Generalization. In this dissertation, we study the landscapes of different deep

learning problems to answer questions in the above themes.

First, in order to understand what representations can be learned by neural
networks, we study simple Autoencoder networks with one hidden layer of
rectified linear units. We connect autoencoders to the well-known problem in
signal processing of Sparse Coding. We show that the squared reconstruction
error loss function has a critical point at the ground truth dictionary under an

appropriate generative model.

Next, we turn our attention to a problem at the intersection of optimization
and generalization. Training deep networks through empirical risk minimiza-

tion is a non-convex problem with many local minima in the loss landscape.
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A number of empirical studies have observed that “flat minima” for neural
networks tend to generalize better than sharper minima. However, quanti-
tying the flatness or sharpness of minima has been an issue due to possible
rescaling in neural networks with positively homogenous activations. We use
ideas from Riemannian geometry to define a new measure of flatness that is
invariant to rescaling. We test the hypothesis that flatter minima generalize

better through a number of different experiments on deep networks.

Finally we apply deep networks to computer vision problems with com-
pressed measurements of natural images and videos. We conduct experiments
to characterize the situations in which these networks fail, and those in which
they succeed. We train deep networks to perform object detection and classifi-
cation directly on these compressive measurements of images, without trying
to reconstruct the scene first. These experiments are conducted on public

datasets as well as datasets specific to a sponsor of our research.
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Chapter 1

Introduction

Machine Learning is a powerful computational paradigm that uses the large
amounts of data being collected to make predictions and inferences about the
world around us. It is at the core of a data-driven way of understanding the
world, that uses datasets to develop models, usually without much innate

structure, to understand and predict phenomena occurring in our world.

Machine learning can be broadly defined as an approach to developing
computational methods that perform better on a task with more experience.
We can make this more precise by formalizing what we mean by each of
the italicized terms in the previous definition. In the supervised learning
paradigm, for instance, our task is to find a mapping f : X — ) between
inputs x in an input domain X and outputs y in an output domain ). To find
a “good” mapping we are given a set of examples S = {(x;, y;)} Y that are
drawn from a distribution D. These examples signify the experience that our
machine learning algorithm gains. The performance of our chosen mapping
on this task is usually measured by a loss function that can score how close

our mapping f(x) comes to predicting the desired output y as ¢(f(x),y). The



goal of machine learning is to find a mapping f that performs well not only

on the sample S, but also generalizes to the population:

fr = argmin By p [£(f(x),y)]

Of course searching for the best mapping over all possible mappings
in Y% is a daunting task, so we typically restrict our search to a certain
class of functions - linear, polynomial, etc. and try to find the best function
within that class. Different function classes give us different types of machine
learning algorithms, like linear regression, polynomial regression, support
vector machines, among others. In most of these formulations we usually
have parametric forms of the function classes, which means that solving our

machine learning problem boils down to finding the best set of parameters.

wh = argmin ]E(x,y)ND [E(fw(x)/ Y)]
weWCRY

Neural networks are a specific kind of function class that consist of multiple
layers of linear transformations followed by nonlinearities. The linear transfor-
mations could be straightforward matrix multiplications, or convolutions, etc.
The nonlinearities are usually applied entrywise to each layer. Common non-
linearities used in neural networks are tanh(x), sigmoid(x) = (1+¢~%)~!, or
ReLU(x) = max(x,0), among others. Deep learning is usually used to refer to
the practice of machine learning using deep (many-layered) neural networks

along with gradient-based optimization techniques to find the best functions.



fw(X) = Wqu(WL,l(P(. .. qub(Wlx + bl) +bs.. ) + bLfl) + by

In the last decade or so, deep learning (LeCun, Bengio, and Hinton, 2015)
and neural networks have revolutionized entire domains of machine learn-
ing. They have helped achieve significant improvements in computer vision
(Krizhevsky, Sutskever, and Hinton, 2012; Ren et al., 2015), machine transla-
tion (Sutskever, Vinyals, and Le, 2014; Jean et al., 2014), speech recognition
(Sainath et al., 2013; Hinton et al., 2012), etc. These powerful empirical demon-
strations leave a wide gap between our current theoretical understanding of

neural networks, and their practical performance.

It is useful to divide the theoretical questions in deep learning into three
broad themes: Architecture/Representations, Optimization, and Generaliza-

tion (this framework was popularized by Vidal et al., 2017 among others).

Architecture/Representation: There are a lot of choices to be made while
designing neural networks for machine learning problems. The number of
layers to use, the size of each layer in the network, the types of nonlinearities to
use, and so on. The approximation properties of the networks is influenced by
these design choices, as well as the type of transformations that the network
applies to the data and the type of representations that different network
designs can learn. Understanding the effects of different architectural design

choices is thus one key piece of a theory of deep learning.



Optimization: Even though our goal in machine learning is to do well on a
population, we only have access to the population through samplesin S. A
popular framework used to solve machine learning problems is the empirical
risk minimization framework, in which the mapping (or parameter vector) that
minimizes the empirical average of the loss function over the sample S is

chosen

1Y
WERM — argmin Zﬁ(fw(xi)ryz')
wWEWCRY " i=1

Deep learning also involves optimizing the sample average of the loss func-
tion (possibly with some regularization added) over the space of parameters.
Due to the layered structure of deep networks, the objective function in these
spaces is non-convex, making this a hard problem to solve. Understanding
how to solve these high-dimensional, non-convex optimization problems to

global optimality is thus another component in understanding deep learning.

Generalization: While in most approaches to machine learning we minimize
the sample average of our loss function, it is always important to remember
that our actual goal is to perform well on the population. We would thus
like to be able to characterize how solutions obtained through (regularized)
empirical risk minimization will perform on unseen examples that are drawn
from the same distribution.

These themes are only a rough delineation of the types of questions that can

be asked about understanding deep learning from a theoretical perspective.

There are questions that can fall under more than one theme and results from



problems in each of these themes have implications beyond just the bucket

that they fall under.

1.1 Thesis Contributions and Outline

Our main contributions and the bulk of this dissertation are described below:

1. Representations: Neural networks are not only useful in supervised
learning, but are also used to learn representations that might be use-
ful in understanding a dataset or useful in a downstream classifica-
tion/regression task. Autoencoders are a type of neural network archi-
tecture in which the networks try to reconstruct the input from nonlinear
transformations of the input. They are used to learn representations
of data in a wide range of applications for vision, speech, time series
analysis, etc. Autoencoders have been used either as building blocks
within larger data analysis pipelines, or even for layer-wise pre-training
of deeper networks. Understanding what sort of representations they
can learn is an important step to consider in applying autoencoders to

different problems.

Through analysis of the loss landscape of autoencoders, we establish
connections between autoencoders and Sparse Coding or Dictionary Learn-
ing, a well known problem in signal processing (Rangamani et al., 2018).
We show that under a sparse coding generative model, the landscape
of the squared reconstruction error of a ReLU autoencoder has a critical
point at the ground truth dictionary. Simulations also tell us that if

we start a gradient descent algorithm far away from the ground truth

5



dictionary, we end up close to it after enough iterations. This theoretical
investigation supported by simulations tells us that when we train ReLU
autoencoders, we are essentially solving a sparse coding problem. This

work is presented in Chapter 2.

2. Generalization: One heuristic that tries to explain why deep networks
are able to generalize is that training algorithms like stochastic gradient
descent tend to drive the parameters of the network to shallow, wide
wells that are referred to as “flat minima” (Keskar et al., 2016). While this
observation has been around for a long time (Hochreiter and Schmid-
huber, 1997), it was recently shown (Dinh et al., 2017) that for deep
networks with positively homogenous activation functions (like ReLU)
quantitative measures of “flatness” could be made arbitrarily large or

small through a simple rescaling of the deep network.

In order to be able to test whether “flatness” is indeed correlated with
generalization, we first need a procedure to measure flatness quantita-
tively. By approaching this problem using techniques from manifold
geometry, we propose a flatness metric (Rangamani et al., 2019) that
is invariant to these rescalings. We then apply this technique to com-
pare minima obtained using large-batch and small-batch gradient based
methods, and was able to empirically confirm the observation that “flat-
ter minima” generalize better. Our work is one of the first to consider the
space of deep network parameters as a differentiable quotient manifold

rather than a Euclidean space. This work is presented in Chapter 3.

3. Computer Vision with Compressive Measurements: In resource-constrained

6



situations, compressive sensing can help us reduce the amount of data
we have to collect and transmit. We build an object detection and track-
ing system based on deep networks that can work with a custom image
sensor Zhang et al., 2016 that collects compressive measurements of
scenes. We analyze the scenes directly using the compressive measure-
ments, instead of trying to reconstruct the images and then performing
object detection/classification. We propose and empirically atudy some
training schemes that allow us to adapt deep networks for object detec-
tion from natural images to our setting Nair et al., 2018. We also apply
these networks to video sequences in specialized settings that come from

our research sponsor. We present this work in Chapter 4.
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Chapter 2

Sparse Coding and Autoencoders

Machine learning problems can broadly be classified as supervised or unsuper-
vised learning problems. In unsupervised learning problems, we usually do
not have access to labels for data that we want to learn from. This means our
task is also not the same as it is in supervised learning, which is finding a map-
ping from an input space to a label space. As a consequence there are many
different kinds of tasks which can fall under the category of unsupervised
learning. One important task is learning representations of data that can be use-
tul in downstream tasks, for instance, if we would like to classify the data or
perform clustering. Principal Components Analysis and Independent Components

Analysis are familiar instances of representation learning problems.

Neural networks and deep learning are powerful approaches to solve
unsupervised learning problems as well. One of the fundamental neural net-
work based approaches for representation learning is the Autoencoder, which
attempts to reconstruct its input from nonlinear transformations of the same.

In the earlier parts of the resurgence of deep learning, Autoencoders were

10



used to pre-train layers of deep neural networks and find better initializa-
tions of deep architectures. While autoencoders were ubiquitous objects in
machine learning and representation learning, the question of what kinds of
representations they could learn was still open. In this chapter we answer this
question by showing that expansive autoencoders (those with hidden layers
larger than the input dimension) can solve the Sparse Coding problem, and
can learn overcomplete, incoherent Dictionaries. We answer this question by
analyzing the loss landscape of the objective used to train autoencoders. The

work in this chapter was presented earlier in Rangamani et al., 2018

2.1 Introduction

In Dictionary Learning/Sparse Coding one receives samples of vectors y € R"
that have been generated as y; = A*x} where A* € R™" and x} € R" and
h > n. We typically assume that the number of non-zero entries in x; to be no
larger than some sub-linear function of the dimension / and that A* satisfies
certain incoherence properties. The question now is to recover A* from the
samples y;. There have been renewed investigations into the hardness of
this problem (Tillmann, 2015) and many former results have recently been
reviewed in (Gilbert, 2017; Schnass, 2015a). Ever since the ground-breaking
paper, (Olshausen and Field, 1997) (a recent review by the same authors can be
found in Olshausen and Field, 2005), many algorithms have been developed
to solve sparse coding in both heuristic and provable approaches - Donoho
and Huo, 2001; Aharon, Elad, and Bruckstein, 2006; Spielman, Wang, and
Wright, 2012; Blasiok and Nelson, 2016; Agarwal et al., 2014; Arora et al.,

11



2015; Sun, Qu, and Wright, 2015; Barak, Kelner, and Steurer, 2014; Remi and
Schnass, 2010; Geng and Wright, 2014; Schnass, 2015b. A detailed comparison

among these various approaches can be found in Bfasiok and Nelson, 2016.

Recent investigations have led to the conjecture/belief that many neural
unsupervised learning approaches are sparse coding problems in disguise
(Makhzani and Frey, 2013; Makhzani and Frey, 2015). Olshausen and Field
had already made the connection between sparse coding and training neural
architectures and in today’s terminology this is reminiscent of the architecture
of an autoencoder (Olshausen and Field, 1996). Provable training of neural
nets has been a long standing open question and many recent works have fo-
cussed on such proofs for nets with one hidden layer (Li and Yuan, 2017; Tian,
2017) However, to the best of our knowledge it is not clear if the techniques
in these papers can be adapted to analyze the landscape of a loss function
for autoencoders. In this chapter we bridge the gap between autoencoders
and sparse coding. Specifically, we investigate the landscape of the squared
loss function of an autoencoder in the vicinity of the ground truth dictio-
nary, and make progress towards understanding whether gradient descent on

autoencoder architectures can solve the Dictionary Learning problem.

In the rest of this chapter, we will discuss our results. In section 2.2 we
define our autoencoder model as well as the generative model for our data. In
section 2.3 we present our main results. Section 2.4 presents the proof of 2.3.1
and section 2.5 presents the proof of our main theorem 2.3.2. We verify our
theoretical results through simulations in 4.4, and summarize the chapter in

section 2.7
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2.2 Introducing the neural architecture and the dis-
tributional assumptions

For any n,h € {1,2,..}, we consider autoencoders which are fully connected
R" — R" neural networks with a single hidden layer of / activations. We
focus on networks that use the Rectified Linear Unit (ReLU) activation which
is the function ReLU : R" — R" mapping x — (max{0, x;})"_,. In this case,
the autoencoder can be seen as computing the following function §(W,y, €)

as follows,
r = ReLU (Wy —¢)
y=W'r (2.1)

Here y € R" is the input to the autoencoder, W € R"*" is the linear trans-
formation implemented by the first layer, r € R" is the output of the layer of
activations, € € R" is the bias vector and § € R” is the output of the autoen-
coder. Note that we impose the condition that the second layer of weights is
simply the transpose of the first layer; this setting with tied weights turned
out to yield the desired connections to sparse coding. We define the columns

of W' (rows of W) as {W;}1_,.

2.2.1 Assumptions on the dictionary and the sparse code

We assume that our signal y is generated using sparse linear combinations
of atoms/vectors of an overcomplete dictionary, i.e., y = A*x*, where A* €

R™" is a dictionary, and x* is a compactly supported non-negative sparse

13



code. x* is assumed to have at most k = h” (for some 0 < p < 1) non-zero
elements and each non-zero coordinate of x* is contained in [a(h), b(h)] with
a(h) > 0. The columns of the original dictionary A* (labeled as {A¥}"_,) are
assumed to be normalized and also satisfying the incoherence property such
that maXi,jT;,j..,h (A}, A7) < \/Lﬁ = h=¢ for some & > 0.

We assume that the sparse code x* is sampled from a distribution with the
following properties. We fix a set of possible supports of x*, denoted by
S C Z[h], where each element of S has at most k = h” elements. We consider
any arbitrary discrete probability distribution Dg on S such that the probability
g1 = Pgs.gli € S]is the same for all i € [k], and the probability g, :=
Psesli,j € S| is the same for all i,j € [h]. A special case is when S is the
set of all subsets of size k, and Dg is the uniform distribution on 5. For
every S € S there is a distribution say Ds on (R=°)" which is supported on
vectors whose support is contained in S and which is uncorrelated for pairs
of coordinates i, j € S. Further, we assume that the distributions Dg are such
that each coordinate i is compactly supported over an interval [a(h), b(h)],
where a(h) and b(h) are independent of both i and S but will be functions of /.
Moreover, m (h) := Ex+.pg[x}], and my(h) := Eyp,[x}?] are assumed to be
independent of both i and S but allowed to depend on /. For ease of notation
henceforth we will keep the i dependence of these variables implicit and refer
to them as a, b, my and mjy. All of our results will hold in the special case when

a,b, my, my are constants (no dependence on h).
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2.3 Main Results

2.3.1 Recovery of the support of the sparse code by a ReLU
layer

First we prove the following theorem which precisely quantifies the sense in
which a layer of ReLU gates is able to recover the support of the sparse code

when the weight matrix of the deep net is close to the original dictionary.

Theorem 2.3.1 (Recovering the Sparse Code Support at the Hidden Layer)
Let each column of W' be within a 6-ball of the corresponding column of A*, where
6=0 (h*P*"z) for some v > 0, such that p +v?* < &. We further assume that
a=w (bh‘”2>. Let the bias of the hidden layer of the autoencoder, as defined in
(2.1) be € = 2m1k <c5 + \%) Let r be the vector defined in (2.1). Then r; # 0ifi €
supp(x*), and r; = 0 if i & supp(x*) with probability at least 1 — exp <—%>
(with respect to the distribution on x*).

