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RESUMEN
En este trabajo presentamos un framework que facilita el desarollo y evaluación de métodos
de poda para redes neuronales. Debido a la falta de estandarización en la literatura existente
sobre los métodos de poda, es díficil comparar y evaluar los métodos desarrollados de una
forma rigurosa. Nuestra librería es capaz de realizar experimentos de forma estandarizada,
controlando posibles factores de confusión tales como la elección de conjunto de datos,
modelo predictivo o las métricas de evaluación. Demostramos la eficacia de la metodolo-
gía desarrollada implementando varios métodos de poda de redes neuronales. Nuestros
resultados indican cómo el uso un proceso de evaluación estandarizdo es necesario para
evitar alcanzar conclusiones incorrectas a la hora de comparar métodos de poda.
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1. Introducción
La inferencia de redes neuronales profundas a menudo requiere grandes cantidades de
computación y memoria. Esto aumenta los costes de infraestructura, además de convertir
el despliegue de estas redes en entornos con recursos limitados en todo un desafío. Los
métodos de poda, es decir, la reducción del tamaño de una red mediante la eliminación de
parámetros, es un enfoque popular para reducir estos requisitos. Típicamente, los métodos
comienzan con una red grande y precisa, y luego tratan de hacerla más pequeña con la
menor pérdida de precisión posible.

Muchos de los trabajos publicados utilizan diferentes conjuntos de datos, podan arquitectu-
ras de red muy variadas y no utilizan las mismas métricas para medir el rendimiento, lo
que dificulta en gran medida la comparación de técnicas. En este trabajo presentamos una
librería de código abierto diseñada para facilitar a los investigadores la comprobación de
los métodos de poda de manera que facilite las comparaciones directas. Además, utiliza-
mos esta librería para examinar algunas de las heurísticas de poda existentes. Nuestros
resultados empíricos demuestran que el rendimiento relativo de un método de poda puede
variar en función de los conjuntos de datos, redes, pesos iniciales y métricas reportadas, lo
que confirma la necesidad de una evaluación estandarizada de los métodos de poda.

2. Descripción del sistema
ShrinkBench es una biblioteca de Python diseñada para facilitar la evaluación de los
métodos de poda de redes neuronales. ShrinkBench ha sido diseñado con dos objetivos
principales: 1) permitir la creación rápida de prototipos de métodos de poda de redes neuro-
nales, y 2) facilitar el uso de métricas estandarizadas, conjuntos de datos, arquitecturas de
red y configuraciones de ajustes. El objetivo de ShrinkBench es facilitar a los investigado-
res e ingenieros la implementación de estrategias de poda y la evaluación de su efectividad
en distintos escenarios. La biblioteca proporciona herramientas para realizar experimentos
utilizando combinaciones estandarizadas de conjuntos de datos y modelos, controlando
factores potencialmente confusos como la afinación de hiperparámetros o pesos iniciales.



Los resultados pueden entonces ser agregados para producir comparaciones de métodos
usando varias métricas y ratios de compresión. ShrinkBench trabaja con arquitecturas
estándar de PyTorch[PGC+17], simplemente requiriendo al usuario que proporcione las
máscaras que indican qué parámetros se deben mantener, y opcionalmente nuevos valores
para los pesos restantes. Para facilitar la tarea de computar el conjunto de máscaras de
parámetros, ShrinkBench proporciona primitivas para acceder a parámetros, activaciones y
gradientes. Dadas las máscaras de parámetros, ShrinkBench entrena y ajusta los modelos
asegurando que los parámetros enmascarados no contribuyen a la salida de la red y no
se actualizan durante la retropropagación. Usandp estas máscaras, ShrinkBench aplica la
poda automáticamente, actualiza la red de acuerdo con un entrenamiento o un ajuste fino,
y calcula métricas a través de muchos modelos, conjuntos de datos, semillas aleatorias y
ratios de compresión.

3. Resultados
Testeamos ShrinkBench podando más de 800 redes usando las bases descritas y variando
los conjuntos de datos, redes, ratios de compresión, pesos iniciales y semillas aleatorias.
Al hacerlo, identificamos varios escollos asociados con las prácticas experimentales que
son actualmente comunes en la literatura pero que pueden evitarse usando la evaluación de
ShrinkBench. Es una práctica común describir la cantidad de poda informando de bien
la reducción del número total de parámetros o del número de FLOPs teóricos. Si estos
parámetros están suficientemente correlacionados, uno solo es suficiente para caracterizar
la eficacia de un método de poda. Nuestros experimentos indican que esto no es necesa-
riamente cierto. Como muestra la Figura 1, los métodos de poda global son más precisos
que los métodos por capas para un tamaño de modelo dado, pero los métodos por capas
son más precisos para una aceleración teórica dada. Esta discrepancia está relacionada con
el hecho de que la poda de las capas con mayores entradas puede resultar en un mayor
ahorro en los cálculos. Además, muchos métodos informan de los resultados de sólo un
pequeño número de conjuntos de datos, modelos y ratios de compresión. Si el rendimiento
relativo de los diferentes métodos fuera constante en todos estos factores, esto no sería
problemático. Pero no lo son. La figura 2 muestra la precisión para aumentar los ratios de
compresión para CIFAR-VGG [Zag15] y ResNet56 en CIFAR10. Como podemos observar,
el método dominante cambia dependiendo de la red y la relación de compresión, lo que
demuestra la necesidad de evaluar un método de poda en varias combinaciones de modelos
y conjuntos de datos para asegurar que no depende de la arquitectura. De manera similar,
esto muestra la necesidad de informar sobre la métrica de varios ratios de compresión para
caracterizar la curva de compensación a medida que aumenta la poda.

4. Conclusiones
Con ShrinkBench pretendemos proporcionar un conjunto de herramientas que faciliten
la tarea de producir evaluaciones exhaustivas y reproducibles de los enfoques de poda
propuestos. Además, nuestros resultados ponen de manifiesto la necesidad de realizar
experimentos normalizados al evaluar los métodos de poda de la red neuronal debido a la
presencia de posibles factores de confusión.
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ABSTRACT
Neural network pruning consists of reducing the size of a network by removing parameters.
In this work, we introduce ShrinkBench, an open-source library to facilitate standardized
evaluation of neural network pruning methods. ShrinkBench simplifies using standardized
datasets, pretrained models, and evaluation metrics for implementing pruning methods.
In addition to describing the functionality of ShrinkBench, we demonstrate its utility by
using it to implement and evaluate several pruning methods. We show that ShrinkBench’s
comprehensive evaluation can prevent common pitfalls when comparing pruning methods.

Keywords: Neural Networks, Pruning, Deep Learning, Standardized Evaluation, PyTorch

1. Introduction
Deep neural network inference often requires large amounts of computation and mem-
ory. This not only increase infrastructure costs, but also makes deploying these networks
to resource-constrained environments challenging. Pruning, i.e. reducing the size of a
network by removing parameters, is a popular approach for reducing these requirements.
Typically, methods start with a large and accurate network, and then try to make it smaller
with as little loss in accuracy as possible. Unfortunately, unlike in some other areas of
machine learning, there is no widely agreed upon set of benchmarks or measurements
that facilitate comparison of methods [DZW18; LSZ+18]. Different papers use different
datasets, prune different network architectures, and report performance in differing ways,
making it almost impossible to know under what conditions one technique is better than
another. In this work, we present ShrinkBench, an open-source library designed to make it
easier for researchers to test pruning methods in a way that facilitates direct comparisons.
In addition to describing ShrinkBench, we use it to examine some existing pruning heuris-
tics. Our empirical findings demonstrate that a pruning method’s performance can vary
across datasets, networks, initial weights and reported metrics—confirming the need for
standardized evaluation of pruning methods.

2. System Overview
ShrinkBench is a Python library designed to ease evaluation of neural network pruning
methods. ShrinkBench was designed with two goals in mind: 1) enable rapid prototyping
of neural network pruning methods, and 2) facilitate the use of standardized metrics,
datasets, network architectures, and finetuning setups. Using ShrinkBench, researchers and
engineers can easily implement pruning strategies and evaluate their effectiveness across a
wide range of scenarios. The library provides tools for running experiments using standard-
ized dataset-model combinations and controlling for potentially confounding factors such
as finetuning hyperparameters or initial weights. Results can then be aggregated to produce
method comparisons across several metrics and amounts of compression. ShrinkBench
works with off-the-shelf PyTorch[PGC+17] model architectures, simply requiring the user
to provide parameter masks that indicate which parameters to keep, and optionally new



values for the remaining weights. To facilitate the task of computing the set of parameter
masks, ShrinkBench provides primitives for retrieving parameters, activations, and gra-
dients. From the parameter masks, ShrinkBench can train and fine-tune models ensuring
that masked parameters do not contribute to the output of the network and are not updated
during backpropagation. Given these masks, ShrinkBench will automatically apply the
pruning, update the network according to a training or fine-tuning setup, and compute
metrics across many models, datasets, random seeds, and compression ratios.
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3. Results
We tested ShrinkBench by pruning over 800 networks using the described baselines and
varying datasets, networks, compression ratios, initial weights, and random seeds. In doing
so, we identified various pitfalls associated with experimental practices that are currently
common in the literature but that can be avoided by using ShrinkBench’s evaluation. It
is a common practice to describe the amount of pruning by reporting either the reduction
in the total number of parameters or in the number of theoretical FLOPs. If these metrics
are sufficiently correlated, reporting only one is sufficient to characterize the effectiveness
of a pruning method. Our experiments indicate that this not necessarily true. As Figure 1
shows, Global pruning methods are more accurate than Layerwise methods for a given
model size, but Layerwise methods are more accurate for a given theoretical speedup. This
discrepancy is related to the fact that pruning layers with larger inputs can result in higher
computational savings. Moreover, many methods report results on only a small number of
datasets, models, and compression ratios. If the relative performance of different methods
were constant across these factors, this would not be problematic. But they are not. Figure 2
shows accuracy for increasing compression ratios for CIFAR-VGG [Zag15] and ResNet56
on CIFAR10. As we can observe, the dominant method changes depending on the network
and compression ratio, showing the need to evaluate a pruning method on various model
and dataset combinations to ensure it is not architecture dependent. Similarly, this shows
the need to report metrics for several compression rations to characterize the trade-off
curve as pruning increases.

4. Conclusions
With ShrinkBench we aim to provide a toolkit that facilitates the task of producing
comprehensive and reproducible evaluations of proposed pruning approaches. Furthermore,
our results evidence the need for standardized experiments when evaluating neural network
pruning methods because of the presence of potential confounding factors.
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— Randy Pausch





A mis padres, por su apoyo inasequible al desaliento





p



Contents

1 Introduction 1
1.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

Chapter 2 Background 5
2.1 Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 High-Level Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.3 Differences Betweeen Pruning Methods . . . . . . . . . . . . . . . . . . . . . 6
2.4 Evaluating Pruning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

Chapter 3 State of the Art 9
3.1 Effectivity of Pruning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
3.2 Pruning vs Architecture Changes . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.3 Metrics Fragmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.4 Confounding Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

Chapter 4 Standardizing Neural Network Pruning 15
4.1 System Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
4.2 Pipeline Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
4.3 Pruning through binary masks . . . . . . . . . . . . . . . . . . . . . . . . . . 17
4.4 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.5 Sample Implementations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
4.6 Recommendations for Evaluating a Pruning Method . . . . . . . . . . . . . . . 22

Chapter 5 Experimental Setup 25
5.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
5.2 Baseline Pruning Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

5.2.1 Random Pruning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
5.2.2 Global Magnitude Pruning . . . . . . . . . . . . . . . . . . . . . . . . 26
5.2.3 Layerwise Magnitude Pruning . . . . . . . . . . . . . . . . . . . . . . 27
5.2.4 Global Gradient Magnitude Pruning . . . . . . . . . . . . . . . . . . . 27

José Javier González Ortiz I



5.2.5 Layerwise Magnitude Pruning . . . . . . . . . . . . . . . . . . . . . . 28
5.3 Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

Chapter 6 Results 31
6.1 Experiment Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
6.2 Metrics are not Interchangeable . . . . . . . . . . . . . . . . . . . . . . . . . . 32
6.3 Results Vary Across Models, Datasets, and Compression . . . . . . . . . . . . 33
6.4 Using the Same Initial Model is Essential . . . . . . . . . . . . . . . . . . . . 34

Chapter 7 Conclusions and Future Work 37
7.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
7.2 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

Bibliography 40

Appendix A Additional Results 45

Appendix B Sustainable Development Goals 47

II Standardization of Neural Network Pruning Methods



List of Figures

3.1 Size and speed vs accuracy tradeoffs for different pruning methods and families
of architectures. Pruned models sometimes outperform the original architecture,
but rarely outperform a better architecture. 7EzbzNw# uj bz@v BbBbR@ . . . . . . . 11

3.2 Fragmentation of results. Shown are all self-reported results on the most common
(dataset, architecture) combinations. Each column is one combination, each row
shares an accuracy metric (y-axis), and pairs of rows share a compression metric
(x-axis). Up and to the right is always better. Standard deviations are shown for
He 2018 on CIFAR-10, which is the only result that provides any measure of
central tendency. 7EzbzNw# uj bz@v BbBbR@ . . . . . . . . . . . . . . . . . . . . . 12

