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Abstract

Deep neural networks (DNNs) continuously increase in architectural complexity and DNN
applications are under pressure to handle an every-increasing amount of data as well as
more and more complex problems. This has created demand for approaches reducing
time and space complexity of such networks during training and inference, especially for
training under resource constraints or inference under time constraints. State-of-the-Art
(SotA) works aimed at reducing DNNs’ demand for memory and computation time
during training and/or the inference can be categorized into techniques applying pruning,
quantization, neural architecture search (NAS), distributed learning or a combination
of these to the network. In this work, the focus lies on intra-training DNN pruning
(i.e., pruning the network during and with the aim of accelerating training) for which
new approaches are introduced. This is accomplished by an extensive literature survey
and in-depth analysis of the State-of-the-Art in the field of intra training DNN pruning,
highlighting current scientific gaps and synthesizing and implementing novel solutions to
a selected subset of the identified open research questions. The proposed solutions in this
thesis will be subjected to extensive analytical and empirical evaluation in comparison
with other State-of-the-Art methods in order to demonstrate their scientific contribution.
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Kurzfassung

Die kontinuierliche Zunahme der architektonischen Komplexitét von Deep Neural Networks
(DNNs) sowie der Druck auf DNN-Anwendungen, eine immer grofere Datenmenge sowie
immer komplexere Probleme zu bewéltigen, hat zu einer Nachfrage nach Ansétzen gefiihrt,
welche die zeitliche und raumliche Komplexitit solcher Netzwerke wahrend Training
und Inferenz reduzieren, insbesondere fiir Training unter Ressourcenbeschrankungen
oder Inferenz unter Zeitbeschriankungen. Arbeiten auf dem Stand der Technik, die
darauf abzielen, den DNN-Bedarf an Speicher und Rechenzeit wiahrend des Trainings
und/oder der Inferenz zu reduzieren, konnen in Techniken kategorisiert werden, die
Pruning, Quantisierung, neuronale Architektursuche (NAS), verteiltes Lernen oder eine
Kombination davon anwenden. In dieser Arbeit liegt der Fokus auf dem Intra-Training-
DNN-Pruning (d.h. dem Beschneiden des Netzwerks wiahrend und mit dem Ziel, das
Training zu beschleunigen), fiir das neue Ansétze vorgestellt werden. Dies wird durch
eine umfassende Literaturrecherche und eine eingehende Analyse des Stands der Technik
auf dem Gebiet der DNN-Beschneidung wiahrend des Trainings erreicht, wobei aktuelle
wissenschaftliche Liicken hervorgehoben und neuartige Losungen fiir eine ausgewéhlte
Teilmenge der identifizierten offenen Forschungsfragen synthetisiert und implementiert
werden. Die in dieser Arbeit vorgeschlagenen Losungen werden einer umfangreichen
analytischen und empirischen Bewertung im Vergleich mit anderen Methoden des Standes
der Technik unterzogen, um ihren wissenschaftlichen Beitrag zu demonstrieren.
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1. Introduction

With the general trend in machine learning towards larger and more complex models
to solve increasingly complex problems more accurately [5], inference in time-critical
applications or training under resource and/or productivity constraints is becoming
increasingly challenging. These applications include robotics, augmented reality, self-
driving vehicles, mobile applications, or scientific research where a high number of trained
models is often needed for hyperparameter optimization. Accompanied by this, already
some of the most common DNN architectures, like AlexNet by [19] or ResNet by [20],
suffer from over-parameterization and overfitting as described by [21, 22]. While the
current SotA knows numerous approaches for minimizing the resource consumption of
DNNs as outlined in detail in Section [3.4] there is room for improvement in several
areas as highlighted in Section [3:4.2] particularly in the area of intra-training DNN
pruning. Pruning, for which a more detailed introduction is provided in Section [2.6.5
in the context of this thesis refers to the removal of certain portions of a DNN; e.g.
the through the induction of sparsity in its layers weights tensors such that most of
their elements are zero. Intra-training DNN pruning has been neglected as a source of
training acceleration in favour of accelerating inference due to inference being more often
executed than training [2, p. 160] and less complicated to prune since no constraints on
heuristic overhead or compatibility with training algorithms exist [7]. Nonetheless, DNN
training and its acceleration are deemed crucial by the author for without training, there
is no inference and consequentially cheaper neural network training opens the door to
more inference applications. The acceleration of training and acceleration of inference
through pruning also do not contradict each-other, so ideally an efficient training algorithm
outputs a DNN which is capable of efficient inference as well. In Section [3.4.2] several
open problems in the field of intra-training DNN pruning are discussed and possible
solutions are proposed in Section [d] Particularly Section [] focuses on how forward and
backwards pass can be pruned with distinct heuristics incorporating the unique properties
and constraints of these two components of training and how the overhead of specific
metrics used in pruning heuristics can be reduced through a more efficient computational
strategy. The proposed more efficient computational strategies already lead to previously
intractable problems becoming tractable, but is further explored how the incorporation of
probabilistic methods can be used to reduce heuristic overhead even more.

1.1. Motivation

In a previous work [23], the author already successfully demonstrated how an information
theory motivated heuristic can be used for intra-training quantization. Quantization as
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conjectured by the author in [24] however essentially treats the same issue as DNN pruning,
NAS or mixed-strategy approaches - the systematic simplification of DNNs overly complex
for the tasks they are intended to solve, leading to disproportional computation, memory
and storage requirements. Motivated by the successful application of an information
theory motivated heuristic in the intra-training quantization domain, the author of this
thesis intends to explore - among other avenues of approach - the applicability of an
information theory motivated heuristic to intra-training DNN pruning.

1.2. Problem Statement

As outlined in Section [I} there is demand for strategies accelerating DNN training
and intra-training pruning is a neglected yet important source of training acceleration.
Consequently, it is necessary to document and analyse the SotA in intra-training DNN
pruning, to identify scientific gaps which hamper the effectiveness of current SotA methods
and to devise novel solutions for accelerating training through pruning that go beyond
the SotA.

1.3. Goals

The goals of this thesis are to

e Provide a reader with a background in computer science or mathematics with the
necessary preliminary knowledge to understand the reasoning in this thesis.

e Survey the current state in intra-training DNN pruning and provide an extensive
overview and analysis of current techniques and trends.

e Based upon this survey, identify current scientific gaps and open research questions.

e For a selected subset of research questions focusing on performance increases during
DNN training, synthesize novel solutions, potentially taking into account the authors
previous experiences with information theory based intra-training quantization (see

Section .

e Empirically and, where possible, theoretically demonstrate through comparison
with competing State-of-the-Art works that the proposed solutions advance the
State-of-the-Art in the field of intra training DNN pruning.

e Highlight potential future directions of research.

1.4. Structure and Summary

In Chapter [I] Introduction, the problem, motivation and goals of this work are described
on an abstract level. In Chapter [2| Preliminaries, the reader is provided with the necessary
background information to understand subsequent chapters and reasoning in this thesis.
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Chapter [3] Related Work first describes the methodical approach by which related work
was selected, provides a brief overview over historical developments, an extensive survey
of contemporary work on the problem, analysis of contemporary work and open research
questions. Contemporary approaches that apply pruning during training overwhelmingly
(97.78%) introduce advantages in terms of acceleration and compression during the
inference phase, 28.88% could produce at least theoretically some advantageous effect
during training but do not necessarily document it through experiments or analytical
results. Only 14.33% prune during training with the explicitly stated goal of accelerating
training. Furthermore and independent of whether an approach is designed to accelerate
training or inference, any advantages found by researchers in the domain of intra training
pruning is predominantly shown empirically with only 10.5% of the surveyed works
including any kind of formal proof, which hampers generalizability. While tendencies
towards preferred experiments and metrics exist in the field, this focus on empirical
research combined with the fact that no standardized and commonly agreed on set of
experiments and metrics exists complicates comparison of different works with one another,
forcing researchers to execute large numbers of experiments to fully compare their work
to potential competitors. Identified key research questions focus on

e How the computational overhead of pruning heuristics can be lowered, which is
crucial given that for any intra-training pruning method to succeed in accelerating
training, the incurred overhead must be significantly lower than the speed up of the
DNN training process.

e Whether heuristics tailored to the specific needs of forwards- and backwards pass
yield any advantage over heuristics that do not treat forwards- and backwards pass
pruning separately.

e How to combine structured and unstructured pruning (in unstructured pruning,
arbitrary weights can be pruned, while in structured pruning, a certain regularity is
incorporated, details see Section [2.6.5)) to accelerate training.

e Explore whether an intra training pruning scheme originally targeted at inference
acceleration can be adapted for intra training pruning targeted at accelerating
training.

The Chapter [] Synthesis derives new approaches from related work for solving the
open research questions at hand and discusses the thought process and intuition behind
them. Concretely, a new and much more memory efficient method for the computation of
Gradient Diversity [25] is introduced, which is then used in a gradient pruning heuristic
designed to accelerate the backwards pass through conducting only the most important
weight updates. The computational efficiency of this gradient pruning scheme is further
improved by the incorporation of a Monte Carlo approach which, during a small pre-
defined number of sampling epochs at the beginning of training, learns the probability
with which a certain gradient update is skipped and during later stages of training uses
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these probabilities to stochastically decide whether an update is applied, reducing the
heuristic overhead by up to two orders of magnitude in the process. To accelerate forward
passes during training and potentially during inference as well, a new structured pruning
scheme motivated by information theory, particularly Kullback-Leibler Divergence [26], is
introduced and combined with unstructured pruning techniques for maximum compression
and acceleration. One of the unstructured pruning techniques combined with the novel
structured pruning approach using the Alternating Direction Method of Multipliers is
based on a modified work originally targeting inference acceleration [I§|, the other is of
the much simpler magnitude pruning type.

In Chapter [5] Performance Model, the performance model used for the evaluation of
the approaches derived in Chapter [4 Synthesis is described.

Empirical evaluation is done in Chapter [6] Evaluation: first, an ablation study is con-
ducted and the proposed approach’s sensitivity to new hyperparameters is studied on
small-scale experiments and finally the worth of the whole approach is demonstrated
on large-scale experiments. Using several simple but representative architecture/dataset
combinations, the ablation study explores which of the devised novel approaches or
combination of approaches for forwards- and backwards-pass acceleration yields the most
desirable results in terms of highest acceleration and lowest accuracy loss and generalizes
best across different architectures and datasets. The best performing approach, a com-
bination of the novel forwards- and backwards-pass pruning methods with the modified
unstructured approach originally targeting inference, is then evaluated with respect to its
hyper-parameter sensitivity and compared with several other SotA approaches seeking to
accelerate training through pruning on large scale experiments. The large scale experi-
ments show that the novel combined approach reaches or surpasses SotA levels in accuracy
degradation in at least 57.33% of the evaluated cases whereby in 46.67% of cases clear
superiority is demonstrated and in 14.66% the proposed approach is at least not clearly
inferior. In terms of training acceleration, the proposed approach reaches or surpasses
State-of-the-Art training acceleration in 75.00% of cases whereby in 58.33% of cases clear
superiority is demonstrated and in 16.67% the proposed approach is at least not clearly
inferior. With regards to the thesis key research questions, these results indicate that
indeed heuristics tailored to the specific needs of forwards- and backwards pass yield a
slight advantage over heuristics that do not treat forwards- and backwards pass pruning
separately and show that combining structured and unstructured pruning during training
has an advantage over approaches that only leverage one of those two types of sparsity.
Further, it is shown that an approach originally targeted at inference acceleration can
be modified such that it is capable of accelerating training. Concerning the reduction
of overhead of the heuristic, it is shown that the synthesized Monte Carlo approach is
capable of reducing overhead by up to 2 orders of magnitude while the proposed efficient
computation of Gradient Diversity can reduce memory consumption by up to 3 orders of
magnitude.

Chapter [7] discusses the contribution of this work and its delimitation from other works
in the field. The literature survey included in this thesis, which contributes an extensive
listing and categorization of carefully selected SotA works, distinguishes itself from other
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surveys in this field through its documentation of experiments and metrics used in the
field, which is of value for the entire field because it will enable other researchers in the
future to select their experiments in such a fashion that they are comparable with as many
competing works as possible. The novel approaches proposed in this thesis contribute
through providing answers to the associated research questions and are unique in the
pruning heuristics or combination of heuristics they employ as well as the novel techniques
used to reduce heuristic overhead by up two two orders of magnitude.

Finally, Chapter [§ Conclusion and Chapter [9] Future Work reflect on the outcome of
the newly introduced approaches and discuss possible future directions of research derived
from the insights gained in this thesis.






2. Preliminaries

2.1. Notation and Assumptions

In the following, bold printed lower caps variables (e.g., &) will be used for column vectors
and bold printed upper caps variables (e.g., X) will be used for matrices except where
otherwise noted. Unless specified otherwise, "y indicates inner product, X TY indicates
matrix product and 'Y or Yz indicates vector-matrix product of arbitrary matrices
X, Y or respectively vectors x,y. A variable z denotes a scalar value. The neurons of
ANNs will also be referred to as nodes or units synonymously, the connections between
neurons will be referred to as connections or weights. Unless specified otherwise, all
variables are assumed to be real-valued.

2.2. Biological Motivation and Fundamentals

Artificial neural networks (ANNs) are a popular machine learning technique simulating
the learning mechanism of certain parts of the human nervous system as depicted in
Figure 2.I] In the human brain, neurons are connected to one another via so-called
dendrites and axons, whereby the connecting areas between axons and dendrites are
referred to as synapses. The strength of these synaptic connections can change frequently
dependent on external stimuli [2, p. 1|. In the simplest case of a feed-forward ANN shown

dendritag  of axon
all body
o aeen
nucleus s;"'{\i-;‘e . tayminals
Presynaglic. Postsynagtic
Neuran Newron DENDRITES WITH
() SYNAPTIC WEIGHTS

(a) Biological neural network (b) Artificial neural network

Figure 2.1.: Biological and artificial neural network
2, p. 1]

in Figure (a), the single layer Perceptron without bias and scalar output, an input
vector * = (x1, ..., x,) is multiplied element-wise by a weights vector w = (w, ..., wy,)
and the aggregated result (>_) is fed into a non-linear activation function (sign function
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INPUT NODES INPUT NODES

(a) Perceptron without bias (b) Perceptron with bias
Figure 2.2.: Perceptron
2, p. 5]

in this exemplary case), i.e.,

Yy = sgn(z wiz;) = sgn(w ' ) (2.1)
j=1

Figure (b) illustrates the case if an additional bias term b is given s.t. the ANNs
output becomes
y =sgn(w 'z +b)

In the multilayer case (also known as multilayered perceptron) displayed in Figure
(a)-(d) in various notations, an input vector @ is fed to a first layer (the input layer)
in the same fashion as in the single layer case. However, the output of the input layer
is again used as input for the next layer (a so-called hidden layer) of artificial neurons.
This process is repeated recursively for each layer ¢ until a single output y is obtained.
Formally, this forward pass through the network is denoted as

y = ®1(w] By(WP3(Wsx)))
or if bias terms b; are given
y = &1 (w] Do(Wods(Waz + bs) + ba) + by)

with weights matrices W; (or vectors w;) and activation functions ®; and layer indices
i € {1,2,3}. For multiple outputs as illustrated in Figure the output becomes

x' = & (W1 Do(W,O3(W3x)))
or if bias terms b; are given
IIZ, = @1<W1@2(W2@3(W3.’E + b3) + b2) + bl)

Layers following the pattern described in the above simple ANNs are also referred to as
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Figure 2.3.: Multilayer perceptron [2, p. 18]

INPUT LAYER OUTPUT LAYER

OUTPUT OF THIS LAYER PROVIDES
REDUCED REPRESENTATION

Figure 2.4.: Multilayer perceptron with multiple outputs [2, p. 18]

linear or fully connected layers.

For nD inputs (i.e., X C R™) with n = 2 such as images, the inputs are either directly
reduced to a vector format compatible with linear layers through flattening (usually in
row-major order) or through a combination of feature extraction techniques such as,
e.g., convolutional layers followed by pooling layers, which are both briefly covered in
Section 2.5.1.21 Because the exact mathematical definitions behind convolutional and
pooling layers, their control variables and different subtypes are not directly relevant
to this thesis though, no detailed outline is provided here and the interested reader is
directed to relevant literature, e.g., |2, p. 315-371].
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2.3. Activation Functions

A critical part of ANN design is selecting an activation function, e.g., for the earlier
mentioned perceptron, the fact that binary class labels are the prediction target is the
main motivation for choosing the sign function in Equation . Other target variables
may require other activation functions. In the case of real values, the identity function
may be used, or if the probability of a binary class is to be predicted, the sigmoid function
has the desirable property of continuously mapping the output between 0 and 1. [2, p. 12]
The integration of the activation function ® in a neuron is illustrated in Figure

X { % h=b(W-X)

BREAK UP

W, a,=W-X _
X { —»@ " [ ¢ :"O::—(-ihc)ﬂVATloN

VALUE

PRE-ACTIVATION
VALUE

Figure 2.5.: Pre-activation and post-activation values within a neuron [2] p. 12]

2.3.1. Common Activation Functions

While in principle any differentiable function could be used as an activation function,
the most common activation functions are briefly discussed below. An illustration of the
shape of the below discussed activation functions is given by Figure [2.6

2.3.1.1. Sign

While the sign activation function allows the mapping to binary outputs at inference time,
the fact that it’s non-differentiable makes the creation of a loss function for gradient-based
training impossible. |2 p. 12]

®(v) = sgn(v) (2.2)

2.3.1.2. Sigmoid

Using sigmoid as activation maps to the real interval 0, 1, which make it useful in cases
where the output should be interpreted as probabilities. It is further useful for making
probabilistic outputs and creating loss functions based on maximum-likelihood models. 2]
p. 12]

B(v) = (2.3)

10



2.3. Activation Functions

2.3.1.3. Hyperbolic Tangent (tanh)

The shape of tanh bears similarity to that of the sigmoid function, and tanh is also
mathematically related to sigmoid (tanh(v) = 2 - sigmoid(2v) — 1). However, it is re-
scaled and translated to the interval [—1, 1] and its larger gradient compared to sigmoid
improves training. Tanh is preferable over sigmoid if outputs are supposed to be positive
and negative. |2, p. 12]

2v
eV —1
a) Identity b) Sien ¢) Sigmoid
) g g
(d) Tanh (e) ReLU (f) Hard Tanh

Figure 2.6.: Various activation functions [2, p. 13]

2.3.1.4. Hard tanh

A recent piece-wise linear version of tanh has become popular in recent years and has
replaced tanh and sigmoid for easier training in multi layer ANNs. [2] p. 13]

®(v) = max(min(v, 1), —1) (2.5)

2.3.1.5. Rectified Linear Unit (ReLU)

Another piece-wise linear activation function is ReLU, which has become popular for
reasons similar to hard tanh. [2, p. 13]

®(v) = max(0,v) (2.6)

11



2. Preliminaries

2.3.1.6. Softmax

In the case of k-way classification (example with k£ = 3 see Figure , a common choice
of activation function for the output layer is the softmax function. The softmax function
balances the probabilities with respect to C' classes. |2, p. 14] For the i-th output, the

activation is given by:
Vi

(2.7)

HIDDEN LAYER

INPUT LAYER

Figure 2.7.: An example of multiple outputs for categorical classification with the use of
a softmax [2, p. 14]

2.4. ANN Training and Inference

Generally, the lifecycle of ANNs can be split in two distinct phases: training and inference.
During training, the weights of the ANN are adjusted by some optimization algorithm
such that a given loss function is minimized. The most common case of ANN training
involves a differentiable loss function, to which optionally some regularization terms
can be added to reduce the generalization error, and the network is optimized through
gradient-based optimization (whereby each optimization step is referred to asbackwards
pass), although solutions for non-differentiable loss functions exist

The training phase is executed only once except in the case of continuous learning. The
inference phase, however, can be executed many times over. In the following, I will briefly
cover common loss functions, regularization and optimization available in major machine
learning frameworks.

2.4.1. Loss Functions

The loss function is an essential component of ANN training, as it provides a real valued
representation of the degree to which an ANN’s predictions deviate compared to a given
ground truth. The chosen loss function should be sensitive to the problem the ANN
is intended to solve, e.g., regression with numeric outputs is compatible with a simple
squared loss of the form (y — ¢)2 for a single training data point whereby ground truth
is denoted by y and prediction is denoted by ¢ [2, p. 15] [27, p. 181]. Compatible in

12



2.4. ANN Training and Inference

this context means that for some problems such as regression, the numerical values are
important and the target values must be matched closely to obtain a small error while in
other problems such as classification, the exact numerical output is unimportant as long
as the class is indicated unambiguously. [2§]

2.4.1.1. Cross-Entropy

For discrete multiclass predictions, the softmax output is a common choice, as it can be
used to model the probability of a certain input belonging to a certain class. If softmax is
used in the output layer, a very popular choice [27, p. 226] for loss function is cross-entropy
loss, which is defined as follows |2, p. 118]:

C
L(y,0) =— Z yilog(oi) (2.8)

where y; designates the i-th element of the label vector y and o; designates the i-th
element of the vector o of class probabilities output by the ANN. An alternative notation
highlighting the loss function’s implicit dependence via o on the network’s weights W,
true-labels Y and input data X is L(W;Y, X). For softmax outputs o and one-hot
encoded class-labels y, cross entropy is always non-negative and intuitively, it represents
the average number of bits needed to encode data coming from a source with distribution
P when model Q is used [29]. Hence the lower the value of cross-entropy, the less bits
are required to encode data from ground truth’s distribution P to model distribution Q,
meaning that the model is more accurate.

2.4.1.2. Mean Squared Error (MSE)

For regression problems with multiple data points, MSE, which computes the mean of
the squared errors, is a suitable choice. MSE is given by
1
L(y,o) = N Z(?/i —0;)?
(2
where y; designates the i-th element of the ground truth vector y and o; designates the
i-th element of the prediction vector o. MSE can be interpreted as the cross-entropy
between the empirical distribution P and a Gaussian model Q [27, p. 132].

2.4.2. Optimizers

In multilayer ANNSs, the loss is a complicated composition function of the weights of
the previous layers of the network. The gradient of this function is computed using
the backpropagation algorithm which, based on the chain rule from differential calculus,
computes the error gradients summation’s of local gradient productions over the paths
from a node to the output. [2, p. 21, 107-124] After the computation of the gradients,
the weights of the ANN are updated. Various different gradient-based weight update
strategies exist [2, p. 134-152], two of the most common will be briefly covered below.

13



2. Preliminaries

2.4.2.1. Stochastic Gradient Descent (SGD)

The basic concept of gradient descent (GD) is to use the gradients computed via chain
rule from the loss £ of the ANN over the entire dataset Y, X to update the weights W'
of each of the layers [ of the ANN with learning rate 7. [2, p. 122]

W =w!—n. VY L(W;Y,X) (2.9)

This, however, if often computationally infeasible in modern ANNs with millions of
parameters. Because (in most optimization problems) the loss function can be expressed
as the linear sum of the losses w.r.t. individual data instances, iteratively updating the
weights for individual data instances losses can be shown to ultimately produce the same
result as updating them for the loss computed over the entire dataset. |2, p. 122]| The
update rule for the j-th data y;, X; instance is then given by:

Wiy =W5—n- Vi, LWy, X;) (2.10)
The term stochastic in SGD refers to the random order in which the dataset is traversed.
The downside of SGD is though that a much larger number of updates has to be computed
than is the case in regular SGD, where only a single update per epoch occurs. This is
solved by Mini-Batch SGD [2, p. 123], which is a variant of SGD and can be seen as
an intermediate between classic GD and SGD in that it updates weights based on the
loss of batches of n images instead of single instances or the entire dataset. Usually, any
reference in recent literature to SGD is actually to Mini-Batch SGD, so the term will
be used in the same manner for the rest of this thesis. Pseudocode for SGD is given by
Algorithm.

2.4.2.2. Adam

Adam is another very popular gradient-based weight update scheme operating on mini
batches. Unlike SGD, however, it employs a signal-to-noise normalization scheme by
inversely scaling the derivative with the exponentially averaged value of j-th parameter
W and also exponentially smooths the first-order gradient such that momentum is
included in the update. Further, it directly addresses the bias inherent in exponential
smoothing that occurs when the running estimate of a smoothed value is unrealistically
initialized with 0 [2, p. 140]. On computer vision tasks, Adam can be shown to have a
faster convergence speed than SGD but suffers from a higher generalization error because
SGD is more locally unstable than Adam at sharp minima and can better escape from
them to flatter ones [30]. Pseudocode for Adam is given by Algorithm.

2.4.3. Regularization

Regularization is a technique to reduce overfitting, i.e., the model’s generalization error.
Various different approaches to regularization exist, but the by far most common approach
is penalty-term based regularization, where a penalty term is linearly added to the loss
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Data: n, Wy, £, X, Y, A\, u, 7, nesterov

1 for j=1to ... do

2 Gj %VWj[,(Wj;yj,Xj)
3 if A # 0 then

4 ‘ Gj — Gt + )\Wj_l

5 end

6 if u # 0 then

7 if 5 > 1 then

8 ‘ bj%,ubj—i-(l—T)Gj
9 else

10 ‘ bj — Gj

11 end

12 if nesterov then

13 ‘ Gj < Gj_1 + ub;
14 else

15 ‘ bj — Gj

16 end

17 end

18 Wj — ijl — ?7Gj
19 end

Result: W,

Algorithm 1: SGD Pseudo Code adapted from [14], Arguments: learning rate 7 ,
network weights at iteration W , loss function £ , input data X , labels Y, decay A,
momentum g, dampening 7, nesterov momentum [I5]

function £. In order to be compatible with backpropagation training schemes, the penalty
term has to be differentiable. Two common penalties used in ANN training are Lo and
L; penalties. [2] p. 181]

243.1. Ly

In Lo regularization, the added penalty is defined as the sum of the squares of the values
of the network’s parameters. This penalty drives weights towards zero (although not
enforcing exact zero values) with the quadratic term particularly affecting large values
which reduces the influence of individual weights on the network output. The strength of
the regularization is controlled via a control parameter o > 0 which can be tuned via
hyperparameter search techniques.

8]
LW jiy;, X)) = LWy, X;) + 5 W5 (2.11)

Using L2 regularization is a rough equivalent to imposing a weight decay after each
parameter update and, in terms of a biological interpretation motivated by Section
can be viewed as a forgetting mechanism which ensures that only repeated updates have
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Data: n, 51, B2, Wo,X, Y, L\, amsgrad

1 for j=1to ... do
2 Gj %ijﬁ(Wj;yj,Xj)
3 if A # 0 then
4 ‘ Gj — Gj + )\Wj_l
5 end
6 | M;«+ M1+ (1-751)G;
7 V< BV,_1+ (1-— ﬁg)G?
8 | M;+ 5
oA
° Vit )
10 if amsgrad then
11 ijaz — ma:n(ijax, Vj)
12 W, Wi — i
R Y
13 else
14 Wi« W; - 77@
’ Ve
15 end
16 end
Result: W;

Algorithm 2: Adam Pseudo Code adapted from [16], Arguments: learning rate 7,
coefficients used for computing running averages of gradient and its square §; and (o,
network weights at iteration W; , loss function £ , input data X , labels Y, decay A,
amsgrad variant [17]

a strong effect on the weights, which prevents the model from memorizing the training
data (i.e., overfitting) such that generalization is improved. Generally, weights tend to
move closer to 0 when Lo regularization is used. |2, p. 183]

2432 I

In L; regularization, the squared penalty used in Ly regularization is replaced by a penalty
on the sum of the absolute magnitudes of the parameters.

A

«
LW ;5 X;) = LWy, X5) + 5 W5l (2.12)

A problem that - at least theoretically - arises in L; regularization is that the penalty
term is non-differentiable for w; = 0, which would make the use of special techniques such
as the subgradient method necessary to find the partial derivative. In practice, though,
the finite precision of computers usually prevents w; from being ezactly 0. While L has
the same tendency as Ly to move weights closer to zero, the different way penalization
is applied does lead to different properties of L; compared to Ls. From an accuracy

16
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point of view, Ly in most cases outperforms L, however L; usually leads to more sparse
networks. |2, p. 182]

2.4.3.3. Dropout

Instead of applying a penalty term to the loss function, another way to achieve regulariz-
ation is the random dropping of nodes of a network during each mini batch. If a node is
dropped, then all its in- and outgoing connections are dropped as well. The dropping
of both in- and outgoing connections is akin to adding noise to a layers in and outputs,
which has been shown to have a regularizing effect [31]. The connection dropping also
leads to different neural networks being sampled and trained at each mini batch. In order
to make predictions with such a trained ensemble of networks for a classification problem,
one possibility is to use the complete network and compute the geometric mean of the
output nodes, which corresponds to the average of the log-likelihoods. [2 p. 188-189)]

2.4.4. Training Visualization

Training is typically illustrated as training, test and validation loss curves (see Figure
which show the progress (i.e. the minimization of the loss function) over the epochs
of training, aggregated as the average loss over all batches of a dataset. Alternatively,
it is also common to show training, test and validation error (e.g. the percentage of
misclassified images in an image classification scenario) or accuracy (e.g. the percentage
of misclassified images). The terms training, test and validation in this context refer to
the dataset that is used: the training dataset is used for model training while the test
and validation datasets, which are not used for training, are used for model selection (if
multiple are trained on the same dataset) in the case of the validation dataset and final
model evaluation in the case of the test dataset.

loss
—%

validation
loss

training
loss

* training epoch

early stopping

Figure 2.8.: Exemplary illustration of the development of training and validation loss
curves during training whereby the models loss is evaluated on the training
and validation dataset [3]. In this image, early stopping illustrates the point
where further network training will only decrease training loss but increase
validation loss due to overfitting [2, p. 27].
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2.5. Deep Neural Networks (DNNs)

Survey [I] taxonomizes selected common CNN topologies based on how they obtain rep-
resentational power: Spatial Exploitation (pixel-neighbourhood correlation, AlexNet[32]
LeNet5 [33, [34], VGGNet [35]), Depth (increasing the number of layers to improve target
function approximation, InceptionV3 [36] & V4 [37], ResNet152V2[20], 38] ), Width (increas-
ing the number of parameters per layer to improve approximation) and Multi-Connection
(skipping layers via shortcut-paths, ResNet152V2, MobileNetV1 [39] & V2 [40]). Other
categories recognized by [I] are Width-Multi-Connection (Inception family[41l 136, [37]),
Feature-Map Exploitation, Channel Exploitation and Attention-based CNNs.

2.5.1. Overview

Due to the large variety of CNN topologies w.r.t. intended task, size and solution strategy,
I will focus on a few selected well-known CNNs listed in Table intend for image
classification using classical reference data sets. Furthermore, my selection is based on
exploring CNNs that employ a variety of different strategies (referred to as category,
described below in Table to improve their results. An (incomplete) taxonomy of
CNN topologies is shown in Figure It includes most of the selected topologies, which
are located in the left half of the taxonomy:.

Network Depth | Parameters Category Reference Dataset
LeNet [34] 5 0.6 - 10° Spatial Exploitation | MNIST [42]
AlexNet [32] 8 6.0 - 107 Spatial Exploitation | ImageNet [43]
MobileNet [39] | ? 4.2-10% (?) Spatial Exploitation | ImageNet [43]

. L ImageNet[43]

108

VGG [20] 19 1.38-10 Spatial Exploitation CIFAR-10 [13]

. ImageNet[43]

- .10%-2.7 - 107

ResNet [20] 152-110 | 1.7-10°-2.7 - 10" | Multi+Depth CIFAR-10 [13]

Table 2.1.: Overview of the relevant topologies [I]. Depth refers to the number of
layers, Parameters to the networks trainable parameters, category to the
representational power category, reference dataset to a typical dataset used in
conjunction with this topology.

2.5.1.1. Categories

More detailed descriptions of the concepts behind the categories are available at [I.

e Spatial Exploitation-based CNNs: Using the convolution operation as illustrated
in Figure as feature extraction mechanism [2, p. 315-368|, these types of
networks exploit the neighbourhood correlation of input data, and different levels
of correlation can be explored through using different filter sizes. [1]
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e — “ Width based \\1 Chann Topws
alia th base - - hannely.
s Depth based || Multi-Path based oy Fealure-Map iChannel ...) . el Allention
Exploilaton based CNNs CNNs Muli-Connection Exploitation based NN Exploitation based based CNNs
CNNs e - CNNs plo: Fe e CNNs -
! ' ¥ ' v .
. T |1 g td mentior
LeNet Mighway Nets Ilighway Nets WideResMet Sequoczc and Chasnel Boosted | | Residual A cation
Exeitation NN msing TL Neural Netwodk
AlpxNet Reshet ResNet Pyramidal Net L8 umpu:u_r:wl- 's¢l|uc'.-1c [ ._m»ululmn.nl Hiock
- and Fxcitation Attertion
T I PR e . Concumment Squecec
ZMNet Incepion-V3, V4 DenseNet Xecptiom and Pl bation
- . Inception
VGG Inception-ResMet Family
GoogleNet ResNext

Figure 2.9.: Taxonomy of deep CNN topological categories [1].

e Depth-based CNNs: Networks of this type exploit that with increasing depth, the
network becomes better at approximating the target function through a number of
non-linear mappings and improved features representations. The main downside
of increasing depth in neural networks are the vanishing gradients [2, p. 129-134|
problem, as well as negative learning. [I]

o Width-based CNNs: As an answer to the vanishing gradients’ problem that might
arise as a network’s depth (i.e., number of layers) is increased, increasing the width
of the network instead was proposed as a viable solution [I].

e Multi-Path based CNNs: In these networks, shortcut paths provide the option of
skipping layers deemed less important. Different types of shortcut connections exist
in the field, for example zero padded, projection, dropout or 1x1 connections [I].

2.5.1.2. Contemporary Architectures

Below I will briefly introduce contemporary architectures, their motivation, and relevance
to contemporary research. The presented architectures were selected based on both their
frequency of use in experiments in work related to this thesis (see Table as well as
their great influence on the development of deep neural networks [I].

LeNet (Spatial Exploitation) LeNet [44] (see Figure 2.11] for topology visualization), a
feed-forwards CNN which consists of 5 alternating layers of convolutional and pooling,
followed by two fully connected layers, was initially designed to solve the handwritten
digit recognition task without being affected by small distortions, rotation, and variation
of position and scale. By exploiting the fact that neighbouring pixels are correlated to
each other and that such feature motifs are distributed across the entire image, LeNet
extracts such features by using convolution with learnable parameters in an effective
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Figure 2.10.: Example of a convolution with a 7x7x1 input and a 3x3x1 kernel with stride
1, illustrating the contribution of each input feature map to the convolutions
output. Typically, convolutional layers have several learnable filters and
are followed by a pooling layer which aggregates the result obtained by the
convolution of each filter with the input. |2 p. 321]

way. [I] LeNet is a small classical CNN topology and, despite its shortcomings (mainly

avg-paol
2x2

J2x32%1

[omss] -

avg-pool
2x2

Figure 2.11.: LeNet topology [4]

120 B4 10

very poor scaling to diverse classes of images) and age, still relevant until now due to
its simplicity and accessibility. LeNet can be trained on MNIST to a high accuracy on
most consumer laptops. In the context of contemporary research, it serves as a model for
experiments with uncertain outcome because it can be quickly trained and evaluated yet
bears sufficient similarity to the more complex architectures.

AlexNet (Spatial Exploitation) To make CNNs applicable to more diverse categories
of images, depth was increase from 5 layers in LeNet to 8 layers in AlexNet [19] (see
Figure for topology visualization). To address the problem that, while increasing
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depth improves generalization to different resolutions of images, increasing depth also
increases the model’s tendency to overfit, AlexNet uses maximum pooling instead of
average pooling as well as regularization to learn more robust features as well as ReLLU for
definition) as non-saturating activation function in order alleviate the problem of vanishing
gradients to some degree and to improve convergence rate. Further, AlexNet uses different
filter sizes (11x11, 5x5, 3x3) which allows for the extraction of features of variable size.
Some of the known disadvantages of AlexNet are that there exist inactive neurons in
the first and second layers, as well as aliasing artefacts in the learned feature-maps
due to large filter sizes. [I] AlexNet solves many of LeNet’s shortcomings is commonly

max-pool max-pool
3x3 3x3

224%224%3

4096 4096 1000

Figure 2.12.: AlexNet topology [4]

used as baseline for new image classification CNN topologies, training, and quantization
algorithms [45] [46, [47, [39, 48, [37] or cited as historically relevant by survey papers [ [49].

MobileNet (Spatial Exploitation) The MobileNet [39] topology was specifically de-
veloped to tackle the problem of limited computational resources on mobile devices. It
employs a series of 22 convolutional [50] layers, alternating depthwise and pointwise
convolutions, in combination called depthwise separable convolutions (Note: a short
tutorial on separable convolutions can be found here [51]) to filter and combine inputs
into new sets of outputs, followed by average pooling layer, so the topology can be seen
as an extreme case in the spatial exploitation category of topologies. The classification is
finally done by a single softmax activated linear layer. MobileNet is capable of adapting
its width and depth using two hyperparameters a and p that control the size of the
convolutions and thus the computational complexity of the model. MobileNet is relevant
because it provides a topology optimized for use on mobile devices with strong resource
constraints without resorting to quantization, i.e., it is a complementary approach to
quantization. Furthermore, it has inspired Google Research’s powerful Morph Net [52]
NAS. A disadvantage of MobileNet is its hyperparameter dependency: « and p must be
known beforehand, and optimal model size is not determined during training.

Visual Geometry Group (Spatial Exploitation) Visual Geometry Group (VGG) [35]
is, at 19 layers deep in the originally proposed configuration, an architecture exploiting
depth notably more than AlexNet at 8 layers, but also differs in its arrangement of filters
as well as its modularity. VGG uses a large number of, compared to AlexNet, small-
sized filters (3x3) placed concurrently to induce the same effect as larger filters at lower
computational cost. In VGG, the complexity of the network is further regulated by placing
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1x1 convolutions between the convolutional layers, which learn a linear combination of the
resultant feature-maps. VGG’s main advantages are its simple, homogeneous architecture
and increased depth. Its main limitation, however, is that it uses 1.38e8 parameters, which
render it computationally complex and deployment on low resource systems difficult. [I]
VGG is used as baseline for previously mentioned MobileNet [39] and also referred to in
literature [45].

