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In recent years, strong progress has been made in compressing compute-heavy machine learn-
ing models to enable them to execute in real-time on edge devices. Typically, model com-
pression techniques require retraining a model on the original dataset of interest. This is
problematic if the original dataset is unavailable due to privacy or legal concerns, or if the
model to be compressed was obtained from a third party. We explore the challenges asso-
ciated with compressing a model in three different data-constrained scenarios. In the first
scenario, labels are unavailable. We approach this problem through knowledge distillation,
training a smaller model using predictions made from a larger model on unlabeled data. In
the second scenario, both data and labels are unavailable. We approach this problem by
separately compressing every layer of a pretrained model to obtain a compressed approx-
imation of the original model. Our method is computationally efficient, achieving strong
compression rates while maintaining accuracy. In the third scenario, we explore the problem
of dynamic, real-time compression after model deployment. We demonstrate a training tech-
nique in which we condition a model to achieve high accuracy across a variety of compression
levels, allowing for efficient, real-time model selection along the efficiency-accuracy trade-off
curve after model deployment. We present these works to elucidate the challenges associated
with data-constrained model compression, and to provide solutions for compressing models

in these challenging scenarios.
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GLOSSARY

CONVOLUTIONAL NEURAL NETWORK (CNN): a variety of neural network containing con-
volutional operations, typically used in computer vision.

NETWORK COMPRESSION: any method used to reduce the number of parameters of a
network, or to increase its execution speed. These methods include, but are not limited
to, efficient network design, quantization, and pruning.

NEURAL NETWORK: a function containing learned parameters. The parameters are typ-
ically learned through an iterative training procedure.

NEURAL NETWORK SUBSPACE: a collection of trained neural networks with the property
that their weights can be interpolated to produce another accurate network.

PRUNING: a method of neural network compression which removes unnecessary network
weights.

QUANTIZATION: a method of neural network compression which quantizes floating-point
weights to integral representations for reduced size and increased speed. For example,
compressing 32-bit floating point weights to 8-bit integers.

SPARSITY: see pruning.

TRANSFORMER: a variety of neural network originally developed for natural language
processing and recently adapted for computer vision.
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Chapter 1

INTRODUCTION

In recent years, research focused on machine learning model efficiency has brought models
from cloud computing centers to edge devices [54], 110, 107, 39, [72, [61]. Enabling on-device
execution of machine learning models permits a wide range of applications not possible
through cloud computing alone. For example, consider a smart-home security system capable
of identifying people in or around a home. Analyzing the video feed on-device avoids the
security risk of sending a live video stream of one’s house over the internet [I]. It also saves
a large amount of bandwidth. Furthermore, applications requiring real-time responsiveness
may not be suitable for sending inference samples to the cloud. Virtual reality, augmented
reality, and self-driving vehicles require a more rapid response time than offline tasks like
photo library analysis. Such applications may benefit from avoiding the latency of sending
information to the cloud. Finally, lack of connectivity can prohibit cloud-based inference. As
machine learning capabilities broaden, the importance of algorithms supporting on-device

machine learning increases.

When studying methods for compressing machine learning models, two limiting assump-
tions are made. First, researchers usually assume that the dataset of interest is available.
In many circumstances, this is not the case. For instance, privacy or legal concerns may
limit the ability to distribute datasets. Additionally, it is not uncommon for datasets to
be retracted after being published [2]. In these cases, a pretrained model may already be
available, but if it requires too much compute, a compressed version may be desired.

The second limiting assumption is that a device has a fixed amount of available resources.
Usually networks with increased accuracy require increased compute. When deploying a

model to a device, a natural question arises: how much compute is the user willing to spend



on network inference? This question rarely has a straightforward answer. The available
resources on a device are always changing. A user may wish to devote less compute to a
neural network if his or her device is low on battery. The resulting sacrifice in accuracy may
be acceptable it if it avoids draining too much battery. Many network architectures contain a
“width factor” parameter that controls the trade-off between efficiency and accuracy [54. 130,
115]. Deploying a suite of such models to enable an efficiency-accuracy trade-off will incur a
relatively large parameter overhead, which can be problematic for edge devices. Moreover,
switching between models may be relatively time-consuming if the extra model weights
cannot be held in memory. Finally, this method requires separate training runs for every
efficiency-accuracy configuration, as well as knowledge of all run-time configurations before
deployment. This inflexibility prohibits models from adapting with maximum efficiency.
Consider the case of a large number of models working together to support an intelligent
application. If only a few efficiency-accuracy configurations are deployed for each model,
it’s not possible to slightly reduce the compute of all models simultaneously. Instead, a few

models will be greatly compressed, which could destabilize the intelligent application.

We develop methods for compressing models to enable real-world applications in data-
constrained scenarios. We present three works in detail to achieve this. In the first, Label
Refinery (Chapter , we examine model compression when data is present, but labels are
missing. In the second, Layer-Wise Data-Free CNN Compression (Chapter , we examine
model compression when data and labels are both missing. Finally, in Learning Compressible
Subspaces (Chapter , we examine model compression when we need to efficiently compress

to arbitrary compression levels after model deployment.

In Label Refinery, we explore the scenario in which data is present, but labels are missing.
This situation arises when the original dataset is unavailable due to legal or privacy issues,
but unlabeled replacement data is available. This scenario assumes that labels are difficult
or expensive to obtain (e.g. if samples require expert annotation, or detailed manual labor).
In this scenario, obtaining a compressed model requires using a pretrained model capable

of labeling existing data-points. This setup is typically referred to as Knowledge Distilla-



tion [50], in which a “teacher” model distills learned information into a “student” model.
Typically, the teacher is a larger network and the student is the same network or a smaller
network. Training the student to match the teacher’s outputs gives superior accuracy to
training the student on the original labels. Common intuition is that the teacher can help
the student model label noise more effectively, resulting in a more accurate student model.
We show that this pattern extends beyond the typical case of a single round of supervision.
We train several student models in succession, using each student as the teacher for the next
student model. Interestingly, this repetition provides increased model accuracy. We analyze
the generalization behavior of such sequentially-trained models. We find that repeating this
process results in accuracy saturation after roughly 5 rounds of training. We also demon-
strate that knowledge distillation can provide significant accuracy increases for compressed
models on ImageNet, compared to the same model architecture trained on labeled data. For
example, we improve the accuracy of MobileNet0.25 from 50.65% to 55.59% by training with
our distillation method.

In Layer-Wise Data-Free CNN Compression, we examine model compression when both
data and labels are missing. This scenario arises if legal or privacy issues prevent the original
dataset from being distributed, or if a third party trains a model that needs to be compressed.
One common approach to this problem is to generate data using a Generative Adversarial
Network (GAN) [34], 152), 18], but this approach has the drawback that GANs are generally
difficult to train in a stable manner. In a truly data-free scenario, no validation set is
available, which makes it difficult to know whether the GAN has diverged. Furthermore,

parameter settings for a GAN may not generalize to different datasets or models.

We take a simpler approach that involves compressing each layer of the network sepa-
rately. We model the inputs and outputs to the network using randomly-generated Gaussian
data that matches the network’s BatchNorm [58] statistics. By minimizing the per-layer error
during compression, we obtain a compressed network that preserves accuracy. Furthermore,
our method is orders of magnitude more efficient than GAN-based methods. When pruning,

we outperform baselines of a similar compute envelope, achieving 1.5 times the sparsity rate



at the same accuracy. We also show how to combine our efficient method with high-compute
generative methods to improve upon their results.

Finally, in Learning Compressible Subspaces, we explore methods for post-training com-
pression after model deployment. In this scenario, our goal is to compress a model to arbitrary
compression levels after deployment. As discussed previously, deploying multiple models to
allow for an efficiency-accuracy trade-off is costly in terms of device storage. Providing only
a few efficiency-accuracy configurations has the additional drawback of preventing a large
number of models from reducing their accuracy slightly in order to save compute. Instead,
a few models must incur a larger loss of accuracy.

To address this, we demonstrate a method for model compression to arbitrary compression
levels. Our method conditions a set of weights to achieve high accuracy when uncompressed,
and maintain accuracy when varying levels of compression are applied. Our method is
efficient (in that it requires no extra parameters), adaptive (in that the compression level
can be chosen after deployment), and real-time (in that the compression level can be changed
in less than the cost of a forward pass). We allow for operation at any compression level in
a wide range (e.g. 0% to 90% for structured sparsity with ResNet18 [45] on ImageNet [22]).
We achieve accuracies comparable with trained models trained for the given compression
level.

In the chapters that follow, we discuss our methods and results in detail. Additional
results are provided in the Appendix. We hope this work will encourage further research and

exploration into the area of model compression in data-constrained environments.



Chapter 2
LABEL REFINERY

Among the three main components (data, labels, and models) of any supervised learning
system, data and models have been the main subjects of active research. However, study-
ing labels and their properties has received very little attention. Current principles and
paradigms of labeling impose several challenges to machine learning algorithms. Labels are
often incomplete, ambiguous, and redundant. In this paper we study the effects of various
properties of labels and introduce the Label Refinery: an iterative procedure that updates
the ground truth labels after examining the entire dataset. We show significant gain using
refined labels across a wide range of models. Using a Label Refinery improves the state-of-
the-art top-1 accuracy of (1) AlexNet from 59.3 to 67.2, (2) MobileNet! from 70.6 to 73.39,
(3) MobileNet®?® from 50.6 to 55.59, (4) VGG19 from 72.7 to 75.46, and (5) Darknet19 from
72.9 to 74.47.

2.1 Introduction

There are three main components in the pipeline of a typical supervised learning system:
the data, the model, and the labels. Sources of data have expanded drastically in past several
years. We have observed the impact of large-scale datasets for several visual tasks. A variety
of data augmentation methods [136] 138 150} 120] have effectively expanded these datasets
and improved the performance of learning systems. Models have also been extensively studied
in the literature. Recognition systems have shown improvements by increasing the depth of
the architectures [40], [121], introducing new activation and normalization layers [58] [69],
and developing optimization techniques and loss functions [64], [148]. In contrast to the

improvements in data and models, little effort has focused on improving labels.

'WORK COMPLETED AT XNOR.ALI
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Figure 2.1: Current labeling principles impose challenges for machine learning models. We introduce the
Label Refinery, an iterative procedure to update ground truth labels using a visual model trained on the
entire dataset. The Label Refinery produces soft, multi-category, dynamically-generated labels consistent
with the visual signal. The training image shown is labelled with the single category “burrito”. After a few
iterations of label refining, the labels from which the final model is trained are informative, unambiguous, and
smooth. This results in major improvements in the model accuracy during successive stages of refinement as
well as improved model generalization. These plots show that as models proceed through successive stages

of refinement, the gaps between train and test results and approach ideal generalization.

Current labeling practices impose specific challenges on our learning algorithms. 1) In-
completeness: A natural image of a particular category will contain other object categories
as well. For example, Figure [2.2(a)| shows an image from ImageNet that is labeled “cat” but
the image contains a “ball” as well. This problem is rooted in the nature of how researchers
define and collect labels, and is not unique to a specific dataset. 2) Taxonomy Depen-
dency: Categories that are far from each other in the taxonomy structure can be visually
similar (Figure [2.3)). 3) Inconsistency: To prevent overfitting, various loss functions and
regularization techniques have been introduced into the training process. Data augmenta-
tion [I36] is one of the most effective methods employed to prevent neural networks from

memorizing the training data. Most modern state-of-the-art architectures for image classifi-



Figure 2.2: Figure [2.2(a)| shows a sample image from the “persian cat” category of ImageNet’s

training set. The standard technique to train modern state-of-the-art architectures is to crop
patches as small as 8% area of the original image, and label them with the original image’s label.
This will often result in inaccurate labels for the augmented data. Figure shows a sample
crop of the original image where the “persian cat” is no longer in the crop. A trained ResNet-50
labels Figure by “persian cat”, and labels Figure by “golf ball”. We claim that using a
model to generate labels for the patches results in more accurate labels and therefore more accurate

models.

cation are trained with crop-level data augmentation, in which crops of the image used for
training can be as small as 8% of the area of the original image [46]. For many categories,
such small crops will frequently result in patches in which the object of interest is no longer
visible (Figure , resulting in an inconsistency with the original label.