As long as % is large, i.e., an increasing function of /1, we can interpret
this as saying that the probability of the adverse event is small, and we have

successfully achieved support recovery at the hidden layer in the limit of large

sparse code dimension.
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2.3.2 Asymptotic Criticality of the Autoencoder around A*

In this work we analyze the following standard squared loss function for the

autoencoder,

1.
L=y -yl (22)

In the above we continue to use the variables as defined in equation 2.1. If we
consider a generative model in which A* is a square, orthonormal matrix and
x* is a non-negative vector (not necessarily sparse), it is easily seen that the
standard squared reconstruction error loss function for the autoencorder has
a global minimum at W = A*". However in our generative model A* is an

incoherent and overcomplete dictionary.

Theorem 2.3.2 (The Main Theorem) Assume that the hypotheses of Theorem
2.3.1 hold, and p < min{3},v?} (and hence ¢ > 2p). Further, assume that the
distribution parameters are such that exp (%) is superpolynomial in h (which
holds, for example, when my,a,b are O(1)). Then fori =1,...,h,

E dL <, max{m?, my}
oW; s hi-vp ’

Since the sparse code dimension (k) is usually large, this theorem tells us that
the norm of the gradient is small around A*. Thus we have shown that this §
ball around A* is asymptotically (in /) critical for the squared loss function

for this autoencoder.
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24 A Layer of ReLU Gates can Recover the Sup-
port of the Sparse Code (Proof of Theorem 2.3.1)

Most sparse coding algorithms are based on an alternating minimization
approach, where one iteratively finds a sparse code based on the current
estimate of the dictionary, and then uses the estimated sparse code to update
the dictionary. The analogue of the sparse coding step in an autoencoder,
is the passing through the hidden layer of activations of a certain affine
transformation (W which behaves as the current estimate of the dictionary)
of the input vectors. We show that under certain stochastic assumptions, the
hidden layer of ReLU gates in an autoencoder recovers with high probability

the support of the sparse vector which corresponds to the present input.

Proof 2.4.1 (Proof of Theorem 2.3.1) From the model assumptions, we know that
the dictionary A* is incoherent, and has unit norm columns. So, |(Aj, A;k>| < \/LE

foralli # j,and ||A}|| = 1 for all i. This means that for i # j,

|(Wi, A7) = [(Wi = A7, A7)+ [(A], A7)
< Wi — A* 1A, + P2 < (6 4+ 12 23
WAl <o+ Ly @3

Vi Vn

Here the second inequality follows from Cauchy-Schwarz.

Otherwise for i = j,

(Wi, A7) = (Wi = A7, A7) + (A A7) = (Wi = A7 A7) + 1,
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and thus,

where we use the fact that |(W; — Af, A¥)| < 6.

Lety = A*x* and let S be the support of x*. Then we define the input to the
ReLU activation Q — € = Wy — € as

Qi =) (Wi, A7)x] = (Wi, A} )xj1ies + ) (Wi, Af)x]
jes jes\i

= (W, A7) x{1jes + Z;

First we try to get bounds on Q; when i € supp(x*). From our assumptions on the
distribution of x7 we have, 0 < a < x; < band E[x}] = my for all i in the support

of x*. For i € supp(x*),
Qi = (Wi, Aj)x{ +Zi
= Q;>(1-9¢)a+Zz;

where we use (2.4). Using (2.3), Z; has the following bounds:

bk (5+%) < 7; < bk <5+%)

Plugging in the lower bound for Z; and the proposed value for the bias, we get

Qi—ez(l—é)a—bk<5+%>_2m1k((5+%)
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For Q; — € > 0, we need:

(b + 2my) (zs+ \%) k

a> 1-3

Now plugging in the values for the various quantities, Y- = h=% and k = h? and

n

0=0 <h‘p‘vz>, if we have a = w (bh_vz), then Q; —e > 0.

Now, for i & supp(x*) we would like to analyze the following probability:
Pr[Q; —e > 0|i ¢ supp(x™)]

We first simplify the quantity Pr[Q; — e > 0|i ¢ supp(x*)] as follows

Pr[Q; > eli & supp(x™)] = Pr[Z; > €]

jes\i

— Pr { ) (W, A%)xi > e]
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Using the Chernoff’s bound, we can obtain

Pr(Z; > €] < infe °E [H [et<wi'Af>xq]

£>0 jes\i

=infe " [] E [e“w"’A;)xﬂ
t20 jes\i

< infe *E* {et<5+\%> x;}
£>0

2
< infet (et@%)mleW)

k

t>0

where the second inequality follows from (2.3) and the fact that t and x; are both
nonnegative, and the third inequality follows from Hoeffding’s Lemma. Next, we also
have

PriZ; > €] < infet<€k<5+5ﬁ>ml>+t2§<5+5§>z(b11)2
t>0

—

)
o
((H%)Z(b )2

e—k(0+-=)my )2

NI

=¢€

Finally, since k = h” and € = 2m1k ((5 + \%), we have

2(6 — kmy ((5 —+ \/Lﬁ))z 2hpm%
P (_ WS+ Zo)2(b — a)? ) - oP (‘m)
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2.5 Criticality of a neighborhood of A" (Proof of
Theorem 2.3.2)

First, we can evaluate the gradient of the squared loss function, with respect

to the i-th column of W as:

oL
= Th(W,"y — &) [(ny —€)l+ yWiT]

X (i ReLU(W,"y — ¢;)W; — Dy>
j=1

where Th(z) = 1,¢.

It turns out that the expectation of the full gradient of the loss function (2.2)
is difficult to analyze directly. Hence corresponding to the true gradient
with respect to the i"—column of W' we create a proxy, denoted by ViL,
by replacing in the expression for the true expectation V;L = E [;_V%/i] every
occurrence of the random variable Th(W.'y —¢;) = Th(W," A*x* — ¢;) by

the indicator random variable 1 . This proxy is shown to be a good

iesupp(x*)

approximant of the expected gradient in the following lemma.

Lemma 2.5.1 Assume that the hypotheses of Theorem 2.3.1 hold and additionally let
b be bounded by a polynomial in h. Then we have for each i (indexing the columns of

wrh),

— oL
Hm x [

hPm?
< poly(h)exp <—2(b—_;)2)
2
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Lemma 2.5.2 Assume that the hypotheses of Theorem 2.3.1 hold, and p < min{3,v*}
(and hence ¢ > 2p). Then for each i indexing the columns of W', there exist real

valued functions a; and B;, and a vector e; such that ﬁ = a;W; — BiA +e;, and
a; = O(mphP~ 1) + o(m3hP~1)
Bi = O(mah?™1) 4 o(m2nP~1)
o — Bi = o(max{m%, mz}h”’l)
leill> = o(max{m, mo}n? 1)

The proof of lemma 2.5.1 is given in section 2.8 and that of lemma 2.5.2 in
2.9 Given the above results, we are now in a position to assemble the proof of

Theorem 2.3.2.

Proof 2.5.3 (Proof of Theorem 2.3.2) Consider any i indexing the columns of W,
Recall the definition of the proxy gradient ViL at the beginning of this section. Let
us define y; = §\,L —E [aa_v%/i] . Using w;, B; and e; as defined in Lemma ??, we can
write the expectation of the true gradient as, IE [aa_v%/,} = a;W; — BiAT +e; — ;.

Further, by Lemma ??,

hPm?
| < 71 .
il < poly(h)exp ( 2(b_a)2>

2

Since exp (2 (hbpil)z> is superpolynomial in h, we obtain
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= ||a;W; — BiA] +ei — il |2

= aw )|

= |[a;(W; — A7) + (a; — Bi) Af +e; — il |2

< o [[Wi = A7lla + la; = Bil + [lei = 7ill2

p—1
< @(Tnzh )

S e + o(max{m3, my}hP~1)

+ o(max{m?, my}hP~1)

= o(max{m?, my}hP~1)

2.6 Simulations

We conduct some experiments on synthetic data in order to check whether the
gradient norm is indeed small within the columnwise J-ball of A*. We also
make some observations about the landscape of the squared loss function,
which has implications for being able to recover the ground-truth dictionary

A*.
2.6.1 Data Generation Model

We generate random gaussian dictionaries (A*) of size n x h where n = 50, and
h = 256,512,1024,2048 and 4096. For each h, we generate a dataset containing
N = 5000 sparse vectors with h” non-zero entries, for various p € [0.01,0.5].

In our experiments, the coherence parameter ¢ was approximately 0.1. The
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support of each sparse vector x* is drawn uniformly from all sets of indices
of size h¥, and the non-zero entries in the sparse vectors are drawn from a
uniform distribution between a = 1 and b = 10. Once we have generated the
sparse vectors, we collect them in a matrix X* € R**N and then compute the
signals Y = A*X". We set up the autoencoder as defined through equation 2.1.
We analyze the squared loss function in (2.2) and its gradient with respect to a

column of W through their empirical averages over the signalsin Y.

2.6.2 Results

Once we have generated the data, we compute the empirical average of
the gradient of the loss function in (2.2) at 200 random points which are
columnwise g = 21%2!7 away from A*. We average the gradient over the 200
points which are all at the same distance from A*, and compare the average
column norm of the gradient to #7~1. Our experimental results shown in Table
2.1 demonstrate that the average column norm of the gradient is of the order
of h#~1 (and thus falling with & for any fixed p) as expected from Theorem
2.3.2.

We also plot the squared loss of the autoencoder along a randomly chosen
direction to understand the geometry of the landscape of the loss function
around A*. We draw a matrix AW from a standard normal distribution, and
normalize its columns. We then plot f(t) = L(A* + tAW "), as well as the
gradient norm averaged over all the columns. For purposes of illustration,

we show these plots for p = 0.01,0.1,0.3. The plots for i = 256 are in Figure
2.1, and those for h = 4096 in Figure 2.2. From the plots for p = 0.01 and
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3 P 0.01 0.02 0.05 0.1
256 (0.0137, 0.0041) | (0.0138, 0.0044) | (0.0126, 0.0052) | (0.0095, 0.0068)
512 (0.0058, 0.0021) | (0.0058, 0.0022) | (0.0054, 0.0027) | (0.0071, 0.0036)
1024 (0.0025, 0.0010) | (0.0024, 0.0011) | (0.0026, 0.0014) | (0.0079, 0.0020)
2048 (0.0011, 0.0005) | (0.0012, 0.0006) | (0.0025, 0.0007) | (0.0031, 0.0010)
4096 (0.0006, 0.0003) | (0.0012, 0.0003) | (0.0013, 0.0004) | (0.0026, 0.0006)
p

) 0.2 0.3 0.5

256 (0.0284, 0.0118) | (0.0464, 0.0206) | (0.0343, 0.0625)

512 (0.0104, 0.0068) | (0.0214, 0.0127) | (0.0028, 0.0442)

1024 (0.0078, 0.0039) | (0.0099, 0.0078) | (0.00, 0.0313)

2048 (0.0032, 0.0022) | (0.0036, 0.0048) | (0.00, 0.0221)

4096 (0.0020, 0.0013) | (0.0008, 0.0030) | (0.00, 0.0156)

Table 2.1: Average gradient norm for points that are columnwise % away from A*.

For each I and p we report (] |E [a%] I, hp_l) . We note that the gradient norm and

hP~1 are of the same order, and for any fixed p the gradient norm is decreasing with &
as expected from Theorem 2.3.2

0.1, we can observe that the loss function value, and the gradient norm keeps
decreasing as we get close to A*. Figure 2.1 and 2.2 are representative of the
shapes obtained for every direction, AW that we checked. This suggests that
A* might conveniently lie at the bottom of a well in the landscape of the loss
function. For the value of p = 0.3, (which is much larger than the coherence
parameter ¢), Theorem 2.3.1 is no longer valid. We see that the value of the
loss function decreases a little as we move away from A*, and then increases.
We suspect that A* is now in a region where ReLU(A*"y — €) = 0, which
means the function is flat in a small neighborhood of A*.

We also tried to minimize the squared loss of the autoencoder using gradient

descent. In these experiments, we initialized W' far away from A* (precisely
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Figure 2.1: Loss function plot for h = 256, n = 50
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Figure 2.2: Loss function plot for h = 4096, n = 50
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at a columnwise distance of % x 9), and did gradient descent until the gradient
norm dropped below a factor of 2 x 10> of the initial norm of the gradient.
We then computed the average columnwise distance between W, and A*,
and report the % decrease in the average columnwise distance from the initial
point. These results are reported in Table 2.2 below. These experiments suggest
that there is a neighborhood of A* (the radius of which is increasing with ),
such that gradient descent initialized at the edge of that neighborhood, greatly

reduces the average columnwise distance between W' and A*.

(h [[p=005]p=01]
256 | 97.7% | 96.9%
512 || 986% | 98.2%
1024 | 99% | 988%
2048 | 992% | 99%
4096 | 99.4% | 99.2%

Table 2.2: Fraction of initial columnwise distance covered by the gradient descent
procedure

2.7 Conclusion

In this chapter we have undertaken a rigorous analysis of the squared loss of
an autoencoder when the data is assumed to be generated by sensing of sparse
high dimensional vectors by an overcomplete dictionary. We have proven
and have given supporting experiments that the expected gradient of this loss
function is very close to zero in a neighborhood of the generating overcomplete
dictionary. Our results could shed some light on the observation that gradient
descent based algorithms train autoencoders to low reconstruction error for

natural data sets, like MNIST.
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2.8 The proxy gradient is a good approximation of

the true expectation of the gradient (Proof of
Lemma 2.5.1)

Proof 2.8.1 To make it easy to present this argument let us abstmctly think of the

function f (defined for any i € {1,2,3,..,h})as f(y, W, X) = where we have
defined the random variable X = Th[W."y — €;]. It is to be noted that because of

the ReLU term and its derivative this function f has a dependency on' y = A*x*

even outside its dependency through X. Let us define another random variable

Y = Licqupp(x+)- Then we have,
H]Ex* [f(y, W, X)] = Ex[f (y, W, Y)] Hez
<Ex[lf(y, W, X) = f(y, W, Y)lr)]

<Ex:[|f(y, W, X)(1x=y + Ixzv) — f(y, W, Y) (Ix=y + Ixzv) 0,

<Ex[[(f(y, W, X) = f(y, W, Y)) |1, 1x2v]

B

fly, W, X) f(YfW/Y)@] Ex: [1x4y]

In the last step above we have used the Cauchy-Schwarz inequality for random
variables. We recognize that Ex«[f(y, W,Y)] is precisely what we defined as the
proxy gradient ViL. Further for such W as in this lemma the support recovery

theorem (Theorem 2.3.1) holds and that is precisely the statement that the term,
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Ex«[1x2y] is small. So we can rewrite the above inequality as,

| \ < \Eellf

We remember that f is a polynomial in h because its h dependency is through Frobe-

2 hpm%
x*[aw]—VL (y, W, X) = f(y, W, Y)[;] exp <—m>

nius norms of submatrices of W and £, norms of projections of Wy. But the £ norm
of the training vectors y (that is b) have been assumed to be bounded by poly(h).

Also we have the assumption that the columns of W' are within

corresponding columns of A* which in turn is a n x h dimensional matrix of bounded

norm because all its columns are normalized. So summarizing we have,

The above inequality immediately implies the claimed lemma.

oL

]Ex* [

hPm?
< poly(h) exp | — 57—t
| S poly(h) p( z(b_a)z)
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2.9 The asymptotics of the coefficients of the gradi-
ent of the squared loss (Proof of Lemma 2.5.2)

To recap we imagine being given as input signals y € R” (imagined as column
vectors), which are generated from an overcomplete dictionary A* R of
a fixed incoherence. Let x* € R" (imagined as column vectors) be the sparse
code that generates y. The model of the autoencoder that we now have is
§ = W' ReLU(Wy — €). Wis a h x n matrix and the i*" column of W is to be

denoted as the column vector W;.