3.3 Pruning ResNet-50 on ImageNet. Methods in the upper plot all prune weights
with the smallest magnitudes, but differ in implementation, pruning schedule,
and fine-tuning. The variation caused by these variables is similar to the variation
across different pruning methods, whose results are shown in the lower plot. All
results are taken from the original papers. 7EzbzNw# uj bz@v BbBbR@ . . . . . . . . 14

4.1 Typical diagram for a neural network pruning pipeline. Starting from a pretrained
network on a set of data, a pruning algorithm is applied to the model that only
preserves a sparse subset of the weights. After the weight pruning is done, the
network is trained on the target dataset for a few epochs to restore some of the
lost accuracy (finetuning). Finally, the network is evaluated on the heldout test
set with a set of metrics which include both performance and efficiency. . . . . 16

4.2 In our proposed framework, the API to the pruning algorithm is exposed in a
way that facilitates the overall evalutaion of the methodology while ensuring that
evaluation experiments are performed in a controlled and reproducible way. . . 17

4.3 By replacing w with w′ = w�m in the computational graph we can achieve a
persistent pruning that prevails after forward and backwards passes of the network. 19

6.1 Top 1 Accuracy for ResNet-18 on ImageNet for several compression ratios and
their corresponding theoretical speedups. Global methods give higher accuracy
than Layerwise ones for a fixed model size, but the reverse is true for a fixed
theoretical speedup. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

José Javier González Ortiz III



6.2 Top 1 Accuracy on CIFAR-10 for several compression ratios. Global Gradient
performs better than Global Magnitude for CIFAR-VGG on low compression
ratios, but worse otherwise. Global Gradient is consistently better than Layerwise
Magnitude on CIFAR-VGG, but consistently worse on ResNet-56. One standard
deviation bars across three runs are included for all compression ratios greater
than one. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

6.3 Global and Layerwise Magnitude Pruning on two different ResNet-56 models.
Even with all other variables held constant, different initial models yield different
tradeoff curves. This may cause one method to erroneously appear better than
another. Controlling for initial accuracy does not fix this. . . . . . . . . . . . . 35

A.1 Accuracy as compression varies for ResNet-18 on ImageNet . . . . . . . . . . 45
A.2 Accuracy as speedup varies for ResNet-18 on ImageNet . . . . . . . . . . . . . 45
A.3 Accuracy as compression varies for CIFAR-VGG on CIFAR-10 . . . . . . . . . 45
A.4 Accuracy as speedup varies for CIFAR-VGG on CIFAR-10 . . . . . . . . . . . 45
A.5 Accuracy as compression varies for ResNet-20 on CIFAR-10 . . . . . . . . . . 46
A.6 Accuracy as speedup varies for ResNet-20 on CIFAR-10 . . . . . . . . . . . . 46
A.7 Accuracy as compression varies for ResNet-56 on CIFAR-10 . . . . . . . . . . 46
A.8 Accuracy as speedup varies for ResNet-56 on CIFAR-10 . . . . . . . . . . . . 46
A.9 Accuracy as compression varies for ResNet-110 on CIFAR-10 . . . . . . . . . 46
A.10 Accuracy as speedup varies for ResNet-110 on CIFAR-10 . . . . . . . . . . . . 46

IV Standardization of Neural Network Pruning Methods



List of Tables

6.1 Hyperparmeter details for the pruning experiments . . . . . . . . . . . . . . . 32

José Javier González Ortiz V



VI Standardization of Neural Network Pruning Methods



Chapter 1

Introduction

Deep Neural Networks have played a major role in the progress the machine learning field and
industry have experienced over the past decade. In order to achieve competitive performance

these networks require environments amounts of computation and memory Huang et al., 2018.
These constraints not only make neural network infrastructure costs to be quite sizable but also
limit the adoption of these models to more constrained environments such as mobile platforms or
embedded devices Han et al., 2015; Sze et al., 2017; Yang et al., 2017.

Neural network pruning is one of the techniques practitioners have devised for reducing the
high computation and memory requirements these networks entail. Usually, one starts with a
large and accurate network that has been pretrained on a dataset of interest and the goal is to
produce a smaller network without dropping the accuracy of the model in a significant manner.
Conceptually, neural network pruning has existed since the 1980s (Janowsky, 1989; Karnin, 1990;
Mozer and Smolensky, 1989a, 1989b) but it has seen an explosion of interest in the recent years
because of the widespread use of deep neural networks.

1.1 Overview

guuz ru8^bz rujIN^# 9ruu^urwu Nujur ^u}89^u) zb^Hu bjN8rj) Nu wNjz8jbj9Nr brk jujN^A@ H)5rU
0r8v 9@u@ ^uk8w9rH jtu )9Ou Nu b rujIN^# LA ^ujN#9rH zb^bjuju^)v 9) b zNz8zb^ bzz^Nbwt uN^ ^u/
k8w9rH jtu)u ^u}89^ujurj)@ .Az9wbzzAv jujtNk) )jb^j I9jt b zb^Hu brk bww8^bju rujIN^#v brk jtur
j^A jN jb#u 9j )jbzzu^ I9jt b) z9jjzu zN)) 9r bww8^bwA b) zN))9Lzu@ kruN^j8rbjuzAv 8rz9#u 9r )Nju
Njtu^ b^ub) Nu jbwt9ru zub^r9rHv jtu^u 9) rN I9kuzA bH^uuk 8zNr )uj Nu Lurwtjb^#) N^ jub)8^u/
jurj) jtbj ubw9z9jbju wNjzb^9)Nr Nu jujtNk) gb9 uj bz@v BbokE .98 uj bz@v Bboq@ g99u^urj zbzu^)
8)u k99u^urj kbjb)uj)v z^8ru k99u^urj rujIN^# b^wt9juwj8^u)v brk ^uzN^j zu^uN^jbrwu 9r k99u^9rH
IbA)v jb#9rH 9j bzjN)j 9jzN))9Lzu jN #rNI 8rku^ Itbj wNrk9j9Nr) Nru juwtr9}8u 9) Lujju^ jtbr
brNjtu @̂

~r jt9) IN^#v Iu z^u)urj 0t^9r#Eurwtv br Nzur/)N8^wu z9L^b^A ku)9Hruk jN jb#u 9j ub)9u^ uN^
^u)ub^wtu^) jN ju)j z^8r9rH jujtNk) 9r b IbA jtbj ubw9z9jbju) k9^uwj wNjzb^9)Nr)@ 0t^9r#Eurwt
)9jzz9Ou) 8)9rH )jbrkb^k9Ouk kbjb)uj)v z^uj^b9ruk jNkuz)v brk u#bz8bj9Nr juj^9w) uN^ 9jzzujurj/
9rH z^8r9rHjujtNk)@ ~r bkk9j9Nr jN ku)w^9L9rH jtu u8rwj9Nrbz9jA Nu 0t^9r#Eurwtv Iu kujNr)j^bju
9j) 8j9z9jA LA 8)9rH 9j jN 9jzzujurj brk u#bz8bju )u#u^bz z^8r9rH jujtNk)@ o8^ ^u)8zj) u#9kurwu
jtu ruuk uN^ )jbrkb^k9Ouk u#bz8bj9Nr H9#ur jtbj b z^8r9rH jujtNk^) zu^uN^jbrwu wbr #b^A bw^N))

José Javier González Ortiz 1
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kbjb)uj)v rujIN^#)v 9r9j9bz Iu9Htj) brk ^uzN^juk juj^9w)@ ~r bkk9j9Nr jN ku)w^9L9rH 0t^9r#Eurwtv
Iu 8)u 9j jN uzbj9ru )Nju uz9)j9rH z^8r9rH tu8^9)j9w)@

1.2 Motivation

The motivation of this work stems from the intersection of the exponentially growing interest
in deploying neural network models in a efficient and scalable way, and the current state of
the neural network pruning literature which lacks consistent findings and recommendations. In
order for pruning techniques to continue improving upon each other there needs to be clear
benchmarks and ways for researchers to compare their results in a fair manner. Many machine
learning subfields have converged on specific datasets and metrics for results to be comparable. In
some scenarios machine learning competitions have been held to foster the development of novel
and more accurate approaches, such as the ImageNet Large Scale Visual Recognition Challenge
Russakovsky et al., 2015. Moreover, the experimental setting and guidelines from the ImageNet
competition have been quite valuable for other fields of machine learning and computer vision
research who have used them to great benefit.

Unfortunately, there seems to be a significant fragmentation in the neural network pruning
literature on the choice of datasets, models, metrics and hyperparameter settings which make
understanding the current state-of-the-art a fundamentally difficult task. Since the interest in
neural network predictive models seems to be only increasing, we deem important to 1) perform
a systematic analysis of the neural network pruning literature to distill any consistent findings
and detect potential pitfalls and 2) develop a framework that facilitates the development and
evaluation of neural network pruning methods in a rigorous and standardized way.

1.3 Contributions

The main contributions of this work are:

• We identify what are some the current consistent findings and existing limitations in the
state-of-the-art of neural neural pruning methods.

• We develop ShrinkBench, an open-source evaluation framework for neural network pruning
methods that enables researchers and practitioners to efficiently perform standardized
evaluation of their methods.

• In addition to describing ShrinkBench, we use it to examine some existing pruning heuris-
tics. Our empirical findings show that a pruning method’s performance can vary across
datasets, networks, initial weights and reported metrics—confirming the need for standard-
ized evaluation of pruning methods.

2 Standardization of Neural Network Pruning Methods
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1.4 Structure

This thesis has the following structure: Chapter 2 provides some background knowledge to
contextualize this work; Chapter 3 provides a literature metanalysis that motivates the need
for standardized evaluation of pruning methods; Chapter 4 throughly describes ShrinkBench’s
implementation and design choices; Chapter 5 document the experimental setup followed for all
the obtained results, including the baseline pruning methods implemented with ShrinkBench;
Chapter 6 includes results from pruning over 800 neural networks and presents potential pitfalls
caused by lurking confounding factors in the neural network evaluation pipeline; Chapter 7 closes
by discussing potential avenues of future work.

José Javier González Ortiz 3
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Chapter 2

Background

Before proceeding further, we will first introduce some background on neural network pruning
and a high-level overview of how existing pruning methods typically work. We will also

detail how evaluation of pruning is usually performed.

2.1 Definitions

yu kuOru b ru8^bz rujIN^# t)\'0<O\<5)O b) b u8rwj9Nr ubj9zA f(x; ·)@ .tu b^wt9juwj8^u wNr)9)j) Nu
jtu wNrOH8^bj9Nr Nu jtu rujIN^#^) zb^bjuju^) brk jtu )uj) Nu Nzu^bj9Nr) 9j 8)u) jN z^Nk8wu N8jz8j)
u^Nj 9rz8j)v 9rwz8k9rH jtu b^^brHujurj Nu zb^bjuju^) 9rjN wNr#Nz8j9Nr)v bwj9#bj9Nr u8rwj9Nr)v
zNNz9rHv Lbjwt rN^jbz9Obj9Nrv ujw@ *zbjzzu b^wt9juwj8^u) 9rwz8ku czuzmuj brk ,u)muj/ok@ yu
kuOru b ru8^bz rujIN^# $\#O4 b) b zb^j9w8zb^ zb^bjuju^9Obj9Nr Nu br b^wt9juwj8^uv 9@u@v f(x;W )
uN^ )zuw9Ow zb^bjuju^) W @ mu8^bz rujIN^# >)5r0r8 urjb9z) jb#9rH b) 9rz8j b jNkuz f(x;W ) brk
z^Nk8w9rH b ruI jNkuz f(x;M �W ′)@ ~r z^bwj9wuv ^bjtu^ jtbr 8)9rH br uzzz9w9j jb)#v z^8ruk
zb^bjuju^) Nu W b^u Ozuk jN Ou^N N^ ^ujN#uk urj9^uzA@

2.2 High-Level Algorithm

.tu^u b^u jbrA jujtNk) Nu z^Nk8w9rH b z^8ruk jNkuz f(x;M�W ′) u^Nj br 9r9j9bzzA 8rj^b9ruk
jNkuz f(x;W0)v Itu^u W0 9) )bjzzuk u^Nj br 9r9j9bz9Obj9Nr k9)j^9L8j9Nr D@ mub^zA bzz ru8^bz
rujIN^# z^8r9rH )j^bjuH9u) ku^9#u u^Nj czHN^9jtj B@o 7\br uj bz@v Bbo|R@ ~r jt9) bzHN^9jtjv jtu
rujIN^# 9) O^)j j^b9ruk jN wNr#u^Hurwu@ cuju^Ib^k)v ubwt zb^bjuju^ N^ )j^8wj8^bz uzujurj 9r jtu
rujIN^# 9) 9))8uk b )wN^uv brk jtu rujIN^# 9) z^8ruk Lb)uk Nr jtu)u )wN^u)@ R^8r9rH ^uk8wu) jtu
bww8^bwA Nu jtu rujIN^#v )N 9j 9) j^b9ruk u8^jtu^ 7#rNIr b) 4rOU<5r0r8R jN ^uwN#u @̂ .tu z^Nwu))
Nu z^8r9rH brk Oru/j8r9rH 9) Nujur 9ju^bjuk )u#u^bz j9ju)v H^bk8bzzA ^uk8w9rH jtu rujIN^#^) )9Ou@

bbrA zbzu^) z^NzN)u )z9Htj #b^9bj9Nr) Nu jt9) bzHN^9jtj@ IN^ uzbjzzuv )Nju zbzu^) z^8ru
zu^9Nk9wbzzA k8^9rH j^b9r9rH 7}bzu uj bz@v BboqR N^ u#ur bj 9r9j9bz9Obj9Nr 7.uu uj bz@v BbokR@ ojtu^)
jNk9uA jtu rujIN^# jN uzzz9w9jzA 9rwz8ku bkk9j9Nrbz zb^bjuju^) jtbj urwN8^bHu )zb^)9jA brk )u^#u
b) b Lb)9) uN^ )wN^9rH jtu rujIN^# buju^ j^b9r9rH 7g@ bNzwtbrN# uj bz@v BboIR@
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Algorithm 2.1 Pruning and Fine-Tuning
T9eqG"9% N : the number of iterations of pruning