ResNet (Depth+Multi Path) ResNet [20] (see Figure for topology visualization),
which can be considered a continuation of the trend towards deeper networks, was revolu-
tionary when originally proposed as it for the first time introduced residual learning in
CNNs and devised an effective method for the training of such deep networks. The archi-
tecture of the residual block of ResNet is illustrated by Figure Taxonomically, ResNet
falls under the category of Multi-Path CNNs, similar to Highway Networks. ResNet,
which in the originally proposed configuration is 20 times deeper than AlexNet and 8 times
deeper than VGG, is not only less computationally complex than these architectures, but
can in some configurations also achieves higher accuracies on reference image recognition
datasets. It further suffers less from the effect of the vanishing gradient problem than
other topologies. ResNet’s disadvantages are that many layers may contribute very little
or no information, the possibility of relearning of redundant feature-maps and highly
task-dependent hyperparameters and its comparably complex topology. [I] ResNet is, like

glabal
avg-poal

meHmeHw%meHmHﬁh

1000
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5 5 e ps x =
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Conv block Identity block

Figure 2.13.: ResNet50 topology [4]

AlexNet, commonly used as baseline for new image classification CNN topologies, training
and quantization algorithms [53, 54] [406], [47], [48], [45] or cited as historically relevant by

survey papers [1} [49].

2.6. Performance Optimization in DNNs

The growing size and complexity of neural networks led to various performance issues.
To measure and compare cost-efficiency of neural networks, accuracy density was devised
by [5], which refers to a models test accuracy achieved on a given dataset per the models
number of non-zero parameters. As illustrated by Figure and there exists a
general trend that improvements in accuracy come at the price of increased network

22



2.6. Performance Optimization in DNNs

F; (Input)
1" weight layer
K,

F (Input)

Figure 2.14.: Residual block [1]

complexity and network size, both increasing the burden on the GPU memory and
reducing throughput 2.1

As a consequence, various techniques have been developed to either reduce the number
of computations, the cost per computation or the memory consumption of the network.
While the majority of works are aimed at improving inference performance [2} p. 156-157],
there are approaches for improving training or both training and inference as well. In
the following, I will briefly introduce four major trends in neural network performance
optimization: quantization, neural architecture search, efficient architectures and pruning.

2.6.1. Quantization

One way to accelerate DNN training and/or inference is to choose a more efficient
numerical representation of the networks parameters or, within the same representation,
reduce the numerical precision used by the network. Numerical representation describes
how numbers are stored in memory (illustrated by Figure and how arithmetic
operations on those numbers are conducted. Commonly available on consumer hardware
are floating-point and integer representations, while fixed-point or block-floating-point
representations are used in high-performance ASICs or FPGAs. The numerical precision
used by a given numerical representation refers to the amounts of bits allocated for
the representation of a single number, e.g., a real number stored in float32 refers to
floating-point representation in 32-bit precision. With these definitions of numerical
representation and precision in mind, most generally speaking, quantization is the concept
of running a computation or parts of a computation at reduced numerical precision or a
different numerical representation with the intent of reducing computational costs and
memory consumption. Quantized execution of a computation, however, typically leads
to the introduction of an error, either through the quantized representation’s machine
epsilon €,,4;, being too large (underflow) to accurately depict resulting real values or the
representable range being too small to store the result (overflow).
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Figure 2.15.: Ball chart showing Top-1 accuracy on Image Net vs. computational com-
plexity. The size of each ball corresponds to the model complexity. [5]

2.6.1.1. Floating-Point Quantization

The value v of a floating-point number is given by v = ;%7 x b® where s is the significand
(mantissa), p is the precision (number of digits in s), b is the base and e is the exponent [55]
p. 2|. Hence, quantization using floating-point representation can be achieved by reducing
the number of bits available for mantissa and exponent, e.g., switching from a float32
to a float16 representation, and is offered out of the box by common machine learning
frameworks for post-training quantization i.e. acceleration of inference [56] 57].
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Figure 2.16.: Top-1 accuracy density. The accuracy density measures how efficiently each
model uses its parameters. [5]

2.6.1.2. Integer Quantization

Integer representation (int8, int16 due to availability on consumer hardware) is available
for post-training quantization and Quantization Aware Training (QAT) [58] 59] in common
machine learning frameworks [56, 57]. Quantized training, however, is not supported due
to integer quantized activations being not meaningfully differentiable, making standard
back-propagation inapplicable [60]. Special cases of integer quantization are 1-bit and
2-bit quantization, which are often referred to as binary and ternary quantization in

literature (e.g. [611 [62] [63]).
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Figure 2.17.: Initial static allocation of the model parameters (i.e., the model complexity)
and the total memory utilization. [5]

2.6.1.3. Block-Floating-Point Quantization

Block-floating-point as used by e.g. [64] represents each number as a pair of WL (word
length) bit signed integer x and a scale factor s s.t. the value v is represented as v = x xb~*
with base b = 2 or b = 10. The scaling factor s is shared across multiple variables (blocks),
hence the name block-floating point, and is typically determined s.t. the modulus of
the largest element is € [4,1] [55, p. 26-27]. Block-floating-point arithmetic is used in
cases where variables cannot be expressed with sufficient accuracy on native fixed-point
hardware.

2.6.1.4. Fixed-Point Quantization

Fixed-point numbers have a fixed number of decimal digits assigned, and hence every
computation must be framed s.t. the results lies within the given boundaries of the
representation [55, p. 1]. By definition of [65], a signed fixed-point numbers of world
length WL =i+ s+ 1 can be represented by a 3-tuple (s, 7, p) where s denotes whether
the number is signed, ¢ denotes the number of integer bits and p denotes the number of
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Figure 2.18.: Top-1 accuracy vs. number of images processed per second. [5]

fractional bits. In [23], fixed-point quantization is used in an intra-training quantization
scenario.

2.6.2. Distributed Learning

Generally, distributed DNN training involves training the same network architecture
instantiated locally on physically independent machines on different batches of data and
using some form of synchronization mechanism to update a global model. In Distributed
Selective SGD [66], for example, local instances of a DNN model train on locally available
data and after each iteration upload the gradients of some selective parameters to the
global parameter server. This global parameter server maintains the global parameters,
which are determined by the aggregate of all gradients of the local model instances.
Next, local model instances download some of the global parameters to update their
local parameters. Googles latest distributed training scheme aimed at mobile devices,
Federated Training [67], in a similar manner works by a global model being downloaded
from the cloud to physically independent machines, trained locally on locally available
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data, and later summarizes the changes to the cloud to improve the global model. To
avoid adversarial impact on the mobile device’s performance, however, local training only
occurs when the mobile device is idle, connected to a power source and connected to a
wireless connection. [66]

2.6.3. Neural Architecture Search

Designing neural architectures is a challenging task which traditionally relies heavily
on the researcher’s prior knowledge and experience, which makes it difficult for users
to adapt a given architecture to their needs. Furthermore, the fact that humans tend
to think in fixed paradigms and that their decisions are influenced by existing prior
knowledge can, to a certain extent, be seen as a limiting factor in the process of scientific
discovery. To mitigate these issues, Neural Architecture Search (NAS) was developed:
by automating the process of discovering new neural architectures that achieve the best
possible performance under certain performance and design constraints [68], reinforcement
learning (RL) based methods such as MetaQNN [69] and NAS-RL [70] have demonstrated
their capabilities to find architectures reaching SotA accuracy in image classification tasks
with minimal human intervention. Other approaches successfully employ evolutionary
approaches [7I] but come at the costs of very high computational complexity, limiting
their usefulness in day-to-day research, which is why large efforts have been devoted to

find more efficient [52] approaches to NAS. [72] [73]
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2.6.4. Efficient Architectures

A different approach to accelerate ANNs is the introduction of more efficient architectures
i.e. architectures that achieve similar test accuracy as a given baseline but have lower
memory requirements or computational complexity. Approaches from this category
typically employ two different strategies: either new operations for feature extraction are
introduced which maintain representational power while being more efficient to compute
or classic architectural components are paired with new, compression-oriented components
in such a fashion that only a low parameter count in the final model is obtained. A prime
representative of the first type is ShuffleNet [48]. In ShuffleNet, two new operations are
introduced, pointwise group convolution and channel shuffle, which significantly reduce
computation cost while maintaining accuracy. In SqueezeNet [45], which is dedicated to
low-end mobile target platforms and a representative of the second category, a new layer
called squeeze layer is introduced which helps to limit the number of input channels fed to
subsequent convolutional layers. SqueezeNet further uses efficient pointwise convolution
and employs the strategy of downsampling late in the network so that convolutional layers
have large activation maps. The downside of such architectures is that they are static, i.e.,
they do not dynamically adapt their parameter count to the complexity of the problem.
Furthermore these architectures - despite offering a significantly better accuracy /efficiency
trade-off than "classic" architectures such as earlier mentioned ResNet or AlexNet, with
some authors even observing a 44 times increase in algorithmic efficiency to reach AlexNet
level accuracy between 2012 and 2019 [74] - are outperformed in terms of accuracy by the
latest more complex approaches such as [75] or [76] as illustrated by Figure

2.6.5. Pruning

Neural network pruning, which is also known as sparsity induction or sparsification, refers
to the concept of removing certain portions of a neural network’s weights (as illustrated by
Figure or gradients tensors, reducing its size and computational complexity in the
process. The sparsity of a tensor is measured as the percentage of zero elements it contains
while the opposite concept, density, is measured as the percentage of non-zero elements.
This removal of certain parts of weights tensors is, as shown in Section [3] is in most
cases implemented by the application of a heuristically-generated binary element-wise
multiplicative pruning mask M?! onto a weights (or gradients) tensor W of a layer I,
zeroing out unwanted elements,

w' = winm! (2.13)
or by the addition of some penalty term P to the loss function £

~

LW;y,X)=LIW;y,X)+P(W) (2.14)

driving certain areas of the weights tensor W' towards zero in combination with some
magnitude-threshold which sets these near-zero weights to zero. Note that while the first
approach can - in principle - be integrated at any point of a neural network’s life-cycle
(pre- intra- or post-training), the second approach can only be applied during training due
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Figure 2.20.: Pruning Weights in a Single Linear Layer [0]

to its dependence on the loss function. Another important distinction is the one between
structured and unstructured pruning. Unstructured pruning relies on the pruning of
arbitrary weights, leading to irregular, sparse weight matrices, which are less compatible
with the data parallel execution model found in e.g. GPUs and multicore CPUs due
to the requirement of sparse formats relying on indexing. Structured pruning, on the
other hand, seeks to inccorporate a certain type of structure into the weights which can
be tailored to match the requirements of the underlying hardware, reducing indexing
overhead or, ideally, completely eliminating indexing through maintaining a dense matrix
with reduced dimensions. As a consequence, structured pruning has been found to be
more hardware friendly in terms of achievable acceleration, particularily on GPUs [77].
Unstructured pruning, however, can be combined with structured pruning to reach higher
compression rates [78]. The difference between structured and unstructured sparsity as
well as different types of structured sparsity are illustrated in Figure

As stated before, the type of structure that is induced has certain implications for the
underlying hardware accelerators that are required to be able to leverage a particular
type of sparsity. In principle, sparse neural network accelerators can exploit the sparse
patterns in weight sparsity, input sparsity, output sparsity, and a combination of multiple
patterns. For example, early sparse accelerators as depicted in Figure [2.22] leverage
element wise weight sparsity (see Figure a)) by storing weights in indexed arrays
and naively skipping the multiply—accumulate operations (MACs) with zero values i.e.
each processing element (PE) accesses the required activations according to the weight
index and then performs the residual MACs. [7] While such an accelerator exploiting
weights sparsity can greatly reduce the number of operations and consequently energy
consumption and runtime as well, non-zero weights are distributed very irregular, causing
large indexing overhead, imbalanced load of PEs as well as inefficient memory access
pattern. For this reasons, structured sparsity patterns have been developed which can
be more optimally used by underlying hardware. For example, the block-wise sparsity
structure illustrated in Figure e) and f) can be used to reduce runtime on general-
purpose processors [79} 80, [8I] by greatly decreasing the required indexes, better balancing
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Figure 2.22.: Example of an accelerator [§] with weight sparsity. 7]

of the number of MACs per PE and more efficient memory access. [7] Vector wise sparsity
as shown in Figure b) - d) can, for example, be exploited by a so called a systolic
array [9] as displayed in Figure [2.23] In the systolic array, non-zero weights in multiple
columns are combined together by pruning all but the largest elements of each row and a
greedy column combining and iterative training is used to guarantee accuracy. In each PE
the nonzero weights are buffered with a column index and a multiplexer is used to select
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Figure 2.23.: Example systolic array [9] exploiting vector-wise weight sparsity via column
combining. [7]

’

the correct input according to the weights column index. [7] A special type of structured
pruning is neuron pruning. In neuron pruning, entire neurons and all their ingoing and
outgoing connections are pruned. Generally speaking, neuron pruning often obtains more
operation reduction because each neuron is usually connected to many weights, while
weights pruning traditionally contributes more to memory savings due to the weights and
activations occupying the most memory cost in inference and training. [7] Combining
pruning with quantization can create additional sparsity through some values rounding to
zero, see Figure [2.24] and also allow to leverage the advantages of quantization mentioned
in Section as well. [7]. Compared to weight pruning, weight quantization is inherently
easier to exploit through hardware, because both storage and computation of DNNs are

reduced proportionally to the weight precision and no extra overhead due to indexing is
incurred [77].

Dense Sparsification Quantization
-0.01] 0.73 | 0.32 |-0.22 0 |0.73]032]|-0.22 0 051 05 0
-0.11] 0.04 | -1.18| 0.94 0 0 |-1.18|0.94 0 0 -1 1
0.63 |-1.03[ 0.03 | 0.24 nd 063|-1.03] o |024 nd o5|-1| 0| o0
0.19 | -0.38|-0.14| 1.05 0.19|-0.38] 0 |1.05 0 |-05 0 1

Figure 2.24.: Sparsity can be further increased through quantization [7]
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3. Related Work

At the beginning of this chapter, the method for researching and selecting related work is
highlighted and a brief but general overview of concurrent techniques for accelerating in-
ference or training of deep neural networks is provided, illustrated by some representatives
of each technical category.

For historical development of the field of neural network pruning from 1986 to 2016,
first an intentionally wide overview is provided, showing important trends and categories
of algorithms related to neural network pruning in general. Particularly influential or
interesting works are described in very coarse detail to serve as representatives of their
categories. In the end, an analysis of trends some statistics are provided.

The characterization of the State-of-the-Art of intra-training DNN pruning with a
particular 2017-2021 focus discusses specific works directly related to the thesis in more
detail and provides an in-depth analysis of the relevant papers. As found by [10] and
illustrated by Figure publication volume on the topic of intra-training pruning has
been particularly high during the years 2019 and 2020, which underlines that the selected
period is of high interest within the context of this thesis. While the description of
historical developments due to its wide scope does not claim completeness in terms of
covering each and every related paper published since 1986, the characterization of the
State-of-the-Art does uphold this claim within the below described literature research
and selection criteria.

3.1. Research and Selection of Literature

3.1.1. Research Method

The papers incorporated in this chapter were researched through the search engines
Bielefeld Academic Search Engine (BASE), Connecting Repositories (CORE), Semantic
Scholar, Microsoft Academic, Google Scholar, Institute of Electrical and Electronics En-
gineers (IEEE) Xplore, the ACM Digital Library as well as Neural Information Processing
Systems (NeurIPS).

Due to the abundance of works in the field, which is illustrated in Table a rigorous
selection process had to be applied during the work with academic search engines. Works
found via Semantic Scholar, Microsoft Academic and IEEE Xplore were sorted by citation
count and the top 50 works found in each search engine were considered for inclusion.
Works found via Google Scholar, CORE, BASE, ACM Digital Library, NeurIPS were,
due to sorting by citation count being unavailable or delivering irrelevant results (ACM
yielded almost exclusively application papers instead of the intended technical papers) on
these platforms, ordered by relevancy and the top 50 works were considered for inclusion
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Figure 3.1.: Hlustration of the development of the number of scientific publications per
year concerning pruning (named sparsification in this image), showing an
increased interest in sparse training starting in 2016. The provided labels
(LSTM, etc) are of no direct relevance for this thesis and the interested reader
is referred to the original publication [10].

if they were published in a journal or conference (Google Scholar, CORE and BASE
display arXiv papers that had not been subjected to peer-review as well). ArXiv papers
were further only included if deemed particularly influential by citation count and were
published in 2021. Furthermore, conference papers were only included if published at a
conference with a CORE ranking of A or A* (excellent and flagship conferences) or better
and journal papers were only included if they were published in journals ranked Q1 or Q2
quartiles in 'Web of Science. Where available, it was chosen to limit the search to papers
published in English language. Additionally, to the main methodology described in the
previous paragraph, papers found in relevant surveys (which themselves were researched
as described above) were considered for inclusion as well if they were not already covered
by the main methodology.

3.2. Contemporary Directions in Accelerating DNN Training
or Inference
Recently published literature on strategies for minimizing DNN training and/or inference

runtime and model size while maximizing accuracy can be broadly categorized into the
following 4 categories based on the most important methodical concepts:
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3.2. Contemporary Directions in Accelerating DNN Training or Inference

Search Engine Hits Constraint
Google Scholar 172000 | None

Google Scholar 20300 > 2017

Google Scholar 13100 Surveys

Google Scholar 6510 Surveys > 2017

ACM Digital Library | 1023842 | ACM Guide to Computing Literature (GCL)
ACM Digital Library | 182412 | ACM GCL > 2017
ACM Digital Library | 115094 | Research Article in ACM GCL > 2017

BASE 4310 None

BASE 2333 > 2017

CORE 1833220 | English language

CORE 19518 English language > 2017
Semantic Scholar 811000 | None

Semantic Scholar 371000 > 2017

Microsoft Academic 2792 None
Microsoft Academic 1678 > 2017

IEEE Xplore 2128 None
IEEE Xplore 1211 > 2017
NeurIPS 14 None

Table 3.1.: Search results obtained via different academic search engines on 07.11.2021
for the keywords "neural network pruning" under various constraints. Similar
numbers of hits were found for keywords "neural network sparsification", "dnn
pruning", "dnn sparsification", "cnn pruning" and "cnn sparsification".

1. Quantization (bit-width reduction of layers, i.e., weights, gradients, activations,
fundamentals in Section , to computationally more efficient floating-, fixed-
or block-floating-point (an arithmetic approaching floating- on fixed-point hard-
ware) [55] representations [47, [82), B3], [84) [46), [85], 86], [87, 88, 45]. Quantization, in
principle, can be applied either globally or on a per-layer basis, pre-training (a priori
choice of a certain representation), intra-training (dynamic choice of representation
during DNN training) or post-training (after training in float32, quantization to a
lower representation is applied).

2. Adapting network architecture or topology (order, type, size or connections of layers,
for fundamentals in Section [2.6.3] and Section either via pruning of over-
parameterized weights s.t. layers that do not contribute to the network’s accuracy
are either reduced in size, bypassed or removed completely and extending weights
that under-parameterized [52), 89, 090, 145, 9T, ©2], 93, 11] or controlling network
size via hyperparameters [40} 39, 04, 05, [06]. Similar to quantization, architectural
adaption can be applied either globally or on a per-layer basis, pre-training (pruning
an architecture before training or re-training it), intra-training (dynamic pruning or
extending of the DNNs weights or modifying its topology during training based on
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some criterion) or post-training (after training).

3. Introducing architectures obtaining their representational power (representational
power based DNN taxonomy see [1], fundamentals in Section from entirely
new, more efficient operations [48], 97, [45]. Approaches employing this strategy
usually require training from scratch.

4. Distributed (fundamentals in Section [2.6.2)) training and/or inference on large
numbers of individually resource constrained devices [49] 67, O8], 66, [85]

Strategies from categories [I| and [2] aim at optimizing DNN parameterization, i.e., reducing
over-parameterization either by keeping the number of parameters the same while reducing
their numerical representations precision or by reducing the number of parameters while
keeping their precision - both approaches lead to reduced model sizes and improved
computational efficiency. Approaches falling into categories [3] and [ do not directly
consider the number of model parameters or their numerical representation as relevant
variables, but instead focus on more efficient use of computational resources for a given
number of parameters and numerical representation. An empirical comparison of the
performance gains possible with quantization and pruning can be found in [99].

3.3. Historical Development of DNN Pruning

In order to be able to understand toady’s scientific landscape in the field of neural network
pruning and to properly contextualize the new approach introduced in this work, it is
not only necessary to document the current State-of-the-Art, but also to highlight the
historical development of the field. For this reason, this section will describe the path
leading to the current State-of-the-Art based on the most influential works of the past.

Finding the optimal topology and architecture has been a topic of interest for researchers
in the field since the mid-eighties. Two complementary paradigms of how to achieve
this were recognized by authors at the time, but are still relevant to the present-day:
constructive or growing approaches and destructive (i.e., pruning) approaches [100, 101}
102} 103, [104], T05]. Constructive approaches start with an underparameterized ANN and
add certain architectural or topological elements by a certain heuristic until a certain
criterion is satisfied, while destructive approaches assume an overparameterized net is
given and prune its architectural or topological elements by a certain heuristic until a
certain criterion is satisfied (see Section for fundamentals). Since this work is dealing
with pruning, only related work of the destructive type or where at least some destructive
components are present is considered relevant. Purely constructivist methods are not
included.

In early neural network pruning literature, several distinctive methodological patterns
were documented [100}, 106, 10T, T05]:

1. Sensitivity methods (Section [3.3.1)

2. Penalty term methods (Section |3.3.2)
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3. Other methods (Section (3.3.3)

Works falling into the first category focused on both post- and intra-training pruning
while works of the second category almost exclusively targeted network pruning during
the training phase. Approaches from the third category cannot be clearly assigned to the
first two main categories. Later surveys [L07] extended this categorization by

5. Information theory methods

or shifted the focus away from categorizing by pruning methodology to structural prop-
erties induced by different pruning techniques [7, [I08]. Another categorization found in
modern surveys is to differentiate solely between weight, neuron, and layer pruning or to
differentiate between by the type of layer that is pruned [109, [1T0].

6. Structured or unstructured sparsity induction
7. Weight, neuron, filter, or layer pruning
8. Type of layer that is pruned

In addition to these established categories found in the literature, this thesis conjectures
the possibility and consequently uses a categorization along whether probabilistic methods
are used for pruning. Probabilistic methods, within this context, are understood as
methods which either estimate the pruning masks directly or at least estimate some of
the heuristics used in the generation of the pruning masks based on some statistical
observations. In [ITT], for example, pruning masks are not exactly computed but instead
sampled from a probability distribution which is updated dependent on based on the
performance of the model, in [I12] the sensitivity score used for generating pruning
masks is estimated via variational inference and in [I13], the NP-hard problem of using
Lo-optimization for pruning is mitigated through using a relaxant probabilistic projection
of this norm. Whether this conjectured novel category does have any significance however
cannot be conclusively determined within this thesis and is also not part of its goals,
hence this task is listed as open research question in Section [3.4.2.13]

In the following, historical related work will be categorized using the methodological
categorization approach. For characterizing the State-of-the-Art, the methodological
categorization approach (including the conjectured probabilistic methods category) will
be used alongside categorization by structural properties (categories 6-8) and information
theory methods (category 5, which contains comparably few works) as subcategories which
will allow for the best contextualization of this thesis. Another important distinction
to be made, particularly for the State-of-the-Art which this work seeks to improve, is
whether an approach uses a pre-trained network and prunes it, i.e., only allows gains
during inference or is intra-training, i.e., already allows a speed-up and smaller model size
during training from scratch. Works that take a pre-trained model, prune it and then
re-train it to reduce the pruning-induced error may profit during re-training in terms of
computational complexity from pruning but are also not considered to be of intra-training
pruning type, see Figure [3.2] for a visualization. While for brevity this distinction is
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disregarded for historical developments, the State-of-the-Art will solely be documented
in Section for true from-scratch intra-training pruning approaches and analysed in
Section only for works seeking to obtain a speed-up or reduce model size during
training.

3>
>
3

3
train and sparsify sparsify during training
(including iterative sparsification)

number of weights

T iterations

Figure 3.2.: Schematic illustration of the difference between pruning (referred as sparsific-
ation in this figure) of a pre-trained network (left) which is pruned at point
T and then retrained to regain accuracy and intra-training pruning (right)
which starts pruning right at the beginning of training [10]. This thesis is
focused on the latter.

3.3.1. Sensitivity Methods

Published in 1989, one of the earliest works on ANN pruning is [I14]. The authors
introduce a learnable gating term for each unit of an ANN that prunes away connections
that are deemed irrelevant to the result of training. Working with a simple 2-layer linear
network with 13 trainable parameters in total, in 1990 the authors of [115] demonstrated
that using their heuristic based on the sensitivity of the error function w.r.t. individual
synaptic connections, they can find those connections causing the least increase in error in
pruning. Also in 1990, the influential work Optimal Brain Damage [116] (OBD) introduced
the technique of pruning a network dependent on the second order derivatives of the loss
function. Using simplifying assumptions, they approximated the prohibitively expensive
to compute Hessian by its diagonal elements. Two methods for pruning weights as well
as entire neurons based on the frequency and magnitude of excitement of a neuron were
proposed in 1993 by [117]. A probabilistic heuristic for selecting pruneable neurons is
proposed by [118] but the authors did not empirically demonstrate its capabilities. Based
on OBD, in 1993, the first of the highly influential Optimal Brain Surgeon [119, 120]
(OBS) series of papers was published (twice, which is why there are two citations). In the
initial OBS paper, the authors propose using all second order derivatives (in the form of
an efficiently approximated inverse Hessian) of the loss function in a pruning scenario
to find weights that can be deleted without causing large increases in error and suggest
retraining after pruning. In their 1994 follow-up [121], the authors explore a reduced
computational and storage implementation via a dominant eigenspace decomposition
and generalize their method to any twice differentiable loss function. OBD and OBS
are especially noteworthy due to their methodology being still relevant 26 years later
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(see e.g., [89]). A pruning method devised by [122] in 1993 and extended by [123] in
1995 uses statistics gathered during training to estimate whether a certain weight will
become zero at some point during training and prunes the network accordingly. A similar
approach was taken in 1996 by [124]. Introduced in 1996 by [125] was a sensitivity
heuristic based on the product of the gradients of all layers with their corresponding
weights for pruning. A 1997 iterative approach by [126] proposes the iterative removal of
hidden nodes by some interchangeable sensitivity-based heuristic and then reconstructing
the receptive fields (incoming connections) of the subsequent nodes in the network s.t.
the overall behaviour of the network is maintained. The authors formulate the receptive
field reconstruction problem as a system of linear equations and efficiently solve it using
a conjugate gradients least-squares method. In 1999 [127] devised a Kalman filter-based
method pruning the weight vector of a single layer ANN in a regression problem. A year
2000 work, [128] repeatedly trains a network by k-fold cross validation, sets the receptive
field of a hidden unit to 0 then after retraining removes the hidden unit is removed if the
generalization error did not increase. Similarly, irrelevant inputs are removed. A 2005
work proposes pruning hidden neurons based on their statistical average contribution over
all inputs seen so far [129] and demonstrates the usefulness of the concept by applying it
to a radial basis function (RBF) network. In 2009, [I09] uses compressive sampling in
a scenario to achieve sparsity in weights matrices and then prune neurons that lost all
connections in their projective field. In the same year, [130] showed that the sensitivity
of a network’s output w.r.t. a hidden node can be computed via Fourier analysis of the
variance of the model’s response to changes of a node’s weight matrix. They employed
their approach in an eager fashion. [I31] proposes an information entropy-based node
pruning heuristic called neural complexity. When pruning, the node causing the least
reduction in the network’s neural complexity is removed between training steps. A novel
sensitivity measure for node pruning in introduced in 2011 by [132] proposes the removal
of a node of a layer whose contribution (measured by the sum of its outputs divided by
the total number of neurons in the layer) is below a certain threshold. A 2012 work [133]
studies the classic OBD frameworks effects on a network’s generalization ability, finding
that OBD can improve a network’s ability to generalize. Instead of following a backwards
elimination strategy removing redundant neurons, [134] proposed in 2014 to follow a
forward elimination strategy, marking neurons during training that that should stay in
the final model dependent on a one-norm based sensitivity metric. Building on a 2015
work [I35], [00] in the same year proposed to first train a network, prune its weights
by magnitude, retrain the network and then store the remaining sparse weights in a
sparse vector format using 8-bits index differences instead of absolute indices to compress
the network even more. The network is then further compressed using quantization via
weight sharing and Huffman-Coding [136]. [I37] in 2016 propose a framework optimizing
network structure by selecting significant weights and neurons from a given initial network.
Significance is determined using sparse signal representation, which in principle refers
to the idea of searching the most compact representation of a signal using vectors in a
dictionary [138], [139].
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3.3.2. Penalty Terms

In 1988 [140] and later in 1991 [141] 142}, [143], works appeared aiming at pruning a network
via introducing differentiable penalty terms (e.g., regularization similar as described in
Section into the loss function, driving irrelevant weights to zero during training.
Some works proposed removing weights falling below a certain threshold altogether. In
1990, a loss function modified s.t. the number of hidden nodes and the magnitudes of
the weights is minimized during training was introduced by [I44]. A pruning approach
based on incorporating the entropy of the outputs of a layer as a penalty term into the
loss function was proposed by [145], [146] in 1996 and extended in 2003, pushing nodes
into saturation around 0 or 1 and allowing inactive nodes (i.e., 0) to be pruned. A 2005
pruning solution [147] uses a quadratic penalty term, pushing weights towards 0. After
training, it eliminates weights smaller than a certain threshold as well as disconnected
nodes. Using zero-norm as penalty term for pruning, [148] in 2012 circumvent the problem
that this penalty term is non-differentiable by optimizing the network by Cooperative
Swarm training instead of classic gradient-based methods. Published in 2015, [149]
proposes to apply two-stage decompositions during training to explore the inter-channel
and intra-channel redundancy of convolution kernels. First an initial decomposition
based on the reconstruction error of the kernel weights is performed, then the network
is fined-tuned under a sparsity constraint by minimizing a sparse group-lasso objective
function. Similarly, [I50] in 2016 propose a hardware-friendly structured sparsity learning
method to directly learn a compressed structure of deep CNNs during the training. They
employ a generic regularization based on group-lasso regularization to adaptively adjust
multiple structures in DNNs, including structures of filters, channels, intra-layer filter
shapes and beyond-layer structure of depth.

3.3.2.1. Weight Decay

Weight decay, which may be seen as a specialized penalty term, as a simple method
of exploiting some of the benefits of pruning while avoiding complicating the learning
algorithm too much, was first proposed by [I51] in 1986. The idea was further developed
in 1989 by [152] who introduced a cost function extended by what is today referred to as
Li-regularization [2, p. 182]. A more complex decaying solution was proposed by [153]
in 1992, modelling the probability distribution of weights as a mixture of Gaussian’s.
Unlikely weights have a higher cost under such a distribution s.t. the weights tend to
follow the distribution during training.

3.3.3. Other
3.3.3.1. Interactive Pruning

A human in the loop approach was proposed by [154] in 1988 and refined in 1991 by
[155]. In these works, a human designer is proposed to inspect a trained network and,
based on several heuristics, identifies units that do not contribute to the solution.
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3.3.3.2. Bottlenecks

In 1988, a method was described by [156] in which the hidden units compete against each
other to survive. The degree to which a layer takes part in the computation depends on
the magnitude of its weights, weights that do not contribute to the backpropagation of
the error (bottlenecks) are eliminated. In a 1989 extension of that approach, [I57] puts
certain constraints on weights distance to one another instead of pruning them, leading
to a reduction in dimensionality which has an effect comparable to pruning.

3.3.3.3. Genetic and Evolutionary Algorithms

An approach using genetic algorithms for neural network pruning was described by [158]
in 1990. In each iteration of their algorithm, a population is composed of differently
pruned neural networks and the most successful individuals in terms of weights reduction
under the constraint that the network’s error has not increased are mated and then
retrained. Focusing on recurrent neural networks, [I59] in 1994 proposed a network
temperature metric as heuristic for choosing the severity of mutations to be performed to
each new generation of networks. Weights are mutated through adding Gaussian noise
with temperature dependent variance to each connection, nodes are added or removed
uniformly, whereby the number of nodes to be removed again depends on temperature. In
1997 [160] presented an evolutionary programming technique, emphasizing the behavioural
link between parents and offspring instead of the genetic one. In each iteration of their
algorithm, a certain number of the most successful parent networks is selected, mutated
to form offspring networks which are then used as parents in the next iteration. Two other
1997 works [161], 162] combine genetic algorithms and simulated annealing to find the best
pruned networks. Notable about the second work is its data agnosticism w.r.t pruning
superfluous weights and nodes. Inspired by OBS, a 2009 evolutionary data-agnostic
pruning algorithm [163] uses Covariance Matrix Adaptation Evolution Strategy [164]
to approximate the inverse Hessian efficiently and mutate parameters accordingly. In
2010, [165] proposed particle swarm optimization (PSO) for neural network node pruning.
PSO is an evolutionary optimization algorithm searching for a solution through simulating
the flocking and movement of birds. Combining an evolutionary algorithm with sensitivity-
based pruning and age-based survival selection, [166] in 2012 showed their NAS method
is applicable to time-series prediction problems.

3.3.3.4. Vacillating Network Size

In an unusual and interesting approach, in 1997 [I67] proposed a training algorithm
capable of pruning and expanding a network while training. The authors propose
selectively tracking the rate of change of the mean squared error (MSE) of the output
layers nodes, extending the number of hidden units for unconverged output nodes while
pruning connections or units for converged nodes. [168| proposed in 2010 to apply a
coarse-to-fine grained NAS approach. In a first step, a large number of different networks
with varying size are created and trained, whereby the size variations are coarse. In a
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second step, the best performing network in terms of MSE is chosen and in a fined grained
search, minor variations in size are evaluated in the same fashion as used by the coarse
grained search.

3.3.4. Analysis of Historical Development

Most striking in the very early neural network pruning literature is the complete lack
of a common ground regarding experiments, target devices and metrics in works con-
ducting an empirical evaluation of the developed algorithms, which caused difficulty
w.r.t. the comparability of the papers of the time. No "standardized" benchmark ar-
chitecture/dataset combinations such as AlexNet/CIFAR-10 existed back in the day.
Further, architectures were very simple, e.g., ANNs with only a single hidden layer
and a few dozen neurons were considered sufficient, and are not comparable to modern
architectures with hundreds of layers and millions of neurons. Consequently, porting ideas
from these vintage works to modern architectures might prove difficult, although some
works such as OBD/OBS [117, 119, 120}, 121] stood the test of time and still provide
inspiration to modern authors [89]. The most successful methodological concepts in terms
of popularity among researchers developed during the historical period from 1986 to 2016
were sensitivity-based (Section and penalty term (Section based methods,
which are still actively explored today. Research into less successfully concepts, such as
interactive pruning (Section and penalty term (Section disappeared over
time as they turned out to be overly complex or inefficient and hence inapplicable to all
but the tiniest ANNs.

3.4. State-of-the-Art of Intra-Training DNN Pruning

The State-of-the-Art is documented on the following pages. Each work is briefly described
in a paragraph and categorized along its fit into the scientific landscape described by
categories found in surveys (see above) as well as the experiments conducted by the
researchers and metrics used. Metrics are, due to the abundance of different metrics
and inconsistent nomenclature in the literature, abstracted and an overview is given in

Table 3.2

MeDNN (2017) [I69] is a system for deploying large scale DNNs on mobile devices
in a distributed fashion. To leverage the advantages of distributed computation, the
authors propose Greedy Two Dimensional Partition (GTDP) to adaptively partition DNN
models onto several mobile devices. They further propose Structured Model Compact
Deployment (SMCD), an intra-training model pruning scheme targeting the reduction
of computing time and communication costs between devices. Training from scratch,
SCMD first employs group lasso [I70] to learn the structured sparsity of the convolutional
layers of a DNN model and then in a refinement phase discards the group lasso penalty
while locking the zeroed-out weights to achieve higher accuracy. While aimed at speeding
up inference, their method is relevant to this work due to induction of sparsity during
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Abstraction | Description
Quality Degree to which the DNNs task is fulfilled (e.g., accuracy or error)
Latency Empirical time of DNN, parts of it or communication time
Operations Count of operations (FLOPs, MACs, cycles)
Instances Count of weights, channels/filters, neurons, tensor dimensions
Compression | Size reduction (e.g., bytes, number of instances, sparsity)
Acceleration | Reduction of Latency or Operations count (e.g., speed up)
Information Bit-width used in quantization or bits communicated over network
Energy Energy consumption (Joule), estimated or empirically
Plasticity Empirical degree of topological change
Stability Empirical resilience of DNN to topological change
Memory Memory consumption, estimated or empirically
Table 3.2.: Abstraction of metrics.
training.

Categories: Penalty term based structured filter-weight pruning
Experiments: CaffeNet (Caffe [I71] version of AlexNet [19]) on ImageNet [43]
Targets: Inference

Performance Metrics: Latency, operations, compression, memory

Formal Proofs: None

DEEP R (2017) Motivated by recent discoveries in neurobiology [172, [173] 174} 175],
DEEP R [176] is a sparsity inducing training scheme that automatically rewires the DNN
s.t. connections are there where they are needed most to solve a given task. At the
same time, their total number is strictly bounded. Theoretically, DEEP R views rewiring
as stochastic sampling of DNN configurations from a posterior that combines the data
likelihood and a specific connectivity prior in a Bayes optimal manner.