2.9.1 Derivative of the standard squared loss of a ReLU au-
toencoder

Using the above notation the squared loss of the autoencoder is ||§ — y||?.
But we introduce a dummy constant D = 1 to be multiplied to y because this
helps read the complicated equations that would now follow. This marker
helps easily spot those terms which depend on the sensing of x* (those with
a factor of D) as opposed to the terms which are “purely” dependent on the
neural net (those without the factor of D). Thus we think of the squared loss

L of our autoencoder as,

1
L==||ly—Dy||* =
515 —Dyl|

N[ —

where we have defined f € R" as,

f=WTReLU(Wy —€) — Dy

30
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Then we have,

dfa

Jw;(f)ab = Wy,

= ReLU(W,"y — €)da + Th(W;"y — €)Wiay

In the form of a n x n derivative matrix this means,

Jw,(f) = { 881/\7]%;,} = ReLU(W,'y — €)I + Th(W,'y — €)Wy '

This helps us write,

an‘ - ]W,(f))Tf

— (ReLU(W,'y — €)I + Th(W, y — e)W;y ") " [WTReLU(Wy — €) — Dy]

h
=Th(W,'y — ) [(WiTy —€)l+ yWZ-T} <Z ReLU(WjTy — €)W, — Dy)
=1

Now going over to the proxy gradient ViL corresponding to this term we

define the vector G; as,

ViL = Eges |lies X Ex:

Wy — el +yW/ | (Zé(WjTy — €)W — DY)
je

= Escs [1ies X Gj]
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Thus we have,

Gi = Ey [(WZTA*X* — )+ (A*x*)WiT} <Z(W]TA*X* — )W, — DA*x*)]
I jes
= ]Exz (]/VZ-TzAx*X>|< — Gi) (Z(V\/}TA*X* — 6])W] — DA*X*)]
L jES

J/

-~

Term 1

+ Ex; (A*x )W, <Z(W]-TA*X* — €)W, — DA*x*)]
L je€Ss

S

Term 2

= Eyx Z€i€jwj - Z €i(W]'TA;)ijZ - Z €j(Wz‘TA§<k)ij;§
| j€S jkes jkeS

From Term 1

+ ) (WA W AW xz’é]

jkI1€S
From‘ferml
T A% * k% * % * 1 * k%
+Eg =D ) (W) ADAxxf +D Y eAix) | +Eyx: | =D ) (A Wi)A]-xkxj]
jkeSs jes jkes
From‘"lcerm 1 From\ferm 2
* T * T T A% * k%
jkeSs jkI1€S
From\ferm 2 From‘"lcerm 2
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Now we invoke the distributional assumption about i.i.d sampling of the
coordinates for a fixed support and the definition of m; and m, to write,

Ey:[xfxf] = ]E?cg [x;] = mj foralli # jand for i = j, my = By [x{x7]. Thus we

get,

Gi=) eejWj—my ) (W]'TAZ)WJ'GZ' —m1 Y (W AW,
jes jkes jkes

S/

Gil From Term 1

+my Y (WTAD (W ADW, +mt Y (WA (W AW
jkes jkleS
k1

Gl-2 From Term 1

+ | =Dmi Y (W A)AT —Dmy ) (W' AN)Af +mD ) €A
jkes jes jes
j#k

G? From Term 1

— |Dmi Y (AT W) A+ Dmy )y (AFTW)AS
jkes jes
j#k

-

G? From Term 2

+ | m2 Yo (W W) (W AQ A +mt 3 (W W) (W) A7) A
jkeSs jkles
k#l

—m [ Z €j(WiTWj)AZ
j.keSs

N

G? From Term 2
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Each term in the above sum is a vector. Now we separate out from the sums
the terms which are in the directions of W; or A7 and the rest. We remember
that this is being under the condition that i € S. To make this easy to read
we do this separation for each line of the above equation separately in a
different equation block. Also inside every block we do the separation for

each summation term in a separate line.
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Gi = Y eiejWj—mi ), (W ADWie;—ma ), (Wi ADW;
jGS j,kES j,kES

= |eE2W; + Y eie;W;
jes
j#i

—my | Y (W, AW+ Y (W, A Wie;
kes jkes
I j#i

— my Zei(WiTA,’j)Wi—i— Z Gj(WiTA;)Wj

kes jkeS
L j#i

Gl =mz Y (W ADWADW; +mi Y- (W AD (W AW,
jkes jkleS
k1

=my | Y (W AW ADW; + Y (W AN (W, AW,
keS jkeS
j#

+mi | Y (W ADW AW+ ) (WiTAZ)(W]TAT)Wj

kles jkleSs
k#l j#i
I Kl |
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Gi = — |Dmi Y (Af"Wi)Af + Dmy ) (A7 W) A
jkeSs j€S
j#k

=D |m] ) (A;"W)Af +m3 ) (A Wi)AS

kes jkes
ke j#k
j#

— D |ma(AF W) A +my Y (ATTW) A
jES
j#i

1 lz 6]'(W1~TW A}

j,keS

+ |my Y (WS W)W AD AL +mi Y (W W) (W, AY)Af

jkES jklES
k1
= —my ) (W W) Af —my Y ej(W,' W) Af
je€S jkeS
ki
+my Yy (W W) (W ADAF +my Y (W W) (W] Af) A
Jj€s jkes
ki
+md Y (W W) (WA A +md Y (W W) (WA Af
jles ikleS
1#i kil
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So combining the above we have,

Vil = a;W; — BiA] +e;
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where,

®; = Eses

Ties X {mz Y (WA W AR +mi Y (WA (W A))
kes kl’clils

—2my ) e:(W," A}) + 612}
keS

Bi = Escs

1ics X {ZDm% Z(WZTAZ) + Zsz(WiTA;k) — Dmq€; + my Z €j(WiTW]')
= jes
i

—my ) (W W) (W A]) —mi ) (WZ-TW]')(W]TA?)}

je€s jl€es
1£i
i = Eges [1ies ¥ { Y eiefW;—my ) 61’(W]'TA;)W]' —my Y ej(W ADW;
jes jkes jkes
jF#i j# J#
+my ) (W ADWAQW +mi Y (WA (W ADW;
jkes jkles
j#i j#i
kAl
—2Dmi Y (W AQ)A; —2Dmy ) (W, AS) AT + Dy ) €A}
jkeS jeS jES
j#i jF#i J#
7k

—my Y (W W) Af +ma Y (W W) (W, AN A +mi Y (WiTWj)(W].TA;")Az}
jkes jkeSs jkles
ki ki kil

We will now estimate bounds on each of the terms &;, B;, ||¢;||. We will separate
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them as a; = &; + &; (similarly for the other terms). Where the tilde terms are
those that come as a coefficient of m5, and the hat terms are the ones that come

as coefficient of m or € or both.

2.9.2 Estimating the m; dependent parts of the derivative

Since ||A7|| = 1 and W; is being assumed to be withina 0 < < 1 ball of A}

we can use the following inequalities:
Wil = [[Wi = Af + AF[| < [IWi = AF[| + [1A7]] = 6 +1
(Wil 21 -9
(Wi, A7) = (Wi = Af, A7) + (A7 A7) < [[Wi = AFI[IJAF| [ +1 <6 +1

(W), A7)| = [(W; — A%, A7) + (A7, A7)| < %ww As|I1A7 ]| = 7+5
. * * H _ 2 H
(Wi, W))| = [(W; — AT, W) + (AF, W))] §5(1+5)+(5+ﬁ)_5 +2‘5+W

(Wi, Wi) = [[Wil[? > (1 - 6)?

(Wi, Wi) = [[W[]? < (1 +6)?
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Bounding f;

Bi = Escs |lics {Zsz(WiTA?) —m2 Z(WiTWJ')(W’TA;F)}
i jEeS

= Eges | lies § 2Dma(W;, AT) — mo|[Wi|[2(W;, Af) — mp Y (Wi, Wi) (W), AT)
jes
L al
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Evaluating the outer expectation we get,

Bi= Y q2Dmy(Wi, A7) — Y qsmo||[Wi||2(W;, A)
{5€S:ieS} {S€eS:ieS}
h
—m Y (W, W) (W, A7) Y gs (2.5)
j'jél‘ {S€8:i,jeS,i#f}
]l

h
= 2Dqima (Wi, A7) — qima| Wil P(Wi, A7) — ma2 ) qii (Wi, Wy) (W), A7)
j=1
j#i
Upper bounding the above we get,
B < 2Dmoh? V(1 4 6) — moph? (1 — 6) + moh? 1 (5 + %) (52 126+ %)
— ZDmth—l(l + h—p—vz) - mzhp_l(l o 3h—p—1/2 4 3h—2p—2v2 - h—3p73y2)
+ m2h2p—1(h—3p—31/2 + 2h—2p—2v2 + h—Zp—sz—C + 3h—p—v2—§ + h—ZC) (26)
Similarly for the lower bound on 8; we get,
B > 2Dmoh? V(1 — 6) — moh? (1 4 6)° — mah?1 (5 + %) (52 1264 %)

= ZszhP—l(l — h—P—V2) — mzhp_l(l + 3h_P_V2 + 3h—2P—2V2 + h—3p—3v2)

_ mthp—l(h—f—Sp—sz +2h—2p—2v2 +h—2p—2v2—§ +3h—p—v2—§ +h—2§) (2.7)

Thus for 0 < p < 2¢ and D = 1, we have f = © (mph? 1)
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Bounding &

@; = Eses |lies {mz Z(WiTAZ)Z}

kes

= Eses |Lics { ma(Wi, Af)> +ma Y (W, Af)?
=
L 1

h
= Y mW, AN s+ Y. Y (W, A%
{5€85:ieS} lf{;} {5€8S:i,keS}

h
= 7112<Wi, A;k>2 2 gs +my Z(Wi/ AZ>2 ( Z qS)

{S€eS:ieS} k=1 {S€S:i,keS,i#k}
k#i

h
= qimy (Wi, A])? +ma Y quc(W;, Af)?
k=1
k£i

= WP~y (Wi, AT)? + mah®P =1 max (W, A)?

The above implies the following bounds,
WP lmy(1 = h P )2 < @ < WP mp (1 4+ h P2 4+ mph®P L (P =" 4+ 1 6)2
(2.8)

Aslongas0 < p < 2¢,d; = © (mph?™1)
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Bounding ||¢;|>

e = ]ESGS

+ ]ESES

= Escs

jeS\i
k=i

+ ]ESES

+ Escs

keS\i
j=i

Lies x { my Y (WA (W ADW; + (=2D)my )~ (W;T AF) A
jkes jes
j#i j#i

Lics x { ma Y (W W) (W Af) A
j.kES
ki

+ ) (WiTWi)(WiTAZ)AZ}

Lies X mz{ Y, WAHWANW + Y (W AD W ADW;
I i(=k)es\i jes\i
keS\ij

+ ) (WiTA?)(W]-TAi‘)WjH

Lics x (=2D)my ¢ Y (W;' A7) AT
jes
J#

lics X mz{ Yo W WOW ADAL+ Y (W,-TV\G)(W]TAZ)AZ
k(=j)eS\i keS\i
jesS\ik
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h
{Z WA W AW Y} gs
]

=1,j#i {SeSiijes, i}

h
+ ), (W AW AW ). qs
jk=1 (S€S:i,j keS,ij#k}

jkti

h

+ Z (W, A7) (W] AW, qs}
j=1 {5€85:i,jeS,i#j}
j#i

h
+(=2D)ma ¢ Y (W' ADAT Y gs
j=1 {S€S:i,jeS,i#j}

{ Y (W W) (W Af) A Y qs

1};} {SeS:ikeS,i#k}
d T T
+ ) (W W) (W AQ) A )3 qs
jk=1 {S€S:i jkeS,iFj#k}
j#iF#k

+ Z (W W)W, ApAy ) qs}

SeS8:i,keS,i#k
k#l {SeS:ikeS, ik}
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h h
T T T T
{ Y. qi(W;' A7) (W, AD)W + Y qic(W;' Ap) (W, AW,
]

j=1,j7#i jk=1
# #i
! T T T
+33i(W; AD) (W, A?‘)Wj} +(=2D)m Zm, (W A}) A
j=1 =
j#i J#l

h !
mz{ Y a (W W)W AD AL+ Y ql‘jk(WiTVVj)(WjTA;)A;
k=1 k=1
ki Dtk

k=1

0
+) qik(WiTWi)(WiTAz)A;}
kAi

Upper bounding the norm of this vector ¢; we get,
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) (1+406)% + mph®r~1 <(5+L)2(1+5)

||€~i|| < mzth 1 ((5—{— \/ﬁ

2
N

+mph?P 6+ = ) (1+06)% 4 2Dmph?P~1 <5+i)

N

v v

+ mph?1 <5 +26+ —> (14 6) + myh~! (52 +26+ i) (5 + i)
+m2h2p 1 (

) (14 6)>

< m2h2p—1(h—p—1/2 o2t =83t o pv=E 2 2PE )

+ m2h3p—1(h—2p—2v2 A I I s Al S e h—p—uz—zg)
kP (P 2 3 o p Vil 2l el

+ 2Dmph?P Y (P 4 6

S mph Y QKP4 3 3 pp il
kPPN (Qn P 3 g p VIl 22l g 2

+ mthp—l(h—p—vz + 2h—2p—21/2 + h—3p—31/2 + 2h—p—v2—<§ + h—Zp—sz—C + h—é)
(2.9)

IfD=1and0 < p < & we get||&]| = o(mph?~1)
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2.9.3 Estimating the m; dependent parts of the derivative

We continue working in the same regime for the W matrix as in the previous
subsection. Hence the same inequalities as listed at the beginning of the
previous subsection continue to hold and we use them to get the following

bounds,
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Bounding «;

d; = Eses | Lies ¥ {m% Y, (W ADWTA]) —2m1 Y (W, Ap) + 612}
i k}/{zils kes

= Eges | lies < {M% Y (Wi, AR (Wi, A7) +mi ) (Wi, AT) (Wi, A7)

kes les
k#i 1#£i
+mi Y (Wi, AR (W, Af)
k€S
k#1
ki
14i

—2mie;(Wi, Af) —2my Y e;(W;, Af) + 612}

kes
v
) h
=2m7 Y (Wi, Af)(W;, AT) Y. qs
k=1 (SeSiikes ki)
k#i
) h
+my Y (Wi, AD) (Wi, Af) Y. qs
k=1 (S€8:i k18 k£i£l}
k£l
koti
1%i

h
—2m1€i(Wi,A;~k> Z gs — 2my Z€i<wi,AZ> Z qg—l—elz Z gs
(5eSies) =1 (SeS:i kS ki) (SeSies)

h h
= d&; =2m7 Y qu(W;, Af) (Wi, A7) +mi Y qiu (Wi, Ag) (Wi, AT)
k=1 k,1=1
kA o
koti
1

h
— 2maqie; (Wi, AY) —2my Y qicei(Wi, Af) + g€
i
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We plugin €; = 2mh? (5 + \%) fori=1,...,h
2
o - - - 1
& < 2m2K2P1 (5 + %) (1+6) + m3h3r 1 <5 + %) 4R (14 6) (5 + ﬁ)
i\ )2

-+ 4m%h3p_1 (5 + ﬁ) + 4m%h3p_1 (5 + ﬁ)
= 22PN (P g2 el pE)
+ m%h3p—1(h—2p—2v2 + 2h—p—v2—§ + h—2(§)
FAm2RP L (P e ey

423 (P g p Vil

A2 (P PVl

This means that if p < ¢, |#;| = o(m?hP~!). Putting this together with the

bounds obtained below 2.8, we get that a; = @(mah? 1) + o(m3hP~1).
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Bounding ;

Bi = Escs

Ticg X {ZDm% Z(WZTA,’;) — Dmq€; +my Zej(WlTWj)

—mi Y (W'W )(WTAz)}

Jl€S
I1#i

h
= 2Dm?} Z<Wi' AL) Z gs — Dmqe; Z qs + ma€;l| Wil | 2 qs

’;;1. {S€S8:i,keS k#£i} {S€eS:ieS} {S€e8:ieS}
1
h
Z €j WZ,W 2 qS—leHWH (Wi, AT) 2 qs
]:1 Jj#i {SeS:ijes,j#i} l#l {S€eS:iles,I#i}
2 4 2 4
—miy (Wi, W)W, Af) ) qs—mi ) (W, W) (W, Af) ) qs
=1 {S€S:i,leS,1#i} jl=1 {S€S:i,jleS, I#i#i}
1#£i I#i
j#Li

) h
=2Dm3 Y qi(W;, AY) — Dmieigi + maei| [Wil Pqi +m1 Y €jqi (Wi, W))

k=1 i=1,i#i
) j=Lj#i

h h h
—m3 Y [|Wil [F(W;, A g — m3 Y (W, Wi) (W0, A g — mT Y (W3, Wi) (W5, A i

1 1#£i 1£i
j#Li

We plugin €; = 2mh?” (5+ \%) fori=1,...,h
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18] < 4ADm2n21 (5 + i) +2m2n2r! (5 + L) (1+6)>

v NG
o) e
+mih?P (14 6) (5 + %) + m3nr1 (52 126+ %) (1+0)
(e 5)13)

— 4Dm3R2P N (P 4 S

+ 2m3h?P~ ! (h_"’_"2 TN N s L ) e h—zp—zyz—g)
+ 2m3H3P N (Qh 2P P gl 2l

+ m%h2p—1(h—p—1/2 + o) —2p—2v2 + j—3p—3v2 +h iy o)~ P—V*=¢ + h—Zp—ZVZ—C)
b m2RPP N (3R e iy o el