To address the aforementioned shortcomings, we argue that several characteristics should
apply to ideal labels. Labels should be soft to provide more coverage for co-occurring and
visually-related objects. Traditional one-hot vector labels introduce challenges in the model-
ing stage. Labels should be informative of the specific image, meaning that they should not
be identical for all the images in a given class. For example, an image of a “dog” that has
similar appearance to a “cat” should have a different label than an image of a “dog” that
has similar appearance to a “fox”. This also suggest that labels should be defined at the
instance-level rather than the category-level. Determining the best label for each instance
may require observing the entire dataset to establish intra- and inter-category relations,

suggesting that labels should be collective across the whole dataset. Labels should also be



consistent with the image content when crops are taken. Therefore, labels should be dynamic

in the sense that the label for a crop should depend on the content of the crop.

(a) (b)

Figure 2.3: Sample training examples from “dough” and “butternut squash” categories of Ima-

geNet. While the two sample images are visually distinctive, their random crops are quiet similar.
A trained ResNet-50 labels both cropped patches softly over categories of “dough”, “butternut
squash”, “burrito”, “french loaf’, and “spaghetti squash”. We claim that labelling the crops softly
by a trained model makes the training of the same model more stable, and therefore results in more

accurate models.

In this paper we introduce Label Refinery, a solution that uses a neural network model and
the data to modify crop labels during training. Refining the labels while training enables us
to generate soft, informative, collective, and dynamic labels. Figure depicts an example
of a label refinery. As models progress through the stages of the refinery, labels are updated
using the previous models. This results in major improvements in model accuracy and
generalization. The output of the label refinery is a set of labels from which one can learn
a model. The model trained from the produced labels are much more accurate and more
robust to over-fitting.

Our experiments show that Label Refining consistently improves the accuracy of image
classification networks by a large margin across a variety of popular network architectures.
Our improvements in Top-1 accuracy on the ImageNet validation set include: AlexNet from
59.3% to 67.2%, VGG19 from 72.7% to 75.46%, ResNet18 from 69.57% to 72.52%, ResNet50
from 75.7% to 76.5%, DarkNet19 from 72.9% to 74.47%, MobileNetg o5 from 50.65% to
55.59%, and MobileNet; from 70.6% to 73.39%. Collective and dynamic labels enable stan-



dard models to generalize better, resulting in significant improvements in image classification.
Figure Plots the train versus test accuracies as models go through the label refinery pro-
cedure. The gap between train and test accuracies is getting smaller and closer to an ideal
generalization.

We further demonstrate that a trained model can serve as a Label Refinery for another
model of the same architecture. For example, we iterate through several successions of
training a new AlexNet model by using the previously trained AlexNet model as a Label
Refinery. Our results show major improvements (from 59.3% to 61.2%) on using AlexNet
to refine labels for another AlexNet. Note that the final AlexNet has not seen the actual
ground-truth labels in the past few stages. The final AlexNet models demonstrate greatly
reduced overfitting compared to the original models (Figure and Figure . We
also experiment with using a model of one architecture as a Label Refinery for a model
of another architecture. Further, we have also shown that adversarially modifying image
examples improves the accuracy when using label refinery.

Our contributions include: (1) introducing the Label Refinery for crop-level label aug-
mentation, (2) improving state-of-the-art accuracy on ImageNet for a variety of existing
architectures, (3) demonstrating the ability of a network to improve accuracy by training
from labels generated by another network of the same architecture, and (4) generating ad-

versarial examples to improve the performance of the Label Refinery method.
2.2 Related Work

Label Smoothing and Regularization: Softening labels has been used to improve gen-
eralization. [128] uniformly redistributes 10% of the weight from the ground-truth label to
other classes to help regularize during training. DisturbLabel [148] replaces some of the
labels in a training batch with random labels. This helps regularize training by preventing
overfitting to ground-truth labels. [112] augments noisy labels using other models to im-
prove label consistency. [93] introduces a notion of local distributional smoothness in model

outputs based on the smoothness of the model’s outputs when inputs are perturbed. The
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smoothness criterion is enforced with the purpose of regularizing models. The work of [100]
explores penalizing networks by regularizing the entropy of the model outputs. Unlike our
method, these approaches can not address the inconsistency of the labels.

Incorporating Taxonomy: Several methods have explored using taxonomy to improve
label and model quality. [77] uses cross-category relationships from knowledge graphs to mit-
igate the issues caused by noisy labels. [144] designs a hierarchical loss to reduce the penalty
for predictions that are close in taxonomy to the ground-truth. [143] investigates learning
multi-label classification with missing labels. They incorporate instance-level information as
well as semantic hierarchies in their solution. Incorporating taxonomic information directly
into the model’s architecture is explored in [I5]. [87] uses the output of existing binary
classifiers to address the problem of training models on single-label examples that contain
multiple training categories. These methods fail to address the incompleteness of the labels.
Instead of directly using taxonomy, our model collectively infer the visual relations between
categories to impose these knowledge into the training while capturing a complete description
of the image.

Data Augmentation: To preserve generalization, several data augmentations such as
cropping, rotating, and flipping input images have been applied in training models [69] 121,
40, [126]. [138] proposes data warping and synthetic over-sampling to generate additional
training data. [I36] and [120] explore using GANs to generate training examples. Most
of such augmentation techniques further confuse the model with inconsistent labels. For
example, a random crop of an image might not contain the main object the that image We
propose augmenting the labels alongside with the data by refining them during training when
augmenting the data.

Teacher-Student Training: Using another network or an ensemble of multiple net-
works as a teacher model to train a student model has been explored in [13}, 5l [75], 118, 49, [114].
[5] explores training a shallow student network from a deeper teacher network. A teacher
model is used in [114], 118] to train a compressed student network. Most similar to our work

is [49], where they introduce distillation loss for training a model from an ensemble of its



own. We show that Label Refinery must be done at the crop level, it benefits from being
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performed iteratively, and models benefit by learning off of the labels generated by the exact

same model.

Model Top-1 | Top-5 Model Top-1 | Top-5
AlexNet | 57.93 | 79.41 ResNet50 75.7 92.81
AlexNet? | 59.97 | 81.44 ResNet50%? | 76.5 | 93.12
AlexNet® | 60.87 | 82.13
AlexNet? | 61.22 | 82.56
AlexNet® | 61.37 | 82.56
Model Top-1 | Top-5 Model | Top-1 | Top-5
MobileNet | 68.51 | 88.13 VGG16 70.1 88.54
MobileNet? | 69.52 | 88.7 VGG16% | 71.85 | 90.07
VGG163 | 72.49 | 90.76
Model | Top-1 | Top-5 Model Top-1 | Top-5
VGG19 | 71.39 | 89.44 Darknet19 70.6 89.13
VGG19? | 72.66 | 90.75 Darknet19% | 72.74 | 90.73
VGG193 | 73.32 | 91.30 Darknet193 | 73.01 | 90.92

Table 2.1: Self-Refining results on the ImageNet 2012 validation set. Each model is trained using
labels refined by the model right above it. That is, AlexNet? is trained by the labels refined by
AlexNet?, and AlexNet? is trained by the labels refined by AlexNet. The first row models are

trained using the image level ground-truth labels.

2.3 Label Refinery

Previous works have shown that data augmentation using cropping significantly improves

the performance of classification models [69, 127]. Given a dataset D = {(X;,Y;)}, we
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can formalize data augmentation by defining a new dataset D = {(f(X;),Y;)}, where f is
a stochastic function that generates crops on-the-fly for the image X;. The image labels
assigned to the augmented crops are often not accurate (Figure and Figure . We
address this problem by passing the dataset through multiple Label Refiners. The first
Label Refinery network Cjp, is trained over the dataset D with the inaccurate crop labels.
The second Label Refinery network Cp, is trained over the same set of images, but uses
labels generated by Cp,. More formally, we can view this procedure as training Cp, on a new
augmented dataset Dy = {(f(X;), Cy, (f(X;)))}. Once Cy, is trained, we can similarly use it
to train a subsequent network Cj,.

We train the first Label Refinery network Cy, using the cross-entropy loss against the
image-level ground-truth labels. We train all subsequent Label Refinery models Cy, for ¢t > 1
by minimizing the KL-divergence between its output and the soft label generated by the
previous Label Refinery Cy, ,. Letting pl(z) £ Cy,(2)[c] be the probability assigned to class

c in the output of model Cy, on some crop z, our loss function for training model Cy, is:

PL(f (X))
=2 m () log ()
= —Zp )) log ph(f(Xi))
+ Zp N log piH (f(X5)) (2.1)

The second term is the entropy of the soft labels, and is constant with respect to Cy,. We

can remove it and instead minimize the cross entropy loss:

i = = 3oH XD o7 (X0) (2:2)

Note that training Cy, using cross entropy loss can be viewed as a special case of our sequen-
tial training method using KL-divergence in which Cy, is trained from the original image-level

labels. It’s worth emphasizing that the subsequent models do not see the original ground
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truth labels Y;. The information in the original labels is propagated by the sequence of Label
Refinery networks.

If any of the Label Refinery networks have Batch Normalization [58], we put them in
training mode even at the label generation step. That is, their effective mean and standard
deviation to be computed from the current training batch as opposed to the saved running
mean and running variance. We have observed that this results in more accurate labels and,
therefore, more accurate models. We believe that this is due to the fact that the Label
Refinery has been trained with the Batch Normalization layers in the training mode. Hence
it produces more accurate labels for the training set if it’s in the same mode.

It is possible to use the same network architecture for some (or all) of the Label Refinery
networks in the sequence. We have empirically observed that the dataset labels improve
iteratively even when the same network architecture is used multiple times (Section. This
is because the same Label Refinery network trained on the new refined dataset becomes more
accurate that its previous versions over each pass. Thus, subsequent networks are trained
with more accurate labels.

The accuracy of a trained model heavily depends on the consistency of the labels provided
to it during training. Unfortunately, assessing the quality of crop labels quantitatively is not
possible because there crop level labels are not provided. Asking human annotators to
evaluate individual crops is infeasible both due to the number of possible crops and due to
the difficulty of evaluating soft labels to a large number of categories for a crop in which
there may not be a single main object. We can use a network’s validation set accuracy as
a measure of its ability to produce correct labels for crops. Intuitively, this measurement
serves as an indication of the quality of a Label Refinery network. However, we observe
that models with higher validation accuracy do not always produce better crop labels if the
model with higher validation accuracy is severely overfit to the training set. Intuitively, this
is because the model will reproduce the ground-truth image labels for training set images.
We explore this more in Section [2.4.1

One popular way to augment ImageNet data is to crop patches as small as 8% of the area



Paper Number Our Impl. Label Refinery
Model

Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
AlexNet [69] 59.3 81.8 57.93 | 79.41 | 66.28" | 86.13"
MobileNet, [56] 70.6 N/A 68.53 | 88.14 | 73.39 | 91.07
MobileNet0.75 [56] 68.4 N/A 65.93 | 86.28 | 70.92 | 89.68
MobileNet0.5 [56] 63.7 N/A 63.03 | 84.55 | 66.66" | 87.07"
MobileNet0.25 [56] 50.6 N/A 50.65 74.42 | 54.62" | 77.927
ResNet-50 [46] N/A N/A 75.7 92.81 76.5 | 93.12
ResNet-34 [46] N/A N/A 73.39 | 91.32 | 75.06 | 92.35
ResNet-18 [46] N/A N/A 69.7 89.26 | 72.52 | 90.73
ResNetXnor-50 [I08] | N/A N/A 63.1 83.61 | 70.34 | 89.18
VGG16 [121] 73 91.2 70.1 88.54 75 92.22
VGG19 [121] 72.7 91 71.39 | 89.44 | 7546 | 92.52
Darknet19 [I11] 72.9 91.2 70.6 89.13 | 74.47 | 91.94

14

Table 2.2: Using refined labels improves the accuracy of a variety of network architectures to new

state-of-the-art accuracies. The Label Refinery used in these experiments is a ResNet-50 model

trained with weight decay.