Categories: Probabilistic unstructured weight pruning

Experiments: LeNet-300-100 or LeNet-5 [44] on MNIST [42], custom CNN on CIFAR-
10 [I3], custom LSTM [I77] on TIMIT [I78] dataset.

Targets: Inference

Performance Metrics: Quality, compression

Formal Proofs: Convergence

Sparse Variational Dropout (2017) Variational Dropout [I79] is an extension of Gaus-
sian dropout [180], which, together with binary [I8I] dropout, is a regularizer commonly
used to reduce overfitting in overparameterized DNNs [182] [I81]. However, instead of
injecting noise, a model can be regularized by reducing the number of its paramet-
ers. Extending Variational Dropout further, [I83] proposes a new approximation of the
Kullbeck-Leibler divergence [26] term in Variational Dropouts objective function as well
as a method to reduce the variance of the stochastic gradient estimator, leading to faster
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convergence and a sparsified DNN.

Categories: Sensitivity based probabilistic unstructured weight pruning
Experiments: LeNet, VGG [35] on CIFAR-10, CIFAR-100 [13]
Targets: Training and inference

Performance Metrics: Quality, compression

Formal Proofs: None

Input Layer Regularization (2017) By applying L1, which under certain conditions
produces sparse solutions equivalent to those of Ly [184 [I85] or dedicated sparsity inducing
Ly 5 [186] regularization to the input layer, the authors aim at eliminating redundant
dimensions in the network’s input layer s.t. redundant nodes can be removed [187].
Categories: Penalty term based unstructured pruning of (input layer) weights
Experiments: 3-layer linear NN on Monk, Sonar, MNIST datasets

Targets: Inference

Performance Metrics: Quality, instances

Formal Proofs: None

Scalpel (2017) The authors of Scalpel [81] observed that in many cases, sparsity can
hurt network performance and encoding the sparse format of pruned networks can lead
to increased storage space requirements. They overcame this through Scalpel, which
customizes DNN pruning to the underlying hardware by matching the pruned DNN’s
structure to the underlying data-parallel hardware. Their pruning mechanism either
maintains weights in fixed-size groups to fully utilize SIMD units on microcontrollers,
prunes nodes instead of weights for optimal performance on high-parallelism hardware
such as GPUs without sacrificing the dense format or a combination of the previous
two for moderate-parallelism hardware such as CPUs. While Scalpel is not a true intra
training approach because it employs a train-prune-retrain scheme of operation, i.e., it
works on pre-trained DNNSs, it is still included here because of its valuable insight that
traditional pruning approaches can hurt performance and pruning should be customized
to underlying hardware.

Categories: Sensitivity based structured weight and/or node pruning with hardware
constraints

Experiments: LeNet-300-100, LeNet-5 on MNIST, ConvNet, NIN on CIFAR-10, AlexNet
on ImageNet

Targets: Inference

Performance Metrics: Quality, compression, acceleration

Formal Proofs: None

Bayesian Log-Normal Multiplicative Noise (2017) Going in a similar direction as
above-mentioned Sparse Variational Dropout [I83] by extending traditional dropout
techniques [179, 180, I8T], the authors of this paper propose a new dropout-like regularizer
capable of inducing structured sparsity [I88]. They add a certain multiplicative noise
to layer outputs but put a sparsity-inducing log-uniform prior over the noise variables
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instead of the weights, thus inducing group-wise sparsity.

Categories: Sensitivity based probabilistic structured weight pruning

Experiments: LeNet-5, LeNet-500-300 and LeNet-5-Caffe on MNIST, VGG on CIFAR-
10

Targets: Inference

Performance Metrics: Quality, operations, acceleration, Instances

Formal Proofs: None

Group Sparse Regularization (2017) [I89] simultaneously optimizes the weights of a
DNN, the number of neurons of each layer as well as the subset of active input features.
This is accomplished by extending the group lasso s.t. group level sparsity is enforced
on the network’s connections. Each group is defined as the set of weights outgoing from
a node. These weights can be related to an input node, a hidden neuron or a bias unit
dependent on the specific case.

Categories: Penalty term based unstructured (input)-weights pruning

Experiments: Custom MLP on SSD, MNIST and COVER datasets

Targets: Inference

Performance Metrics: Quality, compression, instances

Formal Proofs: None

Global Supervised Low-rank Expansion and Adaptive Drop-weight (2017) (GSLRE,
ADW) are two techniques devised in [190] for compressing and speeding up CNNs in an
image recognition task. While GSLRE decomposes convolutional layer filters into two
low-rank filters, ADW prunes weights by larger than a dynamically adapted threshold,
which itself is determined by a sensitivity heuristic.

Categories: Sensitivity based unstructured weight pruning

Experiments: Custom CNN on CASIA-HWDB [191]

Targets: Inference

Performance Metrics: Quality, instances, compression, operations

Formal Proofs: None

A Systematic DNN Weight Pruning Framework using ADMM (2018) was proposed
by [18]. The DNN weight pruning problem is formulated as a non-convex optimization
problem which is reformulated and solved via the alternating direction method of multi-
pliers (ADMM) [192] with sparsity requirements specified as combinatorial constraints.
Given the formulation of the pruning problem is non-convex, optimality of the solution
cannot be proven. After a certain number of iterations of ADMM training, the remaining
non-zero weights are retrained without constraints using regular SGD.

Categories: Penalty term based structured weights pruning

Experiments: LeNet-5, LeNet-300-100 on MNIST, AlexNet on ImageNet

Targets: Inference

Performance Metrics: Quality, instances, compression

Formal Proofs: Convergence
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Feature Boosting and Suppression (2018) (FBS) [193] proposes reducing the com-
putational cost by predictively amplifying salient channels or suppressing unimportant
channels in convolutional layers at runtime. Their method does not permanently remove
networks structures, but instead the augmented DNN learns the sensitivity of weights
w.r.t. to layer inputs during training, allowing dynamic input-dependent pruning at
runtime. Layers other than convolutional layers are not affected by their method.
Categories: Sensitivity based structured channel pruning

Experiments: VGG-16, ResNet-18 on ImageNet

Targets: Inference

Performance Metrics: Quality, operations, acceleration, memory

Formal Proofs: None

Rethinking the Smaller-Norm-Less-informative-Assumption (2018) A widely used
assumption states that parameters or features with a smaller norm play are less crucial
for inference. The authors of [194] propose a channel pruning scheme for accelerating
CNNs that does not depend on this assumption. In an end-to-end stochastic training
method, they first force the outputs of some channels to be constant almost everywhere
by an adaption of batch normalization [195] (BN). Then they these channels are pruned
by adjusting the biases of affected layers s.t. the resulting compressed model can be
fined-tuned within a few iterations. While network training itself is conducted with
regular SGD, the degree to which channels are pruned (i.e., the level of sparsity achieved)
is optimized using Iterative Shrinkage-Thresholding Algorithm [196](ISTA).
Categories: Penalty term based structured channel pruning

Experiments: ConvNet and ResNet-20 [20] on CIFAR-10, ResNet-101 on ImageNet,
DenseNet [197] /Inception [41] based custom CNN on MSRA10K [198], DUT-Omron [199],
Adobe Flickr-portrait [200], Adobe Flickr-hp [200], COCO-person [201]

Targets: Inference

Performance Metrics: Quality, instances, compression, operations

Formal Proofs: None

Single Shot Network Pruning based on Connection Sensitivity (2018) (SNIP) [202]
introduces a saliency criterion based on connection sensitivity to identify structurally
important connections in the network and prunes the network prior to training which
is conducted in a standard manner (SGD, Adam). They achieve this by separating the
weight of a connection from whether the connection is present through the introduction
of an auxiliary variable which is used to measure the effect removing the weight has on
the loss function and optimizing both problems individually.

Categories: Sensitivity based unstructured weight pruning

Experiments: LeNet-5, LeNet-300-100 on MNIST, AlexNet, VGG, WRN [203], LSTM-
types [204], GRU [205] on CIFAR-10, Tiny-ImageNet

Targets: Training and inference

Performance Metrics: Quality, compression, instances

Formal Proofs: None
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The Lottery Ticket Hypothesis (2018) (LTH) [206] states (and is under certain
assumptions proven [207]) that for every neural network there exists a smaller subnetwork
which, if trained from scratch, will achieve at least the same accuracy as if the larger
super network was trained. Such subnetworks are referred to as winning tickets by LTH.
The algorithm provided by the original LTH paper randomly initializing a given DNN,
training it for a given number of iterations (e.g., SGD, Adam), prune a certain percentage
of parameters by some sensitivity-based heuristic (magnitude is used in the paper) and
then re-initialize the remaining weights, creating the winning ticket.

Categories: Sensitivity based unstructured weight pruning

Experiments: LeNet-300-100 on MNIST, scaled down VGG based CNN and VGG-19
on CIFAR-10

Targets: Training (theoretical) and inference (practical) Speedup/Compression
Performance Metrics: Quality, compression

Formal Proofs: None

Online Filter Weakening and Pruning (2018) [208] is a technique to prune the
structures of filters as well as filter shapes on CNNs. The authors define constant filter-
wise and shape-wise scaling factors to indicate which filters are to be weakened and then
train the network from scratch while multiplying the weights with their corresponding
scaling factors, which leads to the selected filters and shapes gradually converging to zero,
allowing them to be pruned with little loss in accuracy.

Categories: Penalty term based structured pruning of filter-weights

Experiments: VGG-16 on CFIAR-10, WRN-16-4 ans ResNet-164 on CIFAR-100
Targets: Inference

Performance Metrics: Quality, acceleration, compression

Formal Proofs: None

Crossbar-Aware Neural Network Pruning (2018) [II3] is a framework specifically
tailored to leverage the potential of crossbar architectures (overview see e.g., [209]) through
pruning. This is achieved by a newly designed Lp-norm constrained gradient descent
(LGD) which takes into account whether the partial sums involved in a convolution’s
computation efficiently use crossbar memory. The problem of Lg-optimization being an
NP problem is mitigated using a relaxant probabilistic projection of the norm.
Categories: Penalty term based structured filter-weight pruning.

Experiments: VGG and ResNet on CIFAR-10 and ImageNet

Targets: Inference

Performance Metrics: Quality, compression, memory

Formal Proofs: None

Qsparse-local-SGD (2018)  [210] combines pruning in the form of gradient sparsification,
quantization and error compensation with aim of reducing communication overhead in
a distributed setting. For quantization, they reduce precision by either randomly or
deterministically mapping each of the gradient vectors components to a finite number of
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quantization levels. Unstructured sparsification is achieved through the application of
quantization.

Categories: Sensitivity based unstructured gradient pruning

Experiments: ResNet50 on ImageNet

Targets: Training

Performance Metrics: Quality, information

Formal Proofs: Convergence

Synaptic Pruning (2018) [211] is a new data-driven approach for CNN pruning based
motivated by its biological counterpart [212] 213]. Then, the authors introduce a new
class of parameters called synaptic strength in convolutional layers to model how much
information a certain connection will contribute to the final result. Synaptic strength
is derived as reparametrization of batch normalization, a technique commonly used
in convolutional neural networks which, using mini-batch statistics, scales and shifts
layer inputs in order to achieve more stable learning. The newly parameterized BN is
then optimized by an additional term in the loss function during regular training, and
connections with a synaptic strength smaller than a certain threshold are pruned.
Categories: Penalty term and sensitivity based structured filter pruning
Experiments: VGG, ResNet-18, DenseNet-40 on CIFAR-10 and ImageNet

Targets: Inference

Performance Metrics: Quality, compression, operations, instances

Formal Proofs: None

Dropback (2018) introduced by [93] is a DNN training algorithm which trains DNNs
under a pruned weight budget. During training, Dropback tracks only the highest &
accumulated gradients (k in this context refers to the weight budget) while untracked
weights retain their initial values, thus reducing training times and memory accesses
significantly. The actual model itself, however, is neither pruned in width nor depth and
no advantage for inference is obtained.

Categories: Sensitivity based unstructured weights pruning

Experiments: LeNet-300-100 on MNIST, VGG-S, DenseNet, WRN-28-10 on CIFAR-10
Targets: Inference and training

Performance Metrics: Quality, instances, compression

Formal Proofs: None

Soft filter pruning for accelerating deep convolutional neural networks (2018) (SFP) [214]
is an approach for intra-training filter pruning from scratch. SFP prunes filters based
on their Lo norm at the end of each epoch but allows previously pruned filters to be
updated in future epochs, thus increasing optimization space and hence accuracy of the
such pruned model at the cost of some compression.

Categories: Sensitivity based structured filter pruning

Experiments: ResNet-18/34/50/110 on CIFAR-10 and ImageNet

Targets: Inference
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Performance Metrics: Quality, operations, latency, acceleration
Formal Proofs: None

PCONV (2019) [78] proposes to combine coarse-grained structured sparsity with fine-
grained unstructured sparsity inside the coarse patterns. Fine-grained sparsity is achieved
by applying an enhanced Laplacian of Gaussian filter (approximated through its Taylor
expansion), which is also used for image smoothing, edge detection or image sharpening in
mathematical vision theory, to convolutional kernels. Coarse grained sparsity is achieved
through randomly masking elements of the filter, which can lead to a filter being removed
completely.

Categories: Sensitivity based structured and unstructured pruning of filter-weights
Experiments: VGG-16, ResNet-50, MobileNetv2 on CIFAR-10 and ImageNet
Targets: Inference

Performance Metrics: Quality, sparsity, latency, operations

Formal Proofs: None

PruneTrain (2019) [2I5] focuses on accelerating training of CNN training through
structured sparsification via a group lasso regularization and periodical network reconfig-
uration. Weights are driven towards sparsity through group lasso, grouped at channel
granularity and channel where all values are below a certain threshold are pruned. The
authors argue that this approach is possible because weights sparsified by group lasso
rarely grow above a certain threshold and almost never revive during training.
Categories: Penalty term based structured weights pruning

Experiments: ResNet, VGG on CIFAR-10, CIFAR-100, ResNet on ImageNet
Targets: Training and inference

Performance Metrics: Quality, operations, latency, memory, instances

Formal Proofs: None

A Main/Subsidiary Network Framework for Simplifying Binary Neural Networks (2019)
Given that filter level pruning approaches for full-precision NNs cannot simply be ported
to binary neural networks (BNNs), a new training approach solving this problem was
introduced by [216]. In their framework, a main network learns representative features to
optimize prediction performance, while a subsidiary network works as a filter selector on
the main network. The subsidiary network, which learns the pruning masks multiplied
with the main network’s filter-weights, is trained in a layer-wise bottom-up scheme to
avoid gradient mismatch.

Categories: Structured filter-weights pruning

Experiments: NIN, VGG-11, ResNet-18 on CIFAR-10, ImageNet

Targets: Inference

Performance Metrics: Quality, operations, acceleration, memory

Formal Proofs: None
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Centripetal SGD (2019) (C-SGD) [21I7] is a novel optimization method seeking to
collapse multiple filters into a towards a single point in the hyperspace of the filter
parameters (i.e., make filters identical) s.t. then redundant filters can be removed. During
training, they divide filters into clusters (evenly or k-means [218]) whereby the number of
cluster equals the target number of filters. Then filter updates are computed dependent
on an intra-cluster similarity-based constraint: for filters in the same cluster, gradients
are averaged and the difference in the initial values is gradually eliminated, leading to
filter moving their centre in the hyperspace. Redundant filters are removed after C-SGD
training is finished.

Categories: Structured filter-pruning

Experiments: ResNet-56/110/164, Dense-Net-3/6/40, VGG-1/4, VGG-1/2 on CIFAR-
10, ResNet-50 on ImageNet

Targets: Inference

Performance Metrics: Quality, operations

Formal Proofs: Convergence

Filter Pruning via Geometric Median (2019) [219] is motivated by an observa-
tion similar to what was described by "Rethinking the Smaller-Norm-Less-informative-
Assumption" [I94] described earlier: whether the norm of a filter is a good heuristic for
its informativeness depends on two requirements (large norm deviation, small minimum
norm) that are not always met. They propose to solve this problem by pruning filters
via geometric median [220] which they use to find filters containing the most replaceable
contribution in a layer and prune accordingly.

Categories: Sensitivity based structured filter pruning

Experiments: VGGNet [35], ResNet-20/32/56/110 on CIFAR-10, ResNet-18/34/50/101
on ImageNet

Targets: Inference

Performance Metrics: Quality, operations, compression, latency

Formal Proofs: None

On Implicit Filter Level Sparsity (2019)  [221] explores filter-weights sparsity in ReL.U-
activated CNNs with BN and trained via adaptive gradient descent schemes (Adam [222],
Adagrad [223], Adadelta [224]) and Lo-regularizer |2 p. 182] or weights decay. They find
that adaptive schemes learn more sparse representations than SGD for a comparable test
error, and that the presence of sparsity strictly depends on the presence of regularization
and weights decay. The distribution of sparsity across a CNNs layers seems not to be
influence by the choice of the optimizer. They further postulate the hypothesis that the
higher sparsity observed for training with adaptive optimizers during their experiments
stems from the different interaction between adaptive/non-adaptive optimizers and BNs
scaling parameters, but no formal proof is provided.

Categories: Penalty term based unstructured filter-weights pruning

Experiments: VGG-16 on CIFAR-10 and CIFAR-100, VGG-11 on ImageNet
Targets: Theoretical insights
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Performance Metrics: Quality, compression
Formal Proofs: None

Variational CNN Pruning (2019) [I12] is a variational Bayesian scheme for pruning
channels in CNNs. The BN layer is reformulated as so-called variational pruning layer
by extending the scale factor to the shift term, a concept which the authors refer to as
channel saliency. Instead of a deterministic value, however, channel saliency is estimated
via variational inference, whereby a sparsity inducing prior is imposed on channel saliency.
Redundant channels are then pruned via a threshold criterion based on the distribution
of channel saliency.

Categories: Probabilistic sensitivity based structured channel pruning

Experiments: VGG-16, DenseNet-40, ResNet-20/56/110/164 on CIFAR-10, CIFAR-100,
ResNet-50 on ImageNet

Targets: Training and inference

Performance Metrics: Quality, instances, operations

Formal Proofs: None

Dynamic Sparse Reparametrization (2019) [225] is a technique for dynamically
pruning and growing layers of a CNN given a fixed sparsity parameter as constraint.
Every few hundred training iterations, magnitude-based pruning is applied and a certain
number of zero-initialized parameters is distributed among sparse tensors, following
the rule that layers with a larger fraction of non-zeros receive proportionally more new
parameters.

Categories: Sensitivity based unstructured weight pruning

Experiments: WRN-28-2 on CIFAR-10, ResNet-50 on ImageNet

Targets: Training

Performance Metrics: Quality, latency, instances, compression

Formal Proofs: None

Is Non-Structured DNN Weight Pruning Beneficial in Any Platform? (2019) In their
paper [77], the authors provide a definitive answer to whether non-structured or structured
pruning is most beneficial. They first extend ADMM-NN [226], a joint quantization and
(unstructured) weight pruning framework, to perform structured pruning (ADMM-NN-S)
and then, through a new fair comparison framework, empirically show that structured
pruning always outperforms unstructured pruning for the evaluated architectures and
datasets. They further argue pruning should always happen on top of quantization, for
the latter being more hardware friendly.

Categories: Penalty term based structured /unstructured weight pruning
Experiments: LeNet-5 on MNIST, AlexNet, ResNet-50 on ImageNet, VGG-16 on
CIFAR-10

Targets: Inference

Performance Metrics: Quality, compression

Formal Proofs: None
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Eager Pruning (2019) Based on the observation that the ranking of the significance
of the weights changes little as training progresses, [227] proposes to start pruning early
during training. Their algorithm prunes a certain number of the lowest weights at pre-
defined intervals. Pruning is terminated if loss increases after a pruning step and does
not drop back above the average loss of the last n recorded loss values within a specified
number of iterations. In such an event, the last pruning step is cancelled. To mitigate
inefficient hardware usage which can occur in pruning techniques inducing unstructured
sparsity, they further propose a workflow scheduling technique referred to as Dynamically
Reconfigurable Add and Collect Tree (DRACT) and design a hardware-efficient DNN
architecture around it.

Categories: Sensitivity based unstructured weights pruning

Experiments: ResNet-50, AlexNet, GoogLeNet [228|, NIN on ImageNet, ResNet-32 on
CIFAR-10, LSTM on TIMIT, LeNet-5 on MNIST

Targets: Training

Performance Metrics: Quality, acceleration, compression, energy, memory

Formal Proofs: None

AutoPrune (2019) Based on the recent work showing that pruning is actually the task
of finding the right network structure [229] and thus similar to NAS, AutoPrune [230)]
prunes the network by optimizing a set of auxiliary variables controlling the network’s
size instead of the original weights such that the instability and noise during training
will have no ill effect on the weight values. They introduce a non-differentiable indicator
function which updated separately from the network’s weights using straight-through
estimation [231] (STE).

Categories: Penalty term based unstructured weights pruning

Experiments: LeNet-5, LeNet-300-100 on MNIST, VGG con CIFAR-10, AlexNet,
ResNet, MobileNet [232] on ImageNet

Targets: Training and inference

Performance Metrics: Quality, compression, operations, instances

Formal Proofs: None

Adaptive Group Sparsity based Continual Learning, (2019) (AGS-CL) [233] is a
regularization-based continual learning method. Two group-sparsity based penalties are
selectively used dependent on each node’s importance score. Explicit control of the
model’s capacity is provided by learning via proximal gradient descent (PGD) [234],
which guarantees exact sparsity and model freezing. Further, weights connected to an
unimportant node are reinitialized after each update step to ensure efficient learning and
prevent the negative transfer in the continual learning scenario.

Categories: Penalty term and sensitivity based structured node and weights pruning.
Experiments: AlexNet on Omniglot [235], CUB200 [236], CIFAR-10, CIFAR-100,
MNIST, SVHN [237], Fashion-MNIST [238|, Traffic-Signs [239], FaceScrub [240], NotM-
NIST [247]

Targets: Training
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Performance Metrics: Quality, compression, memory, plasticity, stability
Formal Proofs: None

Global Sparse Momentum SGD (2019) [242] is an optimization method aimed at
reducing DNNs complexity by on-the-fly pruning. At each training iteration, all parameters
are split into two categories and updated using different rules under a global compression
constraint. By this updating strategy, redundant parameters are gradually zeroed out by
only updating them using ordinary weight decay instead of gradients derived from the
objective function.

Categories: Sensitivity based unstructured weights pruning

Experiments: LeNet-300-100, LeNet-5 on MNIST, ResNet-56, DenseNet-40 on CIFAR-
10, ResNet-50 on ImageNet

Targets: Training and inference

Performance Metrics: Quality, compression, memory

Formal Proofs: None

Trained Rank Pruning for Efficient Deep Neural Networks (2019) (TRP) [243]
recognizes that in approaches separating low rank approximation from training, small
approximation errors can lead to disproportionately large network degradation. Hence,
they integrate low-rank decomposition in the form of Singular Value Decomposition
(SVD) into training by alternating training and SVD, incrementally pushing the weight
distribution of a well functioning DNN into a low-rank form while all parameters of the
original network are kept and optimized such that its capacity is maintained. They further
regularize the network using nuclear norm.

Categories: Penalty term based structured weights pruning

Experiments: ResNet-20/56 on CIFAR-10, ResNet-18 on ImageNet

Targets: Inference

Performance Metrics: Quality, acceleration

Formal Proofs: None

AutoCompress (2020) [244] is an automated pruning framework iteratively employing
ADMM to optimize a DNN under certain non-differentiable non-convex structural con-
straints and pruning the DNN using a purification heuristic. The optimization problem
is first split into two separate sub-problems. The DNN is then optimized via gradient
descent, while the constraints sub-problem are optimized via Euclidean Mapping. After
each round of ADMM, columns and filters are removed if their Ly norm violates a certain
threshold, which is referred to as purification by the authors. Additionally, AutoCompress
automatically determines hyperparameters during training via simulated annealing, thus
saving the time-consuming trial-and-error process that would otherwise be required to
determine the optimal parameter set.

Categories: Penalty term based structured weights, filter and node pruning
Experiments: VGG-16 and ResNet-18/50 on CIFAR-10 and ImageNet,

Targets: Inference
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Performance Metrics: Quality, instances, operations, latency
Formal Proofs: None

Harmonious Coexistence of Structured Weight Pruning and Ternarization (2020)
[245] is an FPGA /ASIC-focused approach which proposes to orient the target structure
of pruning to the underlying hardware’s processing elements (PEs) to maximize efficiency.
This is achieved by matching the size of group-lassos groups of weights to be pruned with
the capacity of the PE. Additionally, quantization in the form of ternerization is integrated
into the method. To counteract group-lassos side effect to push weights towards smaller
values which would lead to large accuracy degradation, a technique called weight penalty
clipping (WPC) is introduced: if the intra-group Ly norm exceeds a certain threshold, the
weights inside the group are considered as too important to be pruned and are spared.
Categories: Sensitivity and penalty term based structured weights pruning
Experiments: ResNet-20/32/44/56 on CIFAR-10, ResNet-18 and AlexNet on ImageNet
Targets: Inference

Performance Metrics: Quality, compression, acceleration

Formal Proofs: None

Structured Sparsification of Gated Recurrent Neural Networks (2020) Advancing
structured sparsification of LSTMs and GRUs, [246] proposes to not only sparsify weights
and neurons but the pre-activation of the gates as well. This removal of weights by
groups corresponding to gates leads to some gates becoming constant and thus allowing
simplification of the network’s structure. The concept is implemented by applying group-
lasso to the weights corresponding to the gates and lasso to individual weights s.t. a
multi-level sparsification hierarchy is achieved. Further, during forwards passes, values
less than a certain threshold are zeroed out. The network is trained using Bayesian
optimization.

Categories: Sensitivity and penalty term based structured weights and neuron pruning
Experiments: Custom LSTMs on IMDB [247], AGNews [248] and PTB [249]
Targets: Inference

Performance Metrics: Quality, compression, instances

Formal Proofs: None

PatDNN (2020) [250] combines non-structured fine-grained pruning with structured
coarse grained pruning. In a first stage, which is referred to as pattern-based training by
the authors, kernel, and connectivity pruning is applied through an extended ADMM
solution framework. In a second stage, the model is converted in into a computational
graph and several performance optimization steps are applied: a high-level and fine-
grained DNN layer-wise representation, filter kernel reorder, load redundancy eliminations,
and automatic parameter tuning.

Categories: Sensitivity and penalty term based structured and unstructured weights
and filter pruning

Experiments: VGG-16, ResNet-50, MobileNetV2 on CIFAR-10, ImageNet
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Targets: Inference
Performance Metrics: Quality, compression, latency, acceleration
Formal Proofs: None

Non-uniform DNN Structured Subnets Sampling for Dynamic Inference (2020) [251]
proposes to train DNNs in such a fashion that each weights tensor contains multiple
subnet structures which can be selectively executed at inference time. This is facilitated
in two distinct steps: first, subnets are sampled from a complete model using a group
lasso with WPC (see above-mentioned [245]) based sampling method and next the
subnets identified in the previous step are fused in a single ensemble loss function for
multi-objective training.

Categories: Sensitivity and penalty term based structured weights pruning
Experiments: ResNet-20 on CIFAR-10, ResNet-18 on ImageNet

Targets: Inference

Performance Metrics: Quality, operations, latency, acceleration, instances

Formal Proofs: None

FFT-based Gradient Sparsification for the Distributed Training of Deep Neural
Networks (2020) Recognizing that existing methods addressing communication overhead
in the distributed training of DNNs incur large errors or lose a significant number of
gradients near zero, [252] presents a new Fast Fourier Transform (FFT) based gradient
sparsification technique which is coupled with range-based variable precision floating-point
representation to quantize and compress the gradient frequencies after sparsification. In
their framework, gradients are first linearized into 1D vectors for FFT. Next, gradient
frequencies are truncated based on their magnitudes to sift out low-energy components
and quantized to an N-bit floating-point format. Finally, the now sparse and quantized
gradients are transferred to the recipient distributed nodes.

Categories: Sensitivity based unstructured gradient pruning and quantization
Experiments: AlexNet on ImageNet, ResNet-32 on CIFAR-10

Targets: Training

Performance Metrics: Quality, compression, latency

Formal Proofs: Convergence

A Framework for Neural Network Pruning Using Gibbs Distributions (2020) A
flexible approach to neural network pruning based on Gibbs distributions is proposed
by [253]. Applied with weight magnitudes-based Hamiltonians, they use Gibbs distribu-
tions annealing capabilities to smoothly shift from regularization to adaptive pruning.
The authors show that their approach is capable of structured and unstructured pruning,
dependent on choice of the Hamiltonian.

Categories: Structured/unstructured probabilistic filter and weights pruning.
Experiments: ResNet-20/56 on CIFAR-10

Targets: Inference
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Performance Metrics: Quality, compression
Formal Proofs: None

Deep Neural Network Acceleration Based on Low-Rank Approximated Channel
Pruning (2020) (LAP) [254] introduces a novel approach to tackle the weight-level
redundancy within convolutional filters as well redundant filters themselves. First, a low
rank approximation of the DNNs filters is computed by SVD, whereby a spectral norm-
based indicator is applied for rank selection. Redundant filters are then removed using
Taylor pruning [255], which regards DNN loss as a differentiable function of intermediate
activation, and interprets the retained first-order term of the Taylor expansion as an
indicator of filter importance. The two steps are applied iteratively during training until
a certain compression level is reached, then the network is trained without additional
pruning to recover accuracy. The authors further propose Integral of Decay Curve (IDC)
based on [250] as a new evaluator for resource constrained scenarios.

Categories: Sensitivity based structured /unstructured filter and filter-weights pruning.
Experiments: AlexNet, ResNet-34/50/152, VGG-16 on ImageNet, CIFAR-10, CIFAR-
100, MNIST

Targets: Inference

Performance Metrics: Quality, compression, operations

Formal Proofs: None

Directional Pruning of Deep Neural Networks (2020) [257] brings the Generalization
of Regularized Dual Averages [258] (gRDA) algorithm, a gradient-based training approach
which has been applied for sparse statistical inference problems with a convex loss
function as well as principal component analysis, to DNN training by extending it to
mini-batch training. The authors use gRDA to prune weights under the constraint that
their projection on to the subspace created by the directions of the second order Taylor
expansion of the loss function around a local point in the loss landscape is minimized,
which reduces network degradation induced by pruning while training.

Categories: Penalty term based structured weights pruning

Experiments: VGG-16 and WRN-28-10 on CIFAR-100, ResNet-50 on ImageNet
Targets: Inference

Performance Metrics: Quality, compression, memory, latency

Formal Proofs: None

The Generalization-Stability Tradeoff In Neural Network Pruning (2020) [259]
illustrate a regularization mechanism which improves DNN generalization exists in pruning
independent of its effects on parameter counts and empirically show that magnitude
pruning has a similar effect as regularization via noise injection. They further find that
this effect on generalization is negatively correlated with the drop in accuracy directly
after the application of a pruning step during training, an effect the authors refer to as
pruning instability.

Categories: Sensitivity based structured filter and weights pruning
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Experiments: VGG-11 and ResNet-18 on CIFAR-10
Targets: Theoretical insights

Performance Metrics: Quality, stability, compression
Formal Proofs: None

Procrustes (2020) [I1] is an energy efficient sparse DNN training accelerator aimed
at producing pruned models with iso-accuracy. Procrustes is based on above-mentioned
Dropback and extends the concept by inducing sparsity through decaying the untracked
weights to initial values over the first ¢ iterations s.t. these weights can actually be
pruned if they decay to zero, remedying one of Dropback’s major drawbacks. Additionally,
Procrustes avoids the need to sort all accumulated gradients by using dynamic quantile
estimation to continuously track target sparsity.

Categories: Sensitivity /decay based unstructured weights pruning

Experiments: ResNet-18, MobileNetV2 on ImageNet, VGG-S, WRN-28-10, DenseNet
on CIFAR-10

Targets: Training

Performance Metrics: Quality, energy, latency, operations, instacnes, compression
Formal Proofs: None

WoodFisher (2020) Based on the classic Optimal Brain Damage/Surgeon (OBD/S) [116),
119] framework, WoodFisher [89] uses second-order information in the form of efficiently
approximated (Inverse-) Hessian’s to determine the change in loss induced by the removal
of one or more parameters and prunes the network architecture accordingly. The approach
is notable because not only does it not require retraining after pruning.

Categories: Sensitivity based structured and unstructured weights pruning
Experiments: ResNet-50 on ImageNet, ResNet-20 on CIFAR-10

Targets: Inference

Performance Metrics: Quality, instances, compression

Formal Proofs: None

Network pruning using sparse learning and genetic algorithm (2020)  [260] introduces a
scheme combining a gradient-limited L, /5 regularization during training and an additional
channel selection strategy for network pruning. Gradient limited L/, regularization is
applied to the scaling parameter of BN layers s.t. the networks learns to turn off entire
channels. The channel selection strategy employs a genetic algorithm which, using the
learned channel sparsity from the regularized BN for candidate generation, optimizes each
of the layer’s pruning mask by a fitness function balancing reduction of FLOPs with loss
in accuracy.

Categories: Sensitivity and penalty term based structured channel pruning
Experiments: VGG-16/19, ResNet-20/164 on CIFAR-10/100, VGG-A /16, ResNet-50
on ImageNet, (Slim)YOLOv3 [261], 262] on VOC2007 [263]

Targets: Inference
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Performance Metrics: Quality, compression, operations, instances
Formal Proofs: None

Incremental Filter Pruning via Random Walk for Accelerating Deep Convolutional
Neural Networks (2020)  [264] proposes to prune filters incrementally during training
instead of permanently zeroing them, often multiple at once. Instead, in each iteration,
L, norm first is used to evaluate each filter and through a greedy heuristic, select the
filter that is to be removed. Then similarly to earlier mentioned SFP, in the next round
of training, some previously pruned filters are selected via random walk to be reactivated
and allowed to be updated, thus increasing optimization space. This process is repeated
until a given sparsity target is met.

Categories: Sensitivity based structured filter pruning

Experiments: ResNet-20/32/56/110 on CIFAR-10, ResNet-18/34/50/101 on ImageNet
Targets: Inference

Performance Metrics: Quality, operations, acceleration, latency

Formal Proofs: None

Winning the Lottery with Continuous Sparsification (2020) [265] employs a new
approximation of the otherwise intractable L0 regularization to find sparse solutions
during DNN training. L0 weights regularization is reformulated as L1 regularization of
the binary pruning mask, which is approximated by the element wise applied Heaviside
step function H. To mitigate the problem that H is still intractable, H is approximated
by an indexed set of sigmoid functions, which are smooth and differentiable.
Categories: Penalty term based unstructured weights pruning

Experiments: VGG-16 on CIFAR-10, ResNet-20 on ImageNet

Targets: Inference

Performance Metrics: Quality, compression

Formal Proofs: None

Rethinking gradient sparsification as total error minimization (2021) [266| propose
a communication complexity model for top-k gradient sparsification (which sends only a
subset of gradient coordinates, e.g., [267), 268]) that minimizes the total communication
error under a communication budget for the entire training and, motivated by finding
that a specific variant of top-k gradient sparsification known as hard-threshold [269] 270]
sparsification is optimal in this model, provide convergence analysis for this hard-threshold
sparsification in the convex and non-convex case. They further show that hard-threshold
has the same asymptotic convergence and linear speed-up property as SGD in both cases
and is not affected by data-heterogeneity.

Categories: Sensitivity based unstructured gradient pruning

Experiments: ResNet-18, GoogleNet, SENet-18 [271] on CIFAR-10, LSTM on Wiki-
text [272], NCF [273] on Movielens-20M [274]

Targets: Theoretical insights
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Performance Metrics: Accuracy
Formal Proofs: Convergence

Hybrid Network Compression via Meta-Learning (2021)  [275] finds the performance
degradation induced by pruning and quantization depends on layer, i.e., different layers
can react differently to these two compression techniques. Hence, the authors propose a
combination of these two techniques: while the network is pruned by training under L1
regularization to induce sparsity, a differentiable integer quantizer is integrated in the
network and optimized alongside. Back propagation in the such quantized network is
done via STE.

Categories: Penalty term based structured weights pruning

Experiments: VGG-small [276], ResNet-20 on CIFAR-10, MobileNetV2 [40] on Tiny-
ImageNet, EDSR [277] on the image super-resolution task

Targets: Inference

Performance Metrics: Quality, information, compression, operations

Formal Proofs: None

Efficient Neural Network Training via Forward and Backward Propagation Sparsi-
fication (2021) [278| proposes a completely filter-level sparse training framework for
DNNs. The optimization problem of finding filters and corresponding pruning masks is
separated into filter update and structure parameter updated and both are optimized
through a new non-chain rule-based optimizer referred to as Variance Reduced Policy
Gradient Estimator (VR-PGE) which is capable of stochastically estimating gradients
during forward passes. VR-PGE avoids dense computations for filters that cannot be
reached by the error in the backwards pass due to previous layers being pruned, and thus
allows for complete sparse backpropagation.

Categories: Probabilistic structured filter pruning

Experiments: VGG-16/19, ResNet-20 and WideResNet-28-10 [279] on CIFAR-10
Targets: Training

Performance Metrics: Quality, instances, operations, acceleration, latency

Formal Proofs: None

Effective Sparsification of Neural Networks With Global Sparsity Constraint (2021)
[280] present a new sparsification method referred to as probabilistic masking (ProbMask),
which uses probability as global criterion to measure the importance of all weights in the
network. They reformulate training sparse neural networks with L1 norm constraints
on each layer’s pruning mask as an empirical risk minimization problem, relax it to a
continuous and convex expected loss minimization problem and optimize the latter via
the PGD method mentioned earlier.