T9eqG"9% X: the dataset on which to train and fine-tune

1: W ← initialize()
2: W ← trainToConvergence(f(X;W ))
3: M ← 1|W |

4: 63" i in 1 to N |3

5: M ← prune(M,score(W ))
6: W ← fineTune(f(X;M �W ))

7: "9eq"1 M,W

2.3 Differences Betweeen Pruning Methods

y9jt9r jtu u^bjuIN^# Nu czHN^9jtj B@ov z^8r9rH jujtNk) #b^A z^9jb^9zA 9r jtu9^ wtN9wu) ^uHb^k/
9rH )zb^)9jA )j^8wj8^uv )wN^9rHv )wtuk8z9rHv brk Oru/j8r9rH@

• me"q>eq"9R 0Nju jujtNk) z^8ru 9rk9#9k8bz zb^bjuju^) 75r><)5\<5)O# >)5r0r8R@ ojtu^
jujtNk) wNr)9ku^ zb^bjuju^) 9r H^N8z) 7><)5\<5)O# >)5r0r8Rv ^ujN#9rH urj9^u ru8^Nr)v
Ozju^)v N^ wtbrruz) jN uzzzN9j tb^kIb^u brk )NujIb^u Nzj9j9Ouk uN^ kur)u wNjz8jbj9Nr 7c@
\u uj bz@v BboIE .9 uj bz@v Bbo`R@

• m>3"G1/R ~j 9) wNjjNr jN )wN^u zb^bjuju^) Lb)uk Nr jtu9^ bL)Nz8ju #bz8u)v j^b9ruk 9j/
zN^jbrwu wNuyw9urj)v N^ wNrj^9L8j9Nr) jN rujIN^# bwj9#bj9Nr) N^ H^bk9urj) b) Iuzz b) Njtu^
jub)8^u) Nu )bz9urwA@ 0Nju z^8r9rH jujtNk) wNjzb^u )wN^u) zNwbzzAv z^8r9rH b u^bwj9Nr
Nu jtu zb^bjuju^) I9jt jtu zNIu)j )wN^u) I9jt9r ubwt )j^8wj8^bz )8LwNjzNrurj Nu jtu ruj/
IN^# 7u@H@v zbAu^)R 7\br uj bz@v Bbo|R@ ojtu^) wNr)9ku^ )wN^u) HzNLbzzAv wNjzb^9rH )wN^u) jN
Nru brNjtu^ 9^^u)zuwj9#u Nu jtu zb^j Nu jtu rujIN^# 9r It9wt jtu zb^bjuju^ ^u)9ku) 7I^br#zu
c jb^L9rv BboqE .uu uj bz@v BbokR@

• m>p9|q,G1/R R^8r9rH jujtNk) k99u^ 9r jtu bjN8rj Nu jtu rujIN^# jN z^8ru bj ubwt )juz@
0Nju jujtNk) z^8ru bzz ku)9^uk Iu9Htj) bj Nrwu 9r b )9rHzu )juz 7.98 uj bz@v BboqR@ ojtu^)
z^8ru b Ozuk u^bwj9Nr Nu jtu rujIN^# 9ju^bj9#uzA N#u^ )u#u^bz )juz) 7\br uj bz@v Bbo|R N^
#b^A jtu ^bju Nu z^8r9rH bwwN^k9rH jN b jN^u wNjzzuz u8rwj9Nr 7}bzu uj bz@v BboqR@

• 8G19veq1G1/R IN^ jujtNk) jtbj 9r#Nz#u Oru/j8r9rHv 9j 9) jN)j wNjjNr jN wNrj9r8u jN j^b9r
jtu rujIN^# 8)9rH jtu j^b9ruk Iu9Htj) u^Nj LuuN^u z^8r9rH@ czju^rbj9#u z^NzN)bz) 9rwz8ku
^uI9rk9rH jtu rujIN^# jN br ub^z9u^ )jbju 7I^br#zu uj bz@v BboqbR brk ^u9r9j9bz9O9rH jtu ruj/
IN^# urj9^uzA 7.98 uj bz@v BboqR@ .98 uj bz@ 7BboqR )8HHu)j jtbjv Itur zu^uN^j9rH )j^8wj8^uk
z^8r9rHv ^u9r9j9bz9O9rH jtu rujIN^# Iu9Htj) LuuN^u Oru/j8r9rH tb) rN kuj^9jurjbz b9uwj Nr
jtu bww8^bwA Nu jtu u#urj8bz rujIN^#@

6 L<tr#t)#0,t<0\r \7 /O5)t4 /O<0\)4 H)5r0r8 %O<'\#>
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2.4 Evaluating Pruning

R^8r9rH wbr bwwNjzz9)tjbrA k99u^urj HNbz)v 9rwz8k9rH ^uk8w9rH jtu )jN^bHu uNNjz^9rj Nu jtu ru8/
^bz rujIN^#v jtu wNjz8jbj9Nrbz wN)j Nu 9ruu^urwuv jtu uru^HA ^u}89^ujurj) Nu 9ruu^urwuv ujw@ *bwt
Nu jtu)u HNbz) ub#N^) k99u^urj ku)9Hr wtN9wu) brk ^u}89^u) k99u^urj u#bz8bj9Nr juj^9w)@ IN^ uz/
bjzzuv Itur ^uk8w9rH jtu )jN^bHu uNNjz^9rj Nu jtu rujIN^#v bzz zb^bjuju^) wbr Lu j^ubjuk u}8bzzAv
jubr9rH Nru )tN8zk u#bz8bju jtu N#u^bzz wNjz^u))9Nr ^bj9N bwt9u#uk LA z^8r9rH@ \NIu#u v̂ Itur
^uk8w9rH jtu wNjz8jbj9Nrbz wN)j Nu 9ruu^urwuv k99u^urj zb^bjuju^) jbA tb#u k99u^urj 9jzbwj)@
IN^ 9r)jbrwuv 9r wNr#Nz8j9Nrbz zbAu^)v Ozju^) bzzz9uk jN )zbj9bzzA zb^Hu^ 9rz8j) b^u b))Nw9bjuk I9jt
jN^u wNjz8jbj9Nr jtbr jtN)u bzzz9uk jN )jbzzu^ 9rz8j)@ .t8)v H9#ur jIN wNr#Nz8j9Nrbz Ozju^)
z^8ruk LA jtu )bju bjN8rjv jtu Nru I9jt b zb^Hu^ 9rz8j )9Ou I9zz zubk jN t9Htu^ wNjz8jbj9Nrbz
)b#9rH)@

,uHb^kzu)) Nu jtu HNbzv z^8r9rH 9jzN)u) b j^bku/N9 LujIuur jNkuz uyw9urwA brk }8bz9jAv
I9jt z^8r9rH 9rw^ub)9rH jtu uN^ju^ It9zu 7jAz9wbzzAR kuw^ub)9rH jtu zbjju @̂ .t9) jubr) jtbj b
z^8r9rH jujtNk 9) Lu)j wtb^bwju^9Ouk rNj LA b )9rHzu jNkuz 9j tb) z^8rukv L8j LA b ubj9zA Nu
jNkuz) wN^^u)zNrk9rH jN k99u^urj zN9rj) Nr jtu uyw9urwA/}8bz9jA w8^#u@

.N }8brj9uA uyw9urwAv jN)j zbzu^) ^uzN^j bj zub)j Nru Nu jIN juj^9w)@ .tu O^)j 9) jtu r8jLu^
Nu j8zj9zzA/bkk) 7Nujur ^uuu^^uk jN b) I.oR)R ^u}89^uk jN zu^uN^j 9ruu^urwu I9jt jtu z^8ruk
rujIN^#@ .tu )uwNrk 9) jtu u^bwj9Nr Nu zb^bjuju^) z^8ruk@ .N jub)8^u }8bz9jAv rub^zA bzz zbzu^)
^uzN^j wtbrHu) 9r .Nz/o N^ .Nz/| 9jbHu wzb))9Owbj9Nr bww8^bwA@

c) Njtu^) tb#u rNjuk 7I9H8^rN# uj bz@v Bbo`E \br uj bz@v Bbo|E c@ \u uj bz@v BbokE T9j uj bz@v
Bbo|E .uLuku# uj bz@v Bbo\E .N89ON) uj bz@v BboIE .8N uj bz@v BboIE yur uj bz@v Bbo`E cbrH uj bz@v
BboIRv jtu)u juj^9w) b^u ub^ u^Nj zu^uuwj@ Rb^bjuju^ brk I.oR wN8rj) b^u b zNN)u z^NzA uN^ ^ubz/
IN^zk zbjurwAv jt^N8HtN8jv jujN^A 8)bHuv brk zNIu^ wNr)8jzj9Nr@ ~r zb^j9w8zb v̂ ku)z9ju jbrA
zbzu^) b))8j9rH Njtu^I9)uv jtu r8jLu^ zb^bjuju^) tb) z9jjzu Lub^9rH Nr jujN^A Nu bwj9#bj9Nr)@
09j9zb^zAv 9jbHu wzb))9Owbj9Nr 9) NrzA Nru Nu jtu wN8rjzu)) jb)#) jN It9wt ru8^bz rujIN^#) tb#u
Luur bzzz9uk@ \NIu#u v̂ Luwb8)u jtu N#u^Ituzj9rH jb{N^9jA Nu z8Lz9)tuk zbzu^) uNw8) Nr jtu)u
juj^9w)v N8^ brbzA)9) ruwu))b^9zA kNu) b) Iuzz@

.N u#bz8bju wNjz8jbj9Nrbz wN)j)v jbrA zbzu^) jub)8^u jtu r8jLu^ Nu j8zj9zzA/bkk) 7Nu/
jur ^uuu^^uk jN b) I.oR)R ^u}89^uk jN zu^uN^j 9ruu^urwu I9jt jtu z^8ruk rujIN^#@ ~r z^bwj9wuv
rub^zA bzz z^8r9rH zbzu^) jub)8^u jtu wNjz^u))9Nr ^bj9N N^ I.oR ^uk8wj9Nr 7N^ u}89#bzurjzA jtu
b))Nw9bjuk )zuuk8zR bwt9u#uk LA z^8r9rHv )N Iu uNw8) Nr jtu)u juj^9w) jt^N8HtN8j jtu zbzu @̂
\NIu#u v̂ Iu bw#rNIzukHu 7b) kN Njtu^) 7\br uj bz@v Bbo|E T9j uj bz@v Bbo|E .N89ON) uj bz@v BboIE
cbrH uj bz@v BboIRR jtbj jtu)u juj^9w) jbA rNj wbzj8^u jtu zu^uN^jbrwu wNr)9ku^bj9Nr) Nu ^8rr9rH
ru8^bz rujIN^# 9ruu^urwu Nr jNku^r tb^kIb^u@ c w^8w9bz b)zuwj Nu jtu z^8r9rH z^NLzuj 9) jtbj
9j 8)8bzzA ^u}89^u) Nzj9j9O9rH b j^bku/N9 LujIuur uyw9urwA brk }8bz9jA@ .tbj 9)v bwt9u#9rH b
zb^j9w8zb^ uyw9urwA jt^u)tNzk jbA ^u}89^u ^ujN#9rH zb^bjuju^) )8wt jtbj zu^uN^jbrwu Nr jtu
rujIN^#^) jb)# kuwz9ru)@ .t9) jubr) jtbjv Itur wNjzb^9rH z^8r9rH jujtNk)v 9j 9) 9jzN^jbrj jN
wNr)9ku^ jtu urj9^u z^8r9rH:}8bz9jA j^bku/N9 w8^#u uN^ k99u^urj bjN8rj) Nu z^8r9rH@
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Chapter 3

State of the Art

Many ru8^bz rujIN^# z^8r9rH jujtNk) tb#u Luur ku)w^9Luk 9r jtu ^uwurj Aub^) H9#ur jtu
uzzNrurj9bz H^NIjt Nu kuuz zub^r9rH ^u)ub^wt@ ~r jt9) wtbzju^ Iu brbzAOu jtu w8^^urj

)jbju Nu jtu z9ju^bj8^u uN^ ru8^bz rujIN^# z^8r9rH jujtNk)v 9kurj9uA9rH Itbj b^u )Nju jtu w8^^urj
wNr)9)jurj Ork9rH) brk uz9)j9rH z9j9jbj9Nr) 9r jtu z9ju^bj8^u@1