T These models can be further improved by training with adversarial inputs (Table .

of the image [127]. In the presence of such aggressive data augmentation, the original image

label is often very inaccurate for the given crop. Whereas traditional methods only augment

the image input data through cropping, we additionally augment the labels using Label

Refinery networks to produce labels for the crops. Smaller networks such as MobileNet [50]

usually aren’t trained with such small crops. Yet, we observe that such networks can benefit

from small crops if a Label Refinery is used. This demonstrates that a primary cause in

accuracy degradation of such networks is inaccurate labels on small crops.
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2.3.1 Adversarial Jittering

Using a Label Refinery network allows us to generate labels for any set of images. Our
training dataset D, = {(f(X;),Cs,(f(X:)))} depends only on the input images X;, and
labels are generated on-the-fly by the Refinery network Cp,. This means that we are no
longer limited to using images in the training set D. We could use another unlabeled image
dataset as a source of X;. We could even use synthetic images. We experiment with using the
Label Refinery in conjunction with the network being trained in order to generate adversarial
examples on which the two networks disagree.

Let Cy,_, and Cy, be two of the networks in a sequence of Label Refinery networks.
Given a crop f(X;), we define a(f(X;)) to be a modification of f(X;) for which Cy, , and
Cy, output different probability distributions. Following the practice of [I03] for generating

adversarial examples, we define a; as

oL
a(X) =X + ”a_); (2.3)

, where L, is the KL-divergence loss defined in Equation [2.1] This update performs one step
of gradient ascent in the direction of increasing the KL-divergance loss. In other words, the
input is modified to exacerbate the discrepancy between the output probability distributions.
In order to prevent the model being trained from becoming confused by the unnatural inputs

ay(f(X;)), we batch the adversarial examples with their corresponding natural crops f(X;).

GT Labels Label Refinery Adversarial
Model
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
AlexNet 57.93 79.41 66.28 86.13 67.2 86.92

MobileNet0.5 63.03 84.55 66.66 87.07 67.33 87.4

MobileNet0.25 50.65 74.42 54.62 77.92 55.59 78.58

Table 2.3: Smaller models are further improved by training over adversarial inputs. The Adversarial

Label Refinery is ResNet-50.
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2.4 Experiments

We evaluate the effect of label refining for a variety of network architectures on the standard
ImageNet, ILSRVC2012 [23] classification challenge. We first explore the effect of label
refining when the Label Refinery network architecture is identical to the architecture of the
network being trained. We then evaluate the effect of label refining when the Label Refinery
uses a more accurate network architecture. Finally, we present some ablation studies and
analysis to investigate the source of the improvements. Note that all experiments are done

with a single model over a single validation crop.

Implementation Details: All models are trained using PyTorch [104] on 4 GPUs for
200 epochs to ensure convergence. The learning rate is constant for the first 140 epochs.
It is divided by 10 after epoch 140 and again divided by 10 after epoch 170. We use an
initial learning rate of 0.01 to train AlexNet and an initial learning rate of 0.1 for all other
networks. We use image cropping and horizontal flipping to augment the training set. When
cropping, we follow the data augmentation practice of [127] in which the crop areas are
chosen uniformly from 8% to 100% of the area of the image. We use a batch size of 256 for
all models except the MobileNet variations, for which we use batch size of 512. Except for
adversarial inputs experiments, we train models from refined labels starting from a random

initialization. Our source code is available at http://github.com/hessamb/label-refinery.

Self-Refinement: We first explore using a Label Refinery to train another network
with the same architecture. Table [2.1] shows the results for self-refinement on various ar-
chitectures. Each row represents a randomly-initialized instance of the network architecture
trained with labels refined by the model directly one row above it in the table. All six network
architectures improve their accuracy through self-refinement. For AlexNet the self-refining
process must be repeated 4 times before convergence, whereas MobileNet and ResNet-50
converge much faster. We argue that this is because AlexNet is more overfit to the training
set. Therefore, it takes more training iterations to forget the information that it has memo-

rized from training examples. One might argue that the accuracy improvements are due to
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Model Top-1 Top-5
AlexNet — no refinery 57.93 79.41
AlexNet — soft static refinery 63.55 84.16

AlexNet — hard dynamic refinery 64.41 84.53

AlexNet — soft dynamic refinery 66.28 86.13

Table 2.4: AlexNet benefits from both soft labeling and dynamic labeling. When combined the
improvement is increased over both, suggesting that they capture different aspects of label errors.

Label Refinery is ResNet-50.

the extended training time of models. However, we experimented with training models for
an equal number of total epochs and the model accuracies did not improve further. This is
discussed further in Section 2.4.1]

Cross-Architecture Refinement: The architecture of a Label Refinery network can be
different from that of the trained network. A high-quality Label Refinery should not overfit on
training data even if its validation accuracy is high. In other words, under the same validation
accuracy, a network with lower training accuracy is a better Label Refinery. Intuitively,
this property allows the refinery to generate high-quality crop labels that are reflective of
the true content of the crops. This property prevents the refinery from simply predicting
the training labels. We observe that a ResNet-50 model trained to 75.7% top-1 validation
accuracy on ImageNet can serve as a high-quality refinery. Table shows that a variety
of network architectures benefit significantly from training with refined labels. All network
architectures that we tried using Label Refineries gained significant accuracy improvement
over their previous state-of-the-art. AlexNet and ResNetXnor-5( achieve more than a 7
point improvement in top-1 accuracy. Efficient and compact models such as MobileNet
benefit significantly from cross-architecture refinement. VGG networks have a very high

capacity and they overfit to the training set more than the other networks. Providing more

2ResNetXnor-50 is the XNOR-net [T108] version of ResNet-50 in which layers are binary.
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Figure 2.4: Per category train and test accuracy. For each model, labels were sorted according to
training set accuracies and divided into bins. each point in the plot shows the average validation
set accuracy and the associated standard deviation for each bin. These figures show that training

with a refinery results in models with less overfitting.

accurate training set labels helps them to fit to more accurate signals and perform better at
validation time. Darknet19, the backbone architecture of YOLOv2 [111], improves almost 4
points when trained with refined labels.

Adversarial Inputs: As discussed in Section [2.3.1] we can adversarially augment our
training set with patches on which the refinery network and the trained model disagree. We
used a gradient step of n = 1, as defined in Equation to augment the dataset. We batch
each adversarially modified crop with the original crop during training. This helps to ensure
the trained model does not drift too far from natural images. We observe in Table that

smaller models further improve beyond the improvements from using a Label Refinery alone.

2.4.1 Analysis

We explore the characteristics of models trained using a Label Refinery. We first explore how
much of the improvement comes from the dynamic labeling of the image crops and how much

of it comes from softening the target labels. We then explore the overfitting characteristics
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Model Top-1 | Top-5

AlexNet — vanilla 57.93 79.41

AlexNet — taxonomy refined categories | 56.73 77.69

AlexNet — visually refined categories 58.54 | 80.77

AlexNet — visually refined images 62.69 | 83.46

Table 2.5: Comparing refining labels at category level vs. image level. Note that “AlexNet — visually
refined images” is trained over image level refined labels as opposed to crop level. For fairness, we
fixed the batch normalization layers of label refinery (which harms the quality of label refinery) in

all visually refined labels experiments. Label Refinery is ResNet-50.

of models trained with a Label Refinery. Finally, we explore using various loss functions
to train models against the refined labels. Most of the analyses are performed on AlexNet

architecture because it trains relatively fast (~ 1 day) on the ImageNet dataset.

Dynamic Labels vs. Soft Labels: The benefits of using a label refinery are twofold:
(1) Each crop is dynamically re-labeled with more accurate labels for the crop (Figure ,
and (2) images are softly labeled according to the distribution of visually similar objects
in the crop (Figure . We find that both aspects of the refinement process improve
performance. To assess the improvement from dynamic labeling alone, we perform label
refinement with hard dynamic labels. Specifically, we assign a one-hot label to each crop
by passing the crop to the Label Refinery and choosing the most-likely category from the
output. To observe the improvement from soft labeling alone, we perform label refinement
with soft static labels. To compute these labels for a given crop, we pass a center crop of
the original image to the refiner rather than using the training crop. We compare the results
for soft static labels and hard dynamic labels in Table 2.4 Both dynamic labeling and soft
labeling significantly improve the accuracy of AlexNet. When they are combined we observe

an additional improvement, suggesting that they address different issues with labels in the
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Figure 2.5: The train and validation accuracy distribution of AlexNet models trained sequentially.

AlexNet is trained off of the ground-truth labels, and the successive models AlexNet?! 1 are trained

off of the labels generated by AlexNet’.

Refinery AlexNet
Model
Top- | Top- | Top- | Top-
1 5 1 5
AlexNet — vanilla N/A N/A | 57.93 | 79.41
AlexNet — VGG16 refinery 70.1 | 88.54 | 60.78 | 81.80
AlexNet — MobileNet refinery | 68.53 | 88.14 | 65.22 | 85.69
AlexNet — ResNet-50 refinery | 75.7 | 92.81 | 66.28 | 86.13

Table 2.6: Different architecture choices for the refinery network.

dataset.

Category Level Refining vs. Image Level Refining: Labels can be refined at the

category level. That is, all images in a class can be assigned a unique soft label that models

intra-category similarities. At the category level, labels can be refined either by visual cues

(based on the visual similarity between the categories) or by semantic relations (based on the

taxonomic relationship between the categories). Since ImageNet categories are drawn from

WordNet, we can use taxonomy-based distances to refine the labels. We experiment with

using the Wu-Palmer similarity [147] of the WordNet [91] categories to refine the category
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Model Top-1 | Top-5
AlexNet — vanilla 57.93 | 79.41
AlexNet — 1 loss 63.16 | 85.56

AlexNet — KL from output to label | 65.36 | 85.41

AlexNet — KL from label to output | 66.28 | 86.13

Table 2.7: Different loss function choices. Label Refinery is ResNet-50.
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Figure 2.6: The train and validation accuracies for AlexNet, ResNet, and AlexNet trained off of
labels generate by ResNet50. AlexNetFromResNet50 has a train accuracy profile that more closely
resembles ResNet50 than AlexNet.

labels. Table compares refining labels at the category level with refining at the image
level. We observe larger improvements when the labels are refined at the image level. Our
experiment shows that taxonomy-based refinement does not improve training. We believe
this is because WordNet similarities do not correlate well with visual similarities in the image
space. Refining category labels based off of their WordNet distance can confuse the target

model.

Model Generalization: Figure [2.4(a)| and [2.4(b)| show the per-category train and val-

idation accuracies of ImageNet categories for models trained with a Label Refinery. Each
point in the plot shows the average and standard deviation of the accuracies for a set of

categories. Figure [2.4(a)| shows the accuracies of a sequence of AlexNet models (in different
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colors). AlexNet trained using the ground-truth labels has much higher train accuracy. Suc-
cessive models demonstrate less overfitting as shown by the decrease in the ratio between
train accuracy and validation accuracy. Figure shows the per-category accuracies of
AlexNet and ResNet-50, as well as an AlexNet model trained with a ResNet50 Label Refin-
ery. ResNet-50 trained with weight decay generalizes better compared to AlexNet, which has
two fully connected layers. Intuitively, the generalization of ResNet-50 enables it to generate
accurate per-crop labels for the training set. Thus, training AlexNet with a ResNet-50 Label
Refinery allows AlexNet to perform well on the test set without overfiting to the original
ground-truth labels.

Figure [2.5] shows the training set and validation set accuracies of a sequence of AlexNet
models trained with a Label Refinery. The AlexNet trained with ground-truth labels achieves
~ 86% training accuracy for the majority of classes, but achieves much lower validation set
accuracies. By contrast, AlexNet® has a training accuracy profile more closely resembling
its validation accuracy profile. Figure shows a similar phenomena training AlexNet with
a ResNet-50 refinery. It’s interesting to note that the training and validation profiles of
AlexNet trained with a ResNet50 Label Refinery more closely resemble the refinery than the
original AlexNet.

Choice of Label Refinery Network: A good Label Refinery network should generate
accurate labels for the training set crops. A Label Refinery’s validation accuracy is an
informative signal of its quality. However, if the Label Refinery network is heavily overfitted
on the training set, it will not be helpful during training because it will produce the same
ground-truth label for all image crops. Table compares different architecture choices for
refinery network. VGG16 is a worse choice of Label Refinery than MobileNet, even though
VGG16 is more accurate. This is because VGG16 severely overfits to the training set and
therefore produces labels too similar to the ground-truth.