Categories: Probabilistic and penalty term based structured filter and weights pruning
Experiments: VGG-19 and ResNet-32 on CIFAR-10/100, ResNet-50 on ImageNet-1K
Targets: Inference
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Performance Metrics: Quality, compression
Formal Proofs: None

Manifold Regularized Dynamic Network Pruning (2021) [281] exploits the manifold
information of all samples of a given dataset during the training process to derive instance-
specific pruned subnetworks. During training, they first identify each training instance’s
complexity learning a set of binary variables indicating whether a subnetwork should be
thinned out for a specific instance and then adjust each convolutional layer’s channel
sparsity penalty (expressed as L1 norm) correspondingly through a squeeze-excitation
control module as introduced in [I93]. The subnetworks for each input sample are
preserved.

Categories: Penalty based structured channel pruning

Experiments: ResNet-20/32/56 on CIFAR-10, ResNet-18/34, MobileNetV2 on ImageNet
Targets: Inference

Performance Metrics: Quality, operations

Formal Proofs: None

Learning Efficient Convolutional Networks through Network Slimming (2021) [282]
propose a training method to induce channel level sparsity. Through multiplying each
channel with a scaling factor and jointly optimizing both, with the latter regularized by
sparsity inducing L1 norm, some channels are driven towards zero during training and
are later removed by magnitude. After the removal of weights, a period of fine-tuning
follows. This process is applied iteratively until training is terminated by some criteria.
Categories: Penalty and sensitivity based structured channel pruning

Experiments: VGGNet, ResNet, DenseNet on CIFAR-10 and SVHN, VGG-A on
ImageNet, custom CNN [I50] on MNIST

Targets: Inference

Performance Metrics: Quality, instances, operations

Formal Proofs: None

Enabling Retrain-free Deep Neural Network Pruning Using Surrogate Lagrangian
Relaxation (2021) To train a DNN with a loss function subject to constraints on the
cardinality of the weights, a problem intractable by regular SGD or analytical meth-
ods, [283] reformulates the problem as smaller subproblems which are then solved using
Surrogate Lagrangian Relaxation (SLR) [284], a technique similar to earlier mentioned
ADMM. After each pruning step, the network is retrained to recover accuracy degradation,
which is repeated iteratively until SLR’s optimality condition is satisfied.

Categories: Penalty term based structured weights pruning

Experiments: VGG-16, ResNet-18/50/56 on CIFAR-10, ResNet-18/50 and MobileNetV2
on ImageNet, YOLOv3 on COCO

Targets: Inference

Performance Metrics: Quality, compression

Formal Proofs: Convergence
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Only train once: A one-shot neural network training and pruning framework (2021)
(OTO) [285] By first partitioning the DNNs parameters into zero-invariant groups such
that zero-groups can be pruned without affecting the output and then formulating a
structured-sparsity optimization problem which is solved via Half-Space Stochastic Projec-
ted Gradient (HSPG), a new optimization algorithm, the authors propose a framework for
intra-training pruning which does not require any fine-tuning steps or pretrained models.
Categories: Sensitivity and penalty term based structured weights and filter pruning
Experiments: VGG-16 on CIFAR-10, ResNet-50 on ImageNet, Bert [286] on SQuAD [287]
Targets: Inference

Performance Metrics: Quality, instances, operations

Formal Proofs: None

Filter Pruning via Probabilistic Model-based Optimization for Accelerating Deep
Convolutional Neural Networks (2021) (FPPMO) [I11] observes that most works
focusing on filter pruning only consider filter statistics (e.g., norm values) and disregard
the behaviour of the pruned network as important signal whether the previous pruning
step degraded the network. The authors solve this problem through FPPMO: each filter
is assigned a pruning probability, and pruning is conducted during training by sampling
masks from the pruning probability distribution. The distribution itself is updated based
on the performance of the model in the pruning procedure through minimization of the
expected loss under the filter pruning distribution.

Categories: Probabilistic structured filter pruning

Experiments: ResNet-20/32/56/110 on CIFAR-10, ResNet-18/34/50/101 on ImageNet
Targets: Inference

Performance Metrics: Quality, latency, operations

Formal Proofs: None

3.4.1. Analysis of the State-of-the-Art
3.4.1.1. Experiments

To be able to optimally position the new approach introduced in this thesis in the
scientific landscape, it is paramount to choose a proper set of experiments such that
this work is not only comparable with its direct competitors but also finds acceptance
in the wider field of pruning. Hence, the frequency of different architecture-dataset
combinations (referred to as experiments in the following) in the literature had to be
explored and results are displayed in Table The most common experiments by a large
margin are training a ResNet architecture on CIFAR-10/100 or ImageNet and a VGG
architecture on CIFAR-10/100. Likely, this observation is caused by the simple scalability
of these architectures, allowing researches to quickly evaluate different depths of the same
architecture, a property also shared by DensNet, MobileNet and WRN architectures.
LeNet architectures trained on an MNIST dataset still have a place in modern DNN
pruning literature, which is surprising due to this particular combination’s age (LeNet
was first introduced in 1998). LeNet-MNIST experiments are however simple to set up
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and quickly to execute, even on consumer hardware, which might make them attractive
to researchers looking for a cheap first evaluation of a new approach. Custom-built NN
architectures are used for evaluation only by a small number of works, likely because
using non-standard experiments hurts comparability with related work.

MNIST | CIFAR | ImageNet
LeNet 11 1 0
AlexNet 2 4 10
ResNet 1 35 37
VGG 1 36 12
WRN 0 8 1
MobileNet 0 2 8
DenseNet 0 8 1
Custom NN | 3 1 0

Table 3.3.: Architecture-dataset combinations (experiments) used in recent literature for
empirical evaluation. Architecture and dataset subtypes, scales, versions and
experiments occurring less than twice are not included due to space constraints.
If a scaleable architecture (e.g. ResNet) was used in multiple scales on the
same dataset, it was counted once.

The tasks solved by the experiments listed in Table [3.3|are exclusively image recognition
tasks. This is notable because the keyword-combinations used during the initial round of
literature research did not explicitly exclude other tasks than image recognition. Other
tasks from the computer vision domain, such as semantic segmentation, only seem to be
of marginal relevance in recent DNN intra-training pruning literature.

3.4.1.2. Metrics

In each experiment conducted in recent literature, a certain set of metrics is used to
evaluate the outcome and compare to a baseline or other related work. For this work to be
comparable and integrate well into the overall scientific landscape, it is thus necessary to
use a subset of metrics most common among other works in the same field. Consequently,
the frequency of abstracted metrics was surveyed, and the results are summarized in
Table on a per-category basis. As illustrated in Table using some type of quality
metric to determine how well a given task is solved by a pruned DNN is considered
essential in the surveyed works and independent of the category they fall into. Besides
quality, works targeting inference mostly focus on operations and compression metrics
during evaluation. For works targeting training, metrics for evaluating operations and
compression are relevant as well; however, instance counts can be observed to play a
larger role.

Surprisingly, latency and acceleration seem to be of minor relevance in the field regardless
of the category of a given paper.
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QLT | LT | OPS | INS | CMP | ACC | INF | ENG | STB | PLT | MEM
INFER 44 10 | 24 18 33 13 2 0 0 0 7
TRAIN 13 3 6 7 9 3 1 2 0 0 3
THEO 3 0 0 0 2 0 0 0 1 0 0
PR-ST ) 2 3 2 2 2 0 0 0 0 0
SEN-ST 19 6 13 9 13 8 0 0 1 1 2
PEN-ST 23 ) 10 10 19 6 2 0 1 1 )
PR-UST 3 0 0 0 3 0 0 0 0 0 0
SEN-UST | 16 4 7 14 2 1 1 0 0 2
PEN-UST | 7 1 1 3 6 1 0 0 0 0 0
C/F 18 6 15 8 7 4 0 0 1 0 1
\%\% 35 ) 14 15 32 9 1 1 1 1 8
G ) 2 2 3 0 1 1 0 0 0
N 3 1 2 2 0 0 0 0 1 1

Table 3.4.: Frequency of abstracted metrics defined in Table per pruning category
(descriptions see Section . Papers can fall into multiple categories and can
use multiple metrics. Filter weights pruning is treated as weights pruning.
Abbreviations: INFER = Target Inference (e.g., Table , TRAIN = Target
Training (e.g., Tabble7 THEO = Theoretical insights, PR-ST = Probabilistic
Structured, SEN-ST = Sensitivity Structured, PEN-ST = Penalty Term
Structured, PR-UST = Probabilistic Unstructured, SEN-UST = Sensitivity
Unstructured, PEN-UST = Penalty Unstructured, C = Channel, F = Filter,
W = Weights, G = Gradients, QLT = Quality, LT = Latency, OPS =
Operations), INS = Instances, CMP = Compression, ACC = Acceleration,
INF = Information, E = Energy, MEM = Memory Consumption, PLT =
Plasticity, STB = Stability.

3.4.1.3. Hardware Support

While major machine learning frameworks such as PyTorch or TensorFlow in principle
support sparse tensor formats and arithmetic, the underlying hardware (i.e., usually
GPUs) is often incapable of fully utilizing the potential for acceleration that lies in
sparsity. Particularly, unstructured sparsity remains difficult to exploit for all but
specialized hardware components [288], [77]. Consequently, significant effort has been
devoted to enable hardware to make better use of sparsity, see Section [2.6.5] Some
intra-training pruning approaches were developed to adapt the induced sparsity patterns
to the underlying hardware’s requirements [245, 227 [81] or follow a pattern of algorithm-
hardware co-design [111 [79]. Orthogonally, the development of hardware capable of better
utilizing sparsity in neural networks is a highly active field of research [289] 290, 2911 [292]
and automated solutions for the design of such specialized hardware exit as well [293].
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Name Abbreviation | Reference
Variational Pruning VCP [112]

SNIP SNIP 202]
AutoPrune AP [230]
Dynamic Sparse Reparameterization | DSR [225]
Lottery Ticket Hypothesis LTH [206], 207]
Global Sparse Momentum SGD GSM [242]

Table 3.5.: Overview of works with possible effect during training but not documented in
original paper.

3.4.1.4. Direct Competitors

In this section, I will discuss competitors and their results. While 97.78% of the related
work surveyed in section introduce improvements for inference (i.e., acceleration,
compression), only 28.88% produce at least theoretically some advantageous effect during
training (e.g. because pruning is applied very early during training such that the remaining
epochs could be accelerated) but do not necessarily document it because the author’s
main target is to improve inference, e.g., some approaches prune early during training
and thus could potentially accelerate the rest of training but no such effect is documented.
Only 14.33% actually document such an advantage during training. 6.67% of the surveyed
works are of purely theoretically nature. Table[3.5] provides an overview of works providing
a potential advantage during training but not documenting it, Table provides an
overview of works which document a training phase advantage. Since this thesis focuses
only documented training phase improvements, works only producing inference phase
advantages without even having a theoretically positive impact on training will not be
considered competitors. The experimental results of those works which are considered
competitors are documented in Tables 3.7 [B-8] B:9] and [B:I0] A visual comparison
of the aggregated results of 4 of the 5 competitors listed in Tables and is
provided by Figure [3.3] which indicates PR is the most advantageous approach in terms
of acceleration vs. loss of accuracy. However, it must be noted that Figure [3.3] neglects
architecture/dataset combinations used in the evaluation of the directly competing works
because not all authors conducted the same experiments, so a certain bias induced through
the selected experiments must be assumed to be present in Figure |3.3

Qsparse-local-SGD (QSGD) [210], while showing training phase improvements, is not
considered a direct competitor because of its focus on reducing intra node communication
overhead in a distributed environment. The training phase acceleration technique FFT-
based Gradient Sparsification [252] is as well excluded as a direct competitor due to its
focus on a distributed environment. Adaptive Group Sparsity based Continual Learning
(AGSCL) [233] is not considered a direct competitor because instead of classification, it
solely uses the continual learning task for evaluation.
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Name Abbreviation | Reference
Eager Pruning EP [227]
Prunetrain PT [215]
Dropback DP [93]
Procrustes PR [11]
Efficient Neural Network Training | EF [278]

Table 3.6.: Overview of works specifically targeting training and effect documented in
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original paper.
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Figure 3.3.: Ball scatter plot across all experiments regardless of architecture/dataset

combination listed in Tabled3.9] and Experiments not reporting training
flops decrease neglected (which is why DP is absent in chart). Ball size
encodes network density. For PT, which does not report network density,
density is assumed to be 100%. Abbreviations: EP = Eager Pruning, PT
= Prunetrain, DP = Dropback, PR = Procrustes, EF = Efficient Neural
Network Training, see also Table , FLOPS(T) = percentage by which
FLOPs are decreased during training compared to a baseline training
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Paper | Data Model A Acc. C/F. |P. FLOPs(I) | FLOPs(T)
VGG-16 —0.07 p.p. | 62.00% | 73.34% | 39.10% ?
DenseNet-40 —0.95 p.p. | 60.00% | 59.67% | 44.78% ?
ResNet-20 —0.35 p.p. | 38.00% | 20.41% | 16.47% ?
ResNet-56 —0.78 p.p. | 45.00% | 20.49% | 20.30% ?
vop CIFAR-10 | ResNet-110 —0.26 p.p. | 63.00% | 41.27% | 36.44% ?
ResNet-164 —0.42 p.p. | 74.00% | 56.70% | 49,08% ?
VGG-16 +0.07 p.p. | 32.00% | 37.87% | 18.05% ?
DensNet-40 —2.45 p.p. | 37.00% | 37.73% | 22.67% ?
ResNet-164 —1.80 p.p. | 47.00% | 17.59% | 27.16% ?
ImageNet | ResNet-50 +0.10 p.p 40.00% | ? ? ?
AlexNet-s —087pp. |7 90.00% | ? ?
AlexNet-b —0.58 p.p. | ? 90.00% | ? ?
VGG-C —045pp. |7 95.00% | ? ?
VGG-D —-0.33 p.p. | ? 95.00% | ? ?
CIFAR-10 VGG-like +0.26 pp |? 97.00% | 7 ?
WRN-16-8 —042pp. |7 95.00% | 7 ?
SNTP WRN-16-10 —052pp. |7 95.00% | ? ?
WRN-22-8 +0.29 p.p. |7 95.00% | 7 ?
LSTM-s +0.31 p.p. |7 95.00% | ? ?
LSTM-b —0.20 p.p. |7 95.00% | ? ?
GRU-s —-054pp |7? 95.00% | ? ?
MNIST GRU-b +0.19 p.p ? 95.00% | ? ?
LeNet-300-100 | —1.60 p.p. | ? 98.00% | 7 ?
LeNet-5 —080p.p. |7 99.00% | ? ?
—0.22pp3 |7 ? 91.00% ?
LeNet-A T0.06 pp. | 7 98.75% | 7 7
MNIST —0.02pp3 |7 ? 93.00% ?
LeNet-5 —-0.02pp |7? 99.53% | ? ?
AP 40.00 p.p ? 99.68% | 7 ?
. —1.90 pp3 |7 ? 77.00% ?
CIFAR-10 | VGG-like ~9.20 pp 5 98.66% 7 5
AlexNet —0.84pp |7 94.59% | 7 ?
TmageNet 2 Net-50 040 pp |7 51.54% | 7 7
Table 3.7.: Overview of the performance of works with a possible effect during training,
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but not documented in original paper. Fields with % read as reduced by X%.
3Neuron Pruning, LeNet-A—LeNet-300-100, VGG-C/D=VGG-16. Abbrevi-
ations: VCP = Variational Pruning, SNIP = SNIP, AP = AutoPrune, see
Table FLOPS(T) = percentage by which FLOPs are decreased during
training compared to a baseline training, FLOPS(I) = percentage by which
FLOPs are decreased during inference compared to a baseline, C/F = convo-
lution kernels or filters, P = parameters.
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Paper | Data Model A Acc. |C/F. |P. FLOPs(I) | FLOPs(T)
MNIST LeNet-300-100 | 7 ? 20.00% | ? ?
Conv-2 ? 10.00% | 19.91% | ? ?
LTH Conv-4 ? 10.00% | 18.92% | ? ?
CIFAR-10 | Conv-6 ? 15.00% | 16.77% | ? ?
ResNet-18 ? 20.00% | 19.71% | ? ?
VGG-19 ? 20.00% | 20.00% | ? ?
LeNet-A +0.00 p.p. | ? 98.34% | 7 ?
MNIST 4+0.01 p.p. | ? 99.20% | ? ?
LeNet-5 015 pp. |7 99.67% | 7 7
+0.05 p.p. | ? 85.00% | ? ?
_ ResNet-56 0% pp. |7 90.00% | 7 7
CIFAR-10 +0.21 p.p. | ? 85.00% | ? ?
DenseNet-40 4+0.16 p.p. | ? 87.50% | ? ?
+0.04 p.p. | ? 90.00% | ? ?
] —0.39p.p. | ? 75.00% | ? ?
tmageNet | ResNet-50 =75 51 80.00% | 7 ?
—-1.60 p.p. | 7 90.00% | ? ?
tmageNet | ResNet-50 =535 5 7 80.00% | 7 ?
DSR
CIFAR-10 | WRN-28-2 i ! 90.00% | 7 !
? ? 80.00% | ? ?
Table 3.8.: Overview of the performance of works with a possible effect during training,

but not documented in original paper. Fields with % read as reduced by
X%. LeNet-A=LeNet-300-100. Abbreviations: GSM = Global Sparse Mo-
mentum SGD, LTH = Lottery Ticket Hypothesis, DSR = Dynamic Sparse
Reparameterization, see Table FLOPS(T) = percentage by which FLOPs
are decreased during training compared to a baseline training, FLOPS(I) =
percentage by which FLOPs are decreased during inference compared to a
baseline, C/F = convolution kernels or filters, P = parameters.
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Paper | Data Model A Acc. C/F. | P. FLOPs(I) | FLOPs(T)
AlexNet -0.10 p.p. |7 61.69% | 7 41.19%
GoogleNet | —0.80 p.p. | ? 70.85% | 7 43.25%
TmageNet =gy 116 pp. |? 35.00% | 7 26.87%
EP ResNet-50 | —0.27 p.p. | ? 57.81% |7 40.13%
MNIST LeNet-5 —0.13p.p. | ? 45.95% | ? 38.06%
CIFAR-10 | ResNet-32 | +0.13 p.p. | 7 66.44% |7 44.86%
TIMIT LSTM —1.71pp. | ? 72.07% |7 52.40%
ResNet-32 | —1.80 p.p. | ? ? 66.00% 53.00%
ResNet-50 | —1.10 p.p. | ? ? 50.00% 70.00%
CIFAR-10 VGG-11 —0.70 pp. |? ? 57.00% 65.00%
VGG-13 —0.60 p.p. | ? ? 56.00% 63.00%
—1.40 pp. | ? ? 32.00% 46.00%
PT CIFAR-L00 ResNet-32 5500 17 ? 53.00% 69.00%
VGG-11 —1.30 pp. | ? ? 47.00% 57.00%
VGG-13 —1.10 pp. | ? ? 42.00% 52.00%
—1.87pp. |7 ? 40.00% 53.00%
ImageNet | ResNet-50 | —1.47 p.p. |? ? 30.00% 44.00%
—0.24 pp. |7 ? 3.00% 12.00%
—0.10 p.p. |? 81.24%% | ? ?
MNIST LeNet-A —1.17p.p. |? 98.12%% | ? ?
—243p.p. |? 99.44%* | ? ?
+0.33p.p. | ? 66.67%* | ? ?
+0.18 p.p. | ? 80.00%* | 7 ?
VGG-S —341pp. |? 95.0%% |7 ?
—10.80 p.p. | ? 96.67%* | ? ?
CIFAR-10 +0.62 p.p. |? 77.78%% | ? 7
bP DenseNet =57 E.E. ? 96.30%7 | 7 7
—0.10 p.p. |? T7T8%T | 7 ?
WRN-28-10 | —0.27 p.p. | ? 80.77%* | ? ?
—0.45 p.p. | ¢ 86.30%% | 7 ?
+1.28 pp. |? 65.75%* | ? ?
? 412 ?
ImageNet | ResNet-18 |50y B :
—794pp. |7? 95.72%* | ? ?
Table 3.9.: Overview of the performance of works specifically targeting training and effect
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documented in original paper. Fields with % read as reduced by X%. *Not
sparsity but tracked parameters during training (i.e., gradient sparsity). LeNet-
A=LeNet-300-100, VGG-S=VGG-8, VGG-C/D=VGG-16. Abbreviations: EP
= Eager Pruning, PT = Prunetrain, DP = Dropback, see also Table
FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs are
decreased during inference compared to a baseline, C/F = convolution kernels

or filters, P = parameters.
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Paper | Data Model A Acc. C/F. | P. FLOPs(I) | FLOPs(T)

DenseNet —0.50 p.p. | ? 74.37% | 70.27% 79

CIFAR-10 | WRN-28-10 | +0.10 p.p. | ? 76.94% | 78.43% 75.0%
PR VGG-S +010 pp. | ? 80.67% | 57.99% 75

ImageNet MobileNetV2 | +0.15 p.p. | ? 90.00% | 75.08% 74.23%
ResNet-18 +0.14 p.p. | ? 91.45% | 80.06% 75

VGG-16 —0.30 p.p. | ? 96.60% | 91.30% 88.49%5

CIFAR-10 | ResNet-20 —0.37 pp. | ? 64.90% | 63.90% 52.15%°

- WRN-28-10 | —0.60 p.p. | ? 91.60% | 92.10% 89.35%°

—1.00 p.p. | ? 51.80% | 53.20% 37.50%°

ImageNet | ResNet-50 -3.50 p.p. | ? 73.00% | 75.30% 66.89%°

—7.70 p.p. | ? 89.20% | 89.90% 86.41%5

Table 3.10.: Overview of the performance of works specifically targeting training and effect
documented in original paper. Fields with % read as reduced by X%. LeNet-
A=LeNet-300-100. 6Unit of measurement no specified, FLOPs appears likely
though within the context of the paper, Training reduction not provided for
all experiments. Abbreviations: EF = Efficient Neural Network Training, PR
= Procrustes, see also Table FLOPS(T) = percentage by which FLOPs
are decreased during training compared to a baseline training, FLOPS(I) =
percentage by which FLOPs are decreased during inference compared to a
baseline, C/F = convolution kernels or filters, P = parameters.
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3.4.2. Scientific Gap and Open Research Questions

Despite pruning in general has seen significant attention during the surveyed period as
documented in Table many directions remain insufficiently explored in the subdomain
of intra-training pruning. As documented in Table many works that prune during
training only document effects for inference, which presumably could be caused by these
methods overhead outweighing any training advantages in terms of runtime or memory
complexity and it is unclear how such heuristic overhead can be efficiently mitigated.
It has not yet been explored how the interpretability of DNNs changes when they are
pruned using the State-of-the-Art methods documented in this chapter, how strong
their robustness to fault-injection attacks is or how the combination of these pruning
approaches with quantization performs. Furthermore, particularly if the aim is to achieve
an acceleration of training, it is unexplored whether accelerating forwards passes through
weights pruning and backwards passes through gradient pruning can be improved through
the use of separate heuristics for weights and gradients. Whether combining structured and
unstructured pruning in intra-training pruning with the aim of accelerating training has
not yet been investigated. No method for efficient (and ideally data-agnostic) generation
of lottery tickets is currently known and lottery ticket generation consequently cannot
practically be employed for training acceleration, only some LTH-inspired but methodically
slightly different approaches such as [227] exist. Another topic lacking exploration is how
pruning interacts with the vanishing or exploding gradients problem, counter strategies
and vice-versa or data-augmentation techniques.

In the following, I will identify concrete open research questions motivated by the
documented related work. Each research question will receive a tag in the title of the
respective subsection in the form of "Research Question [TAG|" for easier reference later
in the thesis.

3.4.2.1. How can computationally expensive pruning heuristics be made more
efficient/can computational overhead be reduced? [RQ1]

Works listed in Table and do not evaluate training despite conceptually, the
existence of some training advantages (e.g., speed-up, reduced memory consumption)
cannot be excluded. Presumably, this could be caused by the authors either analytically
or empirically finding that the advantage in terms of runtime or memory complexity
obtained by their approach are offset by their algorithms overhead or, as argued by [27§],
solely sparsifying weights, while accelerating the forward pass, can still lead to dense
backpropagation and hence limit achievable training speed-ups. A possible approach to
solve the issue of excessive algorithmic overhead could be of the Monte Carlo type. Hence,
one research question I will evaluate in this thesis is whether learning the distribution
of the pruning heuristic I will derive for a certain number of epochs and then sampling
pruning choices from that distribution is a viable approach to decrease my methods
overhead. The viability of such an approach is supported by the observation made by
[227, 206] that the importance of weights does not change significantly during training.
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3.4.2.2. Does using separate forward- and backwards heuristics yield an advantage
over approaches using only one of these two heuristics? [RQ2]

The majority of works listed in Section and Table and focus

on weights pruning, i.e., techniques pruning the networks weights or neurons directly
and mostly affecting the forward pass in terms of acceleration and are hence mostly
applicable to inference. Few works such as [93] focus on achieving solely a training
phase speed up through accelerating the backwards pass (i.e., gradient pruning). Works
combining sparse forward and backwards passes do not use separate heuristics (e.g., [93]
achieves sparse backwards passes by allowing only small portions of weights to be updated
and [I1] extends this concept by gradual multiplicative decay of such untracked weights
while [278]|, recognizing the problem of dense backwards passes occurring even if a networks
weights are sparse, follows a reverse approach by inducing weights sparsity and zeroing
gradients where the weights’ sparsity prevents error backpropagation). However, the
different characteristics of forwards and backwards pass could necessitate the application
of different pruning heuristics: while weights pruning main goal is to leverage sparsity
without destroying relevant weights (i.e., already learnt and relevant neural connections
shall not be destroyed through pruning), gradient pruning must be conducted in such a
fashion that new knowledge is learnt, i.e., only those weight updates should be conducted
which will likely have the most positive contribution to the learning effort while the rest
is discarded.

3.4.2.3. Does combining structured and unstructured sparsity during training yield
an advantage over approaches using only one of these types of sparsity?

[RQ3]

Structured pruning generally outperforms unstructured pruning in terms of acceleration
and compression due to advantageous exploitation of hardware [77], but unstructured
pruning can still be used in combination with structured pruning to increase sparsity fur-
ther inside the dense substructures that usually exist in structurally-pruned networks [78].
Hence, combined structured and unstructured pruning can be used to obtain an optimal
balance between compression, accuracy and acceleration. In works aiming at inference
acceleration, this has been successfully demonstrated on multiple occasions (e.g., [78]),
but given that none of the works listen in Tabs. and follows such an approach,
it would be novel to bring this concept to training phase acceleration, and hence I will
pursue this goal in this thesis.

3.4.2.4. Is there a better yet efficient heuristic for gradient information than norm?

[RQ4]

As demonstrated by [194] the norm has undesirable properties limiting its use as a
sensitivity heuristic for pruning. Motivated by this, [219] shows geometric median can be
used as heuristic for filter pruning, but is aimed at inference. For training, [278], although
not relying on a norm-based heuristic, does not use standard chain rule-based SGD for
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optimization, [2I5] uses a penalty term rather than sensitivity heuristics while [93]
and [II] both rely on the norm of accumulated gradient for determining the network’s
sensitivity to certain pruning steps. [227] proposes a pruning algorithm based on weights
magnitude instead of norm, but accordingly is only capable of pruning in an unstructured
fashion. Hence, the question arises how to prune a network for training acceleration
heuristically and in a structured manner using standard SGD for easy integration with
popular optimization techniques without relying directly on the norm of the network’s
weights or gradients.

3.4.2.5. How can lottery tickets be generated efficiently and in a data-agnostic
fashion? [RQ5]

The original LTH papers, which are rather of a theoretical nature than of practical
applicability, state that a network can be significantly pruned before training [206], 207]
but they do not examine potential performance gains during training. Motivated by
these findings, however, EP [227] seeks a usable realization of LTH’s insights by pruning
very early during training and demonstrates a speed-up by this technique while [265]
employs continuous sparsification during training but only aims at accelerating inference.
Still, the question remains unanswered whether an efficient lottery ticket generation
technique exists, that, before training and possibly without evaluation of training data
(i.e., data-agnostic, which EP is not), decides which areas of the network to prune and
which not. Efficient in this context is to be understood as that the generation of the
lottery tickets shall not incur more overhead than the speed-up that is achieved through
training a sparsified network instead of a dense network, i.e., exhaustive training of a
large number of differently pruned networks until convergence and then selecting the
lottery ticket as done in the original LTH cannot be considered to be an efficient training
solution even if the discovered lottery ticket itself produces a training speed-up compared
to its dense counterpart.

3.4.2.6. Can a general statement about the the relationship between pruning
overhead and obtained training speed-up be made (break-through
efficiency)? [RQ6]

As mentioned in Section works listed in Tablesand possibly do not evaluate
training phase acceleration due to algorithmic overhead, making improvements during
training unlikely. This raises the question of what the relation in intra-training pruning
between speed-up (saved OPS) and algorithmic overhead is and whether a generalized
formula can be derived making a statement on the minimum reduction of computational
complexity of network training any intra-training pruning technique must produce on a
given architecture to justify its overhead.
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3.4.2.7. Can intra- and post-training pruning methods be combined? [RQ7]

Some works aiming at inference acceleration and compression gather information on
weights importance during training and apply a pruning mask after training has finished
(e.g., [89] which, besides continuous sparsification during, is also capable of one-shot
post-training pruning without retraining). This could make such methods potentially
compatible with methods dedicated to achieve intra-training acceleration such as [227],
leading to further sparsification and improved inference acceleration.

3.4.2.8. Can existing pruning approaches be combined with quantization? [RQ8]

As suggested by [77], pruning should be used in combination with quantization to achieve
most significant improvements in terms of acceleration and compression. Consequently, an
interesting subject for further study could be how the combination of training-acceleration
focused pruning approaches listen in Table [3.9] and fares if combined with intra
training quantization approaches such as [23].

3.4.2.9. How does pruning impact the vanishing and exploding gradients problem?

[RQ9]

It has not yet been explored how pruned training impacts vanishing /exploding gradients [2]
p. 26|, counter-strategies [294} [295| 296] 297, 298|, 299], 300] and vice versa. It is furthermore
unknown how the combination of various approaches performs. It might be worthwhile
exploring how a DNN trained under a pruning regime performs if compressed further
afterwards through a compression technique (e.g [301]) and whether the results can be
improved even more by the most recent data augmentation techniques for semi-supervised
and supervised deep learning tasks [302, [303].

3.4.2.10. How robust are pruned DNNs to fault-injection attacks? [RQ10]

Given [304] showed the practical feasibility of software-induced fault injection attacks on
DNNs and the high vulnerability of DNNs to such attacks, another important question
left untreated by all related work is how these approaches hold up against dedicated
attacks as they do not natively include defence mechanisms. Another type of attack
to which DNNs are particularly vulnerable are out-of-distribution (OOD) attacks [305]
which is why I deem it important to explore how pruning affects a network’s robustness
to such attacks. Provable guarantees w.r.t. to the detection of OOD attacks are provided
by [306].

3.4.2.11. Can abstract abstract guarantees regarding test error be provided for any
pruning approach? [RQ11]

Only 10.5% surveyed works provide abstract guarantees regarding convergence, time or
space complexity and not a single work provides any guarantees w.r.t. test error (i.e.,
network degradation induced by pruning). I conjecture component-wise perturbation
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analysis [307] might lead to such guarantees, as this technique has in similar scenarios
not only been applied to study historical neural network architectures [308, [309, 310] but
also yielded results for simple modern architectures recently [311].

3.4.2.12. How is the interpretability of a network affected by pruning? [RQ12]

Another question I deem worthy of further investigation is whether the interpretability
[312], B13] of pruned DNNs changes w.r.t. to a base model and whether these changes, if
present, can be quantified and lower or upper bounds for their magnitude be provided.

3.4.2.13. Is the conjectured probabilistic/stochastic pruning category of any
significance? [RQ13]

As discussed at the beginning of Section surveys currently categorize neural network
pruning literature along the categories

1. Sensitivity methods

2. Penalty term methods

3. Other methods

4. Information theory methods

5. Structured or unstructured sparsity induction
6. Weight, neuron, filter or layer pruning

7. Type of layer that is pruned

These categories however possibly neglect the existence of a distinctive group of works
which rely on probabilistic methods for achieving their goal of pruning neural networks,
e.g., [118, [176], 188 183, 112, 278]. Further research is required to determine whether
the introduction of a new category is truly justified and whether it is of any significance
compared to other, more dominant categories.

3.4.3. Research Questions Addressed

In this thesis, I will investigate whether a Monte Carlo approach is suitable to reduce the
computational overhead of intra-training pruning heuristics (RQ1), I will derive separate
heuristics tailored to the specific needs of forwards- and backwards pass (RQ2), I will
combine structured and unstructured pruning (RQ3) and further derive a sensitivity
heuristics other than norm (RQ4). Additionally, I will explore whether an intra training
pruning scheme originally targeted at inference acceleration can be adapted for intra
training use (RQ7).
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The proposed approaches in this thesis are motivated by a subset of the open research

questions outlined in Section [3.4.3]

4.1. Pruning Methods

In the following, I will synthesize my pruning approach for accelerating forward and
backwards passes. Since multiple combinations of approaches are possible, each approach
(and only the concrete approach, not its full mathematical derivation) will be assigned a
tag containing and abbreviation for easier later reference. The tags will be given in the
title of the respective subsection in the form of "Name of The Approach [TAG]".

4.1.1. Backwards Pass

For accelerating the backwards pass, a heuristic is required to decide which weights are to
be updated and where, within a weight’s tensor, an update should be applied. Intuitively,
this could be achieved via norm, i.e., applying only those weights updates of the gradients
with the largest norm, but as discussed in Section norm is generally of limited
usefulness for pruning and for the special case of pruning gradients during the backwards
pass, just updating those weights where the norm of the gradients at a given batch are
the largest fails to capture the trajectory of gradients over multiple batches.

4.1.1.1. Global Gradient Diversity GGD

Gradient Diversity (GD) was introduced by [25] as a global (hence GD is also referred to as
GGD here) measure to quantify the degree to which individual gradients at a given batch
are different w.r.t to previous batches and was successfully applied by [64] as heuristic to
decide when a precision switch should happen during intra-training quantization. For look
back [b, which denotes the number of previous batches that are used for computation,
GGD is given by

W = 3 o [V LW e X1 [
el HZZ):O vl‘/Vk‘C(Wk§ykan)H%

(4.1)

GGD is large when the inner products between the gradients taken with respect to
different batches are small, which, as shown by the authors in an extended version |25,
arXiv: 1706.05699v3| of their paper on gradient diversity, is the case when the gradients
are almost orthogonal, or even on opposite directions. The case that this is a desirable
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property for pruning is supported by previous works relying on heuristics incorporating
the directions of gradients [89, [I16], [T19] as well as novel insights into the relation of the
gradients directions with the geometry of the decision surface manifold [314].

4.1.1.2. Layerwise Gradient Diversity LGD

The concept of GGD was later refined to LGD by [23] and used in a local, layer-wise
applied heuristic for precision switches in intra-training quantization on a per-layer basis.
For a layer [, look back Ib, LGD is given by

2
o | Vi £V ks X0

As(Why, = (4.2)

Hz ) Vo LW X0

which is connected to GGD by

W)lb = Z AS(W

leL

4.1.1.3. Efficient Computation In the Normalized Gradients Case

This section introduces a novel computation technique for LGD and GGD and analytically
argues for its improved memory efficiency. Previously used computations of gradient
diversity required the storage of the gradients of the last [b batches of L layers, causing
excessive memory consumption for large values of [b. A common technique for combat-
ing the vanishing and exploding gradients problem [2 p. 129-134| though is gradient
normalization 2], p. 142| [315] 316]. For normalized gradients,

Vi LW k5 y, Xi)

6lW,cﬁ(VVk;yk,Xk) =TS
[ Wi X0

(4.3)

both LGD and GGDs memory complexity can be greatly simplified. LGD as defined in
Equation (4.2) becomes

As(Why, b (4.4)

HZ (Wk,ykan)H

because
b
|94, Wiy X0)||| = 1908 = 3 [V, £OW 55, X0 | = 10

and GGD as defined in Equation (4.1)) becomes,
L-1b

As(W)y, =
ZZGLHZ Vka (kaykan)H
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can be com-

~ 2
whereby the accumulated gradients used in H szo Vlwkﬁ(Wk; Yy X k)‘ )

puted on the fly at the end of each batch such that storing Ib gradients becomes unnecessary,
greatly reducing storage requirements of GD. This means if one leverages gradient nor-
malization as a tool for combating vanishing and exploding gradients, it is possible to
get LGD and GGD for free (almost) as no additional memory except for storing the
accumulated gradients has to be allocated. O(lb- m) becomes O(m) where m is the
memory required to store the network’s accumulated gradients, which is equal to the
storage requirements of the network’s trainable weights themselves. This is a serious
improvement, as shall be demonstrated empirically in Section rendering previously
intractable problems tractable.