+ m%h3pfl(2h72p72v2 + —3p—3v? + 3) PV ¢ 4 p2p-2v7 ¢ + h—Z@)

This means that if p < ¢, |8;| = o(m?hP~1). Putting this together with the

bounds obtained below 2.5, we get that ; = @ (mah?~1) 4 o(m3hP~1).
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Bounding ||é;>

¢ = Eses | Lies x § ) €iejWj—my ) (W]'TAZ)WJ'Q —my ) (W ADW
jeSs jkes jkes
j#i j#i J#

€i1

+Eses [lies x g mi Y, (WA (W AD)W;

jkI1€S
j#i
oL | kA ) |
€
- / A

+Eses | lics X § —2Dmi Y (W, Af) AT + Dmy Y €A

jkes jes
j#i j#i
. - \ k#l / v
€3

+Eges |Lies x § —m1 Y, (WS W) A +mi Y (WiTWj)(W]TA?)AZ
jkes ikles
ki kil

We estimate the different summands separately.
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€1 = Eses | 1ies X

+ Eges

+ Eges

jes
j#i

lics x (—my)

lics x (—my)

\

(

\

) eiejW;

j(=k)eS\i jeS\i jeS\i
keS\i,j k=i

‘( gs\.ej(wa;ﬁ)ijr ;\ ei(W," Ap)W; + ;\.ej(wlTA;ﬁ)wj
=k)Eo\1 €5\1 €O\l
: k]eS\z',j ]k:i

We substitute, € = Zrnlhiﬁ’(h”””/2 + h~¢) and for any two vectors x and y and

any two scalars a and b we use the inequality, ||ax 4+ by||2 < |a|max||X||2,max +

’b’max‘ IY| ‘Z,maxto get,
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=Tj#i
2 H L :
+ 2mih? ((5-|- ﬁ) Y. g (WL AW+ ) qi(W, AW,
j=Lj#i k=1, ik
h
+ ) %(VV]»A,’-‘W\G)
j=Lj#i
0 : .
+ 2m3hP (5+ —) ( Yo aiWi AW+ Y qip(Wi, AW,
Vi) \ k=17 k]

2
— el < anaeer (140 (a+ L)

+ 2m3h? (5 + %) (hZP—1(1 +0)% + nr1 <5 + %) (1+9)

e (5 + %) (1+ 5))
+ 22 (5 + %) <h2’7‘1 (5 + %) (1+06) + 31 (5 + %) (1+90)

+ 1P (1 + 5)2>
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2
— |leh]|2 < 4m?n*P7H(1 4 6) (5 + %)

+2m23r (5 + %) (1+ 6)2 + 2m2n*r-1 (5 + %) (1+4)
n\? A%
+2m3h3P~1 (5 + ﬁ) (1+6) +2m3n3—1 (5 + ﬁ) (1+9)
n\? L
+ 2m3ntP (5 + ﬁ) (1+6) +2m3n3 1 (5 + ﬁ) (1+40)?
2
— |lea||» < 8m2H*~1(1 + 4) <5 + %) + 4m2p3r (5 + %) (1+6)>2
n n

2
+ dm3 P <5 + %) (1+9)

= ||e1]|p < 8mAnP L (W22 I gppviE
) S Ty B Gy D)
T (A s ) el G T B )
A2 (R B g pE

+ 2h—2p—2v2—(§ + h—p—v2—2§ + h—2§)
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— |leh |2 < 8m3HPTN(RP2 o pm VP o2 pE 22 32D
FAm2RP Y (WP P o gl e gV E
—|—4m1hp 1(h 212 4+ hP 312 ) vi+p— ¢+2h 212 7¢+h vi4p— 2@+h2p ZC)

From the above it follows that, ||€};||2 = o(m?hP~!) for p < v and 2p < ¢ .

¢ = Bses | Lies xmi Y (WA (W A))W;
jkles

J#i
\ k#l )

= Eses | Lics X ml{ Y (WA W ADW+ 3 (WA (W] ADW;
jes jkes
j#i ki

+ L (WIAD W ADW; + 3 (WA (W ADW

jes jleSs
j#i I#j#i
+ 1 (W ADWADW; + ) (W AD (W] A))W,
JAES jkes
I#j#i k#j#i

+ Y (WA WTAZ)W}]
jk1€S

1k #i
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h h
— &y = m%{ Yo qi(W AW ADW + ) qi (W, A (W AD)W;
j=1 ik
j#i ki

h
+ 3 ai (W AD) (W AN W,

j=1
7 ,
a
U T T 4 T T
+ ) qip (W AD (W ADW 4 Y gin(W; AT (W, AW,
jl=1 jl=1
Lyt 24

h

+ ) aiW AW AW+ ) qijkl(WiTAi)(W]TAT)V\G}

e jkles
k#j#i I#£k#j#i
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> 2
— ||e?z||ﬁ’”%{th_1 0+ 55) arorew (s+ o) avo+i

+ 1Pl (5 + %) (1+406)? + K1 (5 + %)2 (1+6)

2
el (5 + %) (1+06)% + 4P (5 + %) (1+ 5)}
— ||€22|| < m%{th—l(h—Zp—sz + h—3p—3v2 + 2h—p—1/2—§
+ o 2p—207 ¢ + jopvi=28 + h—zg) 4 h3p—1(h—2p—21/2 + j—3p—3v*
4 oh Pl o 2 20y
+|[all
+ h3p—1(h—p—1/2 + h—3p—3v2 + 2h—2p—2v2 + h—Zp—ZUZ—C + 2h—p—1/2—§ + h—é‘)
+ hSpfl(hprfZUZ + h73p73v2 + zhfpfvzfé;’ + 2h—2p72v2—§ + h—pﬂ/z—Zg + hfzg)

4+ h3p—1(h—p—v2 + h—3p—3v2 + 2h—2p—2v2 + h—2p—21/2—(§ + zh—p—vz—é + h—é‘)

+ h4p—1(h—2p—2v2 + h—3p—3v2 + Zh—p—vz—é + 2h—2p—2v2—§’ + h—p—vz—ZC + h—ZC)}
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— ||en|| < m%{hr’—l(h—i"z”2 e A | e e Y e I RS
+ hp—1(h—2u2 T A I A I Y L I A I th—zg)
+ |[all
+ hp—1(hp—u2 + pp—3v* + )2V + p2w=¢ + o)V Hp—¢ + th—g)
+ hp—1(h—2u2 T A I A I Y L I A I th—zg)
T (A T s T, e Y B e 2.

+ hp—l(hp—2v2 + 3 + o PV Hp—¢ + o)~ +p—¢ + V228 + h3p—2§)}

Now let us find a bound for ||a]|.

Mw

T T g%
]:
J#

= (W, Af)qW . diag(W_;A* )
Where A’j- is the dictionary A* with the jth column set to zero, W_ j is the dic-
tionary W with the jth row set to zero, and diag(W_ ]A* ) is the h-dimensional

vector containing the diagonal elements of the matrix W_ ]A* We also make

use of the distributional assumption that g;; is the same for all 7, j in order to
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pull g;; out of the sum.
lafla = WP=2(W;, A7) W diag(W_ ;A ) |2

< WP (14 0)[ W1 |2/ | diag(W-;AZ)) ]2

< W21+ (s)Zhl/VAmx(wjjwfj)

< K?P2(1+4 5)2h1/2\/h (52 + 25 + \%) + (1+6)2
n

_ hp—l\/th_z X x (1+8)% <h (52+25+ %) + (1+5)2>

= hf’l\/th—l x (14 h—P—V2)4 X (h(h—ZP—ZV2 4+ opPVE h=5) 4+ (1+ h—p—v2)2>

— pp-1 \/(1 + h—p—v2)4 % (h—2u2 + 2hp—v? 4+ h2r—C 4 th—l(l + h—p—v2)2)

Here | |WI]-\ |2 is the spectral norm of Wjj, and is the top singular value of the
matrix. We use Gershgorin’s Circle theorem to bound the top eigenvalue of

WI]. W_; by its maximum row sum.

Ifp <$,p <3 andp <12 then ||e|| = o(mdhP—1)
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This means for D = 1, p < v2 and p < §, we have ||e}s|| = o(m2hP~)
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Now let us find a bound for ||b||.

h
b=) qic (W, W) (W," AF) A

k=1
k#i

= (W;, W) (Wi, AT)qic A™ 1y,

Where A” ; is the dictionary A* with the ith column set to zero, and 1, € R” is
the h-dimensional vector of all ones. Here we make use of the distributional

assumption that g;; is the same for all i, k in order to pull g; out of the sum.
[1b]]2 = =2 (W, W) (Wi, AP A” 142

< K214 6)3||AZ 2] |15 |2

— 12P72(1 4 6)3hY/ 2\/Amax(AiAt )

— 12P2(1 4+ 5312 p 4
(1+49) \/EJF

— hP1 (1202 5 b x (14 6)6 x (hiﬂ)
\/ ( ) NG

n

— WP I (14 hp )6 x (HE 1)

= hP—l \/(1 + h—P—v2)6 % (hZP—C + hZP—l)

Here ||A* ||, is the spectral norm of A* ;, and is the top singular value of the
matrix. We use Gershgorin’s Circle theorem to bound the top eigenvalue of
A*ini by its maximum row sum.

Ifp<§, p<l andp <2 then ||ey]| = o(m2hP~1). Now we combine the
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above obtained bounds for ||¢};|| (for t € {1,2,3,4}) with the bound obtained

below equation 2.9 to say that, ||e;|| = o(max{m3,my}hP~1)

29.4 Aboutu; — ,31'

Remembering that D = 1 and doing a close scrutiny of the terms in 2.8 and
2.5 will indicate that the coefficients are the same for the m,h?~! term in each
of them. (which is the term with the highest / scaling in the m; dependent
parts of a; and f;). So this largest term cancels off in the difference and we are
left with the sub-leading order terms coming from both their m% as well as the

my parts and this gives us,

a;— Bi = o(max{m%, mz}h”*l)
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Chapter 3

A Scale Invariant Measure of
Flatness for Deep Network Minima

3.1 Introduction

In the past few years, while deep learning (LeCun, Bengio, and Hinton, 2015)
has had empirical successes in several domains such as object detection and
recognition (Krizhevsky, Sutskever, and Hinton, 2012; Ren et al., 2015), ma-
chine translation (Sutskever, Vinyals, and Le, 2014; Jean et al., 2014), and
speech recognition (Hinton et al., 2012; Sainath et al., 2013), there is still a gap
between their practical performance and our understanding of generalization
in deep learning. Several empirical studies (Chaudhari et al., 2016; Keskar
et al., 2016) observe that the generalization ability of a deep network model is
related to the spectrum of the Hessian matrix of the training loss at the solution
obtained during training. It is also noted that solutions with smaller Hessian
spectral norm tend to generalize better. These are popularly known as Flat
Minima, which have been studied since 1995 (Hochreiter and Schmidhuber,

1995; Hochreiter and Schmidhuber, 1997).
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The flat minima heuristic is also related to a more formal framework for
generalization — PAC-Bayesian analysis of generalization behavior of deep
networks. PAC-Bayes bounds (Dziugaite and Roy, 2017) are concerned with
analyzing the behavior of solutions drawn from a posterior distribution. One
posterior distribution the bounds are valid for are perturbations about the
original solution obtained from empirical risk minimization. Neyshabur et al.,
2017 relate the generalization of this distribution to the flatness of the minima

obtained.

A number of quantitative definitions of flatness have been proposed both
recently (Chaudhari et al., 2016; Keskar et al., 2016) as well as in the early
literature (Hochreiter and Schmidhuber, 1997). These authors formalize the
notions of “flat" or “wide" minima by either measuring the size of the con-
nected region that is within € of the value of the loss function at the minimum
or by finding the difference between the maximum value of the loss function
and the minimum value within an e-radius ball of the minimum. Note that the
second notion of flatness is closely related to the spectral norm of the Hessian

of the loss function at the minimum (through a Taylor expansion).

Definition 1 If B, (e, 0) is the Euclidean ball of radius € centered at a local minimum

0 of a loss function L, then the e-sharpness of the minimum is defined as:

maxy g g L) = L(6)

1+ L(6)

However, Dinh et al., 2017 show that deep networks with positively ho-
mogeneous layer activations (¢(x) is positively homogenous if ¢(ax) =

ap(x),Va > 0, like the common ReLU activation ¢rect(x) = max(0, x)) can
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be rescaled to make their e-sharpness arbitrarily small or large with a sim-
ple transformation that implements the same neural network function but
have widely different sharpness measures. To formalize this we consider a
2-layer neural network with parameters 6 = (6, 6;) where the network is
given by y = 0r¢rect(01x). We can transform the parameters of the network
by a > 0 in the following manner: T,(0) = (a01,a~16,). We notice that for
positively homogeneous activations, the networks parameterized by 6 and

Tx(6) implement the same function.

Theorem 3.1.1 (Theorem 4 in Dinh et al., 2017) For a one hidden layer rectified
neural network of the form y = 0xrect(01x) where 0 = (01, 07) is a minimum for L
such that V2L(6) # 0, for any real number M > 0, we can find a number & > 0
such that ||V2L(Ty(6))||» > M.

In addition to e-sharpness, there are other notions of sharpness like expected
sharpness. Expected sharpness arises from the PAC-Bayesian framework which
provides guarantees on the expected error of a randomized predictor drawn
from a "posterior" distribution that depends on the training data. If fy is any
predictor, we consider a distribution over predictors with weights of the form
8 + v, where 0 is learned from the training set, and v is a random variable.
This "posterior" distribution and its KL distance from a "prior" distribution
can be used to bound the generalization performance of the predictor fy, and

one of the terms in the bound is the expected sharpness:

Ey [L(6 +v) — L(0)]
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This notion of flatness is also related to the trace norm of the Hessian of

the loss function at the minimum (through a Taylor expansion).

This tells us that Hessian based measures like e-sharpness and expected
sharpness are not very meaningful since we can transform the parameters
of the network to get as large or small a quantity as we want. This is also
the case for other generalization metrics which are related to the Hessian,
such as the one proposed by Wang et al., 2018. In this chapter, we propose
an alternative measure for quantifying the sharpness/flatness of minima
of empirical loss functions. This measure is based on defining a quotient
manifold of parameters which gives us a flatness measure that is invariant
to rescalings of the form described above. We use our flatness measure to
then test whether flatter minima indeed generalize better. In order to obtain
minima that have different generalization properties, we use minibatch SGD

training with different batch sizes.

The rest of this chapter is organized as follows. In section 3.2 we give
a brief overview of manifold geometry and quotient manifolds. In 3.3 we
formalize the rescaling that can change the flatness of minima without chang-
ing the function and show that the relation described by rescaling is indeed
an equivalence relation, which in turn induces a manifold structure in the
space of deep network parameters. In section 3.4 we describe an algorithm
analogous to the power method that can be used to estimate the spectral norm
of the Riemannian Hessian, which in turn can be employed as a measure of
flatness of the deep network minima. In section 3.5 we present several experi-

mental results of applying our measure to small-batch vs large-batch training
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of various deep networks. Our results confirm that minima that generalize

better are flatter.

3.1.1 Related Work

In this chapter, we propose a Hessian based measure for the flatness of minima,
which follows pioneering works in Hochreiter and Schmidhuber, 1997 and
Keskar et al., 2016 in attempting to measure the sharpness/flatness of deep
network minima. Flatter minima are believed to be robust to perturbation
of the neural network parameters. Novak et al., 2018 connect generalization
to the sensitivty of the network to perturbations to the inputs. In a recent
work, Wang et al., 2018 obtain a measure of generalization that is also related
to the Hessian at the minima, but still have not resolved the rescaling issue
that results in arbitrarily large or small Hessian spectra for the same neural

network function.

Manifold approaches to training neural networks have mostly focused
on batch normalization (Cho and Lee, 2017; Hoffer et al., 2018). A common
approach is to restrict the weights of the linear layers to the manifold of weight
matrices with unit norm, or an oblique manifold (Huang et al., 2017), or the
Stiefel manifold. To the best of our knowledge, we are the first to propose a
quotient manifold of neural network parameters and successfully employ it
to resolve the question of how to accurately measure the Hessian of the loss

function at minima.
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3.2 Preliminaries

In this section we recap some basic ideas in differential geometry and quotient
manifolds at a high level. For a more rigorous and detailed exposition please

refer to Absil, Mahony, and Sepulchre, 2009

3.2.1 Manifolds, Tangent Spaces, Riemannian Metrics, Con-
nections

A differentiable manifold M is a set that comes along with a collection of diffeo-
morphic coordinate maps or “charts” that maps subsets of M to subsets in RY
(where d is the manifold dimension). Each point x € M has a tangent space
TxM which is a d-dimensional vector space which helps us approximate the
first order local structure of M. A Riemannian metric g gives each tangent space
TxM an inner product. If 7, x € T M are two tangent vectors, gx(#x, Cx) is
their inner product. Once we define a metric, (M, g) is called a Riemannian

manifold.