Choice of Loss Function: We can use a variety of loss functions to train our target
networks to match the soft labels. The KL-divergence loss function that we use is a gener-

alization of the standard cross-entropy classification loss. Note that KL-divergence is not a
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symmetric function (i.e. Dgr(P||Q) # Dkr(Q||P)). Table shows the model accuracy if

other standard loss functions are used.

2.5 Conclusion

In this paper we address shortcomings commonly found in the labels of supervised learning
pipelines. We introduce a solution to refine the labels during training in order to improve the
generalization and the accuracy of learning models. The proposed Label Refinery allows us
to dynamically label augmented training crops with soft targets. Using a Label Refinery, we
achieve a significant gain in the classification accuracy across a wide range of network archi-
tectures. Our experimental evaluation shows improvement in the state-of-the-art accuracy

for popular architectures including AlexNet, VGG, ResNet, MobileNet, and XNOR-Net.
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Chapter 3
LAYER-WISE DATA-FREE CNN COMPRESSION

We present a computationally efficient method for compressing a trained neural network
without using real data. We break the problem of data-free network compression into in-
dependent layer-wise compressions. We show how to efficiently generate layer-wise training
data using only a pretrained network. We use this data to perform independent layer-wise
compressions on the pretrained network. We also show how to precondition the network to
improve the accuracy of our layer-wise compression method. We present results for layer-wise
compression using quantization and pruning. When quantizing, we compress with higher ac-
curacy than related works while using orders of magnitude less compute. When compressing
MobileNetV2 and evaluating on ImageNet, our method outperforms existing methods for
quantization at all bit-widths, achieving a +0.34% improvement in 8-bit quantization, and a
stronger improvement at lower bit-widths (up to a +28.50% improvement at 5 bits). When
pruning, we outperform baselines of a similar compute envelope, achieving 1.5 times the
sparsity rate at the same accuracy. We also show how to combine our efficient method with

high-compute generative methods to improve upon their results.
3.1 Introduction

The increasing popularity of Convolutional Neural Networks (CNNs) for visual recognition
has driven the development of efficient networks capable of running on low-compute devices
[54, 110}, 107]. Domains such as smart-home security, factory automation, and mobile ap-
plications often require efficient networks capable of running on edge devices rather than

running on expensive, high-latency cloud infrastructure. Quantization [61) [107] and pruning

'WORK COMPLETED AT APPLE INC.
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[72, 139, 139, [30] are two of the main areas of active research focused on compressing CNNs
for improved execution time and reduced memory usage.

Most methods for CNN compression require retraining on the original training set. Ap-
plying post-training quantization usually results in poor network accuracy [61] unless special
care is taken in adjusting network weights [98]. Low-bit quantization provides additional
challenges when data is not available. Popular methods for compressing through sparsity
[72, 139, 39], 30] also require training on the original data. However, many real-world sce-
narios require compression of an existing model but prohibit access to the original dataset.
For example, data may be legally sensitive or may have privacy restrictions [92]. Addition-
ally, data may not be available if a model which has already been deployed needs to be
compressed.

As CNNs move from cloud computing centers to edge devices, the need for efficient al-
gorithms for compression has also arisen. The increasing popularity of federated learning
[88] has emphasized the importance of efficient on-device machine learning algorithms. Ad-
ditionally, models deployed to edge devices may need to be compressed on-the-fly to support
certain use cases. For example, models running on edge devices in areas of low connectivity
may need to compress themselves when battery power is low. Such edge devices usually do
not have enough storage to hold a variety of models with different performance profiles [17].
To enable these use cases requires efficient data-free network compression.

We propose a simple and efficient method for data-free network compression. Our method
is a layer-wise optimization based on the teacher-student paradigm [50]. A pretrained model
is used as a “teacher” that will help train a compressed “student” model. During our layer-
wise optimization, we generate data to approximate the input to a layer of the teacher
network. We use this data to optimize the corresponding layer in the compressed student
network. Figure [3.1] illustrates an overview of our method.

Our contributions are as follows. (1) We demonstrate that network compression can be
broken into a series of layer-wise compression problems. (2) We develop a generic, com-

putationally efficient algorithm for compressing a network using generated data. (3) We
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demonstrate the efficacy of our algorithm when compressing with quantization and pruning.

(4) We achieve higher accuracy in our compressed models than related works.
3.2 Related Work

Pruning and Quantization:

Quantization involves reducing the numerical precision of weights and /or activations from
32-bit floating point to a lower-bit integral representation [67) [38], 80) [32], [76], 145] 11l 61,
67, 151 107, 19, 27, [86] to reduce size and improve execution time. The most commonly
used quantization scheme is affine quantization, described in [61, 67]. Pruning involves the
deletion of weights from a neural network to reduce size, and to improve execution time if
specialized hardware is available. Many formulations exist [30, [74], 43, 25| 21, [78]. See [72]
for a comprehensive overview.

Data-Light and Data-Free Compression: A few recent works have explored meth-
ods for quantizing a model using little data (“data-light” methods) or no data (“data-free”
methods). In the data-light method AdaRound [96], the authors devise a method for opti-
mizing the rounding choices made when quantizing a weight matrix. In the data-free method
Data-Free Quantization [98], the authors manipulate network weights and biases to reduce
the post-training quantization error. Other equalization formulations have been explored
[89].

A few works have explored data-light and data-free pruning. In the data-light method
PFA [124], activation correlations are used to prune filters. An iterative data-free pruning
method is presented in [123], though they only prune fully-connected layers. Overparame-
terized networks are explored in [2I] and [43]. Layer-wise approaches are explored in [28], 135].

Generative Methods for Data-Free Compression: Given a trained model, it’s
possible to create synthetic images that match characteristics of the training set’s statistics.
These images can be used to retrain a more efficient model. These methods are usually
computationally expensive.

In the data-free method Deep Inversion (DI) [I52], the authors use a pretrained model
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Input: Pretrained network © to compress.
1: Copy O to obtain student ©, and teacher ©;.

2: Store BatchNorm statistics pp,, op, for each BatchNorm layer B; of ©,. Retain them for
future use in the data generation function Ge, (Section [3.3.2)).

3: Perform BatchNorm fusion (Section on O and O;.

4: Perform Assumption-Free Cross-Layer Equalization (Section on O, and Oy.

5: Perform layer-wise compression on O using the data generated by G¢, (see Section m
for quantization, Section for pruning).

6: return the compressed model O,

Figure 3.1: An overview of our method. We use a layer-wise training scheme to individually

compress each layer of a pretrained network © to produce a compressed network.

to generate a dataset which is then used to train a sparse model. A set of noise images are
trained to match the network’s BatchNorm [59] statistics, and to look realistic. The authors
use these images to train a sparse model using Knowledge Distillation [50]. A similar data-
light method appears in The Knowledge Within [41].

In Adversarial Knowledge Distillation [18], the authors generate synthetic images for
model training using a GAN [34]. The images are used in conjunction with Knowledge
Distillation [50] to train a network. Similar GAN-based formulations have been developed
[149, 132, [47, 155], 90].

In ZeroQ [I6], the authors tune noise images to match BatchNorm statistics of a net-
work. Those images are then used to set quantizers. This method runs quickly, but requires

substantial memory for backpropagation (Figure .

3.3 Layer-Wise Data-Free Compression

Our method for data-free network compression begins with a fully trained network and

creates a compressed network of the same architecture. This is conceptually similar to
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Figure 3.2: Runtime and memory overhead for data-free quantization and pruning of MobileNetV1
on an NVidia Tesla V100. Note DFQ [98], AR [96], and ZQ [I16] are quantization-only methods.
(a) Quantization to 8 bits. (b) Pruning. (c) ImageNet validation accuracy as a function of training
time when pruning. DI [I52] requires orders of magnitude more computation than AKD [I§] (data

generation alone takes 492,000 seconds) so we omit it for clarity.

Knowledge Distillation [50] in that a pretrained “teacher” network is used to train a “student”
network. However, Knowledge Distillation requires training data. Previous approaches have

addressed this through generating data [18, [152], but these methods are computationally
expensive (Figure [3.2)).

We take a simpler approach illustrated in Figure [3.1, We view each layer of the student
as a compressed approximation of the corresponding layer in the teacher. As long as the
approximation in each layer is accurate, the overall student network will produce the same
outputs as the teacher. Because our data generation doesn’t require generating realistic im-
ages (unlike AKD [I8] and DI [152]), our method takes less time and memory than these
approaches (Figure . Because our method trains layers separately, it doesn’t require large
gradient buffers needed for backpropagating through the whole neural network, making it
more memory efficient than ZeroQ [16], AKD, and DI. This allows our method to run effi-
ciently on edge devices with limited memory, supporting use cases for on-the-fly compression
without deploying extra model weights. Our method also achieves higher accuracy than

other low-memory methods, such as AR [96] and DFQ [98] (Section [3.4).
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Our method is described in detail in the following subsections. We begin by performing
fusion and Assumption-Free Cross-Layer Equalization (Section [3.3.1). Then, we perform
layer-wise compression using generated data. We discuss data generation in Section [3.3.2

Our layer-wise compression method for quantization is discussed in Section [3.3.3 and our

method for pruning is discussed in Section [3.3.4]

3.3.1 Fusion and Equalization

Two issues complicate the matter of assembling a compressed network from compressed
individual layers. For simplicity, we describe these issues in the case of a fully connected
layer, but the extension to convolutions is straightforward.

The first issue relates to the BatchNorm [59] layers commonly used in CNNs. A Batch-
Norm layer consists of the parameters u, o, v, and §, which correspond to the mean of its
inputs, the standard deviation of its inputs, the weight of its affine transformation, and the
bias of its affine transformation. Consider a linear layer W with bias b, which is followed by

a BatchNorm layer. The output of the linear layer, followed by the BatchNorm layer, is

Wx+b—p
= ———

f(z) O+ 8, (3.1)

o°+¢€
where € is a small number used to avoid division by 0, and ® denotes elementwise multipli-
cation [59, [104].

Note that the function f(z) is overparameterized. There are multiple different sets of
parameters that yield identical functions f(z). For example, consider the effect of multiplying
the c¢'* row of W, b, and p by some nonzero scalar a, and multiplying the ¢ row of v by
1/a. The adjustments to W, b, p, and ~ will cancel out, and f(x) will remain unchanged.

Thus, the magnitude of rows of W can be rescaled if the corresponding BatchNorm
elements are rescaled. This is problematic when pruning or quantizing W because we expect
the weight values’ magnitudes to reflect their importance [I39, [72]. This coupling of the

values of W with BatchNorm parameters prevents this. To address this issue, we fuse the

BatchNorm parameters p, o, v, and § into the preceding convolution [85], so that the
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BatchNorm parameters’ effective influence on weight magnitudes is accounted for.

The second complication with breaking data-free network compression into layer-wise
compression subproblems is that the relative magnitude of weights are not calibrated within
a layer. Consider the output of a pair of layers with weights W, and W5, and biases b; and
by. Suppose the network uses ReLLU activations [4], such that the output of the pair of layers

18

This function f(z) is overparameterized. If the ¢ row of Wy is multiplied by a scale factor
a, and if the ¢ element of by is multiplied by a, and if the ¢** column of W; is multiplied
by 1/a, then the function f(x) remains unchanged. In this rescaled network, the ¢'* row of
W5 has changed, but no other rows in W5 have changed. Thus, the weights’ magnitudes do
not necessarily reflect their importance to the network, which is problematic for pruning and

quantization [139, [72)].

To address this scaling inconsistency we employ a method we call Assumption-Free Cross-
Layer Equalization (AFCLE). Our method is inspired by Cross-Layer Equalization [98]. With
each layer £; with weight W; € R%*% and bias b; € R%, we associate a pair of vectors,

vj- € R% and v§ € R*. We now compute our layer’s output as

L;(z) = (Wi(z ©v)) + b)) © v5. (3.3)

Each element of the vectors v; and vjo- is initialized to 1.