4.1.1.4. Intra-Layerwise Gradient Diversity (ILGD)

Technically, it is possible to take GD to an even more fine granular level than just layerwise
computation by computing its value for specific areas of a layer’s gradient tensor. Since
weights in a convolutional layer are organized in a 4D tensor and weights in a linear layer
are organized in a 2D matrix [317], we obtain for linear layer [, look back b, coordinates
h, w
2
Hvl Wk;ykan)(hi,wi)
= = (4.5)
HZ LW Yy Xk (e ws) ,

As(Wh i (hi o)

or convolutional layer filters with in- and out channels n, ¢

2
Hvl LW k3 Y1 X0 (ny 0., w)H

HZ LWy, Xk (n,ein, w)H

As (Wl)lb (n4,ci,hw) — (46>

Potentially ILGD could be a suitable heuristic for weights pruning. Unfortunately though,
the efficient computation introduced in the Section [£.1.1.3] for LGD and GGD is not

applicable for ILGD because even if normalized gradients with HVZ E(Wk, Y, X&) H2 =
1 are used it holds that

2
27514

b
i wil > || Vi £V ks s X0

and

b 9
S, i b ]S || Vi LV g X e |, # Ee
=0

with L;, L. denoting the number of linear and convolutional layers respectively which
again would necessitate extensive storage of [b gradients.
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4.1.1.5. Top-K Gradients with LGD [GDTopK]

Given that ILGD as provided in Equations and , while desirable in terms of
granularity, is still intractable in terms of memory complexity, I resort to an efficient
LGD (Equation (4.4])) based top-k gradients scheme for accelerating the backwards pass
similar to what is used in [93, [II] where only the most important gradients are actually
used in the backwards pass to update the networks weights, saving operations in the
process. With LGD I use a different and potentially advantageous metric though and
prune entire gradients layerwise instead of areas of gradients due to the intractability
of ILGD for large networks. The proposed gradient pruning scheme is illustrated in
Algorithm On initialization, Algorithm [3] receives the arguments [b, network, loss,
epochs, and the number of gradients to be deleted & (lines 1-2). Next for each batch in each
epoch, prediction, loss and gradients are computed (lines 3-5) normally as described in
Section gradients are normalized (line 6) as shown in Equation and accumulated
(line 7) for batch k i.e.

VIV LW sy, X i)+ = Vi LW i 5, X ). (4.7)

Then, if [b gradients have been accumulated, LGD is computed as described in Equation [4.4]
and the accumulated gradient VZV%’,&:C)L(Wk; Y, X ) is reset to all zeros (lines 8-10).
The algorithm next proceeds top delete the k gradients with the lowest LGD value (line
12) and the weights are updated by the optimizer as described in Section using the
pruned gradients (line 13).

Data: b, network, loss epochs, data, k
1 for epoch in epochs do

2 for batch, labels, index in data do
3 prediction = network.forward(batch)
4 loss = loss(prediction, labels)
5 gradients = computeGradients(loss)
6 normalizedGradients = normalizeGradients(gradients)
7 accumulateGradients(normalized Gradients)
8 if index mod b = 0 then
9 lgd = updateLGD (accumulatedGradients)
10 reset Accumulated Gradients(accumulated Gradients)
11 end
12 prunedGradients = deleteGradients(normalizedGradients, lgd, k)
13 network.backwards(prunedGradients)
14 end
15 end

Result: network
Algorithm 3: Top-K Gradients with LGD Pseudo Code [14]
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4.1. Pruning Methods

4.1.1.6. Monte-Carlo Top-K Gradients with LGD [GDTopKMC]

While LGD as provided by Equation is already efficient, its computation still has
non-zero overhead. To save the overhead of computing the LGD heuristic every (b batches,
one possible approach is to learn the probabilities of individual layers getting pruned by
the heuristic over a given number of sample epochs se and then draw from this distribution
during further training epochs. Best suited for such a task is the categorical distribution.
The categorical distribution, which generalizes the Bernoulli distribution to a categorical
random variable, is a discrete probability distribution with a sample space of a given set
of categories. Let X be a categorical distribution for a set of C' categories, |C| = n, then
X is completely characterized by the vector of probabilities p of the associated categories
¢ € Cwithp=p1,...,p, and > | p; = 1. Updating X based on new observations can
now be accomplished by updating individual probabilities p;

obs; — p;
pi =pi + 7( N ) (4.8)
where observed probabilities obs; are described by
k
;1o =¢
obs; = M (4.9)

k

with N being the total numbers of observations, k denoting the number of observations
since the last update of X and [0; = ¢;] denoting the event that ¢; was observed.

To apply Equations and to the case of gradient pruning, let L be a set of
layers of a neural network, P(L) an associated pruning heuristic which, for each call,
selects a single element [ € L for gradients pruning, e.g., top-k gradients with LGD as
described in Section Equation (4.4) and Algorithm [3| Further, let [b be the lookback
as described in Section and let e be the current epoch, emax the total training
epochs, bs be batch size, bd be the number of batches in the dataset, se be the number
of sampling epochs. Then X with characterizing probabilities vector p; describes the
probability distribution of a layer | € L getting selected by P(L). At the beginning of
training, X j, can be initialized with p; = |T1‘Vpi € py, i.e., each layer starts with the same
probability of being selected by the pruning heuristic because no observations are yet
available. As training progresses, the elements of p; is updated every sampling epoch se
by
(obs; — pi)

pi =pi + N (4.10)
bd - e
N=__ "
bs - 1b- se
db/lb P(L): =1
ObSi:Z]:l[ (L); =1] (4.11)

bd/lb
During sampling epochs, the actual heuristic is computed and layers pruned accordingly.
Otherwise, the decision which layers to prune are drawn from X j whereby to pruned k
gradients, it is necessary to draw k times from X,.
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The integration into training is given by Algorithm @ On initialization, Algorithm [4]
receives the arguments b, network, loss, epochs, the number of gradients to be deleted
k as well as the number of epochs used for sampling se. Next for each batch in each
epoch, prediction, loss and gradients are computed (lines 3-5) normally as described
in Section , gradients are normalized (line 6) as shown in Equation . Then, if
the current epoch is a sampling epoch, gradients are accumulated (line 7-8) for the
batch k according to Equation . If b gradients have been accumulated, LGD is
computed as described in Equation [£.4] the probabilities of the categorical probability
distribution are updated as shown in Equations and and the accumulated
gradient VZV%}G:C)E(W;C; Y, X 1) is reset to all zeros (lines 9-12). The algorithm in line 14
proceeds to delete k gradients deterministically using identical mechanics as Algorithm
Otherwise, if the current epoch is not a sampling epoch, the k gradients that are deleted
are determined by drawing k times from the categorical probability distribution (line 16).
Finally, the weights are updated by the optimizer as described in Section [2:4.2] using the
pruned gradients (line 18).

Data: 1b, network, loss epochs, data, k, se
1 for epoch in epochs do

2 for batch, labels, index in data do
3 prediction = network.forward(batch)
4 loss = loss(prediction, labels)
5 gradients = computeGradients(loss)
6 normalizedGradients = normalizeGradients(gradients)
7 if epoch mod se = 0 then
8 accumulateGradients(normalized Gradients)
9 if index mod b = 0 then
10 lgd = updateLGD(accumulated Gradients)
11 probs = updateProbabilities(lgd, k)
12 reset Accumulated Gradients(accumulated Gradients)
13 end
14 prunedGradients = deleteGradients(normalizedGradients, lgd, k)
15 else
16 prunedGradients = deleteGradientsMC(probs, k)
17 end
18 network.backwards(prunedGradients)
19 end
20 end

Result: network
Algorithm 4: Monte Carlo Top-K Gradients with LGD Pseudo Code
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4.1.2. Forwards Pass
4.1.2.1. Kullbeck-Leibler Divergence (KLD)

Determining the amount of information loss, if a layer’s weights tensor is perturbed, can
be heuristically accomplished by interpreting the perturbation as a change of encoding.
Assume a weight’s tensor W' ~ Q! of layer | € L with its perturbed counterpart

1
W ~ P! where P!, Q' are the respective distributions. Then the continuous Kullback-
Leibler-Divergence introduced by [26] represents the average number of bits lost through
changing the encoding of | from Ql to Pl, with p and ¢ denoting probabilities, and w the
elements of the weight’s tensor:
00 l
p(w)
D(PY Q! :/ p(w) - log
(PIQ) = | _pw)-toglres
Using discretization via binning, we obtain P! and @' at resolution 7! through the empirical
distribution function:

dw

l

— 1 <
F.(w) = T ; Lyi<u (4.12)
that can then be used in the discrete Kullback-Leibler-Divergence.
Pl(w)
KL(PYQY = Pl(w) - log 4.13
(PR = > Plw) Qlw) (4.13)

weW'!

4.1.2.2. Measuring Learned Information with KLD

Assume standard non-nesterov SGD without momentum, dampening, and constant
learning rate n = const (see Section [2.4.2.1)). Then as described in Equation (2.9)) an
update step at batch j is given by:

l l l .

Which allows me in the accumulated (b gradients’ case to obtain the update step via
J J
Wiy =Wiim— Y. Vi, LWy, Xi) = Wi =1 Y, Vig LWy, X5)
k=j—Ib k=j—1Ib

(4.14)
whereby the right-hand side of the term is efficiently computable without storing individual
gradients of each batch, just the accumulated gradients need to be stored. Using Equations
(@12), (@13) and ([@.14), the information change T' in W' induced by the last Ib gradients
in layer [ is then given by:

I = KL(E (W )IF (W) =

J
KL(Frl(Wl(j+1)))||Frl(Wl(j+1) +n- Z Vl‘/[/kﬁ(Wk; Y, X)) (4.15)
k=j—Ib
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or with respective formulations Ffl_ e ha for intra convolution and Fﬁl_ . intra linear layer

application (analogue to ILGD’s ié(ih;dtions and in Sectiéh. Observe
the right-hand side can be computed just from the accumulated gradients that is already
computed for GD as described in Section as well, so no need to additionally store
old weights arises if T is used in conjunction with a GD-based heuristic.

4.1.2.3. Approximation via Relative Error

In practice, I found though that because sufficient binning size is required, the KL-based
heuristic in Equation [£.15]is not applicable to pruning small filters in convolutional layers
(e.g., bx5 filter = max 25 bins, usually much less sensibly, not enough). I propose the
following simplification through approximation of above metric via relative error:

= HWZ(J‘H) +"7'Ei:j4b leVkE(WkSUkan)HQ

=
[Wisn,

(4.16)
(j+1 )
The heuristic I contains similar information as ' but is cheaper to compute and performs
better in practice due to not being dependent on binning in cases of respective formulations
Aih_, cihaw for intra convolution and ﬂu,wi intra linear layer application.

In order to find areas of a layers weights tensor to prune via Equation (4.16)’s intra-
layer formulations, the proper boundaries n;, ¢;, h, w and h;,w; have to be found. This
is achieved by introducing two scaling parameters o, and ¢; and sampling (. and (;
times respectively from respective discrete uniform distributions, i.e., n; € [1, 0. - n] and
¢i € [1,0. - ¢] in the convolutional case and h; € [1,07 - h] and w; € [1,0; - w] the linear
case. After sampling, the areas of the convolutional and linear tensors associated below
Ke, K1 quantiles are zeroed out via application of a binary pruning mask M.

4.1.2.4. Relative Error Pruning [REP]

The relative error approximated KL pruning heuristic introduced in Section4.1.2.3] which I
abbreviate as RE-Pruning, is implemented in the eager fashion motivated by [227) 206}, 207],
i.e., the networks weights and gradients are only aggressively pruned early during training.
Integration into training of is achieved as shown in Algorithm [} On initialization,
Algorithm [5] receives the arguments (b, network, loss, epochs, pruning epochs pe, pruning
parameters o., 0y, Ke, Ki, (e, ¢ and threshold parameters 7., 7; (lines 1-2). Next for each
batch in each epoch, prediction, loss and gradients are computed (lines 3-5) normally as
described in Section[2.4]and gradients are normalized (line 6) as shown in Equation (4.3)). If
then epoch < pe, gradient accumulation for batch k is triggered as shown in Equation (4.7))
(lines 7-8). Once [b gradients have been accumulated, the pruning mask according
to the heuristic described in Section is computed, the accumulated gradient
vzvg’v‘lf)ﬁ(wk;yk,x k) is reset to all zeros and the pruning mask is applied to the
networks weights and gradients (lines 10-13). The case epoch > pe is handled in lines 14-15:
after the aggressive eager pruning phase for the first pe epochs of training where structured
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sparsity is induced is over, the network is only further pruned by magnitude pruning.
The intuition behind this choice is twofold: for one, magnitude pruning additionally
applies unstructured pruning over the structures induced during the eager pruning phase,
further enhancing sparsity. Additionally, because magnitude pruning does not have any
structural constraints, it allows some particularly important weight elements which were
unintentionally pruned during the structured pruning phase to grow back, hence allowing
the repair of the damage induced through structural pruning. For this strategy to work
optimally, however, the loss function must be regularized such that a convergence of the
network towards large weights is inhibited. For the experiments conducted in Section [6]
I chose a linear combination of L; and Lo regularization as described in Section [2.4.3
Finally, the now pruned weights are updated by the optimizer as described in Section [2.4.2]
using the pruned gradients (line 17).

Data: Ib, network, loss, epochs, data, pe, pruningParameters, thresholdParameters
1 for epoch in epochs do

2 for batch, labels, index in data do

3 prediction = network.forward(batch)

4 loss = loss(prediction, labels)

5 gradients = computeGradients(loss)

6 normalizedGradients = normalizeGradients(gradients)

7 if epoch < pe then

8

9

accumulateGradients(normalized Gradients)
if index mod Ib = 0 then
10 mask = computeMask(accumulatedGradients, pruningParameters)
11 reset Accumulated Gradients(network.weights, accumulatedGradients)
12 end
13 network.weights, prunedGradients = applyMask(mask, network.weights,
normalizedGradients)
14 else
15 network.weights, prunedGradients = applyThreshold(network.weights,
normalizedGradients, thresholdParameters)
16 end
17 network.backwards(prunedGradients)
18 end
19 end

Result: network .
Algorithm 5: RE-Pruning Pseudo Code

4.2. Combined Approaches

Not only can the above presented methods REP for forward and GDTopK, GDTopKMC
backwards pass pruning be freely combined with one another, it is further possible to
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combine them with certain other DNN training acceleration techniques seamlessly.

4.2.1. Alternating Direction of Multipliers (ADMM) [ADMMR, ADMMI]

A systematic framework for DNN weight pruning based on ADMM and aimed at acceler-
ating inference was proposed by [18] (also see Section [3.4]). The optimization problem

min f(z) + g()

with f differentiable and g non-differentiable can be rewritten to

min f(x) + g(z) subject to x = z

x,z

which through augmented Lagrangian [318] can be split into two subproblems x and
z. The first problem is ming f(x) + ¢1(x) and the second problem min, g(z) + g2(2)
whereby ¢l and ¢2 are quadratic functions of their arguments and the first problem is
differentiable. In special cases, problem two might be solved analytically by exploiting
special properties of g, e.g., if g is a regularizer such as Ls, L1 or non-differentiable
L0 which allows formulating these sparsity requirements as combinatorial constraints
with a unique solution. ADMM repeats these steps and optimizes both subproblems
until a predefined number of iterations is reached. The integration of ADMM into the
pruning framework proposed by [18] is implemented by splitting training in three phases
as illustrated by Algorithm [6} first, a pre-training phase is conducted where the network
is optimized regularly (e.g., SGD, Adam, see Section for a certain number of epochs
without any additional constraints. Next, a pruning-phase follows during which the above
described ADMM algorithm is executed for a given number of epochs s.t. the network
is sparsified. Finally, the now sparse network is retrained using regular gradient-based
optimization again but under the constraint that previously zeroed-out elements are fixed,
i.e., the network is prevented from converging towards a dense solution.

The integration of the penalty term type ADMM pruning framework with my proposed
pruning methods can be done two-fold: either keep the schedule of pre-train (Algorithm |§|
lines 1-7), prune (Algorithm |§| lines 9-19), re-train (Algorithm |§| lines 20-28) as proposed
by the original authors but add my proposed top-k gradients method for backwards pass
acceleration (Section @ and my proposed weights pruning method for forwards pass
acceleration (Section @D to the pre- and -retraining and prune phases or reschedule
pre-train, prune, re-train phases originally proposed such that they are shortened but
repeated many times over (Algorithm 7)) in combination with my proposed approaches.
The advantage of rescheduling the three phases of pruning lies in the earlier generation
of sparsity, which allows for a lengthier period of training where it can be exploited for
acceleration. The motivation for repeating short pre-train, prune, re-train cycles many
times over instead of simply shortening pre-train and pruning cycles in favour of long
retraining phases comes from the observation that reducing the total amount of pruning
epochs reduces the degree of sparsity.
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Data: network, loss, epochs, data,

pre epochs, admm epochs, re epochs

for epoch in pre epochs do

for batch, labels, index in data do
prediction = network.forward(batch)
loss = loss(prediction, labels)
gradients = computeGradients(loss)
network.backwards(normalized Gradients)

end

end

for epoch in admm epochs do

for batch, labels, index in data do
prediction = network.forward(batch)
loss = admmLoss(prediction, labels)
gradients = computeGradients(loss)
network.backwards(gradients)

end

updateDualVariables()

end

mask = computeMask(network)

applyMask(mask, network.weights)

for epoch in re epochs do

for batch, labels, index in data do
prediction = network.forward(batch)
loss = loss(prediction, labels)
gradients = computeGradients(loss)
prunedGradients = applyGradientMask(gradients)
network.backwards(prunedGradients)

end
end
Result: network

4.2. Combined Approaches

Algorithm 6: ADMM Original Training Scheme [18] Pseudo Code [ADMMR]

4.2.2. Gradient Accumulation [AC]

A common practice to accelerate gradient-based deep learning applications which is often
employed in conjunction with quantization, pruning or distributed training is gradient
accumulation (e.g., [23], 268|319, [320]). In principle, the idea of gradient accumulation
can, in the simplest case of SGD, be mathematically described as augmenting the weight

update Equation (2.9)

w! :Wé—n-vleﬁ(wﬁyj?Xj)

(J+1)
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Data: network, loss, epochs, data,
pre epochs, admm epochs, re epochs, repetitions
for repetition in repetitions do

1
2 for epoch in (pre epochs)/repetitions do
3 for batch, labels, index in data do
4 prediction = network.forward(batch)
5 loss = loss(prediction, labels)
6 gradients = computeGradients(loss)
7 network.backwards(normalized Gradients)
8 end
9 end
10 for epoch in (admm epochs)/repetitions do
11 for batch, labels, index in data do
12 prediction = network.forward(batch)
13 loss = admmULoss(prediction, labels)
14 gradients = computeGradients(loss)
15 network.backwards(gradients)
16 end
17 updateDual Variables()
18 end
19 | computeMask(network)
20 apply Weight Mask (network)
21 for epoch in (re epochs)/repetitions do
22 for batch, labels, index in data do
23 prediction = network.forward(batch)
24 loss = loss(prediction, labels)
25 gradients = computeGradients(loss)
26 prunedGradients = applyGradientMask(gradients)
27 network.backwards(prunedGradients)
28 end
29 end
30 end

Result: network
Algorithm 7: ADMM Proposed Training Scheme Pseudo Code [ADMMI]

with the accumulation of the last ac gradients (similar as in Equation (4.14]))
J J
l l l . _ l l .
W(j-l,-l) = W(j—ac)_ E n'kaE(Wkaykan) = W(j_ac)—n- E Vwkﬁ(wk,yk,Xk)
k=j—ac k=j—ac

whereby an update is only executed every ac batches. Thus the operations otherwise
required for ac — 1 weight update steps are saved in the process. Due to its simplicity,
gradient accumulation can be integrated seamlessly into training with both my proposed
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pruning heuristics.

4.2.3. Magnitude Based Unstructured Pruning [MAG]

Previously mentioned pruning methods solely induce different types of structured sparsity.
This is all good for performance, but for maximum compression, unstructured sparsity is
required as well. This can be reached through simply adding magnitude pruning, whereby
weights below a certain threshold are cut off. While this might a naive approach, it will
be evaluated as part of REP (Section .

4.2.4. Using the Feedback Provided by Loss Function [DK]

The importance of incorporating the feedback provided by the loss function into pruning
was recognized by [I11]. Motivated by these findings, I decided to incorporate the loss
functions feedback into by making k and ac in Top-K gradients (see Sections
with gradient accumulation (Section dependent on the loss of the rolling average of
the previous Ib batches. For ac at batch ¢ and growth factor w, the new accumulation
value is obtained via:

S loss;
ac; — max(1,ac;—1 - (1 —w)) if ==p—= > loss;
min(lb — ¢ mod b, aci—1 - (1 +w)) elseif k < kpaa

For k, first a similar mechanism is used to estimate k:

S loss;
ks = max(0,k;_1 — 1) if ==—= > loss;
min(ki—1 + 1, kmaz) else if k < ks

However given that each batch might have an individual preference on the value of &, the
newly determined value k; is not directly set but instead pushed into a map of arrays
containing the history of each batch’s k£ values. The value of k that actually gets used for
pruning the coming backwards passes is determined by randomly drawing from the list
from the values of k; observed over last e epochs.

4.3. Assumptions and Limitations

The methods synthesized in this chapter are tailored to neural network architectures
used in the computer vision domain, i.e., it is developed to function on architectural
components common in this field such as convolutional layers or linear layers (see Section
2.5). Further, it is assumed in the mathematical derivation of the pruning technique
targeted at accelerating the forward pass (Section that training is conducted
with SGD as (see Section as optimizer, although compatibility with other
gradients-based optimization schemes such as Adam (see Section is likely possible.
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5. Performance Model

Due to special purpose sparse hardware (see Section being unavailable as well as
only inhomogeneous infrastructure being available during experiments (see Section ,
I decided to use a performance model to theoretically compute saved flops during training
instead of measuring actual runtime speed-up as well as model compression and pruning
overhead.

Before training, the performance models computes FLOPs (plural of FLOPs, not to
be confused with FLOP/s) flops' for each layer [ € L of a single forwards pass based
on a randomly generated batch of input data using [32I]. Then, during training, the
performance model evaluates sparsity Spé of layer [ at batch j at the end of the batch and
uses this information to estimate sparsity-adjusted FLOPs incurred during the forward and
backwards pass of batch j. For computing sparsity-adjusted forward FLOPs flopslfw d,j
of layer [ at batch j, the performance model uses

Flopsya ;= flops' - (1~ spj) (5.1)

Sparsity adjusted backwards FLOPs flopséwd’ j of layer [ at batch j are computed based
on the simplifying assumption that a backwards pass incurs twice as many FLOPs as a
forwards pass (error backpropagation plus weight update step, an assumption also used
in [23] and illustrated in Figure but takes into account gradient sparsity spfqmd’ j and
gradient accumulation ac (i.e. number of gradients which are accumulated before a weight
update is executed, see Section .

2- flopsfya; - (1= 5Pyrad;)
ac

flopstyg; = (5.2)
Multiplying the sparsity-adjusted value 2- f lopslfw a,; for forward FLOPs with (1— splgr ad, j)
and dividing by ac, which is also used in a similar fashion by [23] for backwards-pass
FLOPs estimation, is based on the complexity-reducing premise that the update of a
sparse weight with a sparse gradient incurs FLOPs proportional to the fraction of non-zero
elements present in both the gradient tensor as well as the weights tensor and that, due
to gradient accumulation ac limiting the frequency of such weights updates, these FLOPs
are only incurred every ac batches. The total amount of FLOPs incurred during training
flopsiotar is then given by the sum of all sparsity-adjusted forward and backwards FLOPs
flopslfwd,j and flopséwdd- recorded for all layers [ and batches j, i.e.

n L
Flopsiotar = > Y _(flopsaj + FlopShua ;)
J l
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— —
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Figure 5.1.: Exemplary illustration of the three major operations occurring in a convolu-
tional layer during training. Left to right: forward pass (x * W — y) error
backpropagation (aﬁ * WO — BL) and weight update (x * g‘: — aw) The
training of linear or fully connected layers is similar but multlphcatlon and
W7 are used instead of convolution [IT] and W in the backpropagation. £
denotes loss, x denotes input activations, y denotes output activations, W

denotes weights, © denotes 180° filter-wise rotation.

where n = batches in dataset - epochs. Estimated training speed-up SU is then given by

dense

flopstotal
sparse

flops; . + oh

SU =

whereby flopsfj&sf is obtamed under the assumption that Equations (5.1) and ( .
are evaluated using ac = spgmd,j = spj = 1Vj,1 while for flops;"m*, the empirically
measured values are used. Pruning overhead oh is computed as the sum of the selected

combination of pruning heuristics and described in detail below.

5.1. Overhead

Overhead is, in principle, accounted for dependent on the combination of approaches (see
Section [4.2]) that is employed in a specific experiment for all layers [ and batches j i.e.

oh = Z ZZohl

meM j

with M C {ac, search, mask,topk,admm, app} denoting the set of different overhead
types present in a given experiment and 1 denoting the indicator function.

5.1.1. Gradient Accumulation

For gradient accumulation (see Section [4.2.2)) with number of elements n! of layer I at
batch j, overhead is computed via:

l l l
Ohacy : (1 - Spgrad,j)

This estimation of gradient accumulation is motivated by the accumulation of two gradients
requiring the element-wise summation of two tensors, namely the accumulated gradient
stored for the next weight update an the newly obtained gradient at batch j. Taking into
account sparsity, the overhead of adding the new gradient to the accumulated gradients
is adjusted for the ratio of non-zero elements of the gradient that is added.
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5.1. Overhead

5.1.2. RE-Pruning

For RE-Pruning’s search algorithm (see Section [4.1.2.3)) with density dé» = (1- spé»),
layer dimensions D, scaling factor o,,, number of samples (,,, and m € ¢, [, lookback b,
overhead for layer [ at batch j is given by:

D
2 (0 G T2 D)
search,j — b

First, the components of the numerator of equation (4.16) is computed using the ac-
cumulated gradient » 7 _ it Vka to obtain the weights as they were [b batches in the

past, Wl(j 1)1 requiring 2 - n! operations due to multiplication with learning rate
n and element wise addition with Wl( 1)) adjusted for layer density dé-. Then based

on the intra layer formulation of Equation (4.16)), for each of the (,, samples of scale
Om, the search heuristic computes the norm twice (once for each sample of Wl( i+1) in

the denominator and once for each sample of Wl( j+1)—1p 10 the numerator), incurring

dé- GO+ 2+ H|kD:|O Dy, operations adjusted for density in total. The term is divided by
Ib because these operations are only executed every [b batches. Because, as described in
Section [£.1.2.3] the scaling parameters only represent and upper bound for the size of
the actual samples used in the computation, the overhead estimation here represents an
upper bound as well and the true overhead is generally smaller. Mask computation of
RE-Pruning with quantile x,, and number of samples (,, are given by:

l
oh! D Fmm G
mask,j — b

This represents that the mask at batch j with n! elements is element-wise multiplicatively
composed of the k,, quantile of (,, samples. The size of the sample o, is not considered
in above equation because the binary pruning mask is always of the same size as the
weights of the layer that is to be pruned. Again the term is divided by [b because these
mask computation is only executed every [b batches. Mask application is given by

I o
ohappyj—Q n

which considers the element-wise multiplication of the layers weights and gradients with
the pruning mask, costing n! operations each. Because gradients are not always masked
however (see Section for the conditions under which they are), above computation
of mask application overhead is to be considered an upper bound.

5.1.3. Top-K Gradients

With density dé-, layer dimensions D and lookback [b, the Top-K gradients pruning
heuristics (see Section [4.1.1.5)) overhead for layer [ at batch j is given by:

|D|
oht . . = L k=0 Dr
topk,j b
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The computation of this overhead is motivated by the norm computation of the accumu-
lated gradient in Equation adjusted by the density of the layers weights. The density
of the layers weights is used as estimator of the density of the accumulated gradient based
on the assumption that an element of the a weight at batch j is likely only then zero if
it has not been updated by the accumulated gradient of the last b batches unless the
model has converged to a local optimum and the gradient is oscillating. Because these
operations are only executed every [b batches, the term is divided by [b. In the MC case
(see Section , overhead is only computed during sampling epochs. Drawing from
as well as updating the probabilities in the categorical distribution is not accounted for
due to its costs being negligible. Masking is not accounted for since whole gradients are
masked, which in an efficient implementation, can be done by a simple switch and does
not involve computationally expensive element-wise multiplications of tensors or similar
operations.

5.1.4. ADMM

The overhead incurred by ADMM (see Section consists of two components: the loss
computation dependent on the dual variables as well as the involved norm computations
(see [18] for algorithmic details), which is given below for layer [ at batch j, as well as the
mask application overhead, which is identical to the mask application overhead incurred
by RE-Pruning.

|D|

Ohtygmm; =30t +2- ] Dx
k=0

The update of the dual variables is neglected for simplicity because the dual variables are
only updated once at the end of each epoch and hence their updates impact on ADMMs
total algorithmic overhead can be considered to be insignificant compared to the overhead
that occurs at every batch of ADMM training in the loss computation as well as the mask
application.

5.2. Assumptions and Limitations

Besides the assumptions already stated in above description of the performance model,
the performance model is as a necessary simplification hardware agnostic and assumes
that hardware can optimally exploit the induced sparsity. This necessity of hardware
agnosticism stems not only from the practical consideration of the underlying hardware
used in the experimental evaluation of this thesis being diverse (see Section , but
also from the proposed pruning approach not being dedicated to any particular type
of specialized sparse hardware architecture. Regarding the simplifying assumption of
optimal sparsity exploitation, this assumption is based on the preliminary observation
that works using specialized sparse hardware or simulations of such hardware designed
to function optimally with their pruning approach (e.g. [11, 227]) report data indicating
exploitation rates (i.e. speedup divided by sparsity-induced network compression) of close

92



5.2. Assumptions and Limitations

to 100% in certain cases. However a dependency of the exploitation rate on the model
that is trained can be observed as well such that the performance model used in this
thesis not incorporating this dependency is certainly one of its shortcomings that has to
be addressed in future work.
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6. Empirical Evaluation

Only certain parts of this thesis could be shown to be advantageous analytically (see.
Hence, empirical evaluation is required. In this section, I first describe implementation,
setup and methodology (hardware, competitors and experiments selection) of this evalu-
ation, conduct an ablation study, analyse my approach’s sensitivity to hyperparameters,
examine its convergence behaviour and induction of sparsity, illustrate performance
improvements and provide a comparison to competing State-of-the-Art works.

6.1. Implementation

The implementation of the approaches synthesized in Section [d] was realized using PyT-
orch [56] machine learning framework and JetBrains PyCharm Professional IDE [322].
The decision for using PyTorch over other major machine learning frameworks such as
TensorFlow [57] was consciously made due to PyTorch’s dynamic computation graph mak-
ing modifications of the networks during training much easier compared to TensorFlows
static computation graph model. Version control was realized via the IDEs GitHub [323]
integration and publication of the repository is planned after the end of my thesis project.

The implementation adheres to the best of the author’s ability to the internal and
external quality characteristics described in [324], with a particular focus on the external
characteristics correctness, efficiency and adaptability and the internal characteristics
flexibility, readability and testability because a focus on these characteristics will be
most advantageous when adapting the implementation for different data sets, tasks and
models in future work while at the same time guaranteeing reliable and actionable results.
This is achieved by the use of defensive programming [324], adherence to classic OOP
principles [324] as well as the application of design and architecture patterns [325] [326]
and general best practices (documentation, style guides according to PEPS8 [327]) where
seen fit.

6.2. Setup

6.2.1. Hardware

Experimental evaluation was conducted on 3 different machines configured as listed in
Table Large-scale experiments were exclusively conducted on machine 0 (DGX-1 [32§],
illustration of a Tesla V100 as used in DGX-1, see Figure provided by Visualization
and Data Analysis (VDA) research group. Machine 0 had job scheduling via slurm [329]
and I was given an allowance of resources as described in table [6.1] I split the available
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ID | GPUs GPU MEM (each) | CPU Cores MEM (total)
0 | 2x Tesla V100 16GB 16x E5-2698 v4! | 64 GB

1 | 1Ix Tesla P100 12GB 64x Gold 61307 | 252 GB

2 | 1x GTX 1650 Ti® | 4GB 8x i7-10750H2 46 GB

Table 6.1.: Hardware used for experimental evaluation, 'Intel Xeon, 2Intel Core, >GeForce

resources on machine 0 to be able to run two series of experiments in parallel. Machine
1, which was provided by the Theory and Application of Algorithms (TAA) research
group, on the condition that I do not interfere with experiments of the providing research
groups other researchers. Machine 1 had no job scheduling and hence could only be used
occasionally in times where usage by others were low. Machine 2 was my laptop and,
due to its limited hardware capabilities, mainly used for prototyping during development,
small-scale ablation studies and evaluation of results (using Jupyter Notebook [330])
obtained from more powerful machines 1 and 2.

Figure 6.1.: . Illustration of Tesla V100 as used in DGX-1 [12]

6.2.2. Methodology

As discussed in Section [£.2] several different combinations of the proposed approaches
are possible. In order to investigate the effects produced by these different combinations
as well as their sensitivity to hyperparameters, I will first conduct an ablation study
using relative small and easily trainable combinations of CNN architectures and datasets.
The most promising candidate methods are then selected for larger scale evaluation on
scientifically competitive architecture-dataset combinations and compared against other
State-of-the-Art solutions by carefully selected metrics.

6.2.3. Selection of Primary and Secondary Competitors

Considered as primary competitors are all works listed in Tables and because
these works were designed to accelerate training through pruning and also document
such and acceleration during training. Works listed in Tables and will not be
treated as primary competitors, but only as "nice to have if I beat them" (i.e. secondary
competitors) because, although these works could have a potential impact on training
acceleration (see discussion in Section , no such acceleration was documented by
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the original authors. Other works listed in Section [3.4] which are not having at least
a potential advantage during training (e.g. pruning applied very late during training
or extensive retraining required s.t. overall training effort is likely higher than regular
training) are ignored here for the time and space constraints of this thesis.

6.2.4. Selection of Experiments

My selection of experiments is primarily motivated by competing State-of-the-Art works on
accelerating training through intra-training pruning listed in Tables [3.9]and [3.10] as these
are the most important competitors to the approaches designed in this thesis. Secondly, I
optionally also conduct experiments comparable with works listed in Tables [3.7 and [3-§]
which are focused on inference acceleration, though producing advantages during inference,
despite desirable, is not the main goal of my work. Thirdly, my selection of experiments
was motivated by the goal to cover as many architectural categories (see Section
as possible within the time frame of this thesis to evaluate the generalizability of my
proposed approaches.

Due to the large number of competitors and different setups in terms of epochs,
optimizers and learning rates for different architectures and datasets, leading to different
outcomes in terms of convergence and final test accuracy, I chose to use a standardized
training approach for all my experiments and use fixed epochs and learning rates across
all experiments and only track final test accuracy delta instead of final test accuracy to
help with comparability.

6.2.5. Selection of Measured Metrics

Measured metrics are from the categories Quality, Acceleration, Sparsity and Compression

(see Table|3.2| for overview) and are motivated by competing works in Tables and

of as well as the general metrics preferences in the field seen in Table [3.4] As mentioned

previously, quality is measured by AAccuracy = Baseline Accuracy — Pruned Accuracy

where accuracy refers to test accuracy, acceleration is measured as relative reduction
. . _ Pruned FLOPs(I) _

of FLOPs during inference FLOPs(I) = 1 — w—+ —as.w and FLOPs(T) = 1 —

Baseline FLOPs(I)
Pruned FLOPs(T) . . . .
Baseline FLOPs(T) sparsity and compression of parameters P. (i.e. all of the models trainable

weights) and channels/filters C/F. (only found in convolutional layers, see also Figure [2.10))

_ 1 _ PrunedParameters 1 PrunedChannels/Filters
=1 Total Parameters and C/F =1 TotalChannels/Filters *

are measured by the P

6.3. Results and Discussion

6.3.1. Ablation Study

To explore the performance of different combinations of approaches, an ablation study
was conducted using the LeNet-5/MNIST, AlexNet-S/CIFAR-10 and ResNet-18/CIFAR-
10 model/dataset combinations. Examples of the MNIST and CIFAR-10 datasets are
illustrated in Figures[6.2] and [6.3] These combinations were chosen motivated by Table [3.3]
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Figure 6.2.: . Examples of handwritten digits in the MNIST dataset 2], p. 46]

as well as because a large number of experiments can be conducted quickly with these
combinations. While AlexNet-S/CIFAR-10 and ResNet-18 /CIFAR-10 were used solely
for evaluating different combinations of algorithms, LeNet-5/MNIST was also used to
evaluate the different algorithms’ sensitivity to certain hyperparameter choices. As
baseline, AlexNet-S/CIFAR-10 and ResNet-18/CIFAR-10 were trained for 100 epochs
with SGD, batch-size 256 and learning rate Ir=0.1 (also denoted as 7 in Sections
and , LeNet-5/MNIST used the same settings but was only trained for 10 epochs.
Multistep learning rate scheduling was used for SGD with steps at 50% and 70% of total
training epochs and gamma, the factor by which learning rate is reduced at each scheduled
step, set to 0.1. Experiments using REP were conducted using the same setting due to
REP being designed around SGD. Experiments using GDTopK and GDTopKMC as well
as ADMMI and AMMR were conducted using Adam and lr=0.001 and no learning rate
scheduling due to Adam being used in the orignal ADMM paper and implementation [18§].
Because SGD generalizes better on computer vision tasks than Adam (see Section ,
baselines obtained via SGD training can still be considered valid or even harder to beat in
terms of generalization, so the found accuracy reductions in these cases can be considered
upper bounds. Experiments using any combination of GDTopK, GDTopKMC, ADMMI,
AMMR with REP use Adam. These settings were also used during other experiments of
the ablation study. Regarding the specific hyperparameters of the intra-training pruning
algorithms, please refer to the GitHub repositoryﬂ associated with this thesis for details.

'Link: https://github.com/lorenz0890/multi-directional-pruning.
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Figure 6.3.: . Examples of images and associated classes in the CIFAR-10 dataset [13]
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6.3.1.1. Combinations of Approaches

Tables [6.2] [6.3] and [6.4] show the results of the ablation study and illustrate the contribu-
tion to the selected metrics of different components of complex combined approaches such
as REP+GDTopKMC+AC+DK+ADMMI and REP+GDTopKMC+AC+DK+ADMMR.
In the first paragraph of this section, observations regarding differences in the performance
of the tested combinations on different architecture/dataset combinations are discussed.
In the next three paragraphs, the performance of the three individual components (REP,
GDTopK, ADMM) of the combined approaches as well as and their variants is explored.
Finally in the last paragraph, it is concluded that based on the observations of the ablation
study, REP+GDTopKMC+AC+DK+ADMMI provides the best trade-off between accel-

eration and accuracy degradation across all architecture/dataset combinations assessed.