3.1 Effectivity of Pruning

H)5r0r8v 9@u@ ^uk8w9rH jtu )9Ou Nu b rujIN^# LA ^ujN#9rH zb^bjuju^)v 9) b zNz8zb^ bzz^Nbwt uN^
^uk8w9rH jtu ^u}89^ujurj) Nu j^b9r9rH brk zu^uN^j9rH 9ruu^urwu Nr zb^Hu kuuz ru8^bz rujIN^#)@
.Az9wbzzAv jujtNk) )jb^j I9jt b zb^Hu brk bww8^bju rujIN^#v brk jtur j^A jN jb#u 9j )jbzzu^ I9jt b)
z9jjzu zN)) 9r bww8^bwA b) zN))9Lzu@ kruN^j8rbjuzAv 8rz9#u 9r )Nju Njtu^ b^ub) Nu jbwt9ru zub^r9rHv
jtu^u 9) rN I9kuzA bH^uuk 8zNr )uj Nu Lurwtjb^#) N^ jub)8^ujurj) jtbj ubw9z9jbju wNjzb^9)Nr Nu
jujtNk) 7gb9 uj bz@v BbokE .98 uj bz@v BboqR@

oru Nu jtu wzub^u)j Ork9rH) bLN8j z^8r9rH 9) jtbj 9j IN^#)@ bN^u z^uw9)uzAv jtu^u b^u #b^9N8)
jujtNk) jtbj wbr )9Hr9OwbrjzA wNjz^u)) jNkuz) I9jt z9jjzu N^ rN zN)) Nu bww8^bwA@ ~r ubwjv uN^
)jbzz bjN8rj) Nu wNjz^u))9Nrv z^8r9rH wbr )Njuj9ju) 0r\)Ot>O bww8^bwA 7\br uj bz@v Bbo|E
08O8#9 uj bz@v BbokR@ .t9) Lb)9w Ork9rH tb) Luur ^uzz9wbjuk 9r b zb^Hu u^bwj9Nr Nu jtu zbzu^) 9r
N8^ wN^z8)@ czNrH jtu )bju z9ru)v 9j tb) Luur ^uzubjukzA )tNIr jtbjv bj zub)j uN^ zb^Hu bjN8rj) Nu
z^8r9rHv jbrA z^8r9rH jujtNk) N8jzu^uN^j ^brkNj z^8r9rH 7I^br#zu uj bz@v BboqbE }bzu uj bz@v
BboqE c@ \u uj bz@v BboIE bb^9uj c 0^bv Bbo|E 08b8 uj bz@v BbokE c8 uj bz@v BbokR@ ~rju^u)j9rHzAv
jt9) kNu) rNj bzIbA) tNzk uN^ )jbzz bjN8rj) Nu z^8r9rH 7bN^wN) uj bz@v BboqR@ 09j9zb^zAv z^8r9rH
bzz zbAu^) 8r9uN^jzA jurk) jN zu^uN^j IN^)u jtbr 9rjuzz9HurjzA bzzNwbj9rH zb^bjuju^) jN k99u^urj
zbAu^) 7}bzu uj bz@v BboqE \br uj bz@v Bbo|E .9 uj bz@v Bbo`E .8N uj bz@v BboIE R@ bNzwtbrN# uj bz@v
Bbo`R N^ z^8r9rH HzNLbzzA 7I^br#zu c jb^L9rv BboqE .uu uj bz@v BbokR@ .b)jzAv Itur tNzk9rH jtu
r8jLu^ Nu Oru/j8r9rH 9ju^bj9Nr) wNr)jbrjv jbrAjujtNk) z^Nk8wu z^8rukjNkuz) jtbj N8jzu^uN^j
^uj^b9r9rH u^Nj )w^bjwt I9jt jtu )bju )zb^)9jA zbjju^r 7I^br#zu c jb^L9rv BboqE c@ \u uj bz@v
BboIE .N89ON) uj bz@v BboIE .8N uj bz@v BboIE c8 uj bz@v BbokE ^@ ?tbrH uj bz@v Bbo|R 7bj zub)j I9jt
b zb^Hu urN8Ht bjN8rj Nu z^8r9rH 708b8 uj bz@v BbokRR@ ,uj^b9r9rH u^Nj )w^bjwt 9r jt9) wNrjuzj

1Ht)<> \7 <'O trt4,>0> 0r <'0> \'t><O) t)O 7)\$ t )O4t<O# >0O\O \7 0\)4 )24t4\\4F Q-F _)<0,F w- w-
Y-F F)tr44OF w-F { Y5<<t8F w- )+R+R(- \'t< 0> <'O L<t<O \7 /O5)t4 /O<0\)4 H)5r0r8f !'0)# 5\rU
7O)Or\O \r %t\'0rO -Ot)r0r8 tr# L,><O$>(- \O <'tr4 \5) \\44t)\)t<\)> 7\) <'O 8)Ot< 0r>08'<>
>)O>Or<O# 'O)O-

José Javier González Ortiz 9
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jubr) j^b9r9rH b u^u)tv ^brkNjzA/9r9j9bz9Ouk jNkuz I9jt bzz Iu9Htj) wzbjzuk jN Ou^N jt^N8HtN8j
j^b9r9rHv uzwuzj jtN)u jtbj b^u rNrOu^N 9r jtu z^8ruk jNkuz@

crNjtu^ wNr)9)jurj Ork9rH 9) jtbj )zb^)u jNkuz) jurk jN N8jzu^uN^j kur)u Nru) uN^ b Ozuk
r8jLu^ Nu zb^bjuju^)@ .uu uj bz@ 7BboqR )tNI jtbj 9rw^ub)9rH jtu rNj9rbz )9Ou Nu ,u)muj/Bb Nr
j~Ic,/ob It9zu )zb^)9uA9rH jN tNzk jtu r8jLu^ Nu zb^bjuju^) wNr)jbrj kuw^ub)u) jtu u^^N^ ^bju@
TbzwtL^urru^ uj bz@ 7BbokR NLjb9r b )9j9zb^ ^u)8zj uN^ b8k9N )Arjtu)9)v b) kN}^bA uj bz@ 7BboIR uN^ b
#b^9ujA Nu bkk9j9Nrbz jb)#) bw^N)) #b^9N8) kNjb9r)@ Ru^tbz) jN)j wNjzuzz9rH Nu bzz b^u jtu jbrA
^u)8zj)v 9rwz8k9rH 9r I9H8^u ;@o 7EzbzNw# uj bz@v BbBbRv )tNI9rH jtbj z^8ruk jNkuz) wbr NLjb9r
t9Htu^ bww8^bw9u) jtbr jtu N^9H9rbz jNkuz) u^Nj It9wt jtuA b^u ku^9#uk@ .t9) kujNr)j^bju) jtbj
)zb^)u jNkuz) wbr rNj NrzA N8jzu^uN^j kur)u wN8rju^zb^j) I9jt jtu )bju r8jLu^ Nu zb^bjuju^)v
L8j )Njuj9ju) kur)u jNkuz) I9jt u#ur jN^u zb^bjuju^)@

yt9zu jtu^u kN bzzub^ jN Lu b uuI Huru^bz brk wNr)9)jurj Ork9rH) 9r jtu z^8r9rH z9ju^bj8^uv
LA ub^ jtu wzub^u)j jb#ubIbA 9) jtbj z^8r9rH zbzu^) ^b^uzA jb#u k9^uwj brk wNrj^Nzzuk wNjzb^/
9)Nr) jN uz9)j9rH jujtNk)@ .t9) zbw# Nu wNjzb^9)Nr) )juj) zb^HuzA u^Nj b zbw# Nu uzzu^9jurjbz
)jbrkb^k9Obj9Nr brk jtu ^u)8zj9rH u^bHjurjbj9Nr 9r ^uzN^juk ^u)8zj)@ .t9) u^bHjurjbj9Nr jb#u) 9j
k9yw8zj uN^ u#ur jtu jN)j wNjj9jjuk b8jtN^) jN wNjzb^u jN jN^u jtbr b uuI uz9)j9rH jujtNk)@

3.2 Pruning vs Architecture Changes

oru w8^^urj 8r#rNIr bLN8j z^8r9rH 9) tNI u9uwj9#u 9j jurk) jN Lu ^uzbj9#u jN )9jzzA 8)9rH bjN^u
uyw9urj b^wt9juwj8^u@ .tu)u Nzj9Nr) b^u rNj j8j8bzzA uzwz8)9#uv L8j 9j jbA Lu 8)uu8z 9r H89k9rH
Nru^) ^u)ub^wt N^ ku#uzNzjurj u9N^j) jN #rNI It9wt wtN9wu 9) z9#uzA jN tb#u jtu zb^Hu^ 9jzbwj@
czNrH )9j9zb^ z9ru)v 9j 9) 8rwzub^ tNI z^8ruk jNkuz) u^Nj k99u^urj b^wt9juwj8^u) wNjzb^u jN Nru
brNjtu^///9@u@v jN Itbj uzjurj kNu) z^8r9rH N9u^ )9j9zb^ LuruOj) bw^N)) b^wt9juwj8^u)7

I9H8^u ;@o 7EzbzNw# uj bz@v BbBbR )8HHu)j) )u#u^bz wNrwz8)9Nr)@ I9^)jv 9j ^u9ruN^wu) jtu wNr/
wz8)9Nr jtbj z^8r9rH wbr 9jz^N#u jtu j9ju N^ )zbwu #) bww8^bwA j^bkuN9 Nu b H9#ur b^wt9juwj8^uv
)Njuj9ju) u#ur 9rw^ub)9rH jtu bww8^bwA@ 0uwNrkv 9j )8HHu)j) jtbj z^8r9rH Huru^bzzA kNu) rNj
tuzz b) j8wt b) )I9jwt9rH jN b Lujju^ b^wt9juwj8^u@ I9rbzzAv 9j )8HHu)j) jtbj z^8r9rH 9) jN^u uu/
uuwj9#u uN^ b^wt9juwj8^u) jtbj b^u zu)) uyw9urj jN LuH9r I9jt@ I9rbzzAv 9j )8HHu)j) jtbj z^8r9rH 9)
jN^u u9uwj9#u bj ^uk8w9rH jtu )9Ou Nu jNkuz) 7zuuj wNz8jrR jtbr jtu9^ r8jLu^ Nu I.oR) 7^9Htj
wNz8jrR@ .t9) 9) 8r)8^z^9)9rHv

yt9zu jtu^u kN bzzub^ jN Lu b uuI Huru^bz brk wNr)9)jurj Ork9rH) 9r jtu z^8r9rH z9ju^bj8^u
7)uu jtu z^u#9N8) )uwj9NrRv LA ub^ jtu wzub^u)j jb#ubIbA 9) jtbj z^8r9rH zbzu^) ^b^uzA jb#u k9^uwj
brk wNrj^Nzzuk wNjzb^9)Nr) jN uz9)j9rH jujtNk)@ .t9) zbw# Nu wNjzb^9)Nr) )juj) zb^HuzA u^Nj
b zbw# Nu uzzu^9jurjbz )jbrkb^k9Obj9Nr brk jtu ^u)8zj9rH u^bHjurjbj9Nr 9r ^uzN^juk ^u)8zj)@ .t9)
u^bHjurjbj9Nr jb#u) 9j k9yw8zj uN^ u#ur jtu jN)j wNjj9jjuk b8jtN^) jN wNjzb^u jN jN^u jtbr b
uuI uz9)j9rH jujtNk)@

3.3 Metrics Fragmentation

c) kuz9wjuk 9r I9H8^u ;@B 7EzbzNw# uj bz@v BbBbRv zbzu^) ^uzN^j b I9ku #b^9ujA Nu juj^9w) brk
Nzu^bj9rH zN9rj)v jb#9rH 9j k9yw8zj jN wNjzb^u ^u)8zj)@ *bwt wNz8jr 9r jt9) OH8^u 9) Nru 7kbjb)ujv
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Speed and Size Tradeoffs for Original and Pruned Models

MobileNet-v2 (2018)
MobileNet-v2 Pruned

ResNet (2016)
ResNet Pruned

VGG (2014)
VGG Pruned

EfficientNet (2019)

Figure 3.1: Size and speed vs accuracy tradeoffs for different pruning methods and families of architectures.
Pruned models sometimes outperform the original architecture, but rarely outperform a better
architecture. 7EzbzNw# uj bz@v BbBbR@
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Figure 3.2: Fragmentation of results. Shown are all self-reported results on the most common (dataset,
architecture) combinations. Each column is one combination, each row shares an accuracy
metric (y-axis), and pairs of rows share a compression metric (x-axis). Up and to the right is
always better. Standard deviations are shown for He 2018 on CIFAR-10, which is the only
result that provides any measure of central tendency. 7EzbzNw# uj bz@v BbBbR@

b^wt9juwj8^uR wNjL9rbj9Nr jb#ur u^Nj jtu uN8^ jN)j wNjjNr wNjL9rbj9Nr)v uzwz8k9rH ^u)8zj) Nr
bm~0.@ *bwt ^NI 9) Nru zb9^ Nu juj^9w)@ *bwt w8^#u 9) jtu uyw9urwA #) bww8^bwA j^bku/N9
NLjb9ruk LA Nru jujtNk@ bujtNk) b^u wNzN^/wNkuk LA Aub @̂