AFCLE progresses iteratively across the network. In each iteration, we consider a channel
in a pair of adjacent network layers. Consider the c¢'* row of W, with weights W, and the

corresponding ¢ column of W; with weights W¢. Let [-]. denote the ¢! element of a vector.
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We rescale the network as

_ Vmax(JWf]) max(|Ws])
max(|Ws])

c

Wi« Wy /s, (3.5)
[v7]e <= [v]e * sc (3.6)
[b1]c < [ba]e/se (3.7)
W5 <= Wy x s, (3.8)

(3.9)

[U%]c — [vé]C/Sc-

Essentially, each vj- and v act as a buffer that reverses the changes to W; and b;, so that
we can equalize W; across layers without changing the network’s outputs at any layer. We
iterate over all channels and over all pairs of adjacent layers in the network. We continue
until the mean of all the scale parameters s. for one round of equalization deviates from 1
by less than 1073, since weight updates are negligibly small at this point. Note that AFCLE
results in no real increase in parameter count, since the vectors vj- and v} can be folded into
W, and b; after data-free compression is completed.

Our method is inspired by Cross-Layer Equalization (CLE) [98]. The main difference
between AFCLE and CLE is that AFCLE method uses v} and v} to record weight updates,
whereas CLE assumes that the updates to Wy and Wy do not alter the network. CLE’s
assumption holds if the network’s activation functions are piecewise linear (e.g. ReLU).
When experimenting with networks with only ReLLU activations, we simply drop the vj. and

v§ buffers, since they are not needed.

3.3.2  Layer-Wise Data Generation

We now describe our method for generating data used by our layer-wise optimization al-
gorithms. The details of how this generated data is used for quantization and pruning are

described in Sections B.3.3 and [3.3.4]

Consider a network composed of blocks containing a convolution, a BatchNorm [59], and
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an activation. Let B; denote the BatchNorm layer associated with a block of index ¢. It has
stored parameters ug,, og,, 78,, and (g, corresponding to the input mean, input standard
deviation, scale factor, and bias. Because the BatchNorm layer normalizes its inputs before
applying an affine transformation, the mean of its outputs is S5, and the standard deviation
of its outputs is yz,.

We exploit this information to generate layer-wise inputs. Let C; denote the convolutional
layer in block ¢ of the network, and f; denote the activation function.

Consider the case in which block i accepts multiple input tensors from blocks indexed
by elements j € K. Let x5, denote the input into the BatchNorm B; from a training batch
(when training with real data). Assuming the inputs to block ¢ are combined by an addition

function, the input z¢, to convolution C; is

e, = Y [i(Bj(xs))). (3.10)

jex
During data-free compression, we do not have access to z,, so we estimate it. Let G,

be a function that generates an input used to train layer C;. Using our observation above

regarding the output statistics of BatchNorms, we estimate

xBj ~ N(ﬂBJWPYBj) (311)
Ge, = 3 filws,). (3.12)
jex

where N (a,b) denotes a Gaussian function with mean a and standard deviation b. If a
layer is not preceded by a BatchNorm, we generate data from A(0,1) (as in the case of the
network’s first layer, or if BatchNorms aren’t present before the convolution). We ignore
the effect of other layers (such as Average Pooling). Note that BatchNorm statistics need to
be gathered before BatchNorm fusion (Section because the parameters are modified

during fusion.
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Input: BatchNorm parameters f35;,73;, input activation functions f;, number of steps N,

quantization bits b.
1 Ge, = e [iN (Bs;,78;)) (Equation [3.12)
2 X ~ gcz.

3: Tmax < max(X), Ty < min(X)
4: h < —00, [ < 00, L + 00

5: for h; € [1,2,...,N] do

6: forl; €[1,2,...,N]do

7: h = (hi/N)(max(Zmax, 0))

8: I = (I;/N)(min(zmin, 0))

9: if || X — Q(X,1,h,b)||2 < L then
10: [+ l~, h<h

11: L+ ||IX = Q(X,1,h,b)|]

12: end if

13: end for
14: end for

15: return [, h

Figure 3.3: Computing the high end h and the low end [ of the activation range for our activation

quantizers.

3.3.3 Data-Free Quantization

We now describe how to use our generated data to quantize a neural network. Our
method quantizes both weights and activation ranges. As is standard, we set our weight

quantizers to the minimum and maximum of the weight tensors [61].

We set activation ranges by performing a simple optimization (Figure . Recall that

the quantized version of a floating-point activation tensor X can be expressed as Q(X, [, h, b):
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I(X,1,h,b) = {mhz](ff?;/)((é?’_hl))_ ﬂ (3.13)
Q(X, 1, h,b) = %I(X,l, h,b) 41, (3.14)

where [ is the minimum of the quantization range, h is the maximum, b is the number
of bits in the quantization scheme, and |-] denotes rounding to the nearest integer. We
perform a grid search jointly over h € [0, max(Xyax, 0]] and [ € [min(0, Xy, ), 0] to minimize
X = Q(X, L, bl

Our overall method for data-free quantization follows Figure |3.1] First, we perform
BatchNorm fusion and AFCLE on the student network (Section . Then, we perform
bias absorption, as in [98]. Next, we set activation quantizers (Figure[3.3). Then, we perform
bias correction, as in [08]. We then set activation quantizers again (Figure , because the

bias correction step adjusted weights and output statistics slightly.

3.83.4 Data-Free Pruning

We now describe how to use our generated data (Section to prune neural network
weights. Our overall method follows Figure [3.1l We begin by duplicating our pretrained
network © to obtain a teacher ©; and a student ©,. We perform fusion and AFCLE as a
preprocessing step (Section . For the remainder of our method, the teacher will remain
unchanged, and the student will be pruned.

We prune using Soft Threshold Reparameterization (STR) [72] with gradient descent

[63]. In convolutional and fully-connected layers, an intermediate weight Wy is calculated as

W = sign(W) - ReLU(|W| — sigmoid(s)), (3.15)

where W is the weight tensor, and s is a model parameter used to control sparsity. This
intermediate tensor Wj is used in place of W in the forward pass. In the backward pass, the

gradients are propagated to the original weight matrix W. A weight decay parameter \ is
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Figure 3.4: ImageNet results comparing efficient pruning methods. Our method produces the

strongest sparsity/accuracy tradeoff.

used to drive s upwards from an initial value sy < 0, which increases sparsity. See [72] for
further details.

We prune each layer of O, separately. Let ¢ be an index assigned to the convolutional
or fully-connected layer C; in the student, and let the corresponding layer in the teacher be
C!. Let C#(-) denote the application of a layer to an input tensor. Given a loss function L;

associated with layer i, we compute the loss for layer i as

L = Li(C}(x),Ci(x)), (3.16)

where © ~ gcf is generated from Equation W In our experiments, we choose L; to be
the mean square error loss for each 7. We also freeze the student’s bias during training,
since our goal is to induce sparsity only in the weights. We empirically found that including

the activations f; in Equation is not important during pruning, so we omit them for

simplicity.
3.4 Experiments

We provide results for data-free quantization and pruning. We separately discuss efficient
methods and expensive methods to clarify which results are obtainable with on-device com-

pression in the low-compute scenario. We evaluate on ImageNet [22]. We train in PyTorch



Table 3.1: ImageNet results comparing quantization methods.

intensive methods (see Figure .
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63.06
23.41
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68.61 62.03
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7.21
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57.20
48.00
16.86
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22.17
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35.47
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43.64 12.74

10.64 0.14

62.13
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41.41
0.10

19.69
19.05
16.98
12.43
6.33

[104] using NVIDIA Tesla V100 GPUs. When training with backpropagation, we use Adam

[65] with a cosine learning rate decaying from 0.001 to 0 over 10° iterations (though in prac-

tice, our method converges in only a few hundred iterations). We use batch size 128 for all

methods, reducing it to fit on a single GPU as needed.

In all MobileNetV2 [115] experiments, we replace ReLU6 with ReLU [4] as in DFQ

[98]. The accuracy of this modified network is unchanged. For all experiments, we place

activation quantizers after skip connections, and we quantize per-tensor (not per-channel) as

in Equation [3.14, This differs from previous works [16], so our quantization baselines differ

slightly from results reported in original works.
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3.4.1 Data-Free Quantization

Efficient Quantization: In Table[3.1| we compare our results with methods with a similar
compute envelope. When generating data for quantizing activations (Figure , we use
a batch size of 2000, and optimize for N = 100 steps. We evaluate MobileNetV1 [54],
MobileNetV2 [115], and ResNet18 [45].

We compare to DFQ [98]. DFQ performs preprocessing similar to our method, but sim-
ply sets activation quantizers to be 6 standard deviations from the mean (using BatchNorm
statistics). We also compare to AdaRound (AR) [96], which optimizes over rounding deci-
sions. AR requires training data, but we use our generated data for a fair comparison.

Note that, since our method and DFQ don’t require backpropagation, we simply report
the accuracy. For AR, which requires backpropagation, we report the final-epoch accuracy.
We do this since a truly data-free scenario would not allow for a validation set on which to
perform early stopping. Our method outperforms DFQ and AR in nearly all cases.

Expensive Quantization: We evaluate more memory-intensive methods ZeroQ (ZQ)
[16], Adversarial Knowledge Distillation (AKD) [I8], and Deep Inversion (DI) [152] in Ta-
ble 3.1} As before, we report final-epoch accuracies. Our method outperforms these gen-
erative methods using orders of magnitude less memory usage (Figure in almost all
cases. DI had difficulty providing an effective training signal to the quantized student, and
failed to produce accuracies above 25%, even at 8 bits. AKD failed to produce good results
on MobileNets at 6 bits and below, whereas our method produced strong results across all
networks. Note that AKD requires training a GAN, which may require parameter tuning for
different network architectures or datasets. Such tuning is not possible in a data-free setup,

so AKD is unlikely to produce results that transfer well across architectures and datasets.

3.4.2 Data-Free Pruning

Efficient Pruning: We present results for our pruning method in Figure [3.4, We fix the
sparsity-inducing weight decay parameter to A = 1.55 x 107°, as in [72]. We investigate
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AKD
DI
ours+

MobileNets as before. We also investigate EfficientNet [I31] to include results for networks

with non-ReLU activations. (We did not investigate EfficientNet for quantization because

several baseline methods required only ReLLU activations.)

Because our efficient quantization baselines DFQ [08] and AR [96] do not support pruning,

we compare to a different set of efficient baselines. The “global” baseline corresponds to

pruning every weight whose magnitude is smaller than a given threshold [12]. The “uniform”

baseline corresponds to applying a uniform sparsity level to each layer by pruning the weights

with smallest magnitude [I2]. The Erdosh-Renyi Kernel (ERK) baseline corresponds to a

budgeted layer-wise pruning [30]. Each layer’s fraction of pruned weights is

Co+ Ci + kp + ku

CoC; kh kw

Y

(3.17)
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where ¢, is the number of output dimensions, ¢; is the number of input dimensions, and
kp, ky, are the kernel height and width. For these baselines, we perform fusion [85] because
it is a standard technique, but we do not perform AFCLE.

Our method outperforms these baselines for efficient pruning, producing a better spar-
sity /accuracy tradeoff. In Figure , we present an ablation. “Ours-S” represents generating
data from A (0,1), with no other changes to our method. “Ours-SE” represents generating
data from N(0,1) and skipping AFCLE. “Budget” represents a model that uses the layer-
wise pruning budget learned by our method (without retraining weights). We find that
generating data from N(0, 1) and skipping AFCLE both reduce performance substantially.

Expensive Pruning: We compare our method to more computationally expensive
methods in Figure 3.5l We compare to Adversarial Knowledge Distillation (AKD) [18] and
Deep Inversion (DI) [152] (note that ZeroQ [I6] does not support pruning). These methods
involve generating end-to-end training data. We found we needed to sweep across more values
of the sparsity-controlling weight decay parameter A to encourage varying levels of sparsity
in AKD. In addition to A = 1.55 % 107°, we used {2\, 10\, 100A\}. We report final-epoch
accuracies.

Note that, because STR controls the sparsity level implicitly (not explicitly), it does not
give direct control over the final sparsity levels. This is why some methods never converge
to lower-sparsity, higher-accuracy solutions (for example, DI for MobileNetV1). For Mo-
bileNets, DI failed to produce solutions with more than 30% accuracy, which has limited
practical value. For AKD, performance was stronger in general, although solutions for Mo-
bileNetV2 did not exceed 40% accuracy. Some parameter settings for MobileNetV2 resulted
in very poor performance.