Different Results on Different Architecture/Dataset Combinations For LeNet-5/MNIST,
the best A Acc is achieved by ADMMI with an increase of 0.02 percentage points (p.p.)
at 30.97% reduction in training FLOPs while the highest reduction of FLOPs during
training is reached by REP+AC which reduces training FLOPs by 95.67% at a A Acc
of -0.94 p.p. For the combined approaches REP+GDTopKMC+AC+DK+ADMMI and
REP+GDTopKMC-+AC+DK+ADMMR, -0.54 p.p. and 83.82% FLOPs(T) as well as
-0.87 p.p. and 78.4% FLOPs(T) are observed respectively. For AlexNet-s/CIFAR-10,
the smallest accuracy degradation is achieved by GDTopKMC+AC+DK+ADMMR
at -0.12 percentage points (p.p.) at 40.6% FLOPs(T) while highest FLOPs(T) is
reached by REP+GDTopKMC+AC+DK-+ADMMI with 64.57% at -1.9 p.p. A Acc
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For REP+GDTopKMC+AC+DK+ADMMR, A Acc -2.37 p.p. and FLOPs(T) 60.85%
was observed. With ResNet-18/CIFAR-10, the best A Acc was reached with GDTop-
KMC+AC+DK at 2.81 p.p. at 31.69 % FLOPs(T) while the best FLOPs(T) was observed
for REP+GDTopKMC+AC+DK+ADMMI at 66.95% at -1.42 p.p. degradation. The
second complex approach REP+GDTopKMC+AC+DK+ADMMR performed at A Acc
-4.93 p.p. with 49.91% FLOPs(T).

Performance of GDTopK Variants As expected, GDTopK variants by themselves (i.e.,
without REP or ADMMI or ADMMR) do not induce a reduction in parameters or have
any inference time advantages but only lead to sparsification of gradients. Interestingly
though, the GDTopK only variants led to an increase in test accuracy by 1.39 p.p to 2.81
p.p. at gradient sparsity levels from 32.8% to 73.64% on ResNet-18/CIFAR-10, indicating
that at least for this architecture/dataset combination, gradients contain large portions
of redundant information that can be discarded without degradation of the resulting
network.

Performance of REP Variants REP only variants (i.e., without GDTopK or ADMMI/R)
surprisingly showed a very mixed performance: while they produced the highest training
acceleration by 95.67% FLOPs(T) at neglectable accuracy decrease (-0.94 p.p) for LeNet-
5/MNIST at 98.41% pruning rate P(I), similarly high pruning rates (e.g., 91.8% P(I))
led only to very minor training acceleration of 17.81% to 35.65% FLOPs(T) on ResNet-
18/CIFAR-10 and at best mediocre results on AlexNet-s/CIFAR-10. Given that the
amount of acceleration and network compression produced by pruning is dependent on
the layer type (pruning convolutional layers mostly reduced computations while pruning
linear layers mostly leads to network compression), I conjecture the observation is caused
by different components being pruned in these different architecture/dataset combinations
because REP in its current states disregards potential gains in performance or compression
as selection criteria.

Performance of ADMM Variants With regard to ADMMR and ADMMI, none of the
two approaches performed best in any of the experiments of the ablation study. However,
the assumption made in Section that through re-engineering the originally proposed
ADMMR can be modified such that improved training speed-ups are achieved holds:
ADMMI outperforms ADMM in terms of training FLOPs reduction FLOPs(T) and A
Acc in two out of three architecture/dataset combinations (ResNet-18 and AlexNet-s on
CIFAR-10) and shows better A Acc on LeNet-5/MNIST as well.

The Best Trade-Off The approach that produced desirable results most consist-
ently across all architecture/dataset combinations evaluated during the ablation study
turned out to be REP+GDTopKMC+AC+DK+ADMMI, which produced the highest
training acceleration in both AlexNet-s and ResNet-18 on CIFAR-10 and represents a
good trade-off between accuracy degradation and acceleration in all evaluated archi-
tecture dataset combinations. Figures [6.4] and [A.4] which illustrate the relation
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Approach A Acc C/F(I) | P(I) FLOPs(I) | FLOPs(T) | © G(T)
ADMMI +0.02 p.p. | 84.52% | 93.26% | 80.41% 30.97% 48.5%
ADMMR —0.01 p.p. 74.49% | 90.26% | 73.44% 39.97% 56.85%
GDTopK —0.30 p.p. | 0.00% 0.00% 0.00% 51.25% 88.96%
GDTopKMC —0.15 p.p. | 0.00% 0.00% 0.00% 36.8% 76.68%
GDTopKMC+AC —0.10 p.p. 0.00% 0.00% 0.00% 46.02% 69.5%
EBEOPKMC+AC —0.19 p.p. | 0.00% | 0.00% | 0.00% 26.9% 41.51%
GDTopKMC+AC

DK ADMMI —0.27 p.p. 60.75% | 70.17% | 57.41% 63.50% 75.56%
GDTopKMC+AC

DK ADMMR —0.24 p.p. 91.76% | 98.59% | 91.68% 50.04% 43.53%
REP 034 pp. | 92.50% | 21.19% | 74.48% 74.31% 11.06%
REP  AC —0.94 pp. | 94.75% | 98.41% | 91.19% 95.67% 59.23%
REP+ADMMI —0.35 p.p. 91.76% | 98.59% | 91.68% 79.11% 84.07%
REP+ADMMR —0.30 p.p. 91.77% | 98.60% | 91.68% 81.64% 37.64%
REP+AC+ADMMI —0.40 p.p. 91.76% | 98.59% | 91.68% 89.26% 87.07%
REP+AC+ADMMR | —0.63 p.p. 91.87% | 98.61% | 91.75% 89.7% 93.01%
REP+GDTopKMC

L ACLDK —0.51 p.p. | 47.56% | 71.4% 47.65% 74.23% 21.38%
REP+GDTopKMC

L ACLDK - ADMMI —0.54 p.p. 91.77% | 98.6% 91.68% 83.82% 87.27%
REP+GDTopKMC

L AC DK L ADMMR —0.87 p.p. 91.80% | 98.60% | 91.70% 78.40% 41.21%

Table 6.2.: Ablation study LeNet-5/MNIST. Fields with % read as reduced by X%.
FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs
are decreased during inference compared to a baseline, C/F(I) = convolution
kernels or filters at inference time (i.e. after training has finished), P(I) =
parameters at inference time, @ G(T) = average gradient sparsity during
training.
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Approach A Acc C/F() | P(I) FLOPs(I) | FLOPs(T) | @ G(T)
ADMMI 191 p.p. | 9381% | 98.45% | 46.12% 51.44% 86.69%
ADMMR —341pp. | 93.81% | 98.45% | 46.12% 34.79% 61.27%
GDTopK —0.86 pp. | 0.00% | 0.00% | 0.00% 32.48% 90.16%
GDTopKMC 149 pp. | 0.00% | 0.00% | 0.00% 32.14% 88.70%
GDTopKMC  AC —301 pp. |0.00% |0.00% |0.00% 45.40% 89.06%
i’BEOPKMC+AC —0.55 p.p. | 0.00% | 0.00% | 0.00% 32.01% 97.45%
GDTopKMC+AC

DK | ADMMI —0.69 p.p. | 93.81% | 98.45% | 46.12% 62.81% 87.98%
GDTopKMCH+AC

DK L ADMMR —0.12 p.p. | 87.19% | 98.61% | 40.60% 40.83% 49.49%
REP —4.94 pp. | 75.64% | 42.06% | 25.05% 21.46% 0.30%
REP+AC —6.64 p.p. | 89.47% | 20.39% | 25.75% 45.20% 2.67%
REP + ADMMI —338pp. | 93.83% | 98.45% | 46.12% 60.98% 92.21%
REP  ADMMR 515 pp. | 94.19% | 98.52% | 46.24% | 49.74% 65.03%
REP+AC+ADMMI | —3.09 p.p. | 93.81% | 98.45% | 46.12% 63.95% 91.84%
REP+AC+ADMMR | —7.67 p.p. | 94.07% | 98.51% | 46.22% 58.67% 32.68%
REP+GDTopKMC

AC DK ~8.29 p.p. | 72.56% | 79.13% | 25.70% 47.38% 76.36%
REP + GDTopKMC

ACDICADMMT | 190 PP | 9381% | 08.45% | 46.12% 64.57% 91.78%
REP+GDTopKMC

ACL DK ADMMR | 237 P | 93.99% | 98.48% | 46.17% 60.85% 74.89%

Table 6.3.: Ablation study AlexNet-S/CIFAR-10. Fields with % read as reduced by
X%. FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs
are decreased during inference compared to a baseline, C/F(I) = convolution
kernels or filters at inference time (i.e. after training has finished), P(I)
parameters at inference time, @ G(T) = average gradient sparsity during

training.

between A Acc and FLOPs(T) further support this finding as they consistently show
REP+GDTopKMC+AC+DK+ADMMI in the top-right corner across all three evaluated
architecture/dataset combinations. It can further be seen that REP+GDTopKMC+AC+
DK+ADMMI trained models have a very accuracy density (accuracy per network density)
and REP+GDTopKMC+AC+DK+ADMMI has negligible algorithmic overhead. Con-
sequently, only REP+GDTopKMC+AC+DK+ADMMI will be used for further evaluation

in this thesis.
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Approach A Acc C/F() | P(I) FLOPs(I) | FLOPs(T) | @ G(T)
ADMMI +0.32 p.p. 70.53% | 70.54% | 46.10% 59.75% 91.92%
ADMMR —4.72 p.p. 70.53% | 70.54% | 46.10% 24.1% 64.53%
GDTopK T1.39 pp. | 0.00% | 0.00% | 0.00% 9.21% 73.64%
GDTopKMC +2.29 p.p. | 0.00% 0.00% 0.00% 7.22% 70.36%
GDTopKMC+AC +1.98 p.p. | 0.00% 0.00% 0.00% 33.64% 73.36%
fg;OPKMCHm +2.81 p.p. | 0.00% | 0.00% | 0.00% 31.69% 32.80%
GDTopKMC+AC

DK ADMMI +0.46 p.p. | 70.53% | 70.54% | 46.10% 65.80% 90.84%
GDTopKMC+AC

DK ADMMR —21.52 p.p. | 94.28% | 94.27% | 61.53% 37.75% 48.27%
REP +1.26 p.p. 97.28% | 95.69% | 21.02% 17.81% 2.53%
REP+AC —0.06 p.p. | 93.34% | 91.8% 16.95% 35.65% 56.65%
REP+ADMMI +0.15 p.p. | 89.49% | 89.18% | 47.65% 57.93% 87.65%
REP+ADMMR —4.64 p.p. 88.56% | 88.26% | 47.54% 27.27% 57.02%
REP+AC+ADMMI +0.30 p.p. 87.36% | 87.08% | 47.36% 66.26% 88.07%
REP+AC+ADMMR | —7.29 p.p. 86.93% | 86.66% | 47.35% 45.24% 75.45%
REP+GDTopKMC

L AC4+DK —0.06 p.p. 92.35% | 90.83% | 15.71% 35.24% 73.69%
REP+GDTopKMC

L AC-DK- ADMMI —1.42 p.p. 90.48% | 90.15% | 47.72% 66.95% 91.63%
REP+GDTopKMC

L ACL DK+ ADMMR —4.93 p.p. | 90.9% 90.57% | 49.40% 49.91% 83.41%

Table 6.4.: Ablation study ResNet-18/CIFAR-10. Fields with % read as reduced by
X%. FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs
are decreased during inference compared to a baseline, C/F(I) = convolution
kernels or filters at inference time (i.e. after training has finished), P(I) =
parameters at inference time, @ G(T) = average gradient sparsity during
training.

6.3.1.2. Hyper Parameter Sensitivity

The hyperparameter sensitivity study of the approach found in the previous section to be
most promising, REP4+GDTopKMC+AC+DK-+ADMMI, was conducted on the LeNet-
5/MNIST architecture/dataset combination because its simplicity allowed vast numbers
of different combinations to be evaluated within the time frame of this thesis. In total, 255
different hyperparameter combinations were evaluated for LeNet-5/MNIST, and the indi-
vidual parameters ranges are given by Table The sensitivity of REP+GDTopKMC+AC-+DK+ADMMI
to different hyperparameters is visualized by Figure As illustrated, test accuracy
most strongly affected by the number of pruning epochs, i.e., the number of epochs that
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Figure 6.4.: Ball scatter plot of results of Table for AlexNet-S/CIFAR-
10, 0=ADMMI, 1=ADMMR, 2=GDTopK, 3=GDTopKMC,
4=GDTopKMC+AC, 5=GDTopKMC+AC+DK, 6=GDTop-
KMC+AC+DK+ADMMI, 7=GDTopKMC+AC+DK+ADMMR,
8=REP, 9=REP+AC, 10=REP+AC+ADMMI, 11=REP+AC+ADMMR,
12=REP+ADMMI, 13=REP+ADMMR, 14=REP+GDTopKMC-+AC+DK,
15=REP+GDTopKMC+AC+DK-+ADMMI, 16=REP+GDTopKMC-+AC+
DK+ADMMR. Ball size encodes accuracy density (test accuracy per network
density). Method overhead measured in hundredth % (denoted as 100th %
in the figure) of total training FLOPs.

are used to generate the pruning mask used by the REP component of the algorithm.
Since the observed connection is an anti-correlation, it can be concluded that the lower
the number of pruning epochs, the higher the final test accuracy is, which fits nicely into
the concept of eager pruning as intended use of REP (see Section . Measured
speed-ups (i.e., reductions in FLOPs) are most strongly affected the softness factor that
is applied during the pruning epochs of REP which controls how "hard" the network is
pruned: the higher the softness value is chosen, the lower the speed-up, which can be
intuitively explained by high softness values leading to fewer parameters of the network
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Figure 6.5.: Correlation matrix for REP+GDTopKMC+AC+DK+ADMMI. Please refer

to Sections and @' for details on individual parameters.

being pruned. Interestingly, this effect also could be observed for test accuracy, although
the anti-correlation is less strong than it is with speed up, which is counterintuitive due to
the softness factor being introduced with the intention to avoid network degradation due
to overly hard pruning, hence a more thorough investigation across multiple architectures
and datasets (e.g., AlexNet, ResNet-18 on CIFAR-10/100) should be conducted. The
strong dependency of algorithmic overhead on batch size which could be observed is
most likely the result of the chosen combinations of hyperparameters: while the lookback
parameter was kept constant at a value of 50 across all experiments with LeNet-5/MNIST
during the hyperparameter sensitivity study, batch size was varied between 64 and 256;
hence smaller batch sizes led to more frequent executions of REP and GDTopKMC
algorithms. For other approaches and combinations of approaches, correlation matrices
can be found in Figure [A76] to Figure [A.2]] and respective hyper parameter ranges in

105



6. Empirical Evaluation

Parameter Count Mean Std Min Max

Ir 2.55-10% | 1.08-1073 | 9.86-10~* | 1.00-10~* | 1.00 - 1072
prune_epochs 2.55-10% | 1.84-10~1 | 5.55-10"" | 0.00 2.00
metric_q_1 2.55-10% | 5.12-1072 | 1.29- 1072 [ 2.50 - 10=2 | 1.00 - 101
metric_q_c 2.55-10% | 8.45-1072 | 6.91-1072 | 2.50- 1072 | 2.50 - 10!
scale 1 2.55-10% | 1.15-107! | 4.47-1072 | 1.00- 107! | 2.50 - 10!
scale_c 2.55-10% | 1.54-1072 [ 1.99-1072 | 1.00- 1072 | 1.00- 10!
sample 1 2.55-10% | 9.89-10% | 2.53-10® | 1.00-10% | 2.00-10°
sample_c 2.55-10% | 9.91-10> | 2.51-10® | 1.00-10%® | 2.00-10?
softness 1 2.55-10% | 5.66-10~' | 4.30-10~! | 0.00 9.00- 101
softness ¢ 2.55-10% | 5.66-10~1 | 4.30-10=* | 0.00 9.00-10~1
magnitude_t ¢ | 2.55-10% | 9.29-10~% [ 2.42-10~% | 1.00-10~* | 1.00 - 103
magnitude_t 1 | 2.55-10% | 9.29-10~% [ 2.42-10~% | 1.00-10~* | 1.00- 1073
ac 2.55-10% | 6.05 2.11 4.00 1.20 - 101
train_batch_size | 2.55-10% | 1.77-10% | 1.03-10%> | 6.40-10' | 5.12-10?

Table 6.5.: Hyperparamater range for REP+GDTopKMC+AC+DK+ADMMI. Please

refer to Sections 4.1.1.6] [4.1.2.4] and for details on individual parameters.
Tables [A.1] to [A.T6l

6.3.2. Convergence and Induction of Sparsity
6.3.2.1. Convergence Analysis

An interesting perspective on approaches that prune, quantize or otherwise perturb the
training of a neural network is convergence. Hence, for the approach I recognized in Sec-
tion [6.3.1] as generalizing best across architectures and datasets, REP+GDTopKMC+AC+
DK+ADMMI, the convergence on the two benchmark architecture/dataset combina-
tions AlexNet-s/CIFAR-10 and ResNet18/CIFAR-10 is evaluated. In both cases, it
can be observed that training convergence is slightly hampered compared to regular
training (Figures and , which is not surprising given the aggressive stance
REP+GDTopKMC+AC+DK+ADMMI takes on pruning of gradients and weights. Inter-
estingly though, as illustrated by Figures[A.2)and [6.7] with REP+GDTopKMC+AC+DK+
ADMMI generalization is slightly improved. I conjecture this can be attributed to the
regularizing effect of network perturbations as documented by e.g. [331]. With regard to
the induction of sparsity by REP4+GDTopKMC+AC+DK+ADMMI, Figure andA.3]
illustrate the sparsification through REP of the network very early during training as well
the continued adaption through repeated application of ADMM via ADMMI. Another
perspective on sparsity induction is to look at it in a layer-wise manner. As can be
seen by Figure REP+GDTopKMC-+AC+DK+ADMMI does not induce sparsity
uniformly across the network but has clear layer preferences, illustrating its ability to
chose layers for pruning which are less crucial to the training’s learning effort: large
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—— REP+GDTopKMC+AC+DK+ADMMI
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Figure 6.6.: REP+GDTopKMC+AC+DK-+ADMMI train loss (explanation see Sec-
tion on AlexNet-s/CIFAR-10, 11 runs, mean and standard deviation,
smoothed with Savgol filter with window size 51 and polynomial of degree 3
to reduce jitter and improve visual evaluability.

top-level layers get pruned stronger than smaller bottom layers close to the output layer
where smaller perturbations might have a greater derogatory impact on network accuracy
and learned information is more densely stored. With regard to gradients, a similar
but less pronounced effect can be observed in Figure Which gradients are deleted
by REP+GDTopKMC+AC+DK-+ADMMI is indicated by sections with 100% gradient
sparsity.

6.3.2.2. Structure of Induced Sparsity

The structure of the induced sparsity is visualized in Figures and [6.12] as well
as [A.22] and [A.23] As can be seen, large numbers of filters have been zeroed out,
particularly in the second convolutional layer of LeNet-5 (Figure , reducing com-
putational cost in this otherwise expensive type of layer. Additionally, it should be
noted that large portions of pruned filters are adjunct to each other, which illustrates
that REP+GDTopKMC+AC+DK+ADMMIs capability to prune convolutional layers
in a structured manner even above filter level which could potentially have positive
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—— REP+GDTopKMC+AC+DK+ADMMI
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Figure 6.7.: REP+GDTopKMC+AC+DK-+ADMMI test loss (explanation see Sec-
tion on AlexNet-s/CIFAR-10, 11 runs, mean and standard deviation,
smoothed with Savgol filter with window size 51 and polynomial of degree
3 to reduce jitter and improve visual evaluability. The increase in test loss
after reaching a minimum as observed in the baseline could be attributable
to overfitting.

implications for its hardware friendliness. Regarding linear layers, Figure shows
again that REP4+GDTopKMC+AC+DK-+ADMMI has a distinct preference to remove
adjunct weights, inducing rectangular shaped sparsity (zero) patterns, aligning non-zero
values in a low number of relatively dense rows and columns.

6.3.3. Performance Improvements
6.3.3.1. Efficient LGD

For the evaluation of the memory efficient computation of LGD introduced in Sec-
tion [A.1.1.2] I experimentally verified my assumptions on memory complexity by com-
puting LGD on a set of architectures of various sizes relevant in the field as shown in
Tables using two different values for lookback [b motivated by the experiments in this
thesis as well as [23][64]. As seen in Tables and memory overhead is reduced by up
to 2 orders of magnitude. This improvement makes it possible to use LGD (but also GD
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Figure 6.8.: REP+GDTopKMC+AC+DK+ADMMI development of linear and channel

sparsity during training of, 11 runs, mean and standard Deviation, AlexNet-
s/CIFAR-10, smoothed with Savgol filter with window size 51 and polynomial
of degree 3 to reduce jitter and improve visual evaluability.

Model GD (old), Ib = 45 | GD (old), Ib = 90 | GD (proposed)
LeNet-5 0.09 0.18 0.002
AlexNet-S | 4.905 9.81 0.109
AlexNet 10.98 21.96 0.244
ResNetl8 | 2.115 4.23 0.047
ResNet20 | 0.045 0.09 0.001
ResNet32 | 0.09 0.18 0.002
ResNet34 | 3.915 7.83 0.087
ResNet44 | 0.135 0.27 0.003
ResNetb0 | 4.59 9.18 0.102
ResNetb6 | 0.18 0.36 0.04

Table 6.6.: Gigabytes of memory overhead (stemming from the requirement to store

gradients, see Section [4.1.1.3)) of gradient diversity (GD) computation for
various values of lookback Ib on different DNN architectures.
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Figure 6.9.: REP4+GDTopKMC+AC+DK+ADMMI layer sparsity on ResNet32/CIFAR-
10

in general) for various architectures that could not previously be examined by this metric.
As can be seen in Table [6.1] even contemporary high-performance hardware could not
have handled the large GPU memory overhead of GD computations with large values of
Ib for certain models such as VGG-8/11/13/16, AlexNet or WRN-28-10 without resorting
to either continuously shuffling collected gradients between system memory and GPU for
GD computation or even completely reallocating collected gradients to system memory
and computing GD entirely on the CPU. With the proposed method of GD computation,
however, even modest consumer-grade hardware can handle GD computation even for
very large values of [b on the GPU entirely, allowing for a much more efficient use of
resources.

6.3.3.2. Overhead Reduction through MC

In an evaluation of the concept introduced in Section [f.1.1.6] the algorithmic overhead
of GDTopK and GDTopKMC was measured on the LeNet-5/MNIST and AlexNet-s,
ResNet-18/CIFAR-10 architecture/dataset combinations. As can be seen in Table the
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Figure 6.10.: REP+GDTopKMC+AC+DK+ADMMI gradient sparsity on
ResNet32/CIFAR-10

overhead of GDTopK is effectively reduced through Monte Carlo sampling in GDTopKMC
by up to 2 orders of magnitude without significant reduction of gradient sparsity or
accuracy.

6.3.4. Training and Inference Acceleration
6.3.4.1. Comparison with Primary Competitors

Table 6.9 compares REP+GDTopKMC-+AC-+DK-+ADMMIs performance to competing
works listed in Table which specifically seek to accelerate training. In terms of A Acc,
REP+GDTopKMC+AC+DK-+ADMMI outperforms competing works in 42.67% of the
experiments and is itself outperformed in 42.67% of the experiments. In 14.66% of the ex-
periments, results are inconclusive, with neither REP4+GDTopKMC-+AC+DK-+ADMMI
nor the competing works being clearly superior. With respect to channel/filter pruning
rate C/F, REP+GDTopKMC+AC+DK+ADMMIs compares favourably in 8.33% of
experiments, but for 91.67% of the experiments, comparable data is missing. In terms of
overall pruning ratio P, REP+GDTopKMC+AC-+DK+ADMMI is superior in 16.67%
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Figure 6.11.: REP+GDTopKMC+AC+DK-+ADMMI induced sparsity structure in con-
volutional layer 2 of LeNet-5 trained on MNIST, black areas indicate zero
elements/filters, colored areas indicate non-zero elements/filters.

Figure 6.12.: REP+GDTopKMC+AC+DK+ADMMI induced sparsity structure in linear
layer 1 of LeNet-5 trained on MNIST, black areas indicate zero elements,
colored areas indicate non-zero elements.
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Model GD (old), Ib = 45 | GD (old), Ib = 90 | GD (proposed)
DenseNet121 1.44 2.88 0.032
DenseNet161 5.175 10.35 0.115
DenseNet169 2.565 5.13 0.057
DenseNet201 3.6 7.2 0.08
MobileNetV2 0.63 1.26 0.014
MobileNetV3-S | 0.45 0.9 0.01
WRN-16-8 2.07 4.14 0.046
WRN-16-10 3.195 6.39 0.071
WRN-22-8 3.195 6.39 0.071
WRN-28-10 6.66 13.32 0.148
VGG-8 22.95 45.9 0.51
VGG-11 23.895 47.79 0.531
VGG-13 23.94 47.88 0.532
VGG-16 24.885 49.77 0.553

Table 6.7.: Gigabytes of memory overhead (stemming from the requirement to store
gradients, see Section [4.1.1.3)) of gradient diversity (GD) computation for
various values of lookback Ib on different DNN architectures.

of cases while results are inconclusive or incomparable due to missing data in 8.33%
and 58.33% of cases respectively. While in terms of inference acceleration FLOPs(I),
REP+GDTopKMC+AC+DK-+ADMMI is clearly outperformed by competing works, in
the target metric training acceleration FLOPs(T), REP+GDTopKMC+AC+DK+ADMMI
outperforms competitors in 58.33% of cases and is itself outperformed in only 16.67% of
cases. In 16.67% of cases, missing data does not allow for a comparison and in 8.33% of
cases, results are inconclusive.

6.3.4.2. Comparison with Secondary Competitors

With regard to works listed in Table[3.5]that do not specifically target or document training
acceleration, but that might have a potential positive effect, Table[6.10]shows a comparison
with REP+GDTopKMC+AC+DK+ADMMI. REP+GDTopKMC+AC+DK-+ADMMI
compares favourably in terms of A Acc in 28.57% of cases, while it is outperformed
by its competitors in 57.14% of cases. In terms of channel/filter pruning rate C/F,
REP-+GDTopKMC+AC-+DK-+ADMMI shows better results than its competitors in
42.86% of experiments yet in 57.14% of cases, no comparison can be made due to missing
data. Concerning overall pruning ratio P, REP+GDTopKMC+AC+DK-+ADMMI shows a
distinctive advantage, outperforming other works in 71.43% of experiments while yielding
inconclusive results in 28.57% of cases. Regarding inference acceleration FLOPs(I), 28.57%
of experiments produced results in favor of REP+GDTopKMC+AC+DK+ADMMI while
in the other cases (71.43%), insufficient data did not allow for a comparison.
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Data Model Approach | A Acc © G(T) | © Rel. Overhead
GDTopK ~0.30 p.p. | 88.96% | 1.43-10°%
MNIST | LeNet-5 o SRMC T —0.15 p.p. | 76.68% | 3.00-10-7%
GDTopK —0.86 p.p. | 90.16% | 3.70-10~*%
CIFARLO AlexNet-S o CKMC [ —1.49 p.p. | 88.70% | 1.00-10-°%
_ 19
ResNet18 | GDTopK T1.39 p.p. | 73.64% | 2.78-10°%

GDTopKMC | +2.29 p.p. | 70.36% | 8.00-10~"%

Table 6.8.: Overhead reduction through MC sampling in GDTopK compared to GDTop-
KMC. @ Rel. Overhead = average percentage of the total FLOPs ocurring
during training that were spent on the pruning heuristic and pruning mask
application, @ G(T) = average gradient sparsity during training.

6.3.5. Gradient Sparsity

An interesting property of training with REP+GDTopKMC+AC+DK+ADMMI is the
high amount of sparsity induced in the gradients that are used for the weights updates
during training. As seen in Table [6.11] REP+GDTopKMC+AC+DK-+ADMMI induces
83.45% to 98.28% average sparsity gradient during training, which could be of use in a
distributed (i.e., multi-node) training setting. As described in Section in distributed
training local nodes upload their gradients to a global parameter server which updates
a global model based on the aggregate of all gradients of the local model instances. In
this context, a high degree of sparsity in the local gradients could lead to significant
reductions in communication overhead; hence future research directions should include
an adaption of REP+GDTopKMC+AC+DK-+ADMMI to the multi node setting and
comparison with State-of-the-Art works in this domain.

6.4. Assumptions and Limitations

6.4.1. Hyperparameter Sensitivity Study

During the Hyperparameter sensitivity study in Section [6.3.1.2] the combinations of
hyperparameters evaluated were manually selected by the author to explore those combin-
ations deemed most interesting, hyperparameter distributions such as shown in Table
were computed ex-post. This methodological approach obviously introduces a certain
bias. A methodologically more clean approach would be to define hyperparameter ranges
ex-ante and randomly draw combinations from these distributions. However, this could
produce experiments that either fail or have very similar results, leading to the number of
experiments required in total to increase beyond what could be executed in an acceptable
timescale. Consequently the author decided to limit the scope of the hyper parameter
study and transfer the task of a more exhaustive evaluation to future work.
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Data Model Paper | A Acc C/F P FLOPs(I) | FLOPs(T)
LeNet.s | EP —0.13 p.p. ? 45.95% | ? 38.06%
MY | —054pp.x | 9L.77% | 98.60%./ | 91.68% 83.82%
—0.10 p.p. ? 81.24%% | ? ?
MNIST LeNota | PP —1.17 p.p. ? 98.12%* |7 ?
—2.43 p.p. 7 99.44%% | ? ?
MY | —0.64 p.p. 0.00% 48.86% % | 48.86% 79.53%
EF —0.37 p.p. ? 64.90% | 63.90% 52.15%°
ResNet-20 U139 ppx | 72,1607 | 71.04% | 46.32% < | 62.36%
EP +0.13 p.p. ? 66.44% | ? 44.86%
ResNet-32 | PT —1.80 p.p. ? ? 66.00% 53.00%
MY | —422pp.x | 71.20% 7 | 71.00% | 46.03%x | 63.64%
PT —1.10 p.p. ? ? 50.00% 70.00%
ResNet-50 =708 pp. 82.20% 7 | 80.75% | 47.35%x | 70.71%
+0.33 p.p. ? 66.67%* | ? ?
DP +0.18 p.p. ? 80.00%* | ? ?
CIFAR-10 VGE.S —3.41 p.p. ? 95.00%% | ? ?
—10.80 p.p. | ? 96.67%* | ? ?
PR +0.10 p.p. ? 80.67% | 57.99% 75
MY | —2.55 p.p. 75.39% | 88.74%~ | 36.49% 57.96%
vaey, BT —0.70 p.p. ? ? 57.00% 65.00%
MY | —0.36 p.p. 95.94% | 98.64% ' | 46.59%x | 65.56%
vaas BT —0.60 p.p. ? ? 56.00% 63.00%
MY | +0.42 p.p. 97.04%./ | 98.46% | 46.58%x | 65.02%
voa.ie |LEF —0.30 p.p. ? 96.60% | 91.30% 88.49%°
MY | +6.54 p.p. 97.01%7 | 97.26%./ | 46.56% < | 66.33% x
PT —1.40 p.p. ? ? 32.00% 46.00%
ResNet-32 —0.70 p.p. ? ? 53.00% 69.00%
MY | —9.08 p.p.x | 86.37T%’ | 85.75% | 48.86% 64.01%
CIFAR-100 | ;o 1y [ PT —1.30 p.p. ? ? 47.00% 57.00%
MY | -3.03pp.x | 77.76% |89.86% | 30.80%x | 57.44%
vaaiy L PT —1.10 p.p. ? 7 42.00% 52.00%
MY | +10.38 p.p../ | 75.71% | 89.90% | 29.34%x | 51.56% x

Table 6.9.: Performance comparison of works specifically targeting training and effect

documented in original paper. Fields with % read as reduced by X%. 6Unit
of measurement no specified, FLOPs appears likely though within the context

of the paper, LeNet-A=LeNet-300-100, VGG-S=VGG-8, VGG-C/D=VGG-16.

4Percentage of tracked parameters instead of pruning rate. The symbols
indicate that MY approach is / better than all, ~ better than some, x better
than none of the other approaches evaluating on the same architecture/dataset
combination in the respective column or can not be compared due to

insufficient data. MY denominates REP+GDTopKMC+AC+DK-+ADMMI.

FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs are
decreased during inference compared to a baseline, C/F = convolution kernels
or filters, P = parameters. 115




6. Empirical Evaluation

Data Model Paper | A Acc C/F P FLOPs(I) | FLOPs(T)
SNIP | =080 pp. | 7 99.00% | 7 7
0.2 pp3 |7 7 93.00% ?
AP —0.02 p.p ? 99.53% ? ?
LeNet-5 —0.00 p.p ? 99.68% ? ?
+0.01 p.p. ? 99.20% ? ?
GSM —0.15 p.p. ? 99.67% ? ?
MNIST MY —0.54 p.p. 91.77% 98.6% 91.68% 83.82%
SNIP —1.60 p.p. ? 98.00% ? ?
022 pp? |7 ? 91.00% ?
AP
LeNet-A +0.06 p.p. ? 98.75% ? ?
GSM | £0.00 p.p. | ? 08.34% | 7 ?
LTH ? ? 20.00% ? ?
MY —0.64 p.p. 0.00% 48.86% 48.86% 79.53%
AlexNets | oo | —087pp. | ? 90.00% | 7 7
AlexNet-b —0.58 p.p. ? 90.00% ? ?
AlexNet-s | MY —1.90 p.p.x 93.81% 98.45% 46.12% 64.57%
ResNet-18 | LTH ? 20.00% 19.71% ? ?
ResNet-18 | MY —1.42 p.p.x 90.48% 90.15% 47.72% 66.95%
CIFAR-10 ResNet-20 VCP —0.35 p.p. 38.00% 20.41% 16.47% ?
MY —4.29 p.px 72.16% 71.94% 46.32% 62.36%
VGG-C SNIP —0.45 p.p. ? 95.00% ? ?
VGG-D —0.33 p.p. ? 95.00% ? ?
VCP | —0.07 pp. | 62.00% | 73.34% | 39.10% ?
VGG-16 MY +6.54 p.p. 97.01% 97.26% 46.56% 66.33%
CIFAR-100 VCP +0.07 p.p. 32.00% 37.87T% 18.05% ?
MY +10.44 p.p. 77.63% 87.92% 36.47% 56.94%

Table 6.10.: Performance comparison of works with possible effect during training but not
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documented in original paper. Fields with % read as reduced by X%. 3Neuron
Pruning, LeNet-A=LeNet-300-100, VGG-C/D=VGG-16. The symbols indic-
ate that MY approach is ./ better than all, ~ better than some, x better
than none of the other approaches evaluating on the same architecture/data-
set combination in the respective column or ” can not be compared due to
insufficient data. MY denominates REP+GDTopKMC+AC+DK+ADMMI.
FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs
are decreased during inference compared to a baseline, C/F = convolution
kernels or filters, P = parameters.




6.4. Assumptions and Limitations

Data Model A Acc © G(T)
LeNet-5 —0.54 p.p. | 87.27%
MNIST LeNet-A —0.64 p.p. | 93.36%
AlexNet-S | —1.90 p.p. | 91.78%
ResNet-18 | —1.42 p.p. | 91.63%
ResNet-20 | —4.29 p.p. | 86.57%
ResNet-32 | —4.22 p.p. | 85.50%
CIFAR-10 | ResNet-50 | —1.08 p.p. | 91.50%
VGG-8 —2.55 p.p. | 97.68%
VGG-11 —0.36 p.p. | 96.23%
VGG-13 | 4042 p.p. | 96.76%
VGG-16 | +6.54 p.p. | 98.28%
ResNet-20 | —3.37 p.p. | 83.45%
ResNet-32 | —9.08 p.p | 87.99%
ResNet-50 | —2.43 p.p. | 85.92%
CIFAR-100 | VGG-8 | —6.49 p.p. | 97.20%
VGG-11 -3.03 p.p. | 96.55%
VGG-13 | +10.38 p.p. | 96.18%
VGG-16 | +10.44 p.p. | 98.22%
Table 6.11.: Average gradient sparsity (@ G(T)) of

REP+GDTopKMC+AC+DK+ADMMI training
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6. Empirical Evaluation

6.4.2. Convergence Analysis

The provided convergence analysis (see Section is limited to preliminary empirical
evaluation of a few selected cases. For reasons similar to those leading to the decision to
reduce the scope of the hyper parameter sensitivity study (see Section , the author
decided to set a reduced scope for the convergence analysis. For a more complete picture,
it would be required to thoroughly evaluate convergence behaviour, at least on all relevant
datasets and architectures noted in Tables and Moreover, another interesting
perspective on convergence would be to not train for a fixed number of epochs and
measure the resulting accuracy as was done in this thesis but instead to fix accuracy to a
given value (e.g. one obtained by a baseline or a competing work) and measure how many
epochs of training are required to attain this accuracy. Such a perspective would provide
valuable insights into convergence speed. Further, the convergence analysis provided
lacks a formal analytical part (i.e., proof of convergence or boundaries for convergence
rates) as well. Proofs regarding convergence however are also rare in literature (compare
Section [3.4.2.11], only 10.5% of the surveyed works provided abstract guarantees at all
which includes convergence guarantees). Both, an exhaustive empirical evaluation as well
as an analytical exploration of the proposed algorithms convergence behaviour, should be
subject to future research though.