~j 9) tb^k jN 9kurj9uA brA wNr)9)jurj j^urk) 9r jtu)u zzNj)v b)9ku u^Nj jtu uz9)jurwu Nu b j^bku/
N9 LujIuur uyw9urwA brk bww8^bwA@ c H9#ur jujtNk 9) NrzA z^u)urj 9r b )jbzz )8L)uj Nu zzNj)@
bujtNk) u^Nj zbju^ Aub^) kN rNj wNr)9)jurjzA N8jzu^uN^j jujtNk) u^Nj ub^z9u^ Aub^)@ bujt/
Nk) I9jt9r b zzNj b^u Nujur 9rwNjzb^bLzu Luwb8)u jtuA ^uzN^j ^u)8zj) bj k99u^urj zN9rj) Nr jtu
z/bz9)@ *#ur Itur jujtNk) b^u rub^LA Nr jtu z/bz9)v 9j 9) rNj wzub^ Itujtu^ Nru jubr9rHu8zzA
N8jzu^uN^j) brNjtu^ )9rwu ru9jtu^ ^uzN^j) b )jbrkb^k ku#9bj9Nr N^ Njtu^ jub)8^u Nu wurj^bz jur/
kurwA@ I9rbzzAv jN)j zbzu^) 9r N8^ wN^z8) kN rNj ^uzN^j brA ^u)8zj) I9jt brA Nu jtu)u wNjjNr
wNrOH8^bj9Nr)@

12 L<tr#t)#0,t<0\r \7 /O5)t4 /O<0\)4 H)5r0r8 %O<'\#>
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3.4 Confounding Variables

*#ur Itur wNjzb^9)Nr) 9rwz8ku jtu )bju kbjb)uj)v jNkuz)v juj^9w)v brk Nzu^bj9rH zN9rj)v Njtu^
wNruN8rk9rH #b^9bLzu) )j9zz jb#u jubr9rHu8z wNjzb^9)Nr) k9yw8zj@ 0Nju #b^9bLzu) Nu zb^j9w8zb^
9rju^u)j 9rwz8ku+

• cww8^bwA brk uyw9urwA Nu jtu 9r9j9bz jNkuz

• gbjb b8Hjurjbj9Nr brk z^uz^Nwu))9rH

• ,brkNj #b^9bj9Nr) 9r 9r9j9bz9Obj9Nrv j^b9r9rHv brk Oru/j8r9rH@ .t9) 9rwz8ku) wtN9wu Nu
Nzj9j9Ou v̂ tAzu^zb^bjuju^)v brk zub^r9rH ^bju )wtuk8zu@

• R^8r9rH brk Oru/j8r9rH )wtuk8zu

• guuz zub^r9rH z9L^b^A@ g99u^urj z9L^b^9u) b^u #rNIr jN A9uzk k99u^urj bww8^bw9u) uN^ jtu
)bju b^wt9juwj8^u brk kbjb)uj 7mNzbv Bbo`E mN^jtw8jjv BboqR brk jbA tb#u )8LjzA k99u^urj
Lutb#9N^) 7X^Ar9Nj9)v BbokR@

• 08Ljzu k99u^urwu) 9r wNku brk ur#9^Nrjurj jtbj jbA rNj Lu ub)9zA bjj^9L8jbLzu jN brA Nu
jtu bLN#u #b^9bj9Nr) 7j^bzzv BbokE BNHu)tIb v̂ BboIE "Tu^b) *zzN^juk bNkuz )tNI) #u^A
zNI bww8^bwA 9r .ur)N^9NI 0u^#9rHv5 BboIR@

~r Huru^bzv 9j 9) rNj wzub^ jtbj brA zbzu^ wbr )8wwuuk 9r bwwN8rj9rH uN^ bzz Nu jtu)u wNruN8rku^)
8rzu)) jtbj zbzu^ tb) LNjt 8)uk jtu )bju wNku b) jtu jujtNk) jN It9wt 9j wNjzb^u) brk ^uzN^j)
urN8Ht jub)8^ujurj) jN b#u^bHu N8j ^brkNj #b^9bj9Nr)@ .t9) 9) uzwuzj9NrbzzA ^b^uv I9jt }bzu
uj bz@ 7BboqR brk .98 uj bz@ 7BboqR Lu9rH b^H8bLzA jtu NrzA uzbjzzu)@ bN^uN#u v̂ ru9jtu^ Nu jtu)u
zbzu^) 9rj^Nk8wu rN#uz z^8r9rH jujtNk) >O) >O L8j b^u 9r)jubk 9r}89^9u) 9rjN jtu uywbwA Nu
uz9)j9rH jujtNk)@

.tu^u b^u bj zub)j jIN jN^u ujz9^9wbz ^ub)Nr) jN Luz9u#u jtbj wNruN8rk9rH #b^9bLzu) wbr tb#u
b )9Hr9Owbrj 9jzbwj@ I9^)jv b) Nru wbr NL)u^#u 9r I9H8^u ;@Bv jujtNk) Nujur 9rj^Nk8wu wtbrHu) 9r
bww8^bwA Nu j8wt zu)) jtbr o% bj ^uzN^juk Nzu^bj9rH zN9rj)@ .t9) jubr) jtbjv u#ur 9u wNruN8rku^)
tb#u NrzA b j9rA 9jzbwj Nr bww8^bwAv jtuA wbr )j9zz tb#u b zb^Hu 9jzbwj Nr It9wt jujtNk bzzub^)
Lujju @̂

0uwNrkv b) )tNIr 9r I9H8^u ;@;v uz9)j9rH ^u)8zj) kujNr)j^bju jtbj k99u^urj j^b9r9rH brk Oru/
j8r9rH )ujj9rH) wbr A9uzk rub^zA b) j8wt #b^9bL9z9jA b) k99u^urj jujtNk)@ 0zuw9OwbzzAv wNr)9ku^
oR jtu #b^9bL9z9jA 9rj^Nk8wuk LA k99u^urj Oru/j8r9rH jujtNk) uN^ 8r)j^8wj8^uk jbHr9j8ku/Lb)uk
z^8r9rH 7I9H8^u ;@; jNzR brk BR jtu #b^9bL9z9jA 9rj^Nk8wuk LA urj9^uzA k99u^urj z^8r9rH jujt/
Nk) 7I9H8^u ;@; LNjjNjR@ .tu #b^9bL9z9jA LujIuur Oru/j8r9rH jujtNk) 9) rub^zA b) zb^Hu b) jtu
#b^9bL9z9jA LujIuur z^8r9rH jujtNk)@
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Pruning ResNet-50 with All Other Methods
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Figure 3.3: Pruning ResNet-50 on ImageNet. Methods in the upper plot all prune weights with the
smallest magnitudes, but differ in implementation, pruning schedule, and fine-tuning. The
variation caused by these variables is similar to the variation across different pruning methods,
whose results are shown in the lower plot. All results are taken from the original papers.
7EzbzNw# uj bz@v BbBbR@
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Chapter 4

Standardizing Neural Network Pruning

As we have seen in the previous section, the task of correctly evaluating neural network pruning
methods is a challenging one. A main barrier towards comparison is the fact that in most

pruning methods, the main contribution is the pruning algorithm but one needs to build an entire
machine learning pipeline in order to obtain results from using the pruning algorithm in practice.

In this chapter we describe ShrinkBench, an open-source library aimed at facilitating the
development and evaluation of neural network pruning methods in a standardized and reproducible
way. We will first describe how we implemented ShrinkBench, highlighting the design choices
taken and describing how we believe those decisions should help the community adhering to best
practices.

4.1 System Overview

0t^9r#Eurwt 9) b RAjtNr z9L^b^A ku)9Hruk jN ub)u u#bz8bj9Nr Nu ru8^bz rujIN^# z^8r9rH jujt/
Nk)@ 0t^9r#Eurwt Ib) ku)9Hruk I9jt jIN HNbz) 9r j9rk+ oR urbLzu ^bz9k z^NjNjAz9rH Nu ru8^bz
rujIN^# z^8r9rH jujtNk)v brk BR ubw9z9jbju jtu 8)u Nu )jbrkb^k9Ouk juj^9w)v kbjb)uj)v rujIN^#
b^wt9juwj8^u)v brk Oruj8r9rH )uj8z)@

k)9rH 0t^9r#Eurwtv ^u)ub^wtu^) wbr ub)9zA 9jzzujurj z^8r9rH )j^bjuH9u) brk u#bz8bju jtu9^
u9uwj9#uru)) bw^N)) b I9ku ^brHu Nu )wurb^9N) 7kbjb)uj)v jNkuz) brk wNjz^u))9Nr ^bj9N)R@ .tu
z9L^b^A z^N#9ku) jNNz) uN^ ^8rr9rH uzzu^9jurj) 8)9rH )jbrkb^k9Ouk kbjb)uj/jNkuz wNjL9rbj9Nr)
brk wNrj^Nzz9rH uN^ zNjurj9bzzA wNruN8rk9rH ubwjN^) )8wt b) Oruj8r9rH tAzu^zb^bjuju^) N^ 9r9j9bz
Iu9Htj)@ ,u)8zj) wbr jtur Lu bHH^uHbjuk jN z^Nk8wu jujtNk wNjzb^9)Nr) z9#u jtu Nru) z^u)urjuk
9r jtu ^u)8zj) wtbzju @̂ 0t^9r#Eurwt IN^#) I9jt N9/jtu/)tuzu RA.N^wt 7Rb)O#u uj bz@v BboIR jNkuz
b^wt9juwj8^u)v )9jzzA ^u}89^9rH jtu 8)u^ jN z^N#9ku zb^bjuju^ jb)#) jtbj 9rk9wbju It9wt zb^bj/
uju^) jN #uuzv brk Nzj9NrbzzA ruI #bz8u) uN^ jtu ^ujb9r9rH Iu9Htj)@

.N ubw9z9jbju jtu jb)# Nu wNjz8j9rH jtu )uj Nu zb^bjuju^ jb)#)v 0t^9r#Eurwt z^N#9ku) z^9j/
9j9#u) uN^ ^uj^9u#9rH zb^bjuju^)v bwj9#bj9Nr)v brk H^bk9urj)@ 09rwu NrzA jtu zb^bjuju^ jb)#) b^u
^u}89^ukv 0t^9r#Eurwt )8zzN^j) b^L9j^b^A )wN^9rH u8rwj9Nr)v bzzNwbj9Nr Nu zb^bjuju^) bw^N)) zbA/
u^)v brk )zb^)9jA )j^8wj8^u)@ I^Nj jtu zb^bjuju^ jb)#)v 0t^9r#Eurwt wbr j^b9r brk Oru/j8ru
jNkuz) ur)8^9rH jtbj jb)#uk zb^bjuju^) kN rNj wNrj^9L8ju jN jtu N8jz8j Nu jtu rujIN^# brk b^u
rNj 8zkbjuk k8^9rH Lbw#z^NzbHbj9Nr@ }9#ur jtu)u jb)#)v 0t^9r#Eurwt I9zz b8jNjbj9wbzzA bz/
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zzA jtu z^8r9rHv 8zkbju jtu rujIN^# bwwN^k9rH jN b j^b9r9rH N^ Oru/j8r9rH )uj8zv brk wNjz8ju
juj^9w) bw^N)) jbrA jNkuz)v kbjb)uj)v ^brkNj )uuk)v brk wNjz^u))9Nr ^bj9N)@ 09rwu jtu uz9)j9rH
z9ju^bj8^u Nr z^8r9rH tb) jN)jzA uNw8)uk Nr wNjz8ju^ #9)9Nr jb)#)v 0t^9r#Eurwt z^N#9ku) b )uj
Nu #9)9Nr/^uzbjuk kbjb)uj/jNkuz wNjL9rbj9Nr) I9jt z^uj^b9ruk Iu9Htj)@

.tu urj9^u )N8^wu wNku brk ^u#9)9Nr t9)jN^A Nu 0t^9r#Eurwt 9) z8Lz9wzA b#b9zbLzu bj https:
//github.com/JJGO/shrinkbench brk wbr Lu 8)uk 8rku^ jtu b~. .9wur)u@ .tu z^uj^b9ruk jNkuz)
uN^ jtu rujIN^#) j^b9ruk 9r jtu j~Ic,ob kbjb)uj wbr Lu uN8rk 8rku^ https://github.com/JJGO/
shrinkbench-models@

4.2 Pipeline Design

In order to design ShrinkBench we went back and analyzed how traditional neural network
pruning baselines worked to identify what were the potential confounding factors that need to be
abstracted away.

Data 

Model 

Pruning 
Algorithm Finetuning Evaluation

Potential confounding factors

Figure 4.1: Typical diagram for a neural network pruning pipeline. Starting from a pretrained network on
a set of data, a pruning algorithm is applied to the model that only preserves a sparse subset of
the weights. After the weight pruning is done, the network is trained on the target dataset for a
few epochs to restore some of the lost accuracy (finetuning). Finally, the network is evaluated
on the heldout test set with a set of metrics which include both performance and efficiency.