We can define smooth functions f : M — IR and think of tangent vectors
at x € M as differential operators on functions defined on the manifold (7, f
is the directional derivative of f along the tangent vector 77y). The Riemannian
gradient of a function is the tangent vector whose inner product with every
vector in the tangent space yields the directional derivative along that vector.
Retractions are maps from the tangent space back to the manifold and can
be thought of as finding the point on the manifold which is at unit distance
from the current point along the specified tangent vector. For example, in a

Euclidean space, £, Ry(§) = x + ¢ is a retraction.
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An affine connection V on M generalizes the notion of directional derivative
of a vector field to vector fields on M (V,{ is analagous to the directional
derivative of the vector field ¢ along the direction 7). Every Riemannian
manifold has a unique Riemannian connection that is compatible with the
metric and is symmetric (Theorem 5.3.1 of Absil, Mahony, and Sepulchre,
2009).

3.2.2 Quotient Manifolds

If a manifold M comes equipped with an equivalence relation ~, then [x] =
{y € M,y ~ x} is the equivalence class of x. The set of all equivalence
classes M/ ~= {[x],x € M} is called the quotient of M by ~. Under some
conditions, M/ ~ admits a manifold structure and can be referred to as a
quotient manifold (M = M/ ~). Quotient manifolds are usually referred
to in the abstract, and quantities on a quotient manifold (M/ ~) are usually

represented using quantities from the structure manifold or total manifold M.

Tangent vectors for quotient manifolds are represented using tangent
vectors in the total manifold. However, there are infinitely many elements of
the tangent space of the total manifold that can represent the tangent vector
of a quotient manifold. To handle this, we partition the total tangent space
into two subspaces. If M/ ~ has a quotient manifold structure, then the
equivalence class [x] of x € M is a submanifold of M. We call its tangent
space the vertical space Vy = T([x]) and the complementary space as the
horizontal space Hy, Hx @ Vy = TeM. In some cases, H, and V), are defined

as orthogonal complements of each other. There is a unique vector in ‘H, that
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can represent the corresponding tangent vector in the quotient manifold M,
which is called the horizontal lift of the tangent vector. Horizontal lifts are
always used to represent tangent vectors on quotient manifolds. Functions
defined on quotient manifolds are invariant within an equivalence class, and
the Riemannian gradient of a function defined on the quotient manifold is an

element of the horizontal space.

Let (M,3) be a Riemannian manifold, and 7, &, be horizontal lifts of
two tangent vectors in the tangent space of the corresponding point on the
quotient manifold M. If g _(77,,&,) = 8y (ﬁy,gy) for y ~ x, then we can define
a Riemannian metric for M through the metric g for M. Similarly Riemannian

connections on M can be defined through Riemannian connections on M.

3.3 Characterizing a Quotient Manifold of Deep
Network Parameters

Let us define a neural network as a function F : R"™ — IR"L which takes
an np-dimensional input and outputs an ny-dimensional vector which could
be a vector of class labels or a continuous measurement, depending on the
task. We consider neural networks which consist of a series of nonlinear

transformations, represented as
Fw(x) = Wrgr-1(WL_1¢L-2(. .. ¢1(W1x))).

Here W; € R"*"i-1 is a linear transformation, and ¢; is a positively ho-
mogeneous nonlinear function, usually applied pointwise to a vector. Each

combination of a linear and nonlinear transformation is referred to as a “layer"”,
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and the linear transformation W; is referred to as the parameter or weights
of the layer. Even if W; has a matrix/convolutional structure, we will be
concerned only with the vectorized version, vec(W;) € R, which we will use
interchangeably with W;. First, we consider networks without bias vectors in
each layer. We will extend our manifold construction to networks with bias at
the end of this section. The proofs of Propositions 3.3.1 and 3.3.2 are given in

section 3.7.

Proposition 3.3.1 Let W = (Wy,..., W) € R% x ... x R be the parameters of
a neural network with L layers, and A = (Aq,...,AL) € RL be a set of multipliers.
Here R% = R%\{0}. We can transform the layer weights by A in the following
manner: Ty(W) = (AMWy, ..., ALWL). We introduce a relation from R% x ... x
R to itself, W ~ Y if 3A such that Y = Ty(W) and [1E,A; = 1. Then, the

relation ~ is an equivalence relation.

This equivalence relation is of interest to us because if W ~ Y, Fyy(x) =
Fy(x) for all inputs x € R™. Denote M; = R% as the Euclidean vector
space and the product manifold M = M; x ... x M| that covers the entire
parameter space. We can use the equivalence relation defined in Proposition
3.3.1 to obtain a quotient manifold induced by the equivalence relation M :=

M/ ~.

Proposition 3.3.2 The set M := M/ ~ obtained by mapping all points within an
equivalence class to a single point in the set has a quotient manifold structure, making

M a differentiable quotient manifold.
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In order to impart a Riemannian structure to our quotient manifold, we

need to define a metric on M that is invariant within an equivalence class.

Proposition 3.3.3 Let 7], and &y be two tangent vectors at a point W € M. The
Riemannian metric g : Ty M x TwM defined by:

L <ﬁw,-r sz->

e e) = L foee w1

is invariant within an equivalence class, and hence induces a metric for M, g (w) =

Sw- Here (-, -) is the Euclidean inner product and Tw.s EWI, are the components of

T, Cw corresponding to M;.

Proof 3.3.4 Let U belong to the equivalent class 77— (7t(W)), and 77y, &y be tan-
gent vectors in Ty M. Since U and W are in the same equivalence class, I\ =
(A1, ..., Ap) suchthat U = (Uy, ..., Ur) = (MW, .., ALWL) with T[; A; = 1. This
means that 1y = (Ty,, - Ty,) = (M, ALy, ) (Example 3.5.4 in Absil,
Mahony, and Sepulchre, 2009). The same holds for &

Thus,

= L <Aiﬁwi//\igwi> -
gU(nU’éll) :l_zl HMUEC(W{)H% :gW(T]W’gV\/)’

Example 3.3.5 Consider a simple three layer linear neural network f : R — R,

f(x) = wu'vx (where u,v € RY) that is trained using a squared error loss

T

l(w,u,v) = 3(y — wa' vx)2 We can explicity compute the trace of the Rieman-

nian Hessian and see that it is scale invariant. We know that the Riemannian
gradient of a function can be computed by hand using the formula gradl(w,u,v) =
G-
(wu,v

3.32 in Absil, Mahony, and Sepulchre, 2009).

)EGde (w,u,v) where EGrad refers to the euclidean gradient (Using Eq
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Using the metric defined in 3.3.3, we have that:

# 0 0
Gluuw) = | 0 Tuple 0
0 0 el

This means that the trace of the Riemannian Hessian can be computed as:

02/ 02/ 02(
_.29% 2 2
Tr(Hess {(w,u,v)) = w aw2—|—|\ ul|“Tr (8 2) + || v]|“Tr (8 2)

= w? x (u'vx)? 4 ||u|> x Tr (w x‘vv > + [|v|]* x Tr (wzxzuuT>

If we compute the Trace of the Riemannian Hessian at a transformed point, that
still implements the same function, i.e., (Ayw, Ayu, AyV) instead of (w, u, v) where

Aw X Ay X Ay =1, then we get:

Tr(Hess £(Apw, Aqu, Ayv)) = A2w? X (Aqu' Ayvx)? + ||Aqu||? x Tr (Afvwzxz/\vw\va>
+ [|Ayv||? x Tr <A§,w2x2)\uu/\uuT>
= (AwAuAy)? (wz(uTvx)2 + ||ul|*Tr (w2x2VVT>

+ ||v|[Tr (wzxzuuT> )

= Tr(Hess ¢(w,u,V))
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3.3.1 Deep Networks with Biases

A deep neural network with biases is a function F : R0 — IR"L which takes an
np-dimensional input and outputs an n;-dimensional vector through a series

of nonlinear transformations can be represented as

Fowp) (x) =WLor 1(WL1¢L—2(WL—2 ... p1(Wix + by)

.ot bL—Z) + bLfl) + by.

Here, b; € IR" are the bias parameters for each layer. Once again, due to
the positive homogeneity of the nonlinear functions ¢;, we can rescale the
weights and biases of the network to obtain a different set of weights and
biases that implement the same function.

Suppose we have A; € R,4,i =1,...,L, such that HiL:1 A; = 1. Consider

the following transformation:

TA((W,b)) = (ALWL, ..., AWy,

L L1
[TAbe, [T Abr-1, -, Abr).
i=1 i=1

Now, if (Y, c) = TA((W, b)), then Fyy 4)(x) = Fry ) (x) for all x € R™. Let
us denote M; = R% x R", as the Euclidean space for each layer. The product
space M = Mj x ... x M is the entire space of parameters for the neural
networks with biases. Using arguments similar to Propositions 3.3.1 and
3.3.2, we can see that this new transformation also introduces an equivalence
relation on M and that M := M/ ~ admits a quotient manifold structure.

We provide the formal propositions and their proofs in section 3.7. We modify

82



Proposition 3.3.3 slightly to get a new metric for the tangent space of M.

Proposition 3.3.6 Let 77y ) and E(W,b) be two tangent vectors at a point (W, b) €
M. The Riemannian metric g : ﬁw,b)ﬂ X T(W,b)m defined by:

o= 5 e« )

_ (— C
Swp) Mw, lvec(Wi)ll5 ~ [[bil I3

1

is invariant within an equivalence class and hence induces a metric for M, g (w py =
Sw,p)- Here, (-, ) is the usual Euclidean inner product and (77,7, ) and (Cw.. Cp,)

are are the components of 7y 4, E Ww,p) corresponding to M,.

3.4 Computing the Scale Invariant Flatness Mea-
sure

In the previous section, we introduced a quotient manifold structure that
captures the rescaling that is natural to the space of parameters of neural
networks with positively homogeneous activations. Now, similar to how the
spectral norm of the Euclidean Hessian is used as a measure of flatness, we
can use the Taylor expansion of real-valued functions on a manifold to give us
an analogous measure of flatness using the spectral norm of the Riemannian
Hessian. The definition of Riemannian Hessian as per Absil, Mahony, and

Sepulchre, 2009 is as follows.

Definition 2 For a real valued function f on a Riemannian manifold M, the Rie-

mannian Hessian is the linear mapping of Ty M onto itself, defined by

Hessf (W)[&w) = Ve, gradf
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forall Sw € TwM, where V is a Riemannian connection defined on M.

To see how the Riemmannian Hessian is related to the flatness of the
function f around a minimum W, we consider a retraction Ry : TwM — M.
The flatness of a function around a minimum is defined (similar to Definition
1) using the value of the function in a "neighborhood" of the minimum. To
formalize what we mean by an e-neighborhood of W, it is the set of points
that can be reached through a retraction using tangent vectors of norm at most
€, Bo(e, W) = {Rw(¢),|[¢]lg < €}. Here || - ||¢ is the norm induced by the
Riemannian metric g. This gives us the following flatness measure:

maxw’eBz(le)f(W/) — f(W)
1+ f(W)

Using the fact that Ty M is a vector space, and that fyy = fo Ry is a
function on a vector space that admits a Taylor expansion, we get the following

approximation for f(W') when W' € By(e, W), and W' = Ry (&w):

FOW') % F(W) + g(grad (W), &w) + 58(w, Hessf (W) Ew))

Using the approximation, recognizing that at a minimum, gradf (W) =0,
and using a Cauchy-Schwarz argument, we can bound the flatness measure
by the spectral norm of the Riemannian Hessian. We define it similar to the

spectral norm of a linear map in Euclidean space.

Definition 3 The spectral norm of the Riemannian Hessian of a function f : M —
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R is defined as

IHessf(Wllag = max (s Hess (W) Ew)

With the definition of the spectral norm of the Riemannian Hessian, we
now would like to be able to compute it for any function defined on a manifold.

To achieve this, we present a Riemannian Power Method in Algorithm 1.

Algorithm 1 Riemannian Power Method

1: procedure RIEMANNIANPM(f, W)
2 Initialize ¢, randomly in Ty M

3: while not converged do (We use relative change in the eigenvector
as a stopping criterion)
1/2
4: g2 < Hessf(W)[&]
1 Ct+1/2
5 W
[Sw " “llg
6 t<—t+1
7: end while
t
8 return ¢y
9: end procedure

3.4.1 Implementation

Our procedure to compute the flatness measure is presented in Algorithm 1.
Similar to the power method for computing the spectral norm of linear maps
in Euclidean space each iteration involves finding the map-vector product,
which in our case is a Hessian-vector product, followed normalizing the

updated iterate of the top eigenvector of the Hessian.
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3.4.1.1 Mathematical Expression for Riemannian Hessian-vector product:

Using Proposition 5.5.2 from Absil, Mahony, and Sepulchre, 2009, we have:

8(¢, Hessf[¢]) = S(5f) — (V&) f

Since we are only interested in computing the product between the Hessian
and the tangent vector at W, ¢y, let us set ¢ such that it evaluates to ¢y at W
and (V¢g),, = 0. One possible choice for ¢ for our quotient manifold is such
that its total manifold representation ¢ is constant. The Riemannian connection
V of a quotient manifold M = M/ ~ is defined through the Riemannian
connection V of the total manifold M (Prop 5.3.3 in Absil, Mahony, and
Sepulchre, 2009). We define V by extending the connection in Theorem 3.4 of
Absil, Mahony, and Sepulchre, 2004 to the product manifold.

> - 0
t=0

This means that ¢(¢, Hessf[¢]) = ¢(¢f). Now from the definition of the

Vie =P (V) ) = P (%EWW

Riemannian gradient of a function (equation 3.31 of Absil, Mahony, and Sepul-

chre, 2009), we have that {f = g(gradf,¢) and &(¢f) = g(& Hessf[E]) =
g(¢, grad g(gradf,¢)) Which means the Riemannian Hessian vector product

can be computed as:

Hessf(W)[¢w] = grad g¢(gradf (W), éw)
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3.4.1.2 Practical Implementation of Riemannian Hessian-vector product:

As we noted in section 3.2, the abstract quotient manifold gradients and
Hessian-vector products are represented using their counterparts in the total
manifold, which in our case is the space of deep network parameters. We

implement the Riemannian Hessian-vector product using the steps below.
1. Find the Euclidean gradient of f (EGradf(W)) using backpropagation

2. Compute the representation of the Riemannian gradient of f as grad f (W)
E;VlEGrad f(W) (Eq 3.32 in Absil, Mahony, and Sepulchre, 2009). Here
E;vl is the inverse of the matrix representation of the metric (gw) at W,

. ——1 .
givenby Gy, = diag(..., ||[vec(W;)||* Lz, xa, - - .)

3. Compute the inner product (as defined by our Riemannian metric) be-
tween grad f(W) and ¢}y (representation of vector whose Hessian-vector

product is desired)

4. Find the Riemannian gradient of the inner product by first finding its

Euclidean gradient using backpropagation and subsequently premulti-

plying by Gy
3.4.2 Simulations

To validate our Riemannian Power Method Algorithm, we consider two
deep network architectures described in Table 3.1. For each architecture, we
generate a synthetic dataset containing N = 500 samples in IR”3* which belong
to one of 10 different classes with randomly generated class labels. For each

network, we consider softmax cross-entropy as the loss function.
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Network Architecture
E [FC(784,300), FC(300, 100),
! FC(100,10)]
[conv(5,5,10), conv(5,5,20),
Cy FC(320, 120), FC(120, 84),
FC(84,10)]

Table 3.1: Network Architectures for Simulations

We compute the spectral norms of the Hessians of their losses at different
points within the equivalence class by considering (Y,c¢) = T ((W, b)) for
different settings of A. Let o(yy ;) be the spectral norm computed at (W, b),
and o(y . be the spectral norm computed at (Y, c). We define the relative
difference between the two measurements as follows:

[Tw,p) = Ty,
T(W.b)

Relative Difference =

Results for F; are reported in Table 3.2 whereas results for C; are reported in

Table 3.3.