6.4.3. Training, Hyperparameter Optimization and Model Selection

As described in Section [6.3.1] a standardized training approach of 100 epochs for large
architectures trained on CIFAR-10/100 and 10 epochs for small architectures training
on MNIST was chosen. As noted in Section [6.2.4] this standardized training approach
was necessary due to differences in training epochs as well as batch sizes found in related
work. The concrete numbers were motivated by experiences I made with training some
of the architecture/model used in this thesis in previous work [23]. While successfully
limiting computational requirements, particularly for large architectures and slowly
converging architectures such as VGG types, this approach has the downside of not
necessarily training each architecture/dataset combination to its highest attainable test
accuracy value (see also Section . Consequently, the large positive increases in
A Acc observed in Table could be attributable to experimental setup instead of
REP+GDTopKMC+AC+DK+ADMMI truly being capable to increase accuracy scores
in the double-digit range in exhaustively trained networks.

Regarding model selection and hyperparameter optimization, no specialized approach
was employed in order to save computation time and the results depicted in Tables [6.9]
and do not necessarily represent the best possible results that could be obtained by
REP+GDTopKMC+AC+DK+ADMMI but rather a lower bound. Most likely, model
selection approaches such as K-fold cross validation [2 p. 180] combined with randomized
hyperparameter search could yield even more convincing results.
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6.4. Assumptions and Limitations

6.4.4. Performance Model

As seen in Tables [6.9] and [6.10] despite comparable pruning rates, acceleration in terms of
reduction of training FLOPs does not reach levels achieved by some competing works
despite comparable pruning rates. This might be a result of the simplified performance
model. For example [I1] uses specialized libraries to fully simulate the execution of every
single operation on purpose-built sparse hardware designed and optimized to be used in
conjunction with the authors proposed pruning algorithm, [227] employs a prototypical
FPGA realization of hardware optimized to the utilization of their pruning approach
and [278] as well as [230], while evaluating on GPUs that do not necessarily exploit
sparsity optimally, had sufficient homogeneous hardware (i.e. same GPU type used for
all experiments) available to allow for comparable measurements, which was not the
case in the evaluation of this thesis, see Section [6.2.1] The performance model used
in this thesis solely takes into account FLOPs and hence speed-ups achieved through
pruning of convolutional or linear layers. Operations occurring in, for example, batch
normalization and average pooling layers are neglected for simplicity and hence a reduction
of computational complexity in these layers is not documented.

6.4.5. Missing Experiments

Given the time constraints of this thesis as well as the limited hardware available, only
certain selected experiments could be conducted in Section [f] The missing experiments
required for a full comparison to related works are listed in Tables and
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7. Contribution and Delimitation

The contribution of this work, besides its exhaustive literature survey provided in
lies in exploring research questions RQ1 - RQ4 and RQ7 (see Section [3.4.2]) as well as
improving memory efficiency of gradient diversity in Section in the process.

7.1. Literature Survey

In the literature survey, I first provide a brief overview of historic developments (Section
in the field of neural network pruning and highlight the most influential works of the past.
In Section I contribute an extensive listing and categorization of carefully selected
SotA (2017-2021) intra-training pruning works which are subjected to thorough analysis
focusing on experiments, metrics and the identification of direct and potential competitors
(intra-training pruning with the goal to accelerate training) to this thesis in Section m
This focus on specific properties of SotA works distinguishes the survey that is part of this
thesis from others in the field, which rather focus on distinguishing methodical approaches.
The value of this survey hence lies not only in documenting these observations, but also
allowing other researchers in the future to select their experiments and metrics in such a
way that their works become more comparable. Surveys [110] 108, 107, 105}, 10T} 106}, [100]
do not distinguish between intra-training pruning with the goal to accelerate inference or
intra training pruning with the goal to accelerate training, and do not provide an overview
over the popularity of metrics and experiments used by researchers in the field of intra
training DNN pruning. [332], [7] provide an overview of common experiments but do not
distinguish intra and post training DNN pruning and only consider the metrics sparsity
and /or speed-up and accuracy.

7.2. Answered Research Questions

Regarding RQ1 (Section[3.4.2.1)), with GDTopKMC I devise a probabilistic top-k gradients
training scheme in Section which through learning the distribution of the proposed
LGD based heuristic over a certain number of sampling epochs and for the rest of the
training just drawing from the distribution effectively reduces the methods overhead
without losing quality in the final result compared to GDTopK’s direct computation of
the heuristic. GDTopK, the underlying top-k gradients scheme of GDTopKMC, differs
from related top-k gradients schemes [93] [11] through its heuristic as well as its very
coarse and efficient granularity: instead of removing individual elements of gradients,
gradient tensors are selected for deletion as a whole. GDTopKMC is different from all
existing probabilistic intra training pruning techniques not only because it is the only
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7. Contribution and Delimitation

existing work using gradient diversity in this field (which is true for GDTopK as well), but
also because it attempts to reduce the computational overhead of directly computing an
originally deterministic pruning technique through the use of statistics. Furthermore [27§],
which is the closest competitor to GDTopKMC due to its aim at training acceleration,
directly estimates gradients instead of a heuristic and is also more fine granular because
it applies pruning element-wise. Of the works using statistics for pruning that are not
aiming at training acceleration but the acceleration of inference, [112] is implemented as
a modified BN layer and [I83] uses an extension of variational dropout; hence they are
different from GDTopKMC in their architectural integration into training.

GDTopK or GDTopKMC in conjunction with the information theory motivated REP
weights pruning method introduced in Section answers RQ2 (Section ie.,
that using separate pruning methods for forward and backwards passes is advantageous
in terms of training accuracy and/or speedup compared pruning methods that only affect
one of the two phases of training such as those listed in Tables and [3.10l The
proposed technique is also different from works combining sparse forward and backwards
passes [93] [IT] because no separate heuristics for accelerating forward and backward passes
are used in these works.

By combining GDTopK or GDTopKMC and REP, which are both structured pruning
methods, with magnitude pruning MAG and ADMMR /ADMMI as described in Section
I show that model compression and training acceleration can be improved through the
combination of different types of structured pruning and unstructured pruning, answering
RQ3 (Section in the process. This constitutes a novelty because combining
structured and unstructured pruning during training has not yet been done in works
related to intra-training pruning for training acceleration as discussed in Section [3.4:2.3]

REP as introduced in Section which is based on LGD, investigates RQ4
(Section as it provides a structured pruning heuristic for intra-training pruning
which easily integrates with standard SGD and potentially similar other popular gradient-
based optimization techniques without relying directly on the norm of the networks weights
or gradients. This makes REP different from other intra-training pruning techniques
aimed at training acceleration: [278] does not train via standard chain rule-based SGD for
optimization, [215] uses a penalty term rather than heuristics while [93] and [IT] both rely
on the norm of accumulated gradient for determining the network’s sensitivity to pruning.
[227] proposes a pruning algorithm based on weights magnitude instead of norm, but this
forces it to prune in an unstructured manner and [219], while using geometric median
instead of norm as heuristic for filter pruning, is aimed at inference acceleration.

Through combining GDTopK or GDTopKMC and REP with ADMMR/ADMMI in
Section RQT (Section is partially answered which seeks to explore the effects
of combining intra-training pruning methods for training acceleration with methods
specifically devised to accelerate inference through pruning. Since there is a large
number of inference acceleration aimed intra-training pruning works potentially capable of
accelerating training as well (see Tables and the evaluation of a single approach
is naturally only a small part of the investigation of RQT).
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7.3. Integration into Scientific Landscape

7.3. Integration into Scientific Landscape

The core methods developed in this thesis are REP (Section and GDTopK /G-
DTopKMC (Section , hence the argument for the integration into the contemporary
scientific landscape will revolve around these methods. REPs and GDTopK/GDTopKMCs
integration into the scientific landscape described in Chapter [3]is visualized in Figures[7.]]
and at 8 different levels, whereby level 0 represents the most coarse categorization
and level 7 represents the most fine granular categorization. REP is a method designed
for accelerating DNN training and, as a side effect due to pruning being focused on the
networks weights and filters, also carries over advantages in terms of acceleration and
compression over to the inference phase. Because the inference acceleration associated
with REP is not part of its initial design goal, it is coloured dashed in Figure level 3.
REP is a sensitivity heuristic method based on information theory but not directly em-
ploying it, information theory is coloured dashed in Figure level 4. REP is applicable
to convolutional and linear layers weights, where it induces filter level as well as (block-)
structured sparsity combined with element wise sparsity through additional magnitude
pruning. Although gradients are as well pruned by REP to accelerate the expensive
backwards pass, the mechanism serves mainly to limit the pruned weights growing back
after the aggressive pruning phase in the beginning, i.e., REPs pruning of gradients is
more a necessary design constraint rather than an initial design goal, which is why it is
coloured dashed in Figure (7.1

GDTopK/GDTopKMC are both methods focused on accelerating training through
gradient pruning while leaving the weights of the network untouched. GDTopK/GDTop-
KMC employ a sensitivity-based pruning heuristic to convolutional and linear layers
gradients, which are pruned on a per-layer basis; hence the approach is a very coarsely
structured type. Because the weights of the network are not pruned by neither GDTopK
nor GDTopKMC, it does not carry over any advantage to the training phase.
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Figure 7.1.: REP integration into scientific landscape. REP falls into the categories
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coloured in blue. Categories dashed in blue partially fit REP. Grey categories
are not directly related to REP. A bold, red line indicates the relation between
two categories which are related to REP. If the line is dashed, it represents a
connection to a category in which REP only partially fits into.
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Figure 7.2.: GDTopK and GDTopKMC integration into scientific landscape. GDTopK
and GDTopKMC fall into the categories coloured in blue. Grey categories
are not directly related to GDTopK and GDTopKMC. A bold, red line
indicates the relation between two categories which are related to GDTopK
and GDTopKMC.
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8. Conclusion

This thesis presents an exhaustive documentation of the State-of-the-Art in intra-training
DNN pruning (Section [3.4]). In the beginning, a brief overview of training acceleration
approaches alternative to pruning as well as a brief historical contextualization is provided.
For the SotA, the surveyed works were selected by relevance or citation count dependent
on availability in the results provided by multiple academic search engines (BASE, CORE,
Semantic Scholar, Microsoft Academic, Google Scholar, IEEE Xplore, ACM Digital
Library, NeurIPS). Key insights in the literature include the finding that the majority of
works applying intra-training pruning focus on accelerating inference (97.78%), that only a
small number (14.33%) prune during training with the intent of accelerating training and
that a certain number of works (28.88%) targeting inference could also be conceptually
capable of accelerating training, but authors do not document any training advantages,
see Section [3.4.1.4] The majority of works further employ empirical methodology to
demonstrate their contributions advantages, with only 10.5% of the surveyed works
including any sort of formal proof. Regarding the experiments and metrics used in the
empirical work common in the field, the survey shows that there is a clear tendency
towards certain architecture/dataset combinations as well as metrics, but no standardized
setup exists, hampering comparability between different approaches, see Section [3.4.1]

Based on these papers, a series of relevant research questions (Section is derived.
A certain subset of key research questions which is described in detail in Section [4 is
answered by a novel and innovative multi directional intra-training pruning approach
to accelerate DNN training. The answered research questions address the reduction of
overhead during intra-training pruning, the use of different heuristics tailored specifically
to the forwards- and backwards-pass of DNN training, the combination of unstructured
and structured pruning for training acceleration as well as the adaption of an intra training
pruning scheme originally targeted at inference acceleration for intra training use.

The proposed approach, which combines structured and unstructured pruning, is
designed to heuristically address the specific requirements of pruning DNNs weights for
forward pass acceleration without, in an analogy to the initially presented biological
motivation, "forgetting" already learnt concepts as well as the specific requirements of
pruning gradients for accelerating computationally expensive backwards passes without
losing the ability to learn, see Sections and Furthermore, certain novel concepts
are introduced to ensure of the efficiency of the applied heuristics, reducing computational
complexity of certain components by up to 2 orders of magnitude and memory complexity
by up to 3 orders of magnitude, see Section [6.3.3.1] and [6.3.3.2l Through extensive
empirical evaluation in Section [6.3.4] it is demonstrated that the proposed approach
reaches or surpasses State-of-the-Art levels in accuracy degradation in at least 57.33%
of the evaluated cases whereby in 46.67% of cases clear superiority is demonstrated and
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8. Conclusion

in 14.66% the proposed approach is at least not clearly inferior. Concerning training
acceleration measured in the percentage of FLOPs saved compared to a baseline, the
proposed approach reaches or surpasses State-of-the-Art training acceleration in 75.00%
of cases, whereby in 58.33% of cases clear superiority is demonstrated and in 16.67%
the proposed approach is at least not clearly inferior. Additionally, an ablation study is
provided in Section In the ablation study the contribution of each of the individual
components of the multi-directional pruning approach is evaluated. It shows that the high
degrees of acceleration and accuracy displayed in the final results can only be reached
by the combination of different algorithms treating specific problems of intra-training
pruning separately.

Finally, the contribution, delimitation and integration into the scientific landscape
of this work is described in Section [7] Regarding delimitation, it is argumentatively
shown that no other work among those found in the literature survey employs the unique
methodological approach to intra training DNN pruning proposed in this thesis. The main
contribution of this thesis lies in the discovery and exploration of the above-mentioned
subset of research questions through a new pruning approach which incorporates several
novel techniques. Additionally, the observations regarding experiments made in the survey
of SotA works could enable other researchers in the future to select their experiments
and metrics in such a way that their works become more comparable such that the
contribution of this thesis to the advancement of the field of intra-training DNN pruning
goes beyond the mere novelty of the discovered new algorithmic approaches.
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9. Future Work and Outlook

Since the proposed approach in this thesis only addresses a certain subset of the research
questions outlined in Section [3:4:3] clearly the exploration of the remaining research
questions listed in Section [3.4.2] is a viable approach to future work. Additionally,
the provided survey suffers from some works being not completely comparable due to
differences in the setup of their empirical evaluation, see Section [3.4.1.1] This makes the
completion of the survey through testing these approaches under entirely comparable
circumstances an attractive contribution. Furthermore, as outlined in Section the
empirical evaluation of this thesis still lacks completeness and hence future work should seek
to complete the missing experiments listed in Tables and Additionally, certain
improvements to the ablation and hyperparameter study documented in Section [6.4.3
would be possible approaches to future work. The high degree of gradient sparsity
documented in Section could render the multi-directional approach proposed in
this thesis potentially useful in distributed training scenarios, and its adaption to such
scenarios could as well be a possible direction of future research. Another possible direction
could be evaluation on hardware truly capable of leveraging sparsity such as mentioned
in Sections [2.6.5] and [3.4.1.3] removing the reliance on the simplifying performance model
described in [5[ and leading to more actionable results.
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L Set of all layers [ of a neural network, see Section [2.4.2.1

| Single layer of a neural network, see Section

Ly L regularization, see Section [2.4.3.2]

Ly L regularization, see Section [2.4.3.2]
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« Control variable used in L; and Lo regularization, see Section [2.4.3]

B1,2) Coefficients used for computing running averages of gradient and its square variable
in Adam, see Section [2.4.2.2

M é Binary pruning mask of layer [ at batch j, see Section W
M Binary pruning mask of layer I, see Section .
M ; Set of all binary pruning masks at batch j, see Section m
M Set of all binary pruning masks, see Section [2.6.5

l . . .
W Weight tensor of the [-th layer of a neural network at batch j, see Section |4.1.2.2
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W! Weight tensor of the I-th layer of a neural network, see Section m
W Set of all weights tensors of of a neural network at batch j, see Section
W Set of all weights tensors of of a neural network, see Section [2.4.2.1]

X1 Categorical probability distribution over the layers L of a neural network describing
their probability of getting pruned by a pruning heuristic P, see Section [4.1.1.6

X Input tensor of a neural network at batch j, see Section @

X Set of all input tensors of a neural network, see Section 2.4.2.1]

Y Set of all targets of a neural network, see Section [2.4.2.1]

p;, Characterizing vector of probabilities used in conjunction with X, see Section
y; Target vector (ground-trough) at batch j, see Section

n Learning rate, see Section

£ Modified loss function (e.g. with some penalty term added), see Section m

ke Quantiles of samples of I that are used for mask generation, see Section 4.1.2.4

n;,ci,hw

k; Quantiles of samples of ﬂ%wi that are used for mask generation, see Section 4.1.2.4

A Weight decay used in SGD and Adam, see Sections [2.4.2.2| and [2.4.2.1]

L Loss function, see Section [2.4.1]
P Some penalty term, see Section [2.6.5]
p Momentum control variable in SGD, see Section

Vw ;L Gradient of the loss function £ w.r.t the networks weights W ; at batch j, see
Section 2.4.2.11

V%}icc)ﬁ Accumulated gradient of the loss function £ w.r.t the networks weights W at
batch j, see Section [£.1.2.4]

w Growth factor used in the dynamic adjustment of ac and k, see Section

0. Scaling parameter used to determine indices n; and ¢; in T see Section |4.1.2.4

ni,Cihw?

o7 Scaling parameter used to determine indices h; and w; in fi“’wi, see Section [4.1.2.4]

7 Dampening control variable in SGD, see Section [2.4.2.7]

I Approximation of IT'* for layer [, see Section [4.1.2.3|
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fﬁll w,; ntra-layer formulation of the approximation of ' for linear layer ! with indices

hi,w;, see Section

Af% e 10tra-layer formulation of the approximation of I for convolutional layer [ with

indices n;, ¢;, h, w, see Section

Vw ;£ Modified (e.g. normalized) gradient of the loss function £ w.r.t the networks
weights W; at batch j, see Section

(. Number of samples to be computed with Fn i hoaw S€€ Section [4.1.2.4]

¢; Number of samples to be computed with fl}%wi, see Section 4.1.2.4

ac Number of gradients to accumulate before triggering a weight update step, see Sec-

tion 4.2.2)
flops' FLOPs incurred during a forward pass in layer [, see Section .

f lopséwd’ j FLOPs incurred during a backwards pass with in layer [ at batch j adjusted
for sparsity spé- and spfqmdy j» see Section

flopslfwd j FLOPs incurred during a forward pass in layer [ at batch j adjusted for
sparsity spé, see Section

flopsiotar Total FLOPs incurred during training, see Section [5]
k Number of gradients to delete in top-k gradients, see Section [4.2.4

Ib Lookback variable controlhng the number of gradients used gradient diversity and

pruning heuristic Fl see Section |4 1.1. 1| and |4 1.2. 4|

ohflc j Algorithmic overhead incurred through gradient accumulation in layer [ batch j,

see Section Bl

oh! Algorithmic overhead incurred through ADMM in layer [ batch j, see Sectlon I

admm,j

ohflpp j Algorithmic overhead incurred through mask application in layer [ batch j, see

Section [Bl

ohm ask.j Algorithmic overhead incurred through REP mask generation in layer [ batch 7,

see Section [

ohls carch,j Algorithmic overhead incurred through REP search in layer [ batch j, see

Section Bl

ohl Algorithmic overhead incurred through GDTopK in layer [ batch j, see Section |5 I

topk,j

oh Total algorithmic overhead of applying the proposed pruning approaches, see Section
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pe Number of epochs that the pruning heuristic is active, see Section [4.1.2.4]
spé- Weights sparsity observed in layer [ at batch j, see Section .

spéT ad,j Gradient sparsity observed in layer [ at batch j, see Section .

Ablation study Analytically or empirically executed study of the different components
of algorithm with the goal to gain insight into the contribution of these components
to the achieving of the algorithms goal.

Application-specific integrated circuit An integrated circuit which is purpose-built and
optimized towards a specific application instead of general use.

Architecture Strictly speaking, the architecture of an artificial neural network describes
the way in which layers are stacked and what types of layers are used [I]. In
literature though, this term is often used synonymously with topology and this use
is also employed in this thesis.

Artificial neural network An artificial neural network is a machine learning method
simulating the learning mechanism of certain parts of the human nervous system [2]

p. 1].

Axon Part of the connection between neurons [2) p. 1].

Backpropagation The backpropagation algorithm uses the chain rule to compute the
error gradients in terms of summations of local-gradient products over the various
paths from a node to the output [2, p. 21].

Backwards pass In the backwards pass, the gradients of the loss function with respect to
the networks weights are computed using chain rule and the weights are subsequently
updated using these gradients [2, p. 21].

Baseline An unmodified reference model against which a modified model (i.e. a pruned
one in the context of this thesis) is compared in order to study the effects of the
modifications.

Convergence Artificial neural network training is said to have converged if additional
iterations do not change the solution significantly. The term convergence speed
describes the rate at which an artificial neural network trained by some iterative
optimization algorithm moves towards this optimum i.e. the (local) minimum the
loss function.

Dendrite Part of the connection between neurons [2, p. 1].

Evolutionary algorithm describes population-based search algorithms that are motivated
natural evolution [333].
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Failt-injection Injection of e.g. bit-faults into the weights of an artificial neural net-
work [54].

Field programmable gate array An integrated circuit which can be modified by a user
after production. Often used in prototypical realizations of new integrated circuits.

Floating-point operation A computation step in floating-point precision.

Forwards pass In the forwards pass, the inputs for a training data point are fed into the
network, leading to a forward cascade of computations through the networks layers,
resulting in a predicted output [2, p. 21].

Generalization error Error (measured e.g. in the percentage of falsely classified images
in an image classification task) of a neural network on data other than the training
data, i.e. unseen data |2, p. 172].

Genetic algorithm A computational model of biological evolution. Genetic algorithms
are used to solve search problems as well as modeling evolutionary systems. [334].

Gradient exploding During backpropagation, the updates in earlier layers can either be
very small (vanishing gradient) or very large (exploding gradient) in certain types
of artificial neural networks [2, p. 28].

Gradient vanishing During backpropagation, the updates in earlier layers can either be
very small (vanishing gradient) or very large (exploding gradient) in certain types
of artificial neural networks 2], p. 28].

Hessian Second order derivative of the loss function with respect to the artificial neural
networks weights [2], p. 143].

Hyperparamater The term hyperparameter refers to the parameters regulating the design
of the model (like e.g. learning rate),. Hyperparameters are different from the
parameters representing the weights of connections in the artificial neural network [2,
p. 125].

Interpretability The interpretability of an artificial neural network refers to the degree
humans can understand its their black-box representations.

Monte carlo methods Solving quantitative problems through statistical sampling, e.g.
to estimate numerical quantities by repeated sampling [335].

Multiply-accumulate A computation step that multiplies to factors and adds a third
number to the product.

Neuron Certain cell type of the human nervous system [2] p. 1].
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Overfitting Describes the process of training an artificial neural network in such a fashion
that it has a very low error on the training data but a high error on unseen data
(i.e. a high generalization error) [2], p. 25].

Processing element A basic compute unit, usually consists of a MAC unit and register-
/scratchpad memories [336].

Pseudo code Illustrative description of the steps of an algorithm.

PyTorch A popular machine learning framework [56].

Reinforcement learning handles learning in sequential decision making problems where
onyl limited feedback is available [337].

Representational power The ability of a neural network to learn certain concepts or
functions [1].

Robustness The robustness of an artificial neural network refers to the degree it can
resist accuracy degradation in the face of adverserial attacks on or perturbations of
its weights or input data.

Synapse Connecting region between dendrites and axons [2, p. 1].

TensorFlow A popular machine learning framework [57].

Topology Strictly speaking, the topology of an artificial neural network describes the
way in which the artificial neurons in the network are connected [I]. In literature
though, this term is often used synonymously with architecture and this use is also
employed in this thesis.
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A. Appendix

A.1. Technical Documentation

This section contains instructions for installation, execution and reproduction of results
as well as annotated erample configs for each of the experiments conducted during
the evaluation of this thesis. For the configs actually used, please refer to the GitHub

repositoryﬂ

A.1.1. Installation, Execution and Reproduction of Results

First, clone GitHub repository.
git clone https://github.com/lorenz0890/multi-directional -pruning.git

Listing A.1: Command for cloning the code repository.

Next, install requirements:
pip install -r requirements.txt

Listing A.2: Command for installing the necessary software dependencies.

Now, two modes of operation are available: individual config mode and batch mode. In
the first case, a path to a specific config must be provided and the associated experiment:

python main.py --config /path/to/a/single/config.json

Listing A.3: Command for running a single experiment.

In the second case, a path to a directory containing config files must be provided:
python main.py --batch /path/to/directory/of/multiple/configs/

Listing A.4: Command for running multiple experiments.

For details on the structures of the configs associated with different experiments as well
the adjustable parameters, see Appendix A. The configs necessary to produce the main
results of this thesis will be provided along with the code base in the accompanying
GitHub repository.

A.1.2. Annotated Example Configs

'Link: https://github.com/lorenz0890/multi-directional-pruning
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[EXPERIMENT]

name = admm_intra #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]
num_classes = 10 #number of classes

percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM

alpha = b5e-4 #ADMM-specific hyperparameter
rho = 1e-2 #ADMM-specific hyperparameter

11 = False #use 11 for pruning in ADMM

12 = False #use 12 for pruning in ADMM
pre_epochs = 1 #number of pre-training epochs
epochs = 1 #number of admm-training epochs
re_epochs = 1 #number of re-training epochs
lr = 1le-3 #learning rate

adam_eps = 1le-8 #eps if optimizer is adam
repeat = 3 #repetitions of ADMMI

[OTHER]

no_cuda = False #use GPU/CPU (not used)

seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training

out_path = /path/to/logfiles #location to store logfiles
Listing A.5: Example config for ADMMI.

[EXPERIMENT]

name = admm_retrain #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]
num_classes = 10 #number of classes

percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM

alpha = be-4 #ADMM-specific hyperparameter
rho = 1le-2 #ADMM-specific hyperparameter

11 False #use 11 for pruning in ADMM

12 False #use 12 for pruning in ADMM
pre_epochs = 3 #number of pre-training epochs
epochs = 10 #number of admm-training epochs
re_epochs = 3 #number of re-training epochs
lr = l1le-3 #learning rate

adam_eps = 1le-8 #eps if optimizer is adam

Il

[OTHER]
no_cuda = False #use GPU/CPU (not used)
seed = 1 #set random seed for reproduceability
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save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training

out_path = /path/to/logfiles #location to store logfiles
Listing A.6: Example config for ADMMR.

[EXPERIMENT]

name = gd_top_k #name of experiment

model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]

num_classes = 10 #number of classes

1b = 50 #look back (batches)

k = 3 #number of gradients to prune
epochs = 10 #number of epochs

11 = 1le-4 #strength of 11 regularization
12 = 1le-4 #strength of 12 regularization

lr = 1le-3 #learning rate

; adam_eps = le-8 #eps if optimizer is adam
[OTHER]
no_cuda = False #use GPU/CPU (not used)
seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training

out_path = /path/to/logfiles #location to store logfiles
Listing A.7: Example config for GDTopK.

[EXPERIMENT]

name = gd_top_k_mc #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]

num_classes = 10 #number of classes

1b = 50 #look back (batches)

k = 3 #number of gradients to prune

se = 3 #sampling epochs

epochs = 10 #number of epochs

11 = le-4 #strength of 11 regularization

12 le-4 #strength of 12 regularization
1r le-3 #learning rate
adam_eps = 1e-8 #eps if optimizer is adam

[OTHER]
no_cuda = False #use GPU/CPU (not used)
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21 seed = 1 #set random seed for reproduceability

22 save_model = False #save model after training (not used)
23 vis_model = False #visualize model layers after training
24 vis_log = True #visualize log file after training

25 out_path = /path/to/logfiles #location to store logfiles

Listing A.8: Example config for GDTopKMC.

1 [EXPERIMENT]

2 name = gd_top_k_mc_ac #name of experiment
3 model = lenet #name of model

4 dataset = mnist #name of dataset

5 train_batch_size = 64 #training batch size
6 test_batch_size = 1000 #testing batch size

8 [SPECIFICATION]

9 num_classes = 10 #number of classes
10 1b = 50 #look back (batches)

11 k = 3 #number of gradients to prune
12 se = 3 #sampling epochs

13 ac = 2 #gradient accumulation

14 epochs = 10 #number of epochs

15 11 = 1le-4 #strength of 11 regularization

16 12 = le-4 #strength of 12 regularization

17 1r = 1le-3 #learning rate

18 adam_eps = 1e-8 #eps if optimizer is adam

19

20 [OTHER]

21 no_cuda = False #use GPU/CPU (not used)

22 seed = 1 #set random seed for reproduceability

23 save_model = False #save model after training (not used)
24 vis_model = False #visualize model layers after training
25 vis_log = True #visualize log file after training

26 out_path = /path/to/logfiles #location to store logfiles
Listing A.9: Example config for GDTopKMC+AC.

1 [EXPERIMENT]

2 name = gd_top_k_mc_ac_dk #name of experiment
3 model = lenet #name of model

4 dataset = mnist #name of dataset

5 train_batch_size = 64 #training batch size

6 test_batch_size = 1000 #testing batch size

s [SPECIFICATION]

9 num_classes = 10 #number of classes

10 1b = 50 #look back (batches)

11 k = 3 #number of gradients to prune

12 se = 3 #sampling epochs

13 ac = 8 #gradient accumulation

14 epochs = 10 #number of epochs

15 11 = 1le-4 #strength of 11 regularization

16 12
17 1r

le-4 #strength of 12 regularization
le-3 #learning rate
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18 adam_eps = le-8 #eps if optimizer is adam

16

20 [OTHER]

21 no_cuda = False #use GPU/CPU (not used)

22 seed = 1 #set random seed for reproduceability

23 save_model = False #save model after training (not used)
24 vis_model = False #visualize model layers after training
25 vis_log = True #visualize log file after training

26 out_path = /path/to/logfiles #location to store logfiles
Listing A.10: Example config for GDTopKMC+AC+DK.

1 [EXPERIMENT]

name = gd_top_k_mc_ac_dk_admm_intra #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset

train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

=W N

[SPECIFICATION]

9 num_classes = 10 #number of classes

10 1b = 50 #look back (batches)

11 k = 3 #number of gradients to prune

12 se = 3 #sampling epochs

13 ac = 8 #gradient accumulation

14 1lr = 1le-3 #learning rate

15 adam_eps = le-8 #eps if optimizer is adam

17 percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
18 alpha = b5e-4 #ADMM-specific hyperparameter

19 tho = 1e-2 #ADMM-specific hyperparameter

20 11 = False #use 11 for pruning in ADMM

21 12 = False #use 12 for pruning in ADMM

22 pre_epochs = 1 #number of pre-training epochs
23 epochs = 1 #number of admm-training epochs
24 re_epochs = 1 #number of re-training epochs

25 repeat = 3 #repetitions of ADMMI

27 [OTHER]

28 no_cuda = False #use GPU/CPU (not used)

29 seed = 1 #set random seed for reproduceability

30 save_model = False #save model after training (not used)
31 vis_model = False #visualize model layers after training
32 vis_log = True #visualize log file after training

33 out_path = /path/to/logfiles #location to store logfiles

Listing A.11: Example config for GDTopKMC+AC+DK-+ADMMI.

[EXPERIMENT]

name = gd_top_k_mc_ac_dk_admm_retrain #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset

train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

B oW b =

o w
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[SPECIFICATION]

num_classes = 10 #number of classes

lb = 50 #look back (batches)

k = 3 #number of gradients to prune

se = 3 #sampling epochs

ac = 8 #gradient accumulation

lr = 1le-3 #learning rate

adam_eps = 1le-8 #eps if optimizer is adam

percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
alpha = 5e-4 #ADMM-specific hyperparameter

rho = 1e-2 #ADMM-specific hyperparameter

11 False #use 11 for pruning in ADMM

12 = False #use 12 for pruning in ADMM

pre_epochs = 2 #number of pre-training epochs

epochs = 6 #number of admm-training epochs

re_epochs = 2 #number of re-training epochs

[0OTHER]

no_cuda = False #use GPU/CPU (not used)

seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training
out_path = /path/to/logfiles #location to store logfiles

Listing A.12: Example config for GDTopKMC+AC+DK+ADMMR.

[EXPERIMENT]

name = re_pruning #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]

1b = 50 #look back (batches)

num_classes = 10 #number of classes

epochs = 10 #number of epochs

lr = le-1 #learning rate

11 = le-4 #strength of 11 regularization

12 le-4 #strength of 12 regularization

steps = 5, 7 #learning rate scheduling steps (epochs)

gamma = 0.1 #learning rate scheduling reduction at step
softness_c = 0.0 #softness of pruning mask application
magnitude_t_c = 1le-3 #magnitude pruning threshold
metric_q_c = 0.25 #quantile of blocks to prune

sample_c = 1000 #number of samples

scale_c = 0.01 #scaling factor for pruning block search
softness_1 = 0.0 #softness of pruning mask application

magnitude_t_1 = 1le-3 #magnitude pruning threshold
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metric_q_1 = 0.05 #quantile of blocks to prune
sample_1 = 1000 #number of samples

scale_1l = 0.1 #scaling factor for pruning block search
prune_epochs = 0 #epochs to prune (0 = first epoch)

[OTHER]

no_cuda = False #use GPU/CPU (not used)

seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training

out_path = /path/to/logfiles #location to store logfiles
Listing A.13: Example config for REP.

[EXPERIMENT]

name = re_pruning_ac #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]

1b = 50 #look back (batches)

num_classes = 10 #number of classes

epochs = 10 #number of epochs

lr = le-1 #learning rate

11 le-4 #strength of 11 regularization

12 le-4 #strength of 12 regularization

steps = 5, 7 #learning rate scheduling steps (epochs)
gamma = 0.1 #learning rate scheduling reduction at step

softness_c = 0.0 #softness of pruning mask application
magnitude_t_c = le-3 #magnitude pruning threshold
metric_q_c = 0.25 #quantile of blocks to prune

sample_c = 1000 #number of samples
scale_c = 0.01 #scaling factor for pruning block search
softness_1 = 0.0 #softness of pruning mask application

magnitude_t_1 = 1le-3 #magnitude pruning threshold
metric_q_1 = 0.05 #quantile of blocks to prune
sample_1 = 1000 #number of samples

scale_1l = 0.1 #scaling factor for pruning block search
prune_epochs = 0 #epochs to prune (0 = first epoch)

ac = 2 #gradient accumulation

[OTHER]

no_cuda = False #use GPU/CPU (not used)

seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training
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39 out_path = /path/to/logfiles #location to store logfiles
Listing A.14: Example config for REP+AC.

[EXPERIMENT]

name = re_pruning_ac_admm_intra #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset

train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

[SPECIFICATION]

num_classes = 10 #number of classes

10 1b 50 #look back (batches)

11 1r le-3 #learning rate

12 adam_eps = 1le-8 #eps if optimizer is adam

© 0 N O Ul W N

]

14 percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
15 alpha = be-4 #ADMM-specific hyperparameter

16 rtho = 1le-2 #ADMM-specific hyperparameter

17 11 = False #use 11 for pruning in ADMM

18 12 = False #use 12 for pruning in ADMM

19 pre_epochs = 1 #number of pre-training epochs

20 epochs = 1 #number of admm-training epochs

21 re_epochs = 1 #number of re-training epochs

22 repeat = 3 #repetitions of ADMMI

23

24 softness_c = 0.0 #softness of pruning mask application
25 magnitude_t_c = 1e-3 #magnitude pruning threshold

26 metric_q_c = 0.25 #quantile of blocks to prune

27 sample_c = 1000 #number of samples

28 scale_c = 0.01 #scaling factor for pruning block search
29

30 softness_1 = 0.0 #softness of pruning mask application

31 magnitude_t_1 = le-3 #magnitude pruning threshold
32 metric_q_1 = 0.05 #quantile of blocks to prune
33 sample_1 = 1000 #number of samples

34 scale_1l = 0.1 #scaling factor for pruning block search
35 prune_epochs = 0 #epochs to prune (0 = first epoch)

36

37 ac = 2 #gradient accumulation

38

30 [OTHER]

10 no_cuda = False

41 no_cuda = False #use GPU/CPU (not used)

42 seed = 1 #set random seed for reproduceability

43 save_model = False #save model after training (not used)
44 vis_model = False #visualize model layers after training
45 vis_log = True #visualize log file after training

46 out_path = /path/to/logfiles #location to store logfiles
Listing A.15: Example config for REP+AC-+ADMMI.

1 [EXPERIMENT]
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2 name = re_pruning_ac_admm_retrain #name of experiment
3 model = lenet #name of model

4 dataset = mnist #name of dataset

5 train_batch_size = 64 #training batch size

6 test_batch_size = 1000 #testing batch size
7
8

[SPECIFICATION]
9 num_classes = 10 #number of classes
10 1b = 50 #look back (batches)
11 k = 3 #number of gradients to prune
12 se = 3 #sampling epochs
13 1r le-3 #learning rate
14 adam_eps = 1le-8 #eps if optimizer is adam

16 percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
17 alpha = 5e-4 #ADMM-specific hyperparameter

18 tho = 1e-2 #ADMM-specific hyperparameter

19 11 = False #use 11 for pruning in ADMM

20 12 = False #use 12 for pruning in ADMM

21 pre_epochs = 2 #number of pre-training epochs

22 epochs = 6 #number of admm-training epochs

23 re_epochs = 2 #number of re-training epochs

24

25 softness_c = 0.0 #softness of pruning mask application
26 magnitude_t_c = le-3 #magnitude pruning threshold

27 metric_q_c = 0.25 #quantile of blocks to prune

28 sample_c = 1000 #number of samples

29 scale_c = 0.01 #scaling factor for pruning block search
3

31 softness_1 = 0.0 #softness of pruning mask application

32 magnitude_t_1 = 1le-3 #magnitude pruning threshold

33 metric_q_1 = 0.05 #quantile of blocks to prune

34 sample_1 = 1000 #number of samples

35 scale_1 = 0.1 #scaling factor for pruning block search
36 prune_epochs = 0 #epochs to prune (0 = first epoch)

38 ac = 2 #gradient accumulation

3¢

40 [OTHER]

41 no_cuda = False #use GPU/CPU (not used)

42 seed = 1 #set random seed for reproduceability

43 save_model = False #save model after training (not used)
44 vis_model = False #visualize model layers after training
45 vis_log = True #visualize log file after training

46 out_path = /path/to/logfiles #location to store logfiles
Listing A.16: Example config for REP+AC-+ADMMR.