As figure 4.1 depicts, a traditional pipeline for evaluating a pruning algorithm. Starting
from a dataset-architecture combination, usually encoded as a pretrained model on the data, a
pruning algorithm is applied to reduce the number of weights in the network. The pruned model
is now trained for several epochs, to recover some of the lost accuracy introduced by the removal
of weights. Here, training is done over the pruned topology, ensuring that the pruned weights
remained pruned (i.e. at zero). This inner loop of pruning and finetuning can be repeated several
times when weights are pruned in a iterative fashion instead of pruning all of them upfront.

However, usually the novel contribution in this entire pipeline is the choice of pruning
algorithm 1 whilst the rest of the moving parts is a potential source of confusion that might
become a barrier to further comparison. In ShrinkBench we prevent all the potential confounding
factors from interacting with the design of the pruning algorithm as depicted in Figure 4.2.
ShrinkBench provides standardized model and dataset combinations of associated complexities,

1Some methods do implement custom finetuning procedures, however these can be viewed as a iterative stateful
pruning algorithm and thus can fit into the depicted pipeline.
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preventing the pitfall of using a overparametrized network for a target dataset. The end user can
also extend ShrinkBench by implementing custom dataset and model combinations, however
ShrinkBench’s design ensures that these additions do not affect the behavior of the rest of the
pruning pipeline. ShrinkBench also provides tested evaluation metrics for measuring sparsity in
a rigorous way as well as a variety of auxiliary utilities that facilitate the development of neural
network pruning methods. Both of these will be described later in this chapter with corresponding
examples.

Data Model 

Pruning 
Algorithm 

Finetuning Evaluation

shrinkbench
Utils

Figure 4.2: In our proposed framework, the API to the pruning algorithm is exposed in a way that facilitates
the overall evalutaion of the methodology while ensuring that evaluation experiments are
performed in a controlled and reproducible way.

4.3 Pruning through binary masks

As we discussed in the background chapter, a given pretrained neural network can be described
as a parametric function f(x;W ) where W is the set of all parameters or weights of the network.
The act of pruning produces a new model with the same architecture f(x;W ′�M) where
M ∈ {0,1}|W ′| is a binary mask that fixes some of the parameters to 0 and � is the tensor
elementwise product operator. In ShrinkBench, we make use of these binary masks not only as a
useful abstraction to specify arbitrary pruning methods but also as a low level detail to ensure the
correctness of the pruning procedure.

In practice, once a network is pruned, the mask abstraction is not needed anymore since the
weights are either set to zero or removed from the specification of the architecture. However, when
finetuning steps are required over a pruned model, steps need to taken so that the network stays
pruned after every single optimizer iteration, namely after every forward and backward pass over
a minibatch of data. In practice, layers are defined over dense tensor weights so unless structured
pruning is used, in order to make use of the efficient hardware primitives that implement the
layers, one needs to take steps to prevent gradients from reviving pruned weights.

There are different ways of achieve this. A simple naive way is to keep the masks in memory
and perform the elementwise mask multiplication after every minibatch. This will zero out the
pruned weights, undoing any gradient updates performed by the optimizer. However, because of
the nature of Python interpreter and how GPU tensors work, this can be time consuming to do
since one needs to iterate over each weight tensor and
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In ShrinkBench we decided to explicitly implement the mask elementwise product multi-
plication as part of the architecture of the network. Despite this requiring more GPU memory
to store the masks, implementing masking this way achieves a higher resource utilization and
throughput since the masking operations can be computed directly in the GPU. To achieve this,
we effectively modify the computation graph of the network replacing each weight with the
elementwise product of said weight and its associated mask.

We show the correctness of this approach by proving that for masked weights the gradients
will be zero while for the unpruned weights will remain as if the masks were not there. Given
a weight tensor involved in some operation y = f(x,w) where x is the input to the layer, y is
the output and f is the function the layer implements, let us replace w by w′ = w�m where
m∈ {0,1}|w| is the weight mask. Now, when computing the gradients with respect to the weights,
the mask will ensure no updates reach the masked weights. We can see this by deriving the
gradient of the lossL,L(f(x;W ),y) with respect to the weights using the chain rule. Originally,
the updates are as follows

∂L
∂w

= ∂L
∂y

∂y

∂w
(4.1)

After substituting the masks we get

∂L
∂w

= ∂L
∂y

∂y

∂w

= ∂L
∂y

(
∂y

∂w′
∂w′

∂w

)

= ∂L
∂y

(
∂y

∂w′ m

)

= ∂L
∂y

(
∂y

∂w
m

)

= m
∂L
∂y

∂y

∂w

(4.2)

Which is the same expression except that is multiplied by the value of m ∈ {0,1} so the
gradient will be the expected value when m = 1 and zero otherwise. This depicted in Figure 4.3
where the same analysis is shown over the equivalent computation graph.

Technically, PyTorch does not have static computation graph since it is centered around a
dynamic computation graph paradigm. In order to edit it we replace each parametric module (i.e.
layers) with modified modules that perform the same operation but with the premultiplication by
the binary mask.
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(a) Forward Pass

𝑤

𝑚

⊙

𝑥 ∗ 𝑦

(b) Backward Pass (pruned weights)

𝑤

0

   0

⊙

𝑥 ∗ 𝑦

Figure 4.3: By replacing w with w′ = w�m in the computational graph we can achieve a persistent
pruning that prevails after forward and backwards passes of the network.

4.4 Evaluation Metrics

As we saw in the literature metanalysis, standardization of metrics is also required so that results
can be compared in a meaningful way. To this end, ShrinkBench provides a set of standardized
metrics to measure the amount of pruning in a network as well as related metrics to approximate
the potential performance gains to be achieved by that amount of pruning. The correctness and
behavior of these metrics are critical in order to ensure that comparisons between methods.

ShrinkBench includes the following primitives:

• Model Size - Returns the total number of parameters in the network and the number of
unpruned parameters (i.e. with nonzero value).

• Compression - Ratio between total model size and unpruned model size

• FLOPs - Number of floating point operations per second. We also report the amount of
FLOPs involving unpruned parameters.

• Speedup - ratio between the original FLOPs and FLOPs involving unpruned parameters.

• Memory Usage - Amount of memory required to store the model along with its activations.
As the previous metrics, it also returns the amount of memory taken by unpruned parameters.
Importantly, this considers activations where all connected weights are pruned to be zero.
Otherwise false positives might be reported because of activation functions outputting zero
such as ReLUs.

As we will see in the results section while some of these metrics are vaguely correlated since
model with more parameters lead to higher FLOPs and higher memory usage this is not a strict
relationship. Namely, a larger model can have fewer FLOPs and memory footprint that a smaller
network because the latter metrics also depend on the size of the input and output tensors. Thus
we encourage authors to use all metrics where applicable to better understand the performance
trade-offs of pruning methods.
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A known limitatation of ShrinkBench is that it does not attempt to get actual hardware
measurements apart from wallclock time, i.e. the amount of time taken for each step. Getting
accurate hardware measurements for many of these metrics is a challenging task and it will vary
depending on the choice of hardware backend: CPU, GPU, TPU, FPGA, &c. Moreover, some
metrics such as latency or energy consumption are fundamentally hard to standardize since they
will vary greatly depending on the platform. Thus, while we encourage authors to report hardware
metrics is those when those are relevant to the bottom line of a pruning method, ShrinkBench
assumes ideal hardware performance and reports all its metrics in a hardware agnostic way. As
we will see in the results chapter, even with a hardware abstraction in place, standardization of all
the above layers is required to prevent confounding factors leading us to incorrect conclusions.

4.5 Sample Implementations

In this section we show how ShrinkBench can be used to implement a couple simple magnitude
pruning methods.

Magnitude pruning methods use the absolute value of the weights as a proxy for their im-
portance and have proved to be good baseline that performs competitive in many tasks (Frankle
et al., 2019a; Gale et al., 2019; Han et al., 2016; Han et al., 2015). For instance, to achieve a
compression ratio of 4, we would compute the absolute value of the set of parameters we care
about, sort them and keep the 25% with highest value, discarding the rest. More generally, to
achieve a compression of x, one computes the 1/x quantile of the distribution of importances
(here the absolute weights), and keeps the values above that quantile.

However, magnitude pruning just indicates that we are using the absolute value function
as our scoring function, we still need to decide what groupings we are going to choose when
computing the relative weight importances. In practice, two common choices are:

• Globally - All the weights from the network are treated equally, and ranked in a global
fashion. This approach can lead to larger amounts of pruning on over-parametrized layers
but it ignores the relative scale of weights within each layer which can affect the selectivity
of the scoring function.

• Layerwise - Instead of concatenating all the weights of the network, layerwise approaches
treat each layer of the neural network independently. This way, the scale of the weights in
each layer is accounted for in the pruning step which can lead to better accuracy. Never-
theless, underparametrized layers can be quite impacted from this choice since the same
amount of pruning will be enforced in every single layer.

In the Listing 4.1, we show how to implement both of these approaches using the API
provided by ShrinkBench. In the implementation we can observe that the user is tasked with just
computing the tasks from the set of parameters. Since the parameters of PyTorch models are
contained in a nested hierarchy of modules, ShrinkBench offers convenient accessors for those
with self.params() and self.module_params().

Moreover, even though our scoring function is quite trivial to specify (in our example is just
NumPy’s absolute value np.abs), we still need to broadcast its application to all the parameters
to obtain the required weight masks. To this end, ShrinkBench provides auxiliary functions such
as:
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1 import numpy as np
2 from shrinkbench.pruning import VisionPruning, LayerPruning
3 from shrinkbench.utils import (map_importances,
4 flatten_importances,
5 fraction_threshold,
6 fraction_mask,
7 importance_masks)

8 class GlobalMagWeight(VisionPruning):

9 def model_masks(self):
10 importances = map_importances(np.abs, self.params())
11 flat_importances = flatten_importances(importances)
12 threshold = fraction_threshold(flat_importances, self.fraction)
13 masks = importance_masks(importances, threshold)
14 return masks

15 class LayerMagWeight(LayerPruning, VisionPruning):

16 def layer_masks(self, module):
17 params = self.module_params(module)
18 importances = {param: np.abs(value) for param, value in params.items()}
19 masks = {param: fraction_mask(importances[param], self.fraction)
20 for param, value in params.items() if value is not None}
21 return masks

Listing 4.1: ShrinkBench’s implementation of Global and Layerwise Weight Magnitude pruning. In this
examples, we can observe how both pruning strategies are specified concisely and in a fairly
descriptive fashion. From the model parameters the user just needs to return the associated
binary masks. To simplify the tasks, there are helper functions to map arbitrary scoring
functions in a global or layerwise manner.

• map_importances - Applies a scoring function in a elementwise manner to each one of
the weights in the provided argument

• flatten_importances - Flattens a potentially nested hierarchy of importances to a flat
array for easier handling.

• fraction_threshold - Computes the threshold so that the specified fraction of the
weights are larger than said threshold. Very similar to a quantile function.

• importance_masks - Computes binary masks from a set of importances and a associated
threshold value to use as a cut-off.

• fraction_mask - Compound function of importance_masks and fraction_threshold

By using these util functions, the task of specifying a pruning method is further simplified
while still keeping. Moreover, researchers are free to implement their own versions of these
functions and modify them as they see fit. These are provided for convenience and to show how
decomposition of the steps of developing a pruning algorithm can lead to simple implementation
and code reuse.
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4.6 Recommendations for Evaluating a Pruning Method

In this section we provide a set of general recommendations and guidelines for evaluation pruning
methods. Whilst some are enforced in ShrinkBench’s design, it might be in researchers’ best
interest to write their own implementation since ShrinkBench cannot account for all possible
scenarios.

For any pruning technique proposed, check if:

• It is contextualized with respect to magnitude pruning, recently-published pruning tech-
niques, and pruning techniques proposed prior to the 2010s.

• The pruning algorithm, constituent subroutines (e.g., score, pruning, and fine-tuning
functions), and hyperparameters are presented in enough detail for a reader to reimplement
and match the results in the paper.

• All claims about the technique are appropriately restricted to only the experiments presented
(e.g., CIFAR-10, ResNets, image classification tasks, etc.).

• There is a link to downloadable source code.

For all experiments, check if you include:

• A detailed description of the architecture with hyperparameters in enough detail to for a
reader to reimplement it and train it to the same performance reported in the paper.

• If the architecture is not novel: a citation for the architecture/hyperparameters and a
description of any differences in architecture, hyperparameters, or performance in this
paper.

• A detailed description of the dataset hyperparameters (e.g., batch size and augmentation
regime) in enough detail for a reader to reimplement it.

• A description of the library and hardware used.

For all results, check if:

• Data is presented across a range of compression ratios, including extreme compression
ratios at which the accuracy of the pruned network declines substantially.

• Data specifies the raw accuracy of the network at each point.

• Data includes multiple runs with separate initializations and random seeds.

• Data includes clearly defined error bars and a measure of central tendency (e.g., mean)
and variation (e.g., standard deviation).

• Data includes FLOP-counts if the paper makes arguments about efficiency and performance
due to pruning.

For all pruning results presented, check if there is a comparison to:
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• A random pruning baseline.