For each network, we combined our method with the top-performing baseline method for
that network (“ours+”, Figure . To do this, we add our layer-wise loss (Equation
to the baseline’s loss function and backpropagate as usual (we omit fusion and AFCLE for
simplicity in this case). For MobileNetV1, we combine our method with AKD, producing

a slight increase in accuracy for moderately sparse models. For MobileNetV2, we combine
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our method with AKD to produce high-accuracy solutions that cannot be obtained by AKD
or DI alone. For EfficientNet B0, we combine our method with DI and improve the overall
sparsity /accuracy tradeoff.

Although these methods achieve a stronger sparsity/accuracy tradeoff than efficient prun-
ing methods, getting these methods to work may be difficult in practice without data. AKD
and DI use many more parameters than the efficient methods. These parameters may need
more tuning to work on data from another domain or for other architectures. Moreover,

many trials of AKD and DI converged to low accuracy, which isn’t detectable without data.
3.5 Conclusion

We present an efficient, effective method for data-free compression. We break this problem
into the subproblem of compressing individual layers without data. We precondition networks
to better maintain accuracy during compression. Then, we compress individual layers using
data generated from BatchNorm [59] statistics from previous layers. Our method outperforms
baselines on quantization. Our method outperforms other computationally efficient methods
for pruning, and can be combined with computationally expensive methods to improve their

results.
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Chapter 4
LEARNING COMPRESSIBLE SUBSPACESY

When deploying deep learning models to a device, it is traditionally assumed that avail-
able computational resources (compute, memory, and power) remain static. However, real-
world computing systems do not always provide stable resource guarantees. Computational
resources need to be conserved when load from other processes is high, or available memory
is low. Inspired by recent works on neural network subspaces, we propose a method for
training a compressible subspace of neural networks that contains a fine-grained spectrum
of models that range from highly efficient to highly accurate. Our subspace model requires
no retraining when changing compression levels. Thus, our subspace model can be deployed
on-device to allow for adaptive network compression at inference time. We present results
for our method for unstructured sparsity, structured sparsity, and quantization on a variety
of architectures. We present models that require a single extra copy of network parameters,
as well as models that require no extra parameters. Both models allow for operation at
any compression level within a wide range (for example, 0% to 90% for structured sparsity
with ResNet18 on ImageNet). At each compression level, our models achieve an accuracy

comparable to a baseline model optimized for that particular compression level.
4.1 Introduction

Deep neural network models are deployed to a variety of computing platforms, includ-
ing phones, tablets, and watches [26]. These models are generally designed to consume a
fixed budget of resources, but the compute resources available on a device can vary over

time. Computational burden from other processes, as well as battery life, may influence the
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while w* has not converged do
for batch B in D do
Sample a vector a ~ a,
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for a € a do
# compute loss on batch
L += L(f(w*(a),7()), B)
end for
backpropagate loss [
apply gradient update to w*
end for
end while

return w*
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Figure 4.1: @Depiction of our method for learning a linear subspace of networks w* parameterized

by a € [a, ag]. When compressing with compression function f and compression level 7, we obtain

a spectrum of networks which demonstrate an efficiency-accuracy trade-off. @ Our algorithm
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availability of resources to a model. Adaptively adjusting inference-time load is beyond the
capabilities of traditional neural networks, which are designed with a fixed architecture and

a fixed resource usage.

A simple approach to the problem of providing an accuracy-efficiency trade-off is to
train multiple neural networks of different sizes. Multiple networks are stored on the device
and loaded into memory when needed. There is a breadth of research in the design of
efficient architectures that can be trained with different capacities, then deployed on a device
[56], 116, B55]. However, there are a few drawbacks to using multiple networks to provide an
accuracy-efficiency trade-off: (1) it requires training and deploying multiple networks (which
induces training-time computational burden and on-device storage burden), (2) it requires
all compression levels to be specified before deployment, and (3) it requires new networks
to be loaded into memory when changing the compression level, which prohibits real-time

model switching on memory-constrained edge devices.

Previous methods such as Network Slimming [154] and Universal Slimming [153] address
the first issue in the setting of structured sparsity by training a single network conditioned to
perform well when varying the number of channels pruned. However, these methods require
BatchNorm [60] statistics to be recalibrated for every accuracy-efficiency configuration before
deployment. This requires users to know every compression level in advance. If a large
number of compression levels are chosen, the storage burden of BatchNorm statistics is
significant (Figure , especially for low-compute devices. If only a few compression levels
are chosen, a user will have to sacrifice accuracy and underutilize available resources by
choosing a smaller model if the desired compression level is not available. This situation
is exacerbated when multiple models are running on-device. Consider an intelligent system
dependent on the output of a large number of separate models. Reducing resource usage
when few compression levels are available will require strongly compressing a few models,
which may strongly degrade overall performance. If a large number of compression levels
are available, the user can instead slightly reduce the size of each model. In other words,

providing more compression levels allows the user to finely control the resource distribution
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Figure 4.2: Parameter overhead for storing an extra set of pre-calibrated BatchNorm statistics
for every possible sparsity configuration between 0% sparsity and the given compression level.
Our method avoids this overhead by eliminating the need for storing BatchNorm statistics (Sec-

tion |4.3.6). See Appendix for more details

among models.

We address the problem of deploying a model that can be compressed after deployment.
Inspired by Wortsman et al. [I41], we formulate this problem as computing an adaptively
compressible network subspace (Figure . Our solution is efficient, meaning we pro-
vide models that incur no parameter overhead on-device compared to a single model of the
same architecture (though we also provide results for models that do incur parameter over-
head). Our solution is adaptive, meaning our model can run at any compression level after
deployment (rather than a predefined set of compression levels). Our solution is real-time,
meaning we can adjust compression levels at inference time at negligible computational cost.

Contributions: Our contributions are as follows. (1) We introduce our method, Learn-
ing Compressible Subspaces (LCS), for training models capable of efficient, adaptive, real-

time compression after deployment. To our knowledge this has not been done previously.
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Table 4.1: Our method with a linear subspace (LCS+L) and a point subspace (LCS+P), LEC
[82], NS [154], and US [I53]. Note that “Adaptive” refers to post-deployment compression at
any compression level. |w| denotes the number of network parameters, |b| denotes the number of
BatchNorm parameters, and n denotes the number of compression levels for models that don’t

support arbitrary compression levels

LCS+P | LCS+L | LEC NS Us
No Retraining b 4
No Norm Recalibration X X X
Adaptive b 4 b 4 b 4
Stored Parameters w| 2w| | n|w| | |w|+nlb| | |w|+ n|b]

(2) We demonstrate that neural network subspaces can be used to encode models that spe-
cialize at one end for high-accuracy and at the other end for high-efficiency. (3) We provide
an empirical evaluation of our method using unstructured sparsity, structured sparsity, and
quantization. (4) We open source our code at https://withheld.for.review for research

purposes.

4.2 Related Work

Architectures Demonstrating Efficiency-Accuracy Trade-Offs: Many popular net-
work architectures include a hyperparameter to control the number of filters in each layer
[56], 116, 5] or the number of blocks in the network [I30]. In Once For All [14], the need
for individually training separate networks is circumvented. Instead, a single large network

is trained, then queried for subnetworks.

We differ from these methods in two ways. First, we compress on-device adaptively (with-

out specifying the compression levels before deployment). Previous works require training
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separate networks (or in the case of Once For All, querying a larger model for a compressed
network) before deployment. Second, we don’t require deploying a set of weights for every
compression level.

A method for post-training quantization to variable bit widths appears in [119], but it
relies on calibration data and cannot be run on low-compute edge devices. Thus, compression
levels must be specified before deployment. They also present a method for quantization-
aware training to variable bit widths, but most of their results keep activation bit widths
fixed, whereas we vary it.

Training- Aware Compression: Recent works train a single neural network which can
be configured at inference time to execute at different compression levels. These methods are
the closest to our work. In Learning Efficient Convolutions (LEC) [82], the authors train a
single network, then fine-tune it at different structured sparsity rates. Other methods train
a single set of weights conditioned to perform well when channels are pruned, but require
recalibration (or preemptive storage) of BatchNorm [60] statistics at each sparsity level.
These methods include Network Slimming (NS) [I54] and Universal Slimming (US) [153].
Similar methods train a single network to perform well at various levels of quantization by
storing extra copies of BatchNorm statistics [36].

We differ from these methods by avoiding the need to recalibrate or store BatchNorm
statistics (Section and by allowing for adaptive selection of any compression level
at inference time, neither of which have been done before (Table . Additionally, we
avoid the overhead of storing BatchNorms at every desired compression level. Figure 4.2
demonstrates the substantial overhead of storing BatchNorm parameters for every possible
compression level. Note that [154] avoids this storage overhead by only storing a few sets
of BatchNorm statistics. However, this has the drawback of only allowing a few efficiency-
accuracy configurations, which is problematic as explained in Section 4.1}

Note that in the case of quantization, it’s feasible to store BatchNorm statistics for every
compression level, since there are a small, discrete number of compression levels to choose

from (e.g. different bit widths). We include a few preliminary quantization experiments to
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show that our general approach applies to this compression method, but we point out that
avoiding BatchNorm storage costs is not essential in this case. Note that our method is
broadly applicable to a variety of compression methods, whereas previous works all focus on
a single compression method.

Other Post-Training Compression Methods: Other works have investigated post-
training compression. In [99], a method is presented for compressing 32 bit models to 8 bits,
though it has not been evaluated in the low-bit regime. It involves running an equalization
step and assuming a Conv-BatchNorm-ReLLU network structure. A related post-training
compression method is shown in [53], which shows results for both quantization and spar-
sity. However, their sparsity method requires a lightweight training phase. We differ from
these methods in providing real-time post-deployment compression for both sparsity and
quantization without making assumptions about the network structure.

Neural Network Subspaces: The idea of learning a neural network subspace is intro-
duced in [I41] (though another formulation was introduced concurrently in [I0]). Multiple
sets of network weights are treated as the corners of a simplex, and an optimization proce-
dure updates these corners to find a region in weight space in which points inside the simplex
correspond to accurate networks. This approach is shown to produce models with improved

accuracy and calibration.

4.3 Compressible Subspaces

4.3.1 Compressible Lines

Our method involves training a neural network subspace [I41] that contains a spectrum of
networks that each have a different efficiency-accuracy trade-off. We recast the subspace
formulation of [141] to train a linear subspace with high-efficiency solutions at one end and
high-accuracy solutions at the other end.

To learn a compressible subspace, we choose a model architecture and denote its collection

of weights by w. We randomly initialize two sets of network weights, w; and w», to define
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the endpoints of our subspace. Our network subspace spans the line between w; and w, and
is defined by w*(«) = aw; + (1 — a)wsq, where a € [aq, ag], oy, a9 € [0, 1], a1 < ag. In other
words, by varying our subspace parameter «, we can obtain a set of weights w*(«) through
interpolation.

We now adjust our subspace so that one end (e.g. a & «;) yields highly compressed
networks, but the other end (e.g. o &~ ay) yields highly accurate networks. Intermediate
values (e.g. a = (a1 +ay)/2) should exhibit moderate compression. In other words, we want
to be able to tune a € [ay, as] to choose our desired compression level. To achieve this, we
introduce a function y(«) used to control the compression level and a compression function
flw, ).

To train our subspace, we first sample a position in our subspace by randomly choosing
some « € [ay, ap]. We then compress w*(«), obtaining a network with weights f(w*(«), v(«)).
We then perform a standard forward and backward pass of gradient descent with it, back-
propagating gradients to w; and ws. We continue training in this manner until convergence.

Once our model is trained, a user can deploy w; and wsy on-device to allow efficient,
adaptive, real-time compression. To change compression levels in real-time, the user first de-
termines how many resources are available on the device. This step is application-dependent,
and may involve looking at the amount of currently available memory or the current CPU
load. The user chooses the compression level vy based on currently available resources. From
this quantity, the user calculates the appropriate ay = v~ *(7) value corresponding to the
desired compression level. Next, the user computes the compressed network, f(w*(ap), o).
This network is used until a new compression level is desired by the user. Note that com-

puting f is negligible compared to the cost of a network forward pass in all our experiments
(see Section {4.3.5)).
4.3.2  Compressible Points

In Section we discussed formulating our subspace as a line connected by two end-

points in weight space. This formulation requires additional storage resources to deploy
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the subspace (Table , since an extra copy of network weights is stored. For many cost-
efficient computing devices, this overhead may be significant. To eliminate this need, we
propose training a degenerate subspace with a single point in weight-space (rather than two
endpoints). We still use a € [aq, az] to control our compression ratio, but our subspace
is parameterized by a single set of weights, w*(a) = w. The compressed weights are now
expressed as f(w*(a),y(a)) = f(w,y(«)). This corresponds to applying varying levels of
compression during each forward pass.