A Relative Difference

(5,4, 5) 1.7 x 1077

(100, 30, 555 7.17 x 1077

Table 3.2: Relative Difference in Spectral Norms for F; under different transforma-
tions

A Relative Difference
(5,4,3,2, 135) 1.28 x 1077
(50,24,30, 1, z35) 51x10°°

Table 3.3: Relative Difference in Spectral Norms for C; under different transfor-
mations averaged over 20 runs (negligible variance)
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In Figure 3.1, we can observe how our power method based algorithm
converges for an F; network. From the tables, we notice that the spectral
norm that we compute using the eigenvectors obtained using the Riemannian
Power Method is invariant to transformations within the equivalence class.
That is, the values for Relative Difference are small.

Relative Distance between successive iterates

— priginal weights

10°
transformed weights

107!
102
103
104
10-

10~°

1077

0 50 100 150 200 250 300
Iterations

Figure 3.1: Convergence of Riemannian Power Method for a synthetic dataset for an
F; network averaged over 20 runs (negligible variance)

3.5 Experiments

Now that we have proposed a measure of flatness for deep network minima,
we turn to the empirical question at hand - does flatness correlate with the
generalization ability of the deep network? We have so far established a
quantitative measure of flatness (spectral norm of the Riemannian Hessian)
that will allow us to answer this question. Now in order to test this proposition,
we need a way to find global minima of the deep network loss which may

generalize worse or generalize better.
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In order to find these solutions we turn to large-batch training vs small-
batch training of neural networks. In an empirical study Keskar et al., 2016
observe that small-batch gradient methods with 32-512 samples per batch tend
to converge to flatter minima than large-batch methods which have batch sizes
of the order of 1000s of samples. However, since Dinh et al., 2017 have shown
that measures of flatness can be gamed by rescaling the network appropriately,
we cannot trust the current quantitative measures to compare the flatness of
these solutions. Instead, we use the spectral norm of the Riemannian Hessian
as a measure of flatness and compare the flatness of the solutions obtained
using large-batch and small-batch training. Our goal in this set of experiments
is not to achieve state of the art performance on these datasets. Instead, we
are interested in characterizing the flatness of the solutions obtained and
studying how that correlates with test set accuracy. The datasets and network

architectures used in our experiments are listed in Table 3.4.

Dataset Network 1 Network 2
LeNet
MNIST 15\/{12\T£18111;-F—Sonnecte d x5 2 conv-pool layers,
y 120, 84 fully-connected
Fashion MNIST MNIST-FC LeNet
KMNIST MNIST-FC LeNet
CIFAR10 AlexNet veele
shallow convnet deep convnet

Table 3.4: Datasets and Deep Network Architectures used in our experiments

Our experiments were run on a machine with 4 Tesla P40 GPUs with 24GB
of GPU memory each. The machine itself has 256 GB of RAM and an Intel
Xeon processor with 24 cores. Even so, we ran into memory issues when

trying to estimate the flatness for AlexNet and VGG16 on CIFAR10. We had to
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use a subset of the training set to approximate the empirical loss function. We
used 5000 samples for AlexNet and 2000 samples for VGG16. The subset was

the same for all batch sizes. Table 3.5 has the details for the other datasets.

Dataset Train Size | Test Size Samples used for
Flatness Measurement
MNIST 50000 10000 50000
KMNIST 60000 10000 60000
Fashion MNIST 60000 10000 60000
AlexNet - 5000
1 1
CIFAR10 50000 0000 VGG16 - 2000

Table 3.5: Train Test splits for the datasets used. Last column reports number of
training samples used to estimate our Flatness Measure

The hyperparameters and training algorithms used are reported below
in Table 3.6 . These were chosen so as to ensure that all networks could be

trained to global optimality on the empirical loss on the training set.

3.5.1 Visualizing the Loss Landscape

We generate parametric line plots along different random directions for
AlexNet and VGG16. These plots are shown in Figure 3.2. These plots are
layer normalized Li et al., 2018, which means that the random directions cho-
sen are scaled according to the norms of the layers of the trained networks.
More precisely, if the minimum obtained from training AlexNet/VGG is
W = (Wy,..., W), we generate random direction V = (V;,...,V}), and plot
the loss along the curve W(t) for t € [—1,1]. Here W(t) is given by:

, vec(W)lz )
Wit)y={(... Wi+t x —————==V,,...].
®) ( T Nee(W)] ]2 v

From the plots we see that the large-batch plots are above the small-batch
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Dataset + Network

Optimizer

Epochs

small batch - 200

0.5 schedule every 50 epochs

MNIST-FC Adam, 1r=Te-3 large batch - 500
MNIST-LeNet Adam, Ir=1e-3 ) ;?;ilé);tcil “a0
KMNIST-FC Adam, Ir=Te-3 fé’i‘ggfﬁ‘ 5288
KMNIST-LeNet Adam, Ir=1e-3 3 ;?;g;’;ﬁ: oo
Fashion MNIST-FC 1(?;1 ii:r;{e{irllee_jery 200 epochs lsar?ggszfﬁ?: 55(?8
Fashion MNIST-LeNet |~ dam Ir=5e-3 e et 200

large batch - 500

CIFARI10 - AlexNet

SGD
small batch 1r=1e-3, momentum=0.9
large batch 1r=1e-4, momentum=0.99

small batch - 200
large batch - 500

CIFAR10 - VGG16

SGD
small batch 1r=1e-3, momentum=0.9
large batch 1r=1e-4, momentum=0.99

small batch - 400
large batch - 600

Table 3.6: Training algorithms and hyperparameters used in our experiments. Last
column reports the number of epochs used to train with small batch sizes and large
batch sizes respectively.

plots, indicating that the large-batch minima are sharper than the small-batch

counterparts.

3.5.2 Results

For each network architecture and dataset, we trained the network to 100%
training accuracy using SGD or Adam, until the training cross-entropy loss
values were smaller than 10~6. This means we attain global minima of the cross
entropy loss in each case. We would like to note that in our experiments we
did not attempt to tune the learning rate as we changed the batch size since
our goal was to obtain different global minima with different generalization

properties. Adjusting hyperparameters in order to enable large batch training
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(a) AlexNet (b) VGG16
Figure 3.2: Parametric line plots for convolutional networks trained on CIFAR-10

of deep networks is an active area of research, but it is not the focus of our

experiments.

Now, in order to quantify the flatness and see how it correlates with gener-
alization, we report the test accuracy and spectral norm of the Riemannian
Hessian at minima for each of the networks trained on MNIST and CIFAR10
in Table 3.7. We observe that the estimated spectral norms for the large-batch
minima are orders of magnitude larger than those of the small-batch minima
for every network and dataset. This also correlates with test accuracy, with

the flatter minima having better generalization abilities.

The complete set of results for the experiments we ran are presented in
Table 3.7, and all scatter plots of all experimental runs are shown in Figures
3.3,3.4,3.5,3.6. We observe that the estimated spectral norms for the large-
batch minima are orders of magnitude larger than those of the small-batch

minima for every network and dataset. This also correlates with test accuracy,
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with the flatter minima having better generalization abilities. In the scatter
plots, we can see that the top left and bottom right sections of the plots tend
to be populated, meaning minima that are flatter have better generalization

performance as measured using the test set than sharper minima.

Batch Size | Test Accuracy |  Spectral Norm
MNIST / Fully-Connected (25 runs)

200 98.5+0.1% 0.00086 £ 0.0012
5000 97.6 +0.1% 3299+17.13
MNIST / LeNet (25 runs)
200 99.2+0.1% 0.38 +0.55
5000 98.9 +0.1% 741 +5.64
KMNIST / Fully-Connected (25 runs)
200 929 £0.1% 0.0325 £ 0.0644
5000 89.7 + 0.3% 30.45+7.15
KMNIST / LeNet (25 runs)
200 95.3+0.1% 0.356 + 0.531

5000 93.5 +0.05% 2870.35 £ 634.21
Fashion MNIST / Fully-Connected (25 runs)

200 90.1 +0.3% 7.057 + 8.83
5000 89.3 +0.3% 7466.98 + 1494.75
Fashion MNIST / LeNet (25 runs)
200 90.8 +0.3% 62.17 + 67.49
5000 89.5 + 0.4% 7685.64 + 4778.15
CIFAR-10/ AlexNet (15 runs)
200 72.76 £+ 0.92% 12.664 + 3.589

2000 67.36 + 0.23% 406.22 £ 236.49
CIFAR-10/ VGG16 (15 runs)

200 75.42 £ 0.93% 19.58 +14.97
2000 65.98 £ 0.73% | 300055.02 &+ 58257.42

Table 3.7: Test Accuracy and Spectral Norm of Riemannian Hessian at Minima for
different trained networks. All quantities reported as Mean £ Standard Deviation
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Figure 3.3: Visualizing the relationship between flatness of minima (as measured
by our proposed method) and generalization for MNIST. Smaller flatness measure
means the minima is flatter and higher test accuracy means better generalization.
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Figure 3.4: Visualizing the relationship between flatness of minima (as measured
by our proposed method) and generalization for KMNIST. Smaller flatness measure
means the minima is flatter and higher test accuracy means better generalization.
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Figure 3.5: Visualizing the relationship between flatness of minima (as measured by
our proposed method) and generalization for Fashion MNIST. Smaller flatness mea-
sure means the minima is flatter and higher test accuracy means better generalization.
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Figure 3.6: Visualizing the relationship between flatness of minima (as measured by
our proposed method) and generalization for CIFAR10. Smaller flatness measure
means the minima is flatter and higher test accuracy means better generalization.
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3.6 Conclusion and Future Work

In this chapter, we observe that natural rescalings of neural networks with
positively homogeneous activations induce an equivalence relation in the
parameter space which in turn leads to a quotient manifold structure in the
parameter space. We provide theoretical justification for these claims and then
adopt the manifold structure to propose a Riemannian Hessian based flatness
measure for deep network minima. We provide an algorithm to compute this
measure and run experiments to confirm that flatter minima tend to generalize
better. Our framework provides a principled path to estimate properties of

the loss landscape such that they are invariant to rescaling of deep networks.

We believe this quotient manifold view of the parameter space of neural
networks can have implications for training deep networks as well. We
would like to study how descent techniques on this manifold will compare
to algorithms like weight normalization Salimans and Kingma, 2016 and

Path-SGD Neyshabur, Salakhutdinov, and Srebro, 2015.
3.7 Missing Proofs from Section 3.3

3.7.1 Deep Networks without Biases

Proposition 3.7.1 Let W = (Wy,..., W) € R x ... x R be the parameters of
a neural network with L layers, and A = (Aq,...,AL) € RL be a set of multipliers.
Here R = R\ {0}. We can transform the layer weights by A in the following
manner: TA(W) = (MWy,...,ALWy). We introduce a relation from R} ™" x

X REF " po dtself, W ~ Y if 3A such that Y = Ty (W) and [T=, A; = 1. The
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relation ~, is an equivalence relation.

Proof 3.7.2 1. It is self evident that W ~ W, with A = (1,...,1)

2. If W ~ Y, then 3A such that Y = Ty(W). Set A = (Afl,...,)\gl), then

Ai > 0and [T, A

i HZL=11 A =1 AZSO’ W= T}\(Y)/ ZUthh mearis Y ~ W

3. Let W~ Y,and Y ~ Z. This means, IA! such that Y = T\ (W), and
A2 such that Z = Ty2(Y) Let A = (AIA%,...,ALA%). We see that A; > 0,
and [Tk, A =TT, A} x ]-L:1 /\]2- = 1. Since Z = Ty(W), we have that
W~ Z.

Hence ~ is an equivalence relation.

Proposition 3.7.3 The set M := M/ ~ obtained by mapping all points within an
equivalence class to a single point in the set has a quotient manifold structure, making

M a differentiable quotient manifold.

Proof 3.7.4 In order to prove that M is a manifold, we need to show that:

1. graph(~) = {(W,Y) : W,Y € M, W ~ Y} is an embedded submanifold of
M x M.
2. The projection 1ty : graph(~) — M, 1 (W,Y) = W is a submersion.

3. graph(~) is a closed subset of M x M.

First, we look at a point (W°,Y%) € graph(~). This means 3A € RL, [T-; A; =
1, such that YO = Ty(WP). For every V. € R% x ... x R we can define
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Y(t) = (WY +tV, T\ (WO + tV)) which is a smooth curve and an injection from

R to graph(~), and mr1(y(t)) = WO+ tV. Since % = V, we see that

dim(range(Dr1)) = dim(M), where D7ty is the Jacobian of rry. This means that

71 15 a submersion, proving point 2.

Next we will prove point 3. For this, we define a function F : M x M —

R x ... x R x R

| — (Wi, 1) A
|[vec(W1)] |3

o <WL/YL>
YL~ e BV
L, |[oec(¥))| 12
l i=1 2
|08 \ Iy Jloec(W)13 ) |

F(W,Y)

Under F, the preimage of 04, . x4, x1, 18 graph(~). Since the preimage of a closed
set is a closed set, we have that graph(~) is a closed subset of M x M.

Finally we will prove 1, by defining a submersion from M to R —1x-xdL=1x1,
Suppose there is a smooth function Fy from M to St(dy — 1,dq) x ... x St(dp —
1,dy) (where St(p, n) is the p-dimensional Stiefel manifold), such that:

W
(W)= | :
Wi
Here W is an orthogonal basis for the d; — 1 dimensional subspace that is orthogonal
to vec(W;), for all W € M. Such an Fy always exists, since given W; we can find
Wt by performing a Gram-Schmidt orthogonalization on [vec(W;)|E) and taking

the last d; — 1 columns. Here E is chosen such that [vec(W;)|E] is full rank.
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Now given Fy, we can define F : M x M — R%71 x ... x R~ x R
(Wi-) "oec(Y1)
RO i Toee(n)

(vec(W;),vec(Y;))
T log ot

Forany [Xq,...,Xr,x] € Rh=1x ... x RL™1 x R, we can define Y such that

vec(Y) = [Wle + %vec(Yl), LWEX %ZJEC(YL)]
which means, for points (W,Y') € graph(~):

DE(W,Y)[0,Y] = |(Wi) TWi X + = (W1 ) Toec(Y1),

(W) Tvee(Yy),

L

||v€C )llz
Z (vec(W;), vec(Y;))

i=1

vec(W;) T (W X; + Foec(Y;))

[[oec(Wi)] I3

X

= [Xl,...,XL,X]

This means that Fy is a submersion at each point of graph(~), and the set F, ' (0) =
graph(~) is an embedded submanifold of M x M. This concludes our proof that
M = M/ ~ is a quotient manifold.
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3.71.1 Characterizing the Vertical Tangent Space of the Quotient Mani-
fold

One invariant property of the equivalence class is the product of the norms of
all the layers. Thatis, if U € ~~!(~(W)), then [T, ||vec(U;) H% =TT ||vec(W;) ||§
For calculation convenience, we can replace the product by the sum by ap-

plying the log operator which gives ¥;log ||vec(U) |5 = ¥;log [[vec(W;) |-

Lemma 3.7.5 The tangent space of ~~'(~(W)) at U is (B Uy, ..., BUL) with
2ipi=0.

Proof 3.7.6 Consider the curves U;(t) € M; with U;(0) = U;, we have

2 2
Y. log [foec(U(1))|3 = Y log [[oec(Wy) ..
1 1
Taking the derivative on both sides with respect to t gives
y (Ui(t), Ui(t))
7 lloec(Ui()l;
It is clear that U;(t) = B;U;(t) with ¥; B; = O satisfies the above equation.

Therefore the tangent space Ty; of ~~'(~=(W)) contains all tangent vectors U =
(‘Blul, cey ﬁLuL) with Zi ﬁi =0.

The tangent space to the embedded submanifold ~~!(~(W)) of M is
usually referred to as the Vertical Tangent space (Vyy) of the quotient manifold
M. The orthogonal complement of the vertical space from the tangent space

TwM is referred to as the horizontal space Hyy. We note that all smooth
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curves v(t) : R — M such that 7(0) = W and §(0) € Vy, lie within the

equivalence class ~ 1 (~(W)).

3.7.2 Deep Networks with Biases

We recall that Deep Networks with biases are defined as follows:

Fowp) (x) =WLor 1(WL_1¢pL—2(WL—2. .. p1(Wix + by)

ot bL,Q) + bLfl) + by

The equivalence relation for the parameter space of deep networks with
biases is defined through the following transformation. Suppose we have
Aie€Ry,i=1,...,L,such that HiL:1 A; = 1. Consider the following transfor-

mation:

TA((W,b)) = (ALWL, ..., AWy,

L L1
[TAbe [T AibL-1, -, Ab1)
i=1 i=1

Now, if (Y,c) = Ty((W, b)), then Fyy 4)(x) = Fy,)(x),Vx € R"™. Thus
we define the equivalence relation ~, where (Y, c) ~ (W, b) if 3A such that
(Y, c) = Ta((W, b)).