– A global random pruning baseline.
– A random pruning baseline with the same layerwise pruning proportions as the

proposed technique.

• A magnitude pruning baseline.

– A global or uniform layerwise proportion magnitude pruning baseline.
– A magnitude pruning baseline with the same layerwise pruning proportions as the

proposed technique.

• Other relevant state-of-the-art techniques, including:

– A description of how the comparisons were produced (data taken from paper, reim-
plementation, or reuse of code from the paper) and any differences or uncertainties
between this setting and the setting used in the main experiments.
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Chapter 5

Experimental Setup

In this chapter we detail the experimental setup used to carry out the results presented in the
results chapter along with the motivation for these experiments. Here we describe the pruning

baselines we implemented into ShrinkBench and the set of experiments we used them in along
with detailed accounts of hyperparameter and pipelines choices to ensure the reproducibility of
the experiments.

5.1 Motivation

So far we have analyzed the current state of the neural network pruning literature and described
ShrinkBench, our proposed framework that attempts to remediate most of the identified barriers
to comparison. However, it remains unclear whether the need for standardization satisfies merely
a data aggregation and analysis issue or whether there are fundamental issues when running
pruning experiments without using a common ground. Namely, we need to identify whether the
potential confounding factors do actually become sources of confusion if they are not accounted
for. Even though proving that they are not confounding factors is a fundamentally hard problem
since it needs to be shown for every possible experiment, showing that they are reduces to finding
a counterexample.

To test this, we implement a few simple yet common pruning baselines and use them to prune
popular models on a set of vision classification tasks. While vision classification tasks are not a
fully representative sample of all the deep learning models being used, as we saw the existing
pruning literature focused on these tasks.

5.2 Baseline Pruning Methods

In order to test our hypothesis we need to implement a series of pruning methods so that we can
compare them and analyze the effect of the potential confounding factors of the pipeline. We
denominate them as baselines since they represent unsophisticated yet performant approaches to
neural network pruning and thus will showcase the behavior that we expect from an actual pruning
method. As we delineated in the recommendations section in the previous chapter we encourage
authors to include at least a random and magnitude pruning baselines in their experiments to
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better understand the relative performance of the proposed methods.

Magnitude-based approaches are common baselines in the literature and have been shown to
be competitive with more complex methods (Frankle et al., 2019a; Gale et al., 2019; Han et al.,
2016; Han et al., 2015). Gradient-based methods are less common, but are simple to implement
and have recently gained popularity (Lee et al., 2019; Lee et al., 2018; Yu et al., 2018). Note
that these baselines are not reproductions of any of these methods, but merely inspired by their
pruning heuristics. Namely, when implementing these we aimed at simplicity while maintaining
the choice of heuristics for the scoring function.

We used ShrinkBench to implement several existing pruning heuristics, both as examples
of how to use our library and as baselines that new methods can compare to. An important
consideration is that when designing this baseline we made a couple of choices specific to vision
classification networks:

• Pruned layers are just dense layers (i.e. nn.Linear) and convolutional layers (nn.Conv2d).
All considered networks in the torchvision package (Marcel & Rodriguez, 2010), only
contain parameters in linear, convolutional and batch normalization layers. Moreover,
pruning batch normalization layers is not recommended since it will effectively prune
entire neurons instead of weights which can lead to many pathways in the network to be
lost. Since these parameters are a minority, even if left unpruned, they will not have a very
large impact unless we reach very high compression ratios.

• The very last dense layer is not pruned in any model. This is a common rule applied in
most pruning methods (Frankle et al., 2019a; Gale et al., 2019) motivated by the fact that
overly pruning the last layer can have a very significant impact in the performance of the
network. Namely, pruning the layer leading to the softmax operator excessively can make
some of the output neurons disconnected or weakly connected leading to some classes not
being outputted during inference.

• When aiming for a compression level, all parameters in a network are counted, includ-
ing parameters not considered for the pruning task (in our experiments these are batch
normalization layer parameters).

5.2.1 Random Pruning

This strategy prunes each weight independently with probability equal to the fraction of the
network to be pruned. Random pruning is just a straw man approach that is useful for debugging
purposes since any approach should be better than randomly pruning weights.

5.2.2 Global Magnitude Pruning

This strategy prunes the weights with the lowest absolute value anywhere in the model. Parameters
are ranked using their absolute value. Let W be the set of all parameters in the network, then we
compute the quantile over the absolute values and threshold smaller values than the quantile.

To keep a proportion p∈ {0,1} of the parameters. Compute the threshold T (p) as the (1−p)th
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1 def random_mask(tensor, fraction):
2 idx = np.random.uniform(0, 1, size=tensor.shape) > fraction
3 mask = np.ones_like(tensor)
4 mask[idx] = 0.0
5 return mask

6 class RandomPruning(VisionPruning):

7 def model_masks(self):
8 params = self.params()
9 masks = map_importances(lambda x: random_mask(x, self.fraction), params)

10 return masks

Listing 5.1: Implementation for Random Pruning. ShrinkBench’s design allows for this approach to be
implemented in a succinct manner.

quantile of the set IW = {|w|,w ∈W} of importances and then set the masks as follows.

m(w) =

1 w > T (p)
0 w ≤ T (p)

(5.1)

ShrinkBench’s implementation can be found in Listing 4.1.

5.2.3 Layerwise Magnitude Pruning

For each layer prunes the weights with the lowest absolute value. The implementation can be
found in Listing 4.1. The same pruning fraction is applied to each layer independently of how
many parameters it has.

5.2.4 Global Gradient Magnitude Pruning

Prunes the weights with the lowest absolute value of (weight × gradient), evaluated on a batch of
inputs. Let S = {xi,yi : i = 1 . . .n} be a set of input, output pairs to the network. We compute a
Montecarlo approximation of the gradients with respect to the weights using these inputs:

∇̃w = 1
n

n∑
i=1

∂L(f(xi;W ),yi)
∂w

(5.2)

Then the set of importances IW is defined as

IW =
{
|w · ∇̃w| : w ∈W

}
(5.3)

And then the masks are computed analogously to the Global Magnitude Pruning method.
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1 class GlobalMagGrad(GradientMixin, VisionPruning):

2 def model_masks(self):
3 params = self.params()
4 grads = self.param_gradients()
5 importances = {mod:
6 {p: np.abs(params[mod][p]*grads[mod][p])
7 for p in mod_params}
8 for mod, mod_params in params.items()}
9 flat_importances = flatten_importances(importances)

10 threshold = fraction_threshold(flat_importances, self.fraction)
11 masks = importance_masks(importances, threshold)
12 return masks

13 class LayerMagGrad(GradientMixin, LayerPruning, VisionPruning):

14 def layer_masks(self, module):
15 params = self.module_params(module)
16 grads = self.module_param_gradients(module)
17 importances = {param: np.abs(value*grads[param]) for param, value in

params.items()}↪→

18 masks = {param: fraction_mask(importances[param], self.fraction)
19 for param, value in params.items() if value is not None}
20 return masks

Listing 5.2: Implementations for Global Gradient Magnitude Pruning and Layerwise Gradient Magnitude
Pruning. In these implementations we can see how the user can access sample parameter
gradients to use them in the computation of the weight masks.

ShrinkBench’s implementation of Global Gradient Magnitude Pruning is shown in Listing 5.2.

5.2.5 Layerwise Magnitude Pruning

For each layer, prunes the weights the lowest absolute value of (weight × gradient), evaluated
on a batch of inputs. Uses analogous importances to the ones described for Global Gradient
Magnitude Pruning but only considers one layer at a time. The implementation can be found
in Listing 5.2. The same pruning fraction is applied to each layer independently of how many
parameters it has.

5.3 Techniques

To perform the described analysis several tools and techniques were be employed. The analysis
can be broken down into two parts: performing the experiments that prune neural networks using
different heuristics and then analyzing processing the results.

To implement the neural network pruning techniques the PyTorch framework (Paszke et al.,
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2019) were used, one of the most popular open source neural network libraries. The PyTorch
library is throughly documented and provided a solid foundation upon which to build the frame-
work for the described experiments. First, it provided a flexible interface that allows us to edit the
architecture and behavior of neural networks. Moreover, by using PyTorch we were also able to
leverage torchvision (Marcel & Rodriguez, 2010), a package written in PyTorch that implements
popular datasets, transformations and model architectures for computer vision tasks.

To perform the analysis shown in the Results chapter, we employed a wide variety of Python
packages for scientific computing, including:P

• NumPy (Oliphant, 2006; Van Der Walt et al., 2011) - NumPy is a library that adds support
in Python for large, multi-dimensional arrays and matrices, along with a large collection
of high-level mathematical functions to operate on these arrays. NumPy was employed
in other to implement the pruning heuristics that output binary masks that encode what
neural network weights to keep as part of the model.

• Pandas (McKinney, 2010; pandas development team, 2020) - Data analysis and manipula-
tion tool. It was employed to aggregate the results from the different experiments and post
process them in efficient and reproducible manner.

• Matplotlib (Hunter, 2007) - As a last step in our pipeline, we are interested in producing
plots that report the drop in accuracy of the studied model as we increase the amount of
pruning. Therefore, we employ matplotlib, the most popular plotting library for Python.

All the listed software is licensed as Free and Open Source Software (FOSS) so it is readily
available. Since a core goal of this project is to produce a framework that enables researchers
to perform standardized evaluation of neural network pruning methods, it is crucial that we can
distribute this framework in FOSS way as well.
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Results

This chapter details the experimental results that we obtained when using ShrinkBench to
prune over 800 networks with varying datasets, networks, compression ratios, initial weights

and random initializations. During this process we identified various pitfalls linked with common
experimental practices in the literature that can be prevented by using ShrinkBench.

We highlight several noteworthy results below and comment their implications. Additional
experimental results are included in Appendix A for completeness.

6.1 Experiment Details

We swept a series of geometrically spaced values of compression for all the experiments. To
simplify the analysis we chose increasing powers of two, including the value 1 with the original
unpruned network to act as a reference for original performance of the network. We computed the
pruned fraction so that the actual compression ratio would be as close as possible to the desired
ratio and made sure that parameters not considered for pruning were used in the computation of
the compression values. For all networks, compression ratios and FLOP counts were stored at
the beginning and end of the finetuning step.

We evaluated the following network-dataset combinations on all the described baseline
pruning methods.

• CIFAR10 dataset with the following networks (Zagoruyko, 2015):

– CIFAR-VGG
– ResNet-20
– ResNet-56
– ResNet-110

• ImageNet dataset with ResNet-18 (Deng et al., 2009; K. He et al., 2016)

After applying the corresponding pruning technique, networks were finetuned until con-
vergence. Pruning was performed from the pretrained weights and fixed from there forwards.
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Unless otherwise noted, the reported values are always for the held out validation set and no
hyperparameter was performed. Early stopping is implemented during finetuning. Thus if the
validation accuracy repeatedly decreases after some point we stop the finetuning process to
prevent overfitting. The hyperparameter choices for the experiments are displayed in Table 6.1.

Hyperparameter CIFAR10 ImageNet

Batch size 64 256
Epochs 30 20
Optimizer Adam SGD
Nesterov Momentum - 0.9
Initial Learning Rate 3×10−4 10−3

Learning rate schedule Fixed Fixed

Table 6.1: Hyperparmeter details for the pruning experiments

For reproducibility purposes, ShrinkBench fixes random seeds for all the dependencies
(PyTorch, NumPy, Python). Three independent runs using different random seeds were performed
for every CIFAR10 experiment. This was not done for the ImageNet networks because of how
time consuming and computationally expensive training ImageNet networks is. For the CIFAR10
experiments, we found some variance across methods that relied on randomness, such as random
pruning or gradient based methods that use a sampled minibatch to compute the gradients with
respect to the weights.

6.2 Metrics are not Interchangeable

As we discussed previously, it is a common practice to report either reduction in the number
of parameters or in the number of FLOPs. If these metrics are extremely correlated, reporting
only one is sufficient to characterize the efficacy of a pruning method. We found after computing
these metrics for the same model under many different settings that reporting one metric is not
sufficient.

While these metrics are correlated, the correlation is different for each pruning method. Thus,
the relative performance of different methods can vary significantly under different metrics.
Figure 6.1 showcases and example of this scenario by displaying the same 4 pruned ResNet-18
networks on ImageNet using the previously described baselines. The four pruned methods are
plotted both in terms of compression ratio and theoretical speedup.

As Figure 6.1 shows, Global pruning methods are more accurate than Layerwise methods for
a given model size, but Layerwise methods are more accurate for a given theoretical speedup.
This discrepancy is related to the fact that pruning layers with larger inputs can result in higher
computational savings. This might appear counterintuive since in the presented results, networks
with more parameters (i.e. lower compression) perform fewer operations (i.e. higher speedup).
However, this can be easily explained by the fact that in convolutional neural networks the amount
of operations in a convolutional layer depends linearly both on the size of the convolutional filter
and the size of the input. Thus, since layerwise methods prune uniformly all layers to achieve
the same sparsity, this leads to higher reductions of parameters in layers with large inputs (early
layers in the network).
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Figure 6.1: Top 1 Accuracy for ResNet-18 on ImageNet for several compression ratios and their corre-
sponding theoretical speedups. Global methods give higher accuracy than Layerwise ones for
a fixed model size, but the reverse is true for a fixed theoretical speedup.