This method still produces a subspace of models in the sense that, for each value of «,
we obtain a different compressed network f(w,~y(«)). However, we no longer use different
endpoints of a linear subspace to specialize one end of the subspace for accuracy and the
other for efficiency. Instead, we condition one set of network weights to tolerate varying

levels of compression.

4.8.8  Sampling the Subspace Parameter

When training our compressible subspaces, we need to sample our subspace parameter « at
each iteration of training. In [I53], a “sandwich method” for training with varying levels
of structured sparsity is proposed. This method involves performing n rounds of forward
and backward passes in each iteration of training. One round uses the maximum sparsity
level, another round uses the minimum sparsity level, and the remaining n — 2 rounds use
randomly chosen sparsity levels. After all n rounds of forward and backward passes, the
gradient update is applied.

To incorporate this method into our algorithm, we introduce a stochastic function «, :
Q — [y, an]™, where €2 represents the state of the stochastic function (e.g. the internal state
of a random number generator). For each training batch, we sample a € [0,1]" from «,.
We perform n forward and backward passes using compressed networks f(w*(a;),v(c;)) for
i € {1,...,n}, where q; is the i* element of a. Then, the gradient update is applied.

In most experiments, we omit the sandwich rule (by setting n = 1) because we found

the benefit to be marginal compared to the increased training cost. However, we use the
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sandwich rule with n = 4 when comparing to [153] in the structured sparsity setting, where

we found the accuracy improvements more significant.

An overview of our overall algorithm is given in Figure [4.1} Next, we detail our compres-

sion methods f.

4.3.4  Compression Methods

We experiment with three different formulations for our compression function f(w,~y). These

correspond to unstructured sparsity, structured sparsity, and quantization.

In our unstructured sparsity experiments, our compression function f(w,~y) is TopK
sparsity [I56], which prunes a fraction 7 of the weights with the smallest absolute value
from each layer (we ignore the input and output layer). Our compression level calculator is
v(a) = 1 —a. Our stochastic sampling function av, samples a single « value uniformly along
an interval [y, an]. We experiment with different settings of [y, as] corresponding to the
wide-sparsity regime and high-sparsity regime. See Section [4.4] for experimental details.

In our structured sparsity experiments, our compression function f(w,~y) retains a frac-
tion 7y of the input and output channels in each layer and prunes away the rest (we ignore the
input channels in the first layer, and the output channels in the last layer). Our compression
level calculator v(«) : [ag, as] — [a, b] is the unique affine transformation over its domain and
range. Here, [a,b] is the width factor range where a and b are the minimum and maximum
fraction of channels retained (see Section for model-specific parameter settings). Our
stochastic sampling function a, samples n = 4 values as [a, b, U(a,b), U(a,b)], where U(a, b)
samples uniformly in the range [a,b]. This choice mirrors the “sandwich rule” used in [153].

In quantization experiments, our compression function f(w,) is affine quantization as
described in [62]. Our compression level calculator is y(a) = 24 6a. Our stochastic sampling
function e, samples a single « value uniformly over the set {1/6,2/6,...,6/6}. This corre-
sponds to training with bit widths 3 through 8. We avoid lower bit widths to circumvent

training instabilities we encountered in baselines.
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4.3.5 Computational Cost of Compression

We justify our claim that our network compression functions f(w,7) can be computed in
real-time. Consider a network layer with weights w;. The computational cost of a forward
pass is O(|w;|L), where L is the spatial dimension (in the case of a 2D convolution, L = HW,
where H, W are the height and width of the output buffer). In the LCS+L algorithm, the
cost of computing w* is O(|wy|), which is far less than the cost of a forward pass. In the case
of LCS+P, no computation is needed. Similarly, the cost of computing v(«) is O(1).

Now, consider the cost of computing f(w*(«),v(a)). Our unstructured sparsity method
takes O(|wy|) for each layer (to calculate the threshold, then discard parameters below the
threshold). Our structured sparsity method takes O(1) for each layer, since we only need to
mark each layer with the number of filters to ignore. Since most inference libraries support
tensor slicing operations, we can simply pass a subset of the filters to the underlying matrix
multiplication or convolution. Our quantization method [62] takes O(|w,|) for each layer (to
calculate the affine transform parameters and apply them). In all cases, the complexity of
computing f(w*(a),v(«)) is at least L times lower than the cost of the convolutional forward

passes, meaning our compression methods can be considered real-time.

4.3.6  Clircumventing BatchNorm Recalibration

Previous works that train a compressible network require an additional training step to
calibrate BatchNorm [60] statistics at each compression level [153, [154]. This precludes
both methods from evaluating at arbitrarily fine-grained compression levels after deployment
(Table [4.1)). We seek to eliminate the need for recalibration or storage of statistics.

To understand the need for recalibration in previous works, recall that BatchNorm layers
store the per-channel mean of the inputs g and the per-channel variance of the inputs o?.
The recalibration step is needed to correct p and o2, which are corrupted when a network
is adjusted. Adjustments that corrupt statistics include applying sparsity and quantization.

In Figure [4.3] we analyze the inaccuracies of BatchNorm statistics for two models trained
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Figure 4.3: Analysis of observed batch-wise means f1 and stored BatchNorm means p during testing
for models trained with TopK unstructured sparsity. The models are trained with different target
sparsities and evaluated with various inference-time sparsities. (a)-(b): The distribution of |p — fi
across all layers. (c)-(d): The average value of |p — fi] for individual layers. (e)-(f): The correlation
between the average of | — f1| and test set error. Note that in (b) and (d), sparsities of 0 and 0.493

produce near-identical results, thus those curves are overlapping

with specific unstructured sparsity levels and tested with a variety of inference-time unstruc-

tured sparsity levels. We calculate the differences between stored BatchNorm means g and
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the true mean of a batch g during the test epoch of a cPreResNet20 [44] model on CIFAR-10
[68]. In Figure and Figure , we show the distribution of mean absolute differences
| — 1] across all layers of the models. Models have lower BatchNorm errors when evaluated
near sparsity levels that match their training-time target sparsity. Applying mismatched
levels of sparsity shifts the distribution of these errors away from 0. In Figure 4.3c and
Figure , we show the average of | — fi| across the test set for each of the BatchNorm
layers. Across layers, the lowest error is achieved when the level of sparsity matches training.
In Figure and Figure , we show the average of |u — fi| and the corresponding test
set accuracy for various levels of inference-time sparsity. We find that the increased error
in BatchNorm is correlated with decreased accuracy. See Appendix for similar analyses
with structured sparsity and quantization.

Thus, BatchNorm layers’” stored statistics can become inaccurate during inference-time
compression, which can lead to accuracy degradation. To circumvent the need for Batch-
Norm, we adjust our networks to use GroupNorm [I46]. This computes an alternative
normalization over g groups of channels rather than across a batch. It doesn’t require main-
taining a running average of the mean and variance across batches of input, so there are no
stored statistics that can be corrupted if the network changes.

GroupNorm typically uses g = 32 groups, but it also includes InstanceNorm [135] (in
which g = ¢, where ¢ is the number of channels) as a special case. We use g = ¢ in structured
sparsity experiments, since the number of channels is determined dynamically and is not
always divisible by 32. For all other experiments, we use g € {1,8,32} depending on the
architecture as discussed in Appendix [B.5]

4.4 Experiments

We present results in the domains of unstructured sparsity, structured sparsity, and quanti-
zation. We train using Pytorch [I05] on Nvidia GPUs. On CIFAR-10 [68], we experiment
with the pre-activation version of ResNet20 [44] presented in the PyTorch version of the
open-source code provided by [82]. We abbreviate it as “cPreResNet20.”
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We additionally experiment with a variety of architectures on the ImageNet [24] dataset.
In particular, we present results using standard convolutional neural network (CNN) ar-
chitectures: ResNet18 [44], and VGG19 [122]; lightweight CNNs: MnasNet-B1 [129], Mo-
bileNetV2 [116], MobileNetV3-Small, and MobileNetV3-Large [55]; and vision transformer
models: DeiT-Ti, DeiT-S [133], and CaiT-XXS [I34]. All models are trained using an input
resolution of 224 x 224. Our baseline model accuracies are summarized in Appendix [B.4]

We train cPreResNet20 for 200 epochs and ImageNet CNNs for 90 epochs. We follow
hyperparameter choices in [141] for our methods and baselines (though we don’t use the
B regularization they describe), with a few architecture-dependent parameters detailed in
Appendix [B.4] For transformer models, we train for 300 epochs and follow the hyperpa-
rameter settings in [I33]. Our baselines for each architecture always use the same training

hyperparameters as our own methods.

4.4.1 Unstructured Sparsity

We present results for our method using MobileNetV2 and ResNet18 in Figure [£.4, For
MobileNetV2, we use an «a range of [0.025, 1], corresponding to a wide sparsity training
regime, while for ResNet18 we use a range of [0.005, 0.05], corresponding to a high sparsity
training regime (because ResNetl8 is overparameterized, we operate over a high sparsity
range to make the efficiency-accuracy trade-off clearer)ﬂ Additional hyperparameter details
are provided in Appendix [B.5]

Our method achieves a strong efficiency-accuracy trade-off in both cases. Our line sub-
space (LCS+L+GN) achieves a higher accuracy at high sparsities, at the expense of a lower
accuracy at low sparsities. To our knowledge, efficient, adaptive, real-time compression has
not been previously explored for unstructured sparsity. Thus, our baselines are networks
trained for a particular TopK sparsity target, and evaluated at a variety of targets. These

methods peak in accuracy near their target sparsity, but decrease sharply at higher sparsities.

2In the unstructured setting, we do not compress the first and last layers of our models. Hence a
compressed model’s sparsity rate may not be exactly 1 — a.
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Figure 4.4: Our method for unstructured sparsity using a linear subspace (LCS+L+GN) and a
point subspace (LCS4+P+GN) compared to networks trained for a particular TopK target. The

TopK target refers to the fraction of weights that remain unpruned during training

We present additional results for our method using transformer architectures in Fig-
ure . Transformers contain LayerNorm [6] rather than BatchNorm, which does not require
recalibration. Hence, we do not need to modify normalization layers in this case. As before,
our method produces a strong efficiency-accuracy trade-off across a variety of sparsity levels.
Our LCS+L+LN method underperforms on DeiT models relative to LCS+P+LN, but still
achieves stronger results than baselines at high sparsities. We hypothesize that the benefits
of learning fewer parameters outweighs the benefits of increased capacity in this case, but
we leave more investigation to future work.

In Appendix B.8| we provide runtime characteristics of our models. We also present



56

DeiT-Ti DeiT-Ti + Distillation
LCS+L+LN
LCS+P+LN
TopK=0.25
S TopK=0.35
g TopK=0.5
g 40 S 40 - W #- TopK=0.7
§ \\\\ ' ' \\\\ ‘\\ - - TOpK=0.9
- W - . "
< 30 N 30 WA -#- TopK=1.0
5} \\Q [ I \\ W ‘\
= 20 4 R \ 20 A Ny
1 \ \ \
10 Bon ] 10 I
Q\ \\\ a
04 \| 0 n
T T T T T T T T
0 20 40 60 0 20 40 60
80 A
~ 60 1
S
>
g
§ 40
<
S
20
O -
T T T T T T T T
0 20 40 60 0 20 40 60
Sparsity (%) Sparsity (%)

Figure 4.5: Our method for unstructured sparsity using a linear subspace (LCS+L+GN) and a
point subspace (LCS+P+GN) compared to networks trained for a particular TopK target

results for the wide sparsity regime using cPreResNet20, ResNet18, VGG19, MnasNet,
MobileNetV3-Small, and MobileNetV3-Large; additionally, we show results for the high spar-
sity regime using DeiT-Ti and DeiT-S.
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Figure 4.6: Our method for structured sparsity using a linear subspace (LCS+L+IN) and a point
subspace (LCS+P+IN) compared to Universal Slimming (US) [I53] and Network Slimming (NS)
[154]. We do not allow recalibration

4.4.2  Structured Sparsity

We present results for our method using structured sparsity in Figure[4.6] For all structured
sparsity experiments, we use an « range of [0, 1]. For MnasNet, we use a width factor range

of [0.5,1]. For ResNet18, our width factor range is [0.25,1]. As discussed in Section [4.3.6]
we use a special case of GroupNorm [146] known as InstanceNorm [I35] since the number
of channels in the network varies. We performed preliminary experiments with LayerNorm,
but InstanceNorm achieved stronger results in our case. In the case of structured sparsity,
filters are able to specialize without the need for an extra copy of network weights, since

some filters are only used when the model is lightly pruned. Therefore, we only create extra

copies of our InstanceNorm parameters when using LCS+L+IN, as an extra copy of network

weights was unnecessary. See Appendix for additional hyperparameter details.
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To our knowledge, efficient, adaptive real-time compression has not been explored before
for structured sparsity. Thus, we compare to modified versions of Network Slimming [I54] and
Universal Slimming [I53] in which BatchNorm recalibration is not performed. Additionally,
NS does not allow for evaluation at arbitrary sparsities, so we alter it slightly to use a single
BatchNorm layer (choosing subsets of its channels to achieve adaptive compression). After
these changes, the main difference between our US and NS baselines is, NS uses network
width factors of [0.25,0.5,0.75, 1] at training and inference, whereas US uses the sandwich
rule (Section [4.3.3).