Let us denote M; = R% x R", as the Euclidean space for each layer. The

product space M = M;j x ... x M| is the entire space of parameters for

neural networks with biases.

Proposition 3.7.7 The set M := M/ ~ obtained by mapping all points within an
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equivalence class to a single point in the set has a quotient manifold structure, making

M a differentiable quotient manifold.

Proof 3.7.8 In order to prove that M is a manifold, we need to show that:

1. graph(~) = {((W,b), (Y,c)) : (W,b),(Y,c) € M,(W,b) ~ (Y,c)} isan
embedded submanifold of M x M.

2. The projection w1 : graph(~) — M, w1 ((W,b),(Y,c)) = (W,b) isa

submersion.

3. graph(~) is a closed subset of M x M.

First, we look at a point ((W°,B°), (Y°,c0)) € graph(~). This means A € R,
[1E, A = 1, such that (Y°,c0) = T ((W?,59)). For every (V,v) € R% x ... x
R x R™ x ... x R™ we can define y(t) = (WO, b°) + t(V, ), To((WP,1°) +
t(V,v))) which is a smooth curve and an injection from R to graph(~), and
(v (t)) = (WO, B°) +t(V,0). Since% = (V,v), we see that dim(range(D7r1)) =

dim(M), where Dty is the Jacobian of rty. This means that 711 is a submersion,

proving point 2.

Next we will prove point 3. For this, we define a function F : M x M —

R x ... x R x R™ x ... x R" x RE+1
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[ <W1 rY1>

Y1 Toeeiy ™1
)
N |ve<cb<ng||§WL
_ 1,€1
O g b
()
E((W,b), (Y,¢)) = L= T g
log ( Lz lloecri)li
1L Jfoec(W)) I3
lealBY - ( lloee)I
T s
C2 2 C1 2 vec| 1y 2
fog (j5aid) — o8 (ffuid * feenen)
1B g (Nl o IloecCru)li
g (i) =108 (Rt * ot

Under F, the preimage of 04, xd, x xnyx...xn; xL+1, 15 graph(~). Since the
preimage of a closed set is a closed set, we have that graph(~) is a closed subset of
M x M.
Finally we will prove 1, by defining a submersion from M to R%1=1>X>xdL=1xm =X xn =1xL+1,
Suppose there is a smooth function Fy from M to St(dy —1,dy) x ... x St(dp —
1,dp) x St(ny —1,n1) x ... x St(np —1,nr) (where St(p,n) is the p-dimensional
Stiefel manifold), such that:

F((W,b))

104



Here Wit is an orthogonal basis for the d; — 1 dimensional subspace that is orthog-
onal to vec(W;), and b+ is an orthogonal basis for the n; — 1 dimensional subspace
orthogonal to b;, for all (W,b) € M. Such an Fy always exists, since given W;
(alternatively b;) we can find Wi (alternatively bi-) by performing a Gram-Schmidt
orthogonalization on [vec(W;)|E] (or [b;|E]) and taking the last d; — 1 (or n; — 1)
columns. Here E is chosen such that [vec(W;)|E] (or [b;|E]) is full rank.

Now given Fy, we can define F : M x M — RH71x ... x R x R

(Wi Toec(Yy)
(W) Toec(¥y)
(bi) " er

(b7)Ter

E2((W,b), (Y, ¢))

Forany [Xy,...,X1,21,.-.,2L, X, U1, . ..

log (

(brcr)
|b]13

i log :
<b1,C1>

{vec(Wi) vec(Y;))

i) —tog (

<b1 L1 >

Hvec(Wi)H%
|[oec(Wh)|[3

—log(

{vec(Wy),vec(Y1)) )

[EALE: [[oec(W1)[13

(vec(Wy 1) ,vec(Yy 1))

_ <bL—1/C;—1>
) —tog (st x

up] € Rh=1x xR~ x RM—1 x

)

|[vec(WL—1)|[3

oo X R RYFY we can define (Y, €) such that

vec(Y) = [Wle +

L

X
—vec
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C =

X
ble + (Ml —+ Z) c1,

2x
bﬁ‘Zz—i— (u2+u1+f> Co,

Lx
bz + (ML +up—1+ T) CL]

which means, for points (W,Y) € graph(~):

DFz((W, b), (Y,C))[O, (Y,f)] :[Xl,. . -/Xlelr- ., 2L,

X, Uy, ..., UL

This means that F, is a submersion at each point of graph(~), and the set F; *(0) =
graph(~) is an embedded submanifold of M x M. This concludes our proof that
M = M/ ~ is a quotient manifold.

3.7.2.1 Characterizing the Vertical Tangent Space of the Quotient Mani-
fold

Let us now introduce a new invariant property of the equivalence class for
network parameters with biases. First, for a point (W, b) in the space of
parameters, we know that W = (Wy,..., W) and b = (by,...,br). For each

layer, let us define W; € R%*"i as follows

. __bi ey
W [vec(W;); Hbi—1||]’ ifi > 1,
[vec(W;);b;], ifi=1.
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We then have that for each (U, c) € ~~1(~((W,b))) if ], HCLH; =1L ||W; 5,

which is the invariant property of the equivalence class. We can also get a

description of the tangent space of 7! (7((W,b))) from the following lemma.

Lemma 3.7.9 The tangent space of ~~'(~((W, b))) at (U, c) is (B1Uy, ..., BLUL, Y1C1, - -

with Y ; Bi =0, Bi = vi — Vi-1-

Proof 3.7.10 Consider the curves (U;(t), c;(t)) € M; with U;(0) = U;, ¢;(0) = c;,

we have

Y log |Ti(r)[|; = - log || Wil

2
=:>ng0mwm%+iﬁﬁm—>

e ()
b.Z

= Ytog (il + 1),
i ol

Taking the derivative on both sides with respect to t gives

1

X
; HU(t)HZ—i— les(8)]1*
NPT

(Ui(t), Ui(t))

+wm»qm>_wﬁmmq4a»xwwa):0
5 .
leia(8)] e (8]

It is clear that U;(t), ¢;(t) = BU;(t), vici(t) with }; B; = Oand B; = i — vi1
satisfies the above equation. Therefore the tangent space T -1(~((wp))) (U,c)atU,c
contains all tangent vectors (B1Uy, ..., BLUr, v1€1, - .., yLCL) With Y ; B; = 0 and

Bi = vi— Yi-1-
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Chapter 4

Vision with Compressive
Measurements

In this chapter we study the ability of deep network based computer vision
systems (object classification and detection systems) to be able to work with
compressive measurements of natural scenes and videos. The work in this
chapter was earlier presented in the papers - Kwan et al., 2019c; Kwan et al.,

2019b; Kwan et al., 2019a; Nair et al., 2018

4.1 Introduction

In the era of big data, Convolutional Neural Networks (CNNs) today have be-
come one of the most powerful methods for visual tasks. They have achieved
success in problems such as image classification (Krizhevsky, Sutskever, and
Hinton, 2012; Simonyan and Zisserman, 2014; He et al., 2016) and object de-
tection (Ren et al., 2015). Key to the success is the ability to learn rich feature
hierarchies (Girshick et al., 2014) , with low-level features like edges and colors

learned at lower layers, which are combined together in the higher layers
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to detect complex shapes and patterns in a fully-differentiable end-to-end

framework.

Traditionally, CNNs are trained on fully observed images. However, in
challenging real imaging scenarios sensing systems are often energy demand-
ing or need to operate with limited bandwidth and exposure-time budgets
like in (Zhang et al., 2016). Or exposed to high level noise in communication
channels, the collected data suffers from severe missing information. A de-
cision framework based on inference from partially observed data is needed
for more energy-efficient hardware system design and robust performance for

noisy environment.

Compressed sensing (CS) theory (Candes and Tao, 2006; Donoho, 2006)
guarantees the exact recovery of signals at sub-Nyquist sampling rates with
sparsity assumptions. It provides theoretical foundations for designing CS
hardware systems and reconstructing signals from compressed measurements
(Duarte et al., 2008). Consequently, efficient systems have been developed for
generating compressed measurements for demanding applications include
underwater sensing (Fazel, Fazel, and Stojanovic, 2011), drone-based imag-
ing (Shetti and Vijayakumar, 2015; Zhang et al., 2016), satellite imaging (Michel
et al., 2012), high-speed imaging (Sonoda et al., 2016; Reddy, Veeraraghavan,
and Chellappa, 2011) and magnetic resonance imaging (Lustig, Donoho, and

Pauly, 2007).

However, CS entails the need for slow iterative algorithms to perform
recovery and/or inference on the sampled data. In addition, CS methods do

not scale to the sizes of training data sets that the modern data deluge affords.
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To compensate for these disadvantages, CNN-based approaches have been

considered to deal with compressed measurements.

Reconstruction algorithms such as ReconNet (Kulkarni et al., 2016), Deep-
Inverse (Mousavi and Baraniuk, 2017) and classification algorithm (Lohit,
Kulkarni, and Turaga, 2016) have shown promising performances. However,
in those cases the sampling/sensing operators are assumed to be known,
fixed a-priori and tied to the particular neural network being trained. In addi-
tion, they hinge on the availability of very specialized hardware like a Digital

micro-mirror (DMD) array in order to allow efficient sensing implementations.

In this chapter, we attempt to overcome these difficulties by directly per-
forming classification on partially observed measurements. The test images
here are various fraction of the image scene’s pixels chosen randomly, which
model measurements from CS hardware and partial observations due to noise.
We demonstrate the sensitivity of pre-trained convolutional neural networks,
which fail miserably with only a small portion of missing pixels and pro-
pose a framework to overcome it through making the network learn from
fully-observed and compressed images in the training procedure. We also
empirically verify that our approach generalizes to unseen observation ratios

without retraining the network.

Our framework is low-cost, efficient, and hardware friendly. It has several
advantages: (i) Reconstruction-free in discriminative applications; (ii) Robust
to changes in the partial observation mask; (iii) Retraining-free and generaliz-
able to test data with unseen partial observation ratios; (iv) Transfers across

visual tasks. (v) Efficiently deals with missing and incomplete data as long as
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Figure 4.1: Overview of our framework in image classification. During training, we
input full images and images with missing pixel ratios of .5,.25,.125 to a VGG16 (Si-
monyan and Zisserman, 2014) network. The test data to the network with partial
observation ratio randomly generated between (0,1]

the label information is correct.

4.2 Related work
4.2.1 Reconstructing CS measurements via CNNs

The CS measurements y € IR of a signal x € IR", are generated using y = ®x
with a smaller dimension than the signal dimension, where the sensing matrix
® € R™*" is a random matrix (Candes and Tao, 2006). Recent work such as
ReconNet (Kulkarni et al., 2016) and DeeplInverse (Mousavi and Baraniuk,
2017) propose using CNNs to perform reconstruction from CS measurements.
In ReconNet (Kulkarni et al., 2016), CNNs are then employed to reconstruct
the CS measurements of each image block. All reconstructed blocks are then
arranged and fed into a denoiser. DeepInverse (Mousavi and Baraniuk, 2017)

on the other hand proposes using CNNs to learn the inverse transformation
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of to invert CS measurements y to signals x.

There are several drawbacks to either employing a reconstruction algo-
rithm before CNNSs for partially-observed data or incorporating the recon-
struction network into the entire framework. First, reconstruction is power-
consuming. Second, the reconstruction network does not generalize well for

test images with unseen and various partial observation ratios.

4.2.2 Classification on CS measurements using CNNs

To the best of our knowledge, the only work that proposes a classification
algorithm on CS measurements using CNN s is (Lohit, Kulkarni, and Turaga,
2016). Instead of reconstructing images from compressive measurements
y before feeding to CNNs, they perform a projection on the measurements
®Ty, and which is then resized into the original image size. Their framework

performs well on MNIST and ImageNet with low measurement rates.

Their work demonstrates the promise of classification directly on CS Mea-
surements using CNNs. However, the huge disadvantage of this framework is
that the sensing matrix is fixed. In several image sensing models, the sensing
operation of training data varies each time. Also, it does not generalize to new

unseen sampled data without re-training the network.
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4.3 Method: Extracting information from partially
observed images

We propose a framework to extract information from visual data with an un-
known fraction of pixels missing using CNNs, without performing reconstruc-
tion or re-training the neural network for every possible partial observation

ratio.

We first generate partially observed training data corresponding to k ratios
between 0 and 1. In this chapter, we use the original fully-observed data, along
with data observed at three ratios of 0.5,0.25 and 0.125. We then train neural
network with the enlarged training set. The ratio of the randomly observed
pixels in the testing data need not match the ratios used during training, so
as the random observation masks. An overview of our framework in image
classification is shown in Figure 4.1.

In the image classification task, the neural network that we use is the
VGG-16 (Simonyan and Zisserman, 2014) network. Our proposed framework
is also tested on object detection, in which Faster-RCNN, based on VGG-16

features, is employed.

4.4 Experiments

In this section, we test with our method on two common visual tasks - image
classification and object detection. For image classification, we evaluate our
network on the standard CIFAR-10 (Krizhevsky and Hinton, 2009) dataset,
while we use the Pascal-VOC 2007 (“The PASCAL Visual Object Classes
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Figure 4.2: (a) and (c) Classification accuracy and object detection performance for
classical CNNs and ours with various partial observation ratios. (b) Testing times for
doing reconstruction algorithm vs ours with various observation ratios

Challenge 2007 (VOC2007) Results”) dataset for testing object detection.

4.41 Image Classification

The CIFAR-10 (Krizhevsky and Hinton, 2009) dataset contains 60000 images
equally split between 10 object categories, with 50000 images marked as

training and 10000 as test. Each image has 32 x 32 pixels.

We first train the VGG-16 CNN with default parameters from (Simonyan
and Zisserman, 2014) on the dataset with full images, and as we see from
Fig. 4.2a and Table 4.1, the classification accuracy is 0.93. We call this model
‘VGG-16" henceforth. However, testing it on partially observed data, the classi-
tication accuracy drops sharply. To remedy this, we retrain the VGG-16 CNN

network on full images as well as partially observed images. We used SGD
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| Partial Observation Ratios | 1.0 | 0.9 | 0.8 | 0.7 [ 0.6 [ 0.5 |

VGG-16 0.93 | 0.51 | 0.21 | 0.12 | 0.11 | 0.11
VGG-16-Ours 0.81 | 0.81 | 0.81 | 0.80 | 0.80 | 0.80
Recon+VGG-16 0.93 | 0.93 | 0.93 | 0.92 | 0.91 | 0.89
Recon+VGG-16-Ours 0.81|0.81 | 0.81|0.81|0.81 | 0.80

| Partial Observation Ratios | 0.4 | 0.3 | 0.2 | 0.1 | Random |

VGG-16 0.11 | 0.11 | 0.12 | 0.13 0.19

VGG-16-Ours 0.80 | 0.79 | 0.77 | 0.71 0.76
Recon+VGG-16 0.86 | 0.79 | 0.65 | 0.35 -
Recon+VGG-16-Ours 0.80 | 0.78 | 0.74 | 0.62 -

Table 4.1: Averaged classification accuracies with various partial observationratios for
four different methods: (i) VGG-16; (ii)) VGG-16-Ours; (iii) Recon+VGG-16: reconstruct
first and then use VGG-16; and (iv) Recon+VGG-16-Ours: reconstruct first and then
use the network trained by our method. “Random” denotes the case that each test
datum is randomly partially-observed by a ratio generated from (0, 1] uniformly at
random. The two dashes (—) in the last column denote that the experiments are
not performed since the reconstruction method is not robust to unknown partial
observation ratios.

with momentum= 0.9, learning rate= 0.1, learning rate decay= 10~%, batch
size= 128 for 250 epochs with data augmentation through random transla-
tions, flips and rotations. We noted that only three partial observation ratios
of 0.5,0.25 and 0.125 were sufficient to ensure robustness to such corruption
as displayed in Fig. 4.2a. These three partial observation ratios were chosen
empirically as a trade-off between magnitude of training data required and
robustness to random missing. This is interesting, as it suggests the CNN has

learned to generalize to randomly missing data. We term the network trained

as such ‘VGG-16-Ours’ for purposes of discussion.