6.3 Results Vary Across Models, Datasets, and Compres-
sion

Many methods report results on only a small number of datasets, models, amounts of pruning, and
random seeds. If the relative performance of different methods tends to be constant across all of
these variables, this may not be problematic. However, our results suggest that this performance
is not constant. Figure 6.2 shows the accuracy for various compression ratios for CIFAR-VGG
(Zagoruyko, 2015) and ResNet-56 on CIFAR-10. In general, Global methods are more accurate
than Layerwise methods and Magnitude-based methods are more accurate than Gradient-based
methods, with random performing worst of all.

However, if one were to look only at CIFAR-VGG for compression ratios smaller than 10,
one could conclude that Global Gradient outperforms all other methods. Similarly, while Global
Gradient consistently outperforms Layerwise Magnitude on CIFAR-VGG, the opposite holds on
ResNet-56 (i.e., the orange and green lines switch places). This is the opposite of the conclusion
one would reach using ResNet-56, where that method is always outperformed by Global and
Layerwise Magnitude Pruning. This shows the need to evaluate on a pruning method on various
model and dataset combinations to ensure it is not architecture dependent. Similarly, this shows
the need to report metrics for several compression rations to characterize the trade-off curve as
pruning increases.

Moreover, we found that for some settings close to the drop-off point (such as Global Gradient,
compression 16), different random seeds yielded significantly different results (0.88 vs 0.61
accuracy) due to the randomness in minibatch selection. This is illustrated by the large vertical
error bar in the left subplot.
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Figure 6.2: Top 1 Accuracy on CIFAR-10 for several compression ratios. Global Gradient performs better
than Global Magnitude for CIFAR-VGG on low compression ratios, but worse otherwise.
Global Gradient is consistently better than Layerwise Magnitude on CIFAR-VGG, but consis-
tently worse on ResNet-56. One standard deviation bars across three runs are included for all
compression ratios greater than one.

6.4 Using the Same Initial Model is Essential

As mentioned previously, many methods are evaluated using different initial models with the
same architecture. To assess whether beginning with a different model can skew the results, we
created two different models and evaluated Global vs Layerwise Magnitude pruning on each with
all other variables held constant.

To obtain the models, we trained two ResNet-56 networks using Adam until convergence
with η = 10−3 and η = 10−4. We’ll refer to these pretrained weights as Weights A and Weights
B, respectively. As shown on the left side of Figure 6.3, the different methods appear better on
different models. With Weights A, the methods yield similar absolute accuracies. With Weights
B, however, the Global method is more accurate at higher compression ratios.

We also found that the common practice of examining changes in accuracy is insufficient to
correct for initial model as a confounder. Even when reporting changes, one pruning method
can artificially appear better than another by virtue of beginning with a different model. We
see this on the right side of Figure 6.3, where Layerwise Magnitude with Weights B appears to
outperform Global Magnitude with Weights A, even though the former never outperforms the
latter when initial model is held constant.

All these results evidence the need for standardized experiments when evaluating neural
network pruning methods. With ShrinkBench we aim to provide a toolkit that facilitates the task
of producing comprehensive and reproducible evaluations of proposed pruning approaches.
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Figure 6.3: Global and Layerwise Magnitude Pruning on two different ResNet-56 models. Even with all
other variables held constant, different initial models yield different tradeoff curves. This may
cause one method to erroneously appear better than another. Controlling for initial accuracy
does not fix this.
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Chapter 7

Conclusions and Future Work

We wrap up by providing future avenues of work in this area and provide some concluding
remarks that highlight the contributions and developments that this work encompasses.

7.1 Future Work

There are multiple avenues for extending the work presented here. In its current state ShrinkBench
cannot evaluate any type of neural network experiment. We have identified the following limita-
tions:

• Some structured pruning methods implicitly have higher amount of effective pruning
than what ShrinkBench would report. This happens when there are compounding effects
between the pruning between layers. For instance, if one prunes all the weights in the same
channel in a convolutional layer then the output will always be zero for that entire channel.
Thus any nonzero weights in any consecutive layer are effectively pruned as well since
they will always take zeros as input.
However, this compounding effect is difficult to account for since it requires knowledge of
the computational graph of the network a priori. Because of PyTorch’s uses a dynamic
computational graph design paradigm, it is very hard to efficiently and correctly perform
an automated analysis of an arbitrary computational graph. A potential approach would
be to use to compile the model to a static graph representation like ONNX and use that
information to get the effective sparsity. Another potential way of dealing with this would
be to design a set of inputs so that the gradient information from those inputs would help
uncover these dependencies.

• In its current state, ShrinkBench assumes that pruning is an operation that is performed once
training has completed, and does not provide support for incorporating that operation while
the network trains. Evaluating approaches that prune during training is a fundamentally
harder task since it requires standardizing the training procedure itself since there is no
pretrained state to start from. However, the recent interest of these type of approaches
(Frankle et al., 2019a, 2019b) proves that there is interest in this type of functionality.

• As we indicated during ShrinkBench’s description, it only reports hardware agnostic
metrics to facilitate the comparison between methods. However, in many scenarios the
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main motivation behind pruning is improving some hardware dependent metric for a
network such a energy consumption, latency or throughput. Future work could analyze
ways to standardize this task drawing insights from existing approaches like the MLPerf
benchmark.

Moreover, ShrinkBench could also be easily extended to run other type of experiments:

• Given the rise of deep learning models for NLP applications, ShrinkBench could be
extended so that it Modern NLP models are implemented using Recurrent Neural Networks
(RNN), oftentimes in the form of Long Short Term Memory Networks (LSTM) along
with Transformers architectures that rely on attention based building blocks. Despite some
of the required layers not being explicitly implemented in ShrinkBench, they could be
added by employing the same approach used for the dense and convolutional layers. More
generally, any parametric layer can be replaced by a layer that performs a elementwise
multiplication by a prespecified mask. Using this design, most of the current design of
ShrinkBench can be reused for other tasks.

• ShrinkBench can be easily extended to support other datasets. Since it uses the standard
PyTorch Dataset and DataLoader interface, relevant datasets can be incorporated.

• Similarly, ShrinkBench can be extended to other network architectures and models. Whereas
architectures are arguably as easy to add as datasets are, the issue would be to ensure pre-
trained models have been trained using a correct hyperparameter choice. For ImageNet
models ShrinkBench uses torchvision’s model architectures and publicly available pre-
trained models. For CIFAR10, it provides its own models under https://github.com/JJGO/
shrinkbench-models. Moreover, any provided models should be representative of the types
of models employed for the task of interest, otherwise it wouldn’t be beneficial to include
in the framework.

Lastly, neural network pruning is just one of the many sub-fields that have seen an explosion
of interest over the past few years given the rise of deep learning in general. However, the same
evaluation issues that we have identified and done our best to remedy are present to some extent
in other machine learning domains. For instance, the gradient-compression literature seems to
suffer from some of the same systematic problem that we listed in the pruning literature. Gradient
compression is a task common is distributed training scenarios, where gradients are compressed
(sometimes in a lossy fashion) to minimize the network requirements for communicating the
gradient updates. Given the similarity between gradient compression and pruning, developing
a similar standardized evaluation framework with similar principles would of benefit to the
literature and community.
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7.2 Conclusion

}9#ur jtu urN^jN8) 9rju^u)j 9r ru8^bz rujIN^# z^8r9rH N#u^ jtu zb)j kuwbkuv 9j )uuj) rbj8^bz jN
b)# )9jzzu }8u)j9Nr) bLN8j jtu ^uzbj9#u uywbwA Nu k99u^urj z^8r9rH juwtr9}8u)@ czjtN8Ht b uuI
Lb)9w Ork9rH) b^u )tb^uk bw^N)) jtu z9ju^bj8^uv j9))9rH Lb)uz9ru) brk 9rwNr)9)jurj uzzu^9jurjbz
)ujj9rH) jb#u 9j 9jzN))9Lzu jN b))u)) jtu )jbju Nu jtu b^j N^ wNrOkurjzA wNjzb^u jtu kNOur) Nu
juwtr9}8u) z^NzN)uk 9r ^uwurj Aub^)@ cuju^ wb^uu8zzA )j8kA9rH jtu z9ju^bj8^u brk ur8ju^bj9rH
r8ju^N8) b^ub) Nu 9rwNjzb^bL9z9jA brk wNru8)9Nrv Iu )8HHu)j wNrw^uju ^ujuk9u) 9r jtu uN^j Nu
b z9)j Nu Lu)j z^bwj9wu) brk br Nzur/)N8^wu z9L^b^A 10t^9r#Eurwt 1jN tuzz u8j8^u ^u)ub^wt ur/
kub#N^) jN z^Nk8wu jtu #9rk) Nu ^u)8zj) jtbj I9zz tb^jNr9Ou jtu z9ju^bj8^u brkjb#u N8^ jNj9#bj9rH
}8u)j9Nr) ub)9u^ jN br)Iu @̂ I8^jtu^jN^uv 0t^9r#Eurwt ^u)8zj) Nr #b^9N8) z^8r9rH juwtr9}8u) u#/
9kurwu jtu ruuk uN^ )jbrkb^k9Ouk uzzu^9jurj) Itur u#bz8bj9rH ru8^bz rujIN^# z^8r9rH jujtNk)@
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Appendix A

Additional Results

Here we include the entire set of results obtained with ShrinkBench. For CIFAR10, results
are included for CIFAR-VGG, ResNet-20, ResNet-56 and ResNet-110. Standard deviations

across three different random runs are plotted as error bars. For ImageNet, results are reported
for ResNet-18.
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Figure A.1: Accuracy as compression varies
for ResNet-18 on ImageNet
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Figure A.2: Accuracy as speedup varies for
ResNet-18 on ImageNet
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Figure A.3: Accuracy as compression varies
for CIFAR-VGG on CIFAR-10

1 2 4 8 16 3232
Theoretical Speedup

0.70

0.75

0.80

0.85

0.90

0.95

Ac
cu

ra
cy

CIFAR-VGG on CIFAR-10

Figure A.4: Accuracy as speedup varies for
CIFAR-VGG on CIFAR-10

José Javier González Ortiz 45



APPENDIX A. ADDITIONAL RESULTS

1 2 4 8 16 32
Compression Ratio

0.70

0.75

0.80

0.85

0.90

0.95

Ac
cu

ra
cy

ResNet-20 on CIFAR-10

Global Weight
Layer Weight
Global Gradient
Layer Gradient
Random

Figure A.5: Accuracy as compression varies
for ResNet-20 on CIFAR-10
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Figure A.6: Accuracy as speedup varies for
ResNet-20 on CIFAR-10
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Figure A.7: Accuracy as compression varies
for ResNet-56 on CIFAR-10
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Figure A.8: Accuracy as speedup varies for
ResNet-56 on CIFAR-10
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Figure A.9: Accuracy as compression varies
for ResNet-110 on CIFAR-10
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Figure A.10: Accuracy as speedup varies for
ResNet-110 on CIFAR-10
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Appendix B

Sustainable Development Goals

A significant fraction of the deployed machine learning models in practice, are neural network
models ((Frankle & Carbin, 2019; Han et al., 2016; S. Zhang et al., 2017). Because of the large
amount of parameters these networks have and the number of stochastic optimization iterations
required to train them to convergence, neural networks are very computationally expensive to train.
In practice, this leads to Graphical Processing Units (GPUs) to be used as hardware accelerators
for all the tensor operations. This leads to a significant energy footprint associated with the
training of neural network models. For instance a Nvidia P100 consumes approximately 250 W
(“Nvidia Tesla P100 DataSheet,” n.d.) during heavy deep learning workloads. Moreover, neural
network models often need to be cross validated against different model and hyperparameter
choices to maximize performance which leads to a combinatorial growth of training runs.

Neural network pruning techniques offer a way of taking a large and accurate pretrained
network and decreasing its complexity whilst maintaining most of its original performance. Most
pruning heuristics can be materialized in reduced training and inference times which reduce the
overall energy consumption. However, because of the lack of standardized evaluation it is unclear
which pruning methods could lead to smaller and more efficient models that retain accuracy.

This work is aligned from United Nations’ Sustainable Development Goals. The Sustainable
Development Goals (SDGs) are a collection of 17 global goals designed to be a “blueprint to
achieve a better and more sustainable future for all”. First, we believe that by enhancing the
way neural network pruning research is carried out, we can enable a more efficient and energy
responsible deployment of these models. Pruned models not only have a smaller instantaneous
energy footprint, but in most cases it takes less time to finetune and to perform inference. Ensuring
efficient and scalable energy consumption is a core part of the Responsible Consumption and
Production goal and we think that there a lot of room for improvement in the energy efficiency in
current neural network models.

Moreover, neural network pruning methods not only produce models that run more efficiently
and with less energy consumption but they also enable the deploymnet of neural networks in
platforms where it wasn’t feasible before. Mobile systems and embedded devices are some
examples of the kind of platforms that require neural network technology to be more energy
efficient to be practical. Thus we believe that by providing a way for scientist and engineers to
better evaluate and compare pruning methods, we can increase the availability and access to these
technologies, a key part of the Industry, Innovation, and Infrastructure goal.
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