[EXPERIMENT]

name = re_pruning_admm_intra #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset
train_batch_size = 64 #training batch size
test_batch_size = 1000 #testing batch size

D Uk W N
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[SPECIFICATION]

num_classes = 10 #number of classes

lb = 50 #look back (batches)

ac = 8 #gradient accumulation

lr = 1le-3 #learning rate

adam_eps = 1le-8 #eps if optimizer is adam

percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
5 alpha = be-4 #ADMM-specific hyperparameter

rho = 1le-2 #ADMM-specific hyperparameter

11 = False #use 11 for pruning in ADMM

12 = False #use 12 for pruning in ADMM

pre_epochs = 1 #number of pre-training epochs
epochs = 1 #number of admm-training epochs
re_epochs = 1 #number of re-training epochs

repeat = 3 #repetitions of ADMMI

softness_c = 0.0 #softness of pruning mask application
; magnitude_t_c = le-3 #magnitude pruning threshold

metric_q_c = 0.25 #quantile of blocks to prune

sample_c = 1000 #number of samples

scale_c = 0.01 #scaling factor for pruning block search

softness_1 = 0.0 #softness of pruning mask application

magnitude_t_1 = le-3 #magnitude pruning threshold
metric_q_1 = 0.05 #quantile of blocks to prune
sample_1 = 1000 #number of samples

scale_1 = 0.1 #scaling factor for pruning block search
; prune_epochs = 0 #epochs to prune (0 = first epoch)

[0THER]

no_cuda = False #use GPU/CPU (not used)

seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training

out_path = /path/to/logfiles #location to store logfiles
Listing A.17: Example config for REP-++ADMMI.

[EXPERIMENT]

name = re_pruning_admm_retrain #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset

train_batch_size = 64 #training batch size

test_batch_size = 1000 #testing batch size

[SPECIFICATION]

num_classes = 10 #number of classes

1b = 50 #look back (batches)

lr = l1le-3 #learning rate

adam_eps = 1le-8 #eps if optimizer is adam
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14 percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
15 alpha = 5e-4 #ADMM-specific hyperparameter

16 Tho = 1e-2 #ADMM-specific hyperparameter

17 11 = False #use 11 for pruning in ADMM

18 12 = False #use 12 for pruning in ADMM

19 pre_epochs = 2 #number of pre-training epochs

20 epochs = 6 #number of admm-training epochs

21 re_epochs = 2 #number of re-training epochs

22

23 softness_c = 0.0 #softness of pruning mask application
24 magnitude_t_c = le-3 #magnitude pruning threshold

25 metric_q_c = 0.25 #quantile of blocks to prune

26 sample_c = 1000 #number of samples

27 scale_c = 0.01 #scaling factor for pruning block search
28

29 softness_1 = 0.0 #softness of pruning mask application

30 magnitude_t_1 = 1le-3 #magnitude pruning threshold
31 metric_q_1 = 0.05 #quantile of blocks to prune

32 sample_1 = 1000 #number of samples

33 scale_1l = 0.1 #scaling factor for pruning block search
34 prune_epochs = 0 #epochs to prune (0 = first epoch)

35

36 [OTHER]

37 no_cuda = False #use GPU/CPU (not used)

33 seed = 1 #set random seed for reproduceability

39 save_model = False #save model after training (not used)
40 vis_model = False #visualize model layers after training
41 vis_log = True #visualize log file after training

42 out_path = /path/to/logfiles #location to store logfiles
Listing A.18: Example config for REP+ADMMR.

[EXPERIMENT]

name = re_pruning_gd_top_k_mc_ac_dk_admm_intra #name of experiment
model = lenet #name of model

dataset = mnist #name of dataset

5 train_batch_size = 64 #training batch size

test_batch_size = 1000 #testing batch size

N =

=W

[SPECIFICATION]

9 num_classes = 10 #number of classes

10 1b = 50 #look back (batches)

11 k = 3 #number of gradients to prune

12 se = 3 #sampling epochs

13 ac = 8 #gradient accumulation

14 1r = 1le-3 #learning rate

15 adam_eps = 1e-8 #eps if optimizer is adam

17 percent = 0.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM
18 alpha = 5e-4 #ADMM-specific hyperparameter

19 tho = 1e-2 #ADMM-specific hyperparameter

20 11 = False #use 11 for pruning in ADMM

21 12 = False #use 12 for pruning in ADMM

22 pre_epochs = 1 #number of pre-training epochs
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epochs = 1
re_epochs =
repeat = 3

softness_c
magnitude_t
metric_q_c
sample_c =
scale_c = 0

softness_1

magnitude_t_

metric_q_1
sample_1 =
scale_1 = 0
prune_epoch

[OTHER]

#number of admm-training epochs
1 #number of re-training epochs
#repetitions of ADMMI

= 0.0 #softness of pruning mask application
_¢c = l1le-3 #magnitude pruning threshold

= 0.25 #quantile of blocks to prune
1000 #number of samples

.01 #scaling factor for pruning block search

= 0.05 #quantile of blocks to prune
1000 #number of samples

.1 #scaling factor for pruning block search
s = 0 #epochs to prune (0 = first epoch)

no_cuda = False #use GPU/CPU (not used)

seed = 1 #s
save_model
vis_model =

out_path =

Listing A.19: Example config for REP+GDTopKMC+AC+DK+ADMMI.

[EXPERIMENT]
name = re_pruning_gd_top_k_mc_ac_dk_admm_retrain #name of experiment
model = lenet #name of model

et random seed for reproduceability

= False #save model after training (not used)
False #visualize model layers after training

vis_log = True #visualize log file after training

/path/to/logfiles #location to store logfiles

dataset = mnist #name of dataset

train_batch
test_batch_

[SPECIFICAT
num_classes
1b = 50 #lo
k = 3 #numb

_size = 64 #training batch size
size = 1000 #testing batch size

I0N]

= 10 #number of classes
ok back (batches)

er of gradients to prune

se = 3 #sampling epochs

ac
1r le-3 #
adam_eps =

I

percent = 0

8 #gradient accumulation

learning rate
le-8 #eps if optimizer is adam

.8, 0.92, 0.991, 0.93 #per-layer pruning percentages in ADMM

alpha = be-4 #ADMM-specific hyperparameter

rho = le-2
11 = False
12 = False
pre_epochs
epochs = 6
re_epochs =

softness_c
magnitude_t
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#ADMM -specific hyperparameter
#use 11 for pruning in ADMM
#use 12 for pruning in ADMM
= 2 #number of pre-training epochs
#number of admm-training epochs
2 #number of re-training epochs

= 0.0 #softness of pruning mask application
_¢ = 1le-3 #magnitude pruning threshold

0.0 #softness of pruning mask application
1 = 1e-3 #magnitude pruning threshold
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metric_q_c = 0.25 #quantile of blocks to prune

sample_c = 1000 #number of samples
scale_c = 0.01 #scaling factor for pruning block search
softness_1 = 0.0 #softness of pruning mask application

magnitude_t_1 = 1le-3 #magnitude pruning threshold
metric_q_1 = 0.05 #quantile of blocks to prune
sample_1 = 1000 #number of samples

scale_1l = 0.1 #scaling factor for pruning block search
prune_epochs = 0 #epochs to prune (0 = first epoch)
[0THER]

no_cuda = False #use GPU/CPU (not used)

seed = 1 #set random seed for reproduceability
save_model = False #save model after training (not used)
vis_model = False #visualize model layers after training
vis_log = True #visualize log file after training

out_path = /path/to/logfiles #location to store logfiles

Listing A.20: Example config for REP+GDTopKMC+AC+DK+ADMMR.
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A.2. Additional Tables

Paramater Count | Mean Std Min Max
Ir 3.0-100 [1.0-107% [ 221-107" [ 1.0-1073 [ 1.0- 1073
pre_epochs 3.0-10" [ 1.40 498107t | 1.0 2.0
epochs 3.0-10" [ 1.40 4.98-107" | 1.0 2.0
re_epochs 3.0-10" [ 1.40 4.98-107" | 1.0 2.0
repeat 3.0-10" [ 2.40 4.98-1071 2.0 3.0
train_batch_size | 3.0-10' | 1.6-10° ] 9.76-10" | 6.4-10" | 2.56-10°
Table A.1.: Hyperparameter range for ADMMI
Parameter Count | Mean Std Min Max
Ir 3.0-10' [ 1.0-107% [ 2.21-107" | 1.0-1072 | 1.0- 1073
pre epochs 3.0-10! | 4.80 2.76 3.0 1.0 - 10°
epochs 3.0-10' | 6.40 3.19 3.0 1.0- 10!
re_epochs 3.0- 10" | 4.80 2.76 3.0 1.0- 10"
train_batch_size | 3.0-10" | 1.6-107 [ 9.76-10" [ 6.4-10" | 2.56-10”
Table A.2.: Hyperparameter range for ADMMR
Parameter Count | Mean Std Min Max
Ir 1.5-10" [ 1.0-1073 | 0.0 1.0-1073 [ 1.0-1073
k 1.5-10' | 3.0 0.0 3.0 3.0
train_batch_size | 1.5-10" | 1.6-10° | 9.91-10" | 6.4-10" | 2.56-10°
Table A.3.: Hyperparameter range for GDTopK
Parameter Count | Mean Std Min Max
Ir 1.5-10' | 1.0-1072 [ 4.49-10"9 [ 1.0-1073 | 1.0- 1073
k 1.5-10' | 3.0 0.0 3.0 3.0
se 1.5-10' | 2.53 5.16-1071 | 2.0 3.0
train_batch_size | 1.5-10" | 1.66- 107 | 9.91-10"' | 6.4-10" | 2.56- 107
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Parameter Count | Mean Std Min Max

Ir 38-101 [ 1.0-107% [ 220-107¥ | 1.0-1072% | 1.0-107*
k 3.8-101 [ 2.68 7.39-1071 [ 1.0 3.0

se 3.8-10' | 2.79 4.13-1071 | 2.0 3.0

ac 3.8-10' | 6.74 3.85 2.0 1.20 - 10'
train_batch_size | 3.8-10" | 1.25.10% | 9.04-10' | 6.4-10" | 2.56-10?

Table A.5.: Hyperparameter range for GDTopKMC+AC

Parameter Count | Mean Std Min Max

Ir 42-10" [ 1.0-1073 | 0.0 1.0-103[1.0-1073
k 4.2-10' | 2.52 1.02 1.0 4.0

se 4.2-10' | 2.71 457-1071 ] 2.0 3.0

ac 42-10' | 7.14 3.03 2.0 1.20 - 10!
train _batch size | 4.2-10' | 1.33-10% | 9.31-10" | 6.4-10" | 2.56- 10

Table A.6.: Hyperparameter range for GDTopKMC+AC-+DK

Parameter Count | Mean Std Min Max

Ir 3.6-10' [ 1.0-1073 | 0.0 1.0-1073 [ 1.0-1073
k 3.6-10' | 2.56 8.43-1071 ] 1.0 3.0

se 3.6-10' | 2.78 4.22-1071 ] 2.0 3.0

ac 3.6-10' [ 7.0 3.26 2.0 1.20 - 10"
pre_epochs 3.6-10' | 1.33 4.78-1071 [ 1.0 2.0
epochs 3.6-10" | 1.33 4.78-1071 [ 1.0 2.0
re_epochs 3.6-10' | 1.67 7.56-10"' | 1.0 3.0
repeat 3.6-10' | 2.33 4.78-1071 | 2.0 3.0
train_batch_size | 3.6-10" | 1.28-10? | 9.18- 10" | 6.4-10" | 2.56 - 10?

Table A.7.: Hyperparameter range for GDTopKMC+AC+DK+ADMMI
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Parameter Count | Mean Std Min Max

Ir 3.3-101 [ 1.0-1072 | 0.0 1.0-1073 | 1.0-103
k 3.3-10' | 2.64 7.83-1071 ] 1.0 3.0

se 3.3-10' | 2.76 4.35-1071 | 2.0 3.0

ac 3.3-101 | 7.27 3.27 2.0 1.20 - 10"
pre_epochs 3.3-10! | 3.27 2.53 1.0 1.0 - 10*
epochs 3.3-10' | 4.27 2.04 1.0 6.0

re epochs 3.3-10' | 6.27 4.69 2.0 1.40 - 10t
train _batch size | 3.3-10' | 1.34-10% | 9.38 - 10" [ 6.4-10" | 2.56 - 10?

Table A.8.: Hyperparameter range for GDTopKMC+AC-+DK+ADMMR

Parameter Count | Mean Std Min Max

Ir 1.0-10' | 1.0-1071 | 0.0 1.0-107Y | 1.0-107"
prune_epochs 1.0-10' [ 4.0-107" [8.43-10"1 | 0.0 2.0
metric_q_1 1.0-10' [ 3.52-107% | 2.07-107% | 1.0-1073 [ 5.0-102
metric_q_c 1.0-10"' [ 1.85-10~1 | 8.76-107% | 5.0-1072 | 2.5-107"
scale 1 1.0-10' [ 1.70-1071 | 75631072 | 1.0-10~" | 25-107"
scale ¢ 1.0-10' [ 7.60-1072 | 9.88-1072 | 1.0-1072 | 2.5-107"
sample 1 1.0-10' | 82-10° [3.79-10° | 1.0-10* |1.0-10°
sample c 1.0-10' | 82-10° [3.79-10° | 1.0-10* | 1.0-10°
softness 1 1.0-10' [ 1.80-10"" | 3.79-10"" | 0.0 9.0-10"
softness ¢ 1.0-10' { 1.80-10"" | 3.79-107 | 0.0 9.0-107"
magnitude t ¢ |1.0-10' | 1.0-107% [229-10"" [ 1.0-107° [ 1.0-1073
magnitude ¢t 1 |1.0-10' | 1.0-10% [229-10"" [ 1.0-107° [ 1.0-1073
11 1.0-10' [ 1.0-10~% ] 0.0 1.0-100* [1.0-1071
12 1.0-10' [ 8.00-107° | 4.22-10™> | 1.00-10"% | 1.0-10~*
train_batch_size | 1.0-10' | 1.6 - 10° 1.01-10 | 6.4-10" 2.56 - 10°

Table A.9.: Hyperparameter range for REP
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Parameter Count | Mean Std Min Max
Ir 1.5-10' | 1.0-1071 | 0.0 1.0-107" | 1.0-107"
prune_epochs 1.5-10' | 0.0 0.0 0.0 0.0
metric_q_1 1.5-10" [ 4.38-1072 | 1.12-107% | 25-10"% [ 5.0-102
metric_q_c 1.5-10" [ 2.19-101 | 559-1072 | 1.25-10~" | 2.5- 10"
scale 1 1.5-10" [ 1.38-1071 [ 6.71-1072 | 1.0-107" [ 2.5-107"
scale c 1.5-10" [ 3.25-107% | 4.02-1072 [ 1.0-107% | 1.0- 107"
sample 1 1.5-10' | 1.0-10° | 0.0 1.0-10° 1.0-10°
sample ¢ 1.5-10' | 1.0-10° | 0.0 1.0-10° 1.0-10°
softness 1 1.5-10' { 0.0 0.0 0.0 0.0
softness ¢ 1.5-10' { 0.0 0.0 0.0 0.0
magnitude t ¢ | 1.5-10' [ 1.0-107% | 0.0 1.0-1073% [ 1.0-1073
magnitude t 1 |15-10' | 1.0-107% [ 0.0 1.0-107% [1.0-1073
11 1.5-10" [ 1.56-10~* | 2.25-101 [ 1.0-10~* [ 1.0-1073
12 1.5-10" [ 1.56-107* | 2.25-107% [ 1.0-10~* | 1.0-1073
ac 1.5-10' | 3.12 1.63 2.0 8.0
train_batch size | 1.5-10" | 1.72- 107 [ 9.84-10' | 6.4-10" [ 2.56- 107
Table A.10.: Hyperparameter range for REP+AC
Parameter Count | Mean Std Min Max
Ir 4.8-10' [ 1.0-1072 | 0.0 1.0-1073 [ 1.0-1073
prune epochs 4.8-10' | 0.0 0.0 0.0 0.0
metric_q_1 4.8-10' | 411-107% | 1.21-1072 | 2.5-10"2 | 5.0-10*
metric_q_c 4.8-10' | 2.06-10"" | 6.04-107 | 1.25-10"" | 2.5-10"
scale 1 4.8-10' | 1.41-107' [ 6.74-1072 | 1.0-10"' | 2.5-10"
scale c 4.8-10' | 3.44-1072 [ 4.04-1072 [ 1.0-1072 | 1.0- 10"
sample 1 4.8-10' [ 1.0-10° | 0.0 1.0-10° [ 1.0-10°
sample c 4.8-10' [ 1.0-10% | 0.0 1.0-10° [ 1.0-10°
softness 1 4.8-10' | 0.0 0.0 0.0 0.0
softness ¢ 4.8-10' | 0.0 0.0 0.0 0.0
magnitude t ¢ |4.8-10' | 1.0-107° | 0.0 1.0-107% | 1.0-10°
magnitude t 1 |4.8-10' | 1.0-107° | 0.0 1.0-107% [ 1.0-107°
repeat 4.8-10' | 2.46 5.04-10~1 | 2.0 3.0
pre_epochs 4.8-10' | 1.40 4.94-1071 | 1.0 2.0
epochs 4.8-10' | 1.31 4681071 | 1.0 2.0
re_epochs 4.8-10' | 1.38 4.89-1071 | 1.0 2.0
train_batch size | 4.8-10' | 1.84-10% [ 9.39-10" | 6.4-10" | 2.56-10?

Table A.11.: Hyperparameter range for REP+ADMMI
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Parameter Count | Mean Std Min Max
Ir 6.1-10' | 1.0-107% | 0.0 1.0-107% | 1.0-1073
prune_epochs 6.1-10" [ 0.0 0.0 0.0 0.0
metric_q 1 6.1-10' | 3.73-107% | 1.26-1072 | 2.5-10"2 | 5.0- 102
metric_q_c 6.1-10' | 1.86-10~" | 6.30-1072 [ 1.25-10"" | 2.5-10"
scale 1 6.1-10' | 1.37-107' | 6.51-1072 [ 1.0-10~" | 2.5-107"
scale c 6.1-10' [ 3.21-1072 [ 3.91-1072 [ 1.0-1072 | 1.0-107"
sample 1 6.1-10' [ 1.0-10° [ 0.0 1.0-10° 1.0-10°
sample ¢ 6.1-10' | 1.0-10° [ 0.0 1.0-10° 1.0-10°
softness 1 6.1-10' | 0.0 0.0 0.0 0.0
softness ¢ 6.1-10' | 0.0 0.0 0.0 0.0
magnitude t ¢ [6.1-10' [ 1.0-107% | 0.0 1.0-107% [ 1.0-1073
magnitude t 1 |6.1-10" | 1.0-107% [ 0.0 1.0-107% [1.0-107°
pre_epochs 6.1-10' | 2.51 1.77 1.0 6.0
epochs 6.1-10' | 2.57 1.82 1.0 6.0
re_epochs 6.1-10" | 2.62 1.83 1.0 6.0
train_batch size | 6.1-10' | 1.99-10% [ 8.83-10" |6.4-10" [ 256107
Table A.12.: Hyperparameter range for REP+ADMMR
Parameter Count | Mean Std Min Max
Ir 7.6-10' | 1.0-107* |2.18-107"? | 1.0-107® | 1.0-1073
prune_epochs 7.6-10" | 0.0 0.0 0.0 0.0
metric_q_1 7.6-10" [ 3.98-1072 [ 1.24-107% [25-102 |5.0-1072
metric_q_c 7.6-10" [ 1.99-107' [ 6.18-107% [ 1.25-107" | 2.5-10~"
scale 1 7.6-10" | 1.45-107' [ 6.94-107% [ 1.0-107" |2.5-107"
scale c 7.6-10" | 3.72-1072 [ 4.16-107% [ 1.0-1072 | 1.0-10~"
sample 1 7.6-10" [ 1.0-10° [ 0.0 1.0-10° [ 1.0-10°
sample c 7.6-10" | 1.0-10% [ 0.0 1.0-10° [ 1.0-10°
softness 1 7.6-10' | 0.0 0.0 0.0 0.0
softness ¢ 7.6-10' | 0.0 0.0 0.0 0.0
magnitude t ¢ |7.6-10' | 1.0-10% [218-10"" [ 1.0-107° [ 1.0-1073
magnitude ¢t 1 |7.6-10' | 1.0-107% [218-10"" [ 1.0-10° [ 1.0-1073
ac 7.6-10" | 3.16 9.94-10"" | 2.0 4.0
repeat 7.6-10' | 2.61 4.92-1071 [ 2.0 3.0
train_batch_size | 7.6-10' | 1.95-10> [8.98-10' [6.4-10' | 2.56- 107

Table A.13.: Hyperparameter range for REP+AC+ADMMI
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Parameter Count | Mean Std Min Max
Ir 4.7-10' | 1.0-107% | 2.19-107 | 1.0-107® | 1.0-1073
prune_epochs 4.7-101 [ 0.0 0.0 0.0 0.0
metric_q_1 4.7-10' | 4.15-107% | 1.20-1072 | 25-107% [ 5.0-10°
metric_q c 4.7-10' [ 2.07-107" [ 5.99-1072 | 1.25-10"" | 2.5-10~"
scale 1 4.7-10' [ 1.41-107' | 6.78-1072 [ 1.0-107" | 2.5-107"
scale ¢ 4.7-10' [ 3.49-1072 [ 4.07-1072 [1.0-107% | 1.0-107"
sample 1 4.7-10' [ 1.0-10> | 0.0 1.0-10° [ 1.0-10°
sample c 4.7-10' [ 1.0-10> | 0.0 1.0-10° [ 1.0-10°
softness 1 4.7-10' | 0.0 0.0 0.0 0.0
softness_c 4.7-10" | 0.0 0.0 0.0 0.0
magnitude t ¢ [4.7-10'[1.0-10° [2.19-107" [ 1.0-107® [ 1.0-107°
magnitude t 1 [4.7-10'[1.0-10° [2.19-107" [ 1.0-107° [1.0-107°
ac 4.7-10' | 3.02 1.01 2.0 4.0
pre_epochs 4.7-10' | 3.17 1.71 2.0 6.0
epochs 4.7-10' | 3.60 1.86 2.0 6.0
re epochs 4.7-10' | 3.23 1.70 2.0 6.0
train _batch size | 4.7-10" | 1.87-10° | 9.33-10" | 6.4- 10’ 2.56 - 10°
Table A.14.: Hyperparameter range for REP+AC+ADMMR
Parameter Count | Mean Std Min Max
Ir 1.1-10' [ 9.10-1072 | 2.98-107% [ 1.0-1073 | 1.0- 107"
prune_epochs 1.1-10' [ 0.0 0.0 0.0 0.0
metric_q_1 1.1-10" | 5.0-107% | 0.0 5.0-1072 [ 5.0-1072
metric_q_c 1.1-10" | 25-107" | 0.0 2.5-1071 [ 2.5-107!
scale 1 1.1-10" | 1.0-107" [ 0.0 1.0-1071 [ 1.0-107"
scale c 1.1-10" | 1.0-1072 [ 1.82-107® [ 1.0-1072 | 1.0- 102
sample 1 1.1-10" | 9.18-10* [2.71-10° | 1.0-10*> | 1.0-10°
sample c 1.1-10' [ 9.18-10% | 2.71-10° | 1.0-10* | 1.0-10°
softness 1 1.1-10' { 0.0 0.0 0.0 0.0
softness ¢ 1.1-10' [ 1.64-1071 | 3.64-107" | 0.0 9.0-107"
magnitude t ¢ |1.1-10'[1.0-10° [2.27-107" [ 1.0-1073 [ 1.0-1073
magnitude t 1 |1.1-10'[1.0-107% [2.27-107" [1.0-1073 [ 1.0-1073
ac 1.1-10" | 4.55 1.81 2.0 8.0
train_batch size | 1.1-10' | 2.04-10% [8.97-10" |[6.4-10' | 2.56-10?

Table A.15.: Hyperparameter range for REP+GDTopKMC+AC+DK
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Parameter Count | Mean Std Min Max

Ir 7.0 1.0-1072 | 0.0 1.0-107% | 1.0-1077
prune_epochs 7.0 0.0 0.0 0.0 0.0
metric_q_1 7.0 5.0-1072 | 7.49-107"® | 501072 | 5.0-10~*
metric_q_c 7.0 5.0-1072 | 7.49-107"® | 5.0-107% | 5.0- 102
scale 1 7.0 1.0-1071 | 1.50-10717 [ 1.0-10°' [ 1.0- 107!
scale ¢ 7.0 1.0-107% | 0.0 1.0-107% | 1.0- 1072
sample 1 7.0 1.0-10° | 0.0 1.0-10° | 1.0-10°
sample c 7.0 1.0-10° | 0.0 1.0-10° |1.0-10°
softness 1 7.0 6.43-10~1 | 4.39-10~" | 0.0 9.0-10"
softness ¢ 7.0 6.43-1071 | 4.39-10~" | 0.0 9.0-107"
magnitude t c | 7.0 1.0-1073 | 0.0 1.0-1073 [ 1.0-1073
magnitude t 1 | 7.0 1.0-107% | 0.0 1.0-107% [ 1.0-1073
ac 7.0 6.29 2.14 4.0 8.0
train_batch_size | 7.0 2.01-10% | 9.37-10" | 6.4-10" | 2.56- 107

Table A.16.: Hyperparameter range for REP+GDTopKMC+AC+DK+ADMMR
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A.2. Additional Tables

Paper | Data Model A Acc. C/F. | P FLOPs(I) | FLOPs(T)
DenseNet-40 | —0.95 p.p. | 60.00% | 59.67% | 44.78% ?
CIEAR.Lo | ReSNet-56 | —0.78 pp. | 45.00% | 20.49% | 20.30% 7
ResNet-110 | —0.26 p.p. | 63.00% | 41.27% | 36.44% 7
VCP ResNet-164 | —0.42 p.p. | 74.00% | 56.70% | 49.08% ?
DensNet-40 | —2.45 p.p. | 37.00% | 37.73% | 22.67% ?
CIFAR-100 ResNet-164 —1.80 p.p. | 47.00% | 17.59% | 27.16% ?
ImageNet | ResNet-50 +0.10 p.p | 40.00% | ? ? ?
VGG-like | 40.26 pp | 7 97.00% | ? 7
WRN-16-8 | —0.42 p.p. | 7 95.00% | 7 7
CIFAR-10 WRN-16-10 | —0.52 p.p. | ? 95.00% | ? ?
SNIP WRN-22-8 | 10.29 p.p. | 7 95.00% | 7 7
LSTM-s 1031 pp. | 7 95.00% | 7 7
LSTM-b 020 pp. | 7 95.00% | 7 7
MNIST GRU-s 054 pp |7 95.00% | ? ?
GRU-b T019pp | 7 95.00% | 7 7
—1.60 p.p. | ? 90.00% | ? ?
ImageNet ResNet-50 330 pp. |7 R0.00% |7 5
DSR
CIFAR-10 | WRN-28-2 ! i 90.00% | 7 ’
? ? 80.00% | ? ?
AlexNet —0.84pp |7 94.59% | ? ?
AP | TmageNet - S50 =040 pp |7 51.54% | 7 7
Conv-2 ? 10.00% | 19.91% | ? ?
Conv-4 ? 10.00% | 18.92% | ? ?
LTH | CIFAR-10==0 06 ? 15.00% | 16.77% | ? ?
VGG-19 ? 20.00% | 20.00% | 7 ?
10.05 pp. | 7 85.00% | ? 7
ResNet-56 I —or 517 90.00% | 7 7
CIFAR-10 +0.21 p.p. | ? 85.00% | 7 ?
GSM DenseNet-40 | +0.16 p.p. | ? 87.50% | ? ?
+0.04 p.p. | ? 90.00% | ? ?
039 pp. | 7 75.00% | 7 7
ImageNet ResNet-50 T2 pp |7 80.00% 17 5

Table A.17.: Overview of the performance of works with a possible effect during training
but not documented in original paper with comparable experiments missing
in this thesis. Fields with % read as reduced by X%. LeNet-A=LeNet-
300-100. Abbreviations: GSM = Global Sparse Momentum SGD, LTH =
Lottery Ticket Hypothesis, DSR, = Dynamic Sparse Reparameterization,
VCP = Variational Pruning, SNIP = SNIP, AP = AutoPrune, see Table
FLOPS(T) = percentage by which FLOPs are decreased during training
compared to a baseline training, FLOPS(I) = percentage by which FLOPs
are decreased during inference compared to a baseline, C/F = convolution
kernels or filters, P = parameters.
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Paper | Data Model A Acc. C/F. | P. FLOPs(I) | FLOPs(T)
AlexNet —0.10 p.p. | ? 61.69% |7 41.19%
GoogleNet —0.80 p.p. | 7 70.85% | ? 43.25%
EP ImageNet = 116 pp. | 7 35.90% | 7 26.87%
ResNet-50 —027 p.p. | 7 57.81% | 7 40.13%
TIMIT LSTM “17lpp. | ? 72.07% | 7 52.40%
—187pp. | ? ? 40.00% 53.00%
PT ImageNet | ResNet-50 —1.47 p.p. | ? ? 30.00% 44.00%
—024pp. | ? ? 3.00% 12.00%
+0.62 pp. | ? 77.78%* | ? ?
DenseNet =557 i.ﬁ. ? 96.30%" | 7 7
CIFAR-10 —0.10 p.p. | ? T7.78%% | 7 ?
WRN-28-10 | —0.27 p.p. | ? 80.77%% | ? ?
DP —045p.p. | ? 86.30%* | ? ?
+1.28p.p. | 7 65.75%* | ? ?
? 419 ?
ImageNet | ResNet-18 i—(l)i;l gg ? S?ﬁgzél ? ?
—794pp. | ? 95.72%% | ? ?
CIFAR.10 DenseNet —0.50 p.p. | ? 74.37% | 70.27% 75
PR WRN-28-10 | +0.10 p.p. | 7 76.94% | 78.43% 75.00%
ImageNet MobileNetV2 | +0.15 p.p. | ? 90.00% | 75.08% 74.23%
ResNet-18 +0.14 p.p. | ? 91.45% | 80.06% 79
CIFAR-10 | WRN-28-10 | —0.60 p.p. | ? 91.60% | 92.10% 89.35%5
EF —1.00 p.p. | ? 51.80% | 53.20% 37.50%°
ImageNet | ResNet-50 -3.50 pp. | ? 73.00% | 75.30% 66.89%°
—770pp. | ? 89.20% | 89.90% 86.41%5

Table A.18.: Overview of the performance of works specifically targeting training and
effect documented in original paper with comparable experiments missing in
this thesis. Fields with % read as reduced by X%. LeNet-A=LeNet-300-100.
6Unit of measurement no specified, FLOPs appears likely though within
the context of the paper. %Not sparsity but tracked parameters during
training (i.e., gradient sparsity). Abbreviations: EP = Eager Pruning, PT =
Prunetrain, DP = Dropback, EF = Efficient Neural Network Training, PR
= Procrustes, see also Table FLOPS(T) = percentage by which FLOPs
are decreased during training compared to a baseline training, FLOPS(I) =
percentage by which FLOPs are decreased during inference compared to a
baseline, C/F = convolution kernels or filters, P = parameters.
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A.3. Additional Visualizations
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Figure A.1.:. REP+GDTopKMC+AC-+DK+ADMMI train loss on ResNet18/CIFAR-10
, 28 runs, mean and standard deviation, smoothed with Savgol filter with
window size 51 and polynomial of degree 3 to reduce jitter and improve
visual evaluability.
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—— REP+GDTopKMC+AC+DK+ADMMI

—— Baseline
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Figure A.2.: REP+GDTopKMC+AC-+DK-+ADMMI test loss on ResNet18/CIFAR-10,
28 runs, mean and standard deviation, smoothed with Savgol filter with
window size 51 and polynomial of degree 3 to reduce jitter and improve

visual evaluability.
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Figure A.3.: REP4+GDTopKMC+AC+DK+ADMMI development of linear and channel
sparsity during training of ResNet18/CIFAR-10, 28 runs, mean and standard
deviation, smoothed with Savgol filter with window size 51 and polynomial
of degree 3 to reduce jitter and improve visual evaluability.
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Figure A.5.:

FLOPs(T)

Ball scatter plot of results of Table for ResNet18/CIFAR-
10, 0=ADMMI, 1=ADMMR, 2=GDTopK,  3=GDTopKMC,
4=GDTopKMC+AC, 5=GDTopKMC+AC+DK, 6=GDTop-
KMC+AC+DK+ADMMI, 7=GDTopKMC+AC+DK+ADMMR,
8=REP, 9=REP+AC, 10=REP+AC+ADMMI, 11=REP+AC+ADMMR,
12=REP+ADMMI, 13=REP+ADMMR, 14=REP+GDTopKMC+AC+DK,
15=REP+GDTopKMC+AC+DK-+ADMMI,
16=REP+GDTopKMC+AC+DK+ADMMR. Ball size encodes ac-
curacy density (test accuracy per network density). Method overhead
measured in hundredth % (denoted as 100th % in the figure) of total training
FLOPs.
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Figure A.6.: Correlation matrix for ADMMI. Please refer to Section for details on
individual parameters.
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Figure A.7.: Correlation matrix for ADMMR. Please refer to Section for details on
individual parameters.

201



A. Appendix

GD_TOP K

0.75
k
-0.50
train_batch_size
-0.25
test_accuracy
-0.00
total_su
total_su_fwd --0.25
total_su_bwd -0.50
current_relative_overhead -0.75

¥

total_su

total_su_fwd
total_su_bwd

test_accurac

@
N
i
=
=l
=
i}
o
B
I
B

current_relative_overhead

Figure A.8.: Correlation matrix for GDTopK. Please refer to Section [4.1.1.5| for details
on individual parameters.
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Figure A.9.: Correlation matrix for GDTopKMC. Please refer to Section for details
on individual parameters.
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Figure A.10.: Correlation matrix for GDTopKMC+AC. Please refer to Sections [4.1.1.6
and for details on individual parameters.
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Figure A.11.: Correlation matrix for GDTopKMC+AC+DK. Please refer to Sec-
tions @ and FILZ' for details on individual parameters.
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Figure A.12.: Correlation matrix for GDTopKMC+AC+DK+ADMMI. Please refer to
Sections @ and @ for details on individual parameters.
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Figure A.13.: Correlation matrix for GDTopKMC+AC+DK+ADMMR.

A.3. Additional Visualizations

GD_TOP K MC_AC DK ADMM RETRAIN

n

=
o
<]
o
®
o
a

epochs

re_epochs

train_batch_size

y

test_accurac

ftotal_su
total_su_fwd

total_su_bwd
current_sparsity

aurrent_relative_overhead

0.8

0.6

-0.2

-0.0

Please refer to
Sections and Fl:Z' for details on individual parameters.

207



A. Appendix

RE_PRUNING
- 1.00
Ir
prune_epochs
metric_g_| 0.75
metric_g_c
scale_|
scale_c 050
sample_|
sample_c
ple -0.25
softness_|
softness_c
magnitude_t ¢ -0.00
magnitude_t_|
[b%
--0.25
12
train_batch_size
test_accuracy _0.50
total_su
total_su_fwd .
total_su_bwd -0.75
current_sparsity
current_relative_overhead
-1.00
= w - (%] - o - u - (%) (%] - — ~ @ = =1 = - E‘-. =}
R S S R B N S
s 2 v g 3 E g 2 ¢ 835 £ 3 B 2 S8 £
N £ £ 5 E s g B 9 w2
| g 3 = 2 = = @ = = (-
2 g 8 = g 2 2 2w £ 2
g g g £ 8 88 g 2
a g £ s B
B
g

Figure A.14.: Correlation matrix for REP. Please refer to Section for details on
individual parameters.
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Figure A.15.: Correlation matrix for REP+AC. Please refer to Sections 4.1.2.4| and
for details on individual parameters.
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Figure A.16.: Correlation matrix for REP+ADMMI. Please refer to Sections [4.1.2.4
and for details on individual parameters.
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Figure A.17.: Correlation matrix for REP+ADMMR. Please refer to Sections [4.1.2.4
and [£.2] for details on individual parameters.
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Figure A.19.: Correlation matrix for REP-+AC-+ADMMR. Please refer to Sections [4.1.2.4
and [£.2] for details on individual parameters.
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Figure A.20.: Correlation matrix for REP+GDTopKMC+AC+DK. Please refer to Sec-

tions [4.1.1.6] and [£.2] for details on individual parameters.
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A.3. Additional Visualizations

RE_PRUNING_GD_TOP_K_MC_AC_DK_ADMM_RETRAIN

1.00
Ir
prune_epochs
metric_g_| 0.75
metric g c
scale_|
-0.50
scale_c
sample_|
sample_c -0.25
softness_|

softness_c .
-0.00

magnitude_t_c

magnitude_t_|
ac --0.25

train_batch_size

test_accuracy

--0.50
total_su
total_su_fwd
total_su_bwd —0.75

current_sparsity

. B
r

current_relative_overhead

Ir
etc
etl
ac

Yy

magnitud
magnitud

metric_g_|
metric_g_c
scale |
scale ¢
sample_|
sample_c
softness_|
softness_c
total_su

total_su_fwd

prune_epochs
train_batch_size
test_accurac
total_su_bwd
current_sparsity

current_relative_overhead

Figure A.21.: Correlation matrix for REP+GDTopKMC+AC+DK+ADMMR. Please

refer to Sections and [£.2] for details on individual parameters.

DENEE=RFEY AR

Figure A.22.: REP+GDTopKMC+AC+DK+ADMMI induced sparsity structure in con-
volutional layer 1 of LeNet-5 trained on MNIST, black areas indicate zero
elements, colored areas indicate non-zero elements/filters.

Figure A.23.: REP+GDTopKMC+AC+DK+ADMMI induced sparsity structure in linear
layer 2 of LeNet-5 trained on MNIST, black areas indicate zero elements,
colored areas indicate non-zero elements.
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