We see from Fig. 4.2a and Table 4.1 that as as we miss more data, per-

formance degrades. However, even in the challenging scenario of having
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available a mere 10% of pixels, the network is achieves a classification accu-

racy of 0.71.

In order to compare our solution with the standard paradigm of reconstruct-
then-classify, we train a set of 9 de-noising convolutional autoencoders on
the CIFAR-10 dataset, one for each partial observation ratio from 0.1,0.2, ...0.9.
We then passed test images with each of those ratios being observed through
the corresponding autoencoder to reconstruct it, and fed the output to a pre-
trained VGG-16 network. We term this experimental pipeline "Recon+VGG-16’
and refer to it as the same. As seen from the results in Table 4.1, this pipeline
outperforms VGG-16-Ours, trained to classify on the partially-observed data
directly at high observation ratios. However, for the more challenging cases
of 0.3.,0.2 and especially for the 0.1 case, VGG-16-Ours performs just as well
if not substantially better than the standard reconstruction pipeline. Keeping
our end-goal of sensing as little as we can get away with in mind, our results
suggest that discrimination should be performed directly on the compressed

data.

In addition, we also study the time required for the Recon+VGG-16 pro-
cessing pipeline versus VGG-16-Ours in Fig. 4.2b. As both the networks are
feed-forward neural networks, they each process the data by repeatedly ap-
plying basic arithmetic operations like multiplication, addition and a simple
non-linearity on the data, once trained. This means testing performance for
both pipelines is quite fast and the room of improvement is small. However,
we note that direct classification on the compressed data is accomplished

twice as fast (taking only 2.78 seconds averaging across all partial observation
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ratios) for classifying all 10000 test examples in CIFAR-10 as compared to
Recon+VGG-16 (which takes 6.42 seconds averaging across all partial observa-
tion ratios). This obvious advantage stems from skipping the unnecessary step

of reconstruction, speeding up the imaging as well as classification processes.

In order to better understand the behavior of VGG-16-Ours, we also used
it to classify compressed data after reconstruction. Interestingly, as the results
in Table 4.1 confirm, it would appear that the act of training VGG-16-Ours on
partially observed data as well (which we term ‘Recon+VGG-16-Ours’ in the
table) has made it more robust to perturbations in the input space, leading to a
much higher classification performance in the challenging 0.1 observation ratio
case (obtaining 0.62 classification accuracy) versus just passing the partially-
observed data through the convolutional autoencoder and classifying it using
a VGG-16 network trained only on fully-sampled data (yielding just 0.35
classification accuracy). The reconstructed data from the autoencoder loses a
lot of high frequency information. This experiment suggests that including
data with various observatio ratios has the added bonus of making a neural

network robust to blur.

For the last column in Table 4.1, we randomly take a fraction of pixels
in each test image by an unknown fraction s; € (0,1], and then passed the
test images through VGG-16 and VGG-16-Ours. As expected, VGG-16-Ours
obtained a much higher classification accuracy (a respectable 0.76, close to the
average of the accuracies on the different partial observation ratios previously
tested) on the test data than VGG-16 (0.19). We did not run Recon+VGG-16 and

Recon+VGG-16-Ours experiments on this test set as the partial observation
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ratio was not constrained to match with the 9 partial observation ratios for

which we had trained the autoencoders.

4.4.2 Object Detection

The Pascal VOC 2007 detection dataset (“The PASCAL Visual Object Classes
Challenge 2007 (VOC2007) Results”) contains images corresponding to 20
different object categories as part of various natural scenes, with close to
5000 images provided for training and cross-validation, with approximately

another 5000 provided for testing.

Aiming to understand if the phenomenon of CNNs learning to handle
arbitrary partial observation ratios extends to tasks besides object classification,
we train a Faster RCNN network on the Pascal VOC 2007 dataset for object
detection. We use the mean average precision (mAP) as our evalutaion metric.
Details for the measure are contained in the original paper (Ren et al., 2015).
Similar to Section 4.4.1, we initially train the network purely on fully-observed
images. We term this trained network ‘Faster-RCNN’. Then, we train another
model with the same Faster-RCNN architecture on the fully-observed images
as well as partially-observed images at observation ratios of 0.5,0.25 and 0.125.
We then tested both networks on object detection from partially-observed test

images of various unseen partial observation ratios.

The results of the experiments are displayed in Fig. 4.2c. We note the trends
here mirror those of the classification case, with Faster-RCNN’s performance
dropping quickly in the presence of random missing , while the performance

of Faster-RCNN-Ours remains much more stable. In addition, we again
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observe that Faster-RCNN-Ours generalizes to unseen partial observation

ratios here as well.

4.5 Target Tracking and Classification using a Com-
pressive Sensing Camera

One of the motivations behind our study of deep networks to be able to
handle compressive measurements in the previous sections, is our desire to
use Pixelwise Coded Exposure (PCE) cameras to track targets in the videos
that they collect. Figure 4.3 illustrates the differences between a conventional
video sensing scheme and PCE, where random spatial pixel activation is
combined with fixed temporal exposure duration. First, conventional cameras
capture frames at certain frame rates, such as 30 frames per second. In contrast,
the PCE camera captures a compressed frame called motion coded image over
a fixed period of time (T). For example, a user can compress 30 conventional
frames into a single motion coded frame. This will yield significant data
compression ratio. Second, the PCE camera allows a user to use different
exposure times for different pixel locations. For low lighting regions, more
exposure times can be used and for strong light areas, short exposure can be
exerted. This will allow high dynamic range. Moreover, power can also be
saved via low sampling rate in the data acquisition process. As shown in Fig.
4.3, one conventional approach to using the motion coded images is to apply
sparse reconstruction to reconstruct the original frames and this process may

be very time-consuming.

Suppose the video scene is contained in a data cube X € RM*N*T where
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Figure 4.3: Conventional camera vs. pixel-wise coded exposure (PCE) compressed
image/video sensor

M x N is the image size and T is the number of frames. A sensing data
cube is defined by S € RM*N*T which contains the exposure times for pixel
located at (m, n, t). The value of S(m,n,t) is 1 for frames t € [tstart, feng] and O
otherwise. [fstart, tend] denotes the start and end frame numbers for a particular

lRMXN

pixel. The measured coded aperture image Y € is obtained by:

Y(m,n) = i S(m,n,t) - X(m,n,t)
t=1
Instead of doing sparse reconstruction on PCE images or frames, our
scheme directly acts on the PCE or coded aperture images, which contain
raw sensing measurements without the need for any reconstruction effort.
Utilizing raw measurements has several challenges. First, moving targets may
be smeared if the exposure times are long. Second, there are also missing

pixels in the raw measurements because not all pixels are activated during the

data collection process. Third, there are much fewer frames in the raw video
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because many original frames are compressed into a single coded frame.

In this section we will show that by simulating the measurements that
should be produced by the PCE-based compressive sensing (CS) sensor, we
can show that detecting, tracking, and even classifying moving objects of
interest in the scene is entirely feasible with a minor sacrifice in discrimination

accuracy.

4.5.1 Task and Dataset

We have a custom dataset of videos of three kinds of trucks (Ram, Silverado,
and Frontier) driving in a parking lot. All of the videos are short wave IR
videos, each about 1 min long, with 30 frames/sec. This means we have 1800
frames per video. There are two videos for each truck, each recorded on a
different day. We used all the frames from one of the days for training and the
other day’s videos for testing. Our task is to detect and track the moving truck
through a video, as well as identify the type of truck in the video. A sample

frame from this video and its subsampled versions are shown in Fig 4.4

In addition to the above dataset, we have two other videos where all three
trucks travel back and forth between a parking lot and a remote location.
These two videos are more challenging because they have multiple targets,
and the targets change in size as they travel. In order to adapt our systems for
this task, we fine-tuned a network trained on the previous dataset to one of

the videos here, and used the other video to obtain test results.
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Figure 4.4: Sample Frame of a Frontier truck from the training dataset

(b) Sample Frame with 50% PCE mea-
(a) Sample Frame surements

(c) Sample Frame with 25% PCE mea- (d) Sample Frame with 12.5% PCE mea-
surements surements
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4.5.2 Deep Networks used for Tracking and Classification

We perform tracking by detection, meaning we perform object detection on
each motion coded image to achieve tracking across a video. Object detection
on each frame is performed using a deep network, specifically the You Only
Look Once (YOLO) architecture (Redmon and Farhadi, 2016). The YOLO
tracker is fast and has similar performance to the Faster R-CNN (Ren et al.,
2015). YOLO has 24 convolutional layers and 2 fully connected layers. The
inputs are resized to 448 x 448, and the outputis 7 x 7 x 30. We have used

YOLOV2 because it is more accurate than YOLO version 1.

Since YOLO'’s built-in classifier did not perform too well on our task, we
decided to use another network to perform classification. The ResNet-18
model is an 18-layer convolutional neural network (CNN) that has the advan-
tage of avoiding performance saturation and/or degradation when training
deeper layers, which is a common problem among other CNN architectures.
The ResNet-18 model avoids the performance saturation by implementing an
identity short cut connection, which skips one or more layers and learns the

residual mapping of the layer rather than the original mapping.

Our pipeline was implemented as follows - YOLO was used to determine
where, in each frame, the trucks were located. YOLO generated bounding
boxes for those trucks and that data were used to crop the trucks from the
image. The cropped trucks would be fed into the ResNet-18 for classification,

and classification results were generated.
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4.5.3 Tracking and classification results

We trained our deep networks using SGD (learning rate = 0.001) with mo-
mentum (0.9) for 2000 epochs on the dataset of individual truck videos with
complete frames and 12.5% subsampled PCE frames. We started with a models
pretrained on the Pascal VOC dataset for the YOLO network and Imagenet for
the ResNet-18 network. We then tested our model on the held out videos, with
complete as well as PCE frames with subsampling rates of 6.25%, 12.5%, 25%,

and 50%. To evaluate detections we measured the following:

¢ Detection Rate - Fraction of the frames of the videos in which a detection

was made

* DICE score - given a detection A and a ground truth A*, the DICE score

. . 2|ANA¥|
is defined as AT A

¢ Centroid distance - /> distance between the centroids of the detection

and the ground truth, in pixels.

¢ (lassification accuracy

These results are presented in Tables 4.2, 4.3, 4.4 and sample detection

frames are shown in Fig. 4.5.

127



Figure 4.5: Detection and classification on a sample frame

(a) 100% PCE measurements (b) 50% PCE measurements

(c) 25% PCE measurements (d) 12.5% PCE measurements
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Coded Aperture Fraction | Silverado | Ram | Frontier
6.25% 63% 65% 68%
12.5% 96% 95% 97%
25% 93% 93% 95%
50% 94% 93% 95%
100% 97% 98% 98%

Table 4.2: Detection Rates - Fraction of frames in which a target was detected

Coded Aperture Fraction | DICE score | Centroid ¢/, distance (in pixels)
6.25% 0.782 8.22
12.5% 0.834 7.75
25% 0.816 8.04
50% 0.801 8.13
100% 0.852 7.52

Table 4.3: Detection Scores, averaged over all frames in which a target was detected

4.6 Conclusion

This chapter presents an efficient, reconstruction-free training paradigm to
extract information from sparsely-sensed images, overcoming the sensitivity
that CNNs naturally have to such input mismatches. Moreover, the proposed
method generalizes to different, unseen, arbitrary partial observation ratios
without retraining. Our method outperforms the pre-trained CNNs and
reconstruction-first-classify-later technique in challenging cases with small

observation ratios.

Investigation of the role of missing information may play in making a net-
work more robust to adversarial interference is an interesting open question.
Finally, extending our framework to handle missing/incomplete or partially

corrupted data and sensor failure is a possible future research direction.

129



Coded Aperture Fraction | Silverado | Ram | Frontier
6.25% 65% 72% 74%
12.5% 79% 94% 96%
25% 81% 95% 94%
50% 74% 93% 83%
100% 95% 98% | 100%

Table 4.4: Classification Rates - Fraction of frames in which the target was correctly
classified
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Chapter 5

Summary and Future Work

Machine learning techniques in general and deep learning in particular are
gaining popularity as a approaches to solve to all sorts of problems. Deep
learning is being applied with great success to a number of different problems,
but the success depends on careful engineering of features, choice of architec-
ture, choice of training schemes, etc. It is critical to understand why and how

deep networks work, and when they are the best approach for a problem.

In this dissertation we saw results that helped us understand the repre-
sentations that neural networks learn and which solutions of deep network
training are more likely to generalize. We also saw some applications of deep

learning to vision problems with subsampled measurements.

In Chapter 2 we analyzed the loss landscape of autoencoders and were
able to establish connections between autoencoders and Sparse Coding or
Dictionary Learning. We showed that under a sparse coding generative model,
the landscape of the squared reconstruction error of a ReLU autoencoder has a
critical point at the ground truth dictionary. Simulations also tell us that if we

start a gradient descent algorithm far away from the ground truth dictionary,
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we end up close to it after enough iterations.

In Chapter 3 we studied the “flat minima” problem. While the idea that
flatter minima could generalize better has been around for a long time (Hochre-
iter and Schmidhuber, 1997), it was recently shown (Dinh et al., 2017) that
for deep networks with positively homogenous activation functions (like
ReLU) quantitative measures of “flatness” could be made arbitrarily large
or small through a simple rescaling of the deep network. Using techniques
from manifold geometry, we proposed a flatness metric that is invariant to
these rescalings. We then applied this technique to compare minima obtained
using large-batch and small-batch gradient based methods, and were able to
empirically confirm the observation that “flatter minima” generalize better.
Our work is one of the first to consider the space of deep network parameters

as a differentiable quotient manifold rather than a Euclidean space.

Finally, in Chapter 4 we presented a deep learning pipeline to train net-
works to solve vision problems from compressed measurements. We built an
object detection and tracking system based on deep networks that can work
with a custom image sensorthat collects compressive measurements of scenes.
We studied some training schemes that allow us to adapt deep networks for
object detection from natural images to our setting (Nair et al., 2018). We
also presented results on tracking objects in video sequences in specialized
settings, using compressive measurements that simulate the sensor presented

in (Zhang et al., 2016)
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5.1 Future Work

¢ Understanding Recurrent Neural Networks (RNNs): Recurrent Neu-
ral Networks have been shown to be successful in many tasks like speech
recognition and machine translation. While they have also been applied
to time series data with varying degrees of success, we still do not have
insight into the kinds of problems that can be solved using recurrent
networks. There is some evidence that we can learn linear dynamical
systems using linear RNNs Hardt, Ma, and Recht, 2018, while the behav-
ior of more complicated, nonlinear models is not yet understood. We
can use an approach similar to the one used to study autoencoders in

order to understand RNNs.

* Sparse Neural Networks: An intriguing property of neural networks
is that they can be compressed to a fraction of their original size, while
retaining performance levels similar to that of the original network Han,
Mao, and Dally, 2015. There is also some evidence that the compress-
ibility of a deep network is related to its generalization Zhou et al., 2018,
One promising direction in understanding deep networks is exploring
whether the connections between compressibility and generalization
also extend to sparsity and generalization. This would have implica-
tions for practical applications of deep learning in resource constrained
settings, since sparse neural networks are smaller, and computationally

cheaper to implement.

Current approaches to the compression of neural networks involve
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training a large deep network model first, followed by retraining a
sparser model after removing connections that are not salient. One can
also investigate approaches to training sparse neural networks “from
scratch”, that is, without having to train the large models first. Training
techniques that are not based on gradient based algorithms, like the
Alternating Direction Method of Multipliers (ADMM) (Taylor et al.,

2016), are one possible line of research.

Training Deep Networks on the Manifold: The quotient manifold of
parameters that we presented in Chapter 3 is a promising view for
not just obtaining invariant measurements of the flatness of deep net-
work minima, but also training deep networks. Instead of performing
stochastic gradient descent type algorithms in the Euclidean space of
parameters, we would like to learn deep networks by optimizing the ob-
jective function on the quotient manifold of neural network parameters.
It would also be interesting to explore the connections between training
deep networks on manifolds and techniques like Batch Normalization

and Weight Normalization.

Neural Networks for Coded Aperture Video Reconstruction: While
we can use traditional dictionary learning and sparse recovery based
methods to reconstruct video sequences from Pixelwise Coded Exposure
(PCE) measurements, these dictionaries and sparse recovery algorithms
are limited to the particular frame rate, exposure time, and other param-

eters of the measurement process. In order to reconstruct these video
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sequences in a number of different settings, we can explore deep learn-
ing based solutions. Recurrent architectures might be well suited to this

approach of reconstructing videos agnostic to the frame rate.
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