Our method demonstrates a strong efficiency-accuracy trade-off. The trade-off produced
by US peaks in the middle. We hypothesize that this is due to their sandwich rule training
formulation in which sparsity levels are randomly sampled. This could cause the BatchNorm
statistics to be more accurate (on average) near the middle of the sparsity range. The trade-
off produced by NS contains peaks and troughs. This method trains only at discrete width
factors of [0.25,0.50,0.75,1]. This method produces stronger accuracies at these sparsities
than at sparsities that it wasn’t explicitly trained for.

In preliminary experiments with transformers, we found that adaptive compression for
structured sparsity did not converge to high accuracies. We hypothesize this may be due to
inter-channel variation of transformers described in [79], but we leave more investigation to
future work. See also Appendix for results using VGG19, MobileNetV2, MobileNetV 3-

Small, and MobileNetV3-Large, as well as speed and memory usage characteristics.

4.4.83  Quantization

We also provide preliminary experiments for quantization. Note that in the quantization
setting, there are a small number of discrete compression levels. In this case, it is usually
feasible to simply store extra BatchNorm parameters for all desired parameter settings before
model deployment. Thus, our main purpose for experimenting in this setting is to charac-
terize the behavior of our method under another compression technique besides pruning, to

verify the generality of our method.
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Figure 4.7: Our method for quantization using a linear subspace (LCS+L+GN) and a point sub-

space (LCS4+P+GN) compared to networks trained for a particular bit width target

We present results for our method in Figure 4.7] comparing to models trained at a fixed
bit width and evaluated at a variety of bit widths. See Appendix [B.7] for training details.

Generally, baselines achieve high accuracy at the bit width at which they were trained, and

reduced accuracy at other bit widths. By contrast, our method using a linear subspace

(LCSHL+GN) achieves high accuracy at all bit widths, matching or exceeding accuracies of
individual networks trained for target bit widths. In the case of VGG19, we found that our
accuracy even exceeded the baselines. We believe part of the increase is due to GroupNorm

demonstrating improved results on this network compared to BatchNorm (which does not
happen with ResNets, as reported in [140]). See Appendix for ResNet18 results, and for

memory usage characteristics of models.
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4.5 Conclusion

We present a method for learning a compressible subspace of neural networks. Our method
produces a model that can be deployed on-device and used for efficient, adaptive, real-time
model compression. Our model can be compressed after deployment in real-time, to any
compression level, without retraining, and without specifying the compression levels before
deployment. Additionally, our LCS+P method incurs no parameter overhead. We show
that our generic algorithm outperforms baselines in the domains of unstructured sparsity

and structured sparsity. We demonstrate that it is flexible enough to apply to quantization.
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Chapter 5
CONCLUSION

We investigate the challenges of compressing models in data-constrained scenarios. We
have explored three scenarios. In the first, labels are unavailable. This scenarios arises if the
original dataset is unavailable, but unlabeled data can be easily obtained. In the second,
data and labels are unavailable. This scenario arises if the original dataset is unavailable, and
data is difficult to obtain. In the third, compression occurs after model deployment. This
requires compressing without data, and with constrained compute. This scenario arises when
we want to compress to varying compression levels after deployment to allow for dynamic
resource consumption. As on-device machine learning continues to grow, we hope that this
exploration and similar efforts will enable previously unseen functionalities for challenging
scenarios in which traditional machine learning methods cannot be used.

We believe there is opportunity for strong future contributions in data-constrained model
compression. We encourage researchers to create a competition-style evaluation on a held-
out test set. In this competition, contestants would be given a model to compress without
being told what dataset it operates on, or what domain its inputs and outputs come from.
This would more realistically model the scenario in which no dataset is available, because
researchers would not have a validation set on which to tune their model. Another rich
area for exploration is in pushing the accuracy of data-constrained models to match the
performance of models trained on the original data. Because accuracy of data-free model
retraining is lower than the results on the original dataset, there should be opportunities to

improve upon the results demonstrated in existing works.
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Appendix A
LAYER-WISE DATA-FREE COMPRESSION

A.1 Note on Quantization With Residuals

When quantizing a network with residual connections, one must take care to ensure that the
activation tensor created by adding the output of quantized convolutions is quantized after
the addition from the residual is applied. Otherwise, the input to the following layer will not
be truly quantized.

To ensure this, we place our activation quantization modules after the skip connections
in the case of residual networks. In our DFQ [98] implementation, we need batch norm input
statistics for the layer following a skip connection. It is not clear from the discussion in [98]
where their activation modules are, or how this detail is handled. When estimating statistics
needed for the output of the skip connections (which is needed for DFQ), we estimate the
per-channel output statistics from a skip connection as pu = py + po, 0 = \/m, where
i, 0; are the mean and standard deviation of the batch norm statistics from the inputs to

the residual addition.
A.2 Notes on Experimental Setup

We note here a few details of our experimental setup for Adversarial Knowledge Distillation
(AKD) [1§] and Deep Inversion (DI) [I52].

When using DI to generate data for MobileNet, MobileNetV2, ResNet18, and Efficient-
Net B0, we use the parameters for MobileNetV2 [115] from the public GitHub repository
(settings for these other networks were not in the repository). We validated that these set-
tings generated images that could be recognized by an independent CNN as belonging to

the given class. As in [I52], we generate 165,000 images and use them to retrain a student
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network from a teacher network. We initialize both the student and the teacher to the same
pretrained network. We then train the student with STR [72] to match the teacher using
the Label Refinery [7] formulation for Knowledge Distillation [50]. We train for 10 epochs
over this training set, using Adam [65] with a cosine learning rate decaying from 0.001 to 0.
When training with AKD [I§], we use the parameter settings described in [18]. Specifi-
cally, we trained the discriminator with Nesterov gradient descent with momentum 0.9 and
initial learning rate 0.1. We used Adam [65] to optimize the generator, with an initial learn-
ing rate 0.001. We decay both learning rates to 0 over the course of training, using a cosine
learning rate schedule. We use a loss-scaling alpha of o = 0.1 (see [I§] for details). We
adjusted batch sizes to fit in a single NVIDIA Tesla V100 for all experiments. We initialized
the student and teacher networks to the same pretrained model, then trained to produce a
quantized or sparse model. Since we reloaded pretrained students and teachers, we found
we could shorten the training regime and still reach convergence. Optimizing the training
regime is important for fair runtime comparison in Figure [3.2] Our epochs in this case were
shortened to 12800 samples, and we perform warmup for 50 epochs (enough to plateau the
generator loss) and regular training for 250 epochs (enough to reach convergence in all cases).
When training to induce sparsity with AKD, we found it important to adjust the
sparsity-inducing weight decay A (see STR [72] for details). In addition to setting A =
0.00001551757813 (as for our other experiments), we used values of 2), 10\, and 100\ to
achieve a richer variety of points on the sparsity /accuracy trade-off curve. We found this im-
portant in practice. However, in the data-free scenario, we would not in general have access
to a validation set, so we show all final-epoch results in Figure 3.1} We also found it useful to
adjust our sweep over sy values to values that induce an initial sparsity of [0%, 10%, ..., 70%)].
When combining our method with Deeplnversion (for EfficientNet B0) in Figure we
simply add our loss to the Deeplnversion loss. When combining our method with AKD (for
MobileNetV1, MobileNetV2, and ResNet18) in Figure , we scale our loss by factors of
[0.1,1,10,100], add it to the discriminator loss, and plot all final-epoch results.
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Figure A.1: Correlation between normalized training loss and normalized validation accuracy on

ImageNet for quantization methods.

A.3 Analysis of Stability in Quantized Methods

We present the results for best-epoch performance (rather than last-epoch performance) of
efficient quantization methods in Table . Since only AdaRound [96] requires backpropa-
gation, only the AdaRound entries are different than the last-epoch results in Table|3.1} The
results for DFQ [98] and our method are unchanged. Results for best-epoch performance
of expensive quantization methods appear in Table Note that these best-epoch results
give an unrealistic advantage to AdaRound [96], Adversarial Knowledge Distillation [18],
and Deep Inversion [I52], because a data-free scenario would not allow for a validation set
in practice.

Note that gains are modest in some cases, but very large in other cases. We noticed
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Bits | ours DFQ AR ours DFQ AR
MNV1 1.0 MNV2
8 | 71.13 71.18 71.36 (+0.01) | 70.50 70.16 69.73 (+1.12)
7 | 70.26 69.76 70.27 (+0.05) | 69.67 68.89 68.65 (+2.00)
6 66.95 61.81 64.28 (+0.60) | 66.97 63.06 51.93 (+0.93)
5 [55.37 25.63 29.17 (+0.00). | 56.33 23.41 27.83 (4+0.00)
4 5.62 0.23 0.30 (+0.02) | 823 049 0.51 (4+0.03)

MNV1 0.5 RN18
63.77 63.65 62.18 (+5.79) | 68.67 67.72 67.64 (+11.40)
61.64 60.47 53.71 (+2.70) | 67.92 66.40 66.78 (+12.33)
55.51 44.67 35.42 (+0.98) | 63.72 62.86 62.49 (+11.92)
)
)

23.79 729  6.02 (+0.54) | 3547 34.76 51.53 (+7.89
1.71 024 031 (40.03) | 088 1.06 11.15 (+0.51

=~ ot O =

Table A.1: Results for computationally-efficient quantization methods on MobileNetV1, Mo-
bileNetV2, and ResNet18 on ImageNet. This presents the results in Table but showing the best
epoch (rather than last epoch) for AR. The difference between the best epoch and the last epoch
is reported in parenthesis. As our method and DFQ do not require backpropagation, the results

are the same as in Table (DFQ): Data-Free Quantization [98]. (AR): AdaRound [96].
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Bits | ours AKD DI ours AKD DI
MNV1 1.0 MNV2
8 |71.13 70.31 (+0.18) 24.77 (+0.24) | 70.50 19.57 (+0.24)  7.21 (+0.00)
7 |70.26 68.16 (+0.39) 25.00 (+3.65) | 69.67 5.15 (+0.28)  5.60 (+0.17)
6 |66.95 61.38 (+54.27) 19.24 (4+0.07) | 66.97 10.05 (+0.35)  3.65 (+0.11)
5 |55.37 31.59 (+31.49) 9.06 (+0.00) | 56.33  2.08 (+1.22)  2.62 (+0.00)
4 5.62  0.10 (+0.00)  0.10 (+0.00) | 8.23  0.10 (+0.00)  0.16 (+0.07)
MNV1 0.5 RN18
8 |63.77 63.28 (+0.45) 27.98 (+2.23) | 68.67 62.27 (+0.14) 20.16 (40.47)
7 |61.64 60.11 (+2.91) 27.10 (+8.05) | 67.92 61.39 (+0.01) 19.14 (+0.09)
6 | 55.51 52.16 (+4.16) 22.58 (+0.41) | 63.72 55.22 (+0.26) 17.50 (40.52)
5 [23.79 21.18 (+4.32) 6.70 (+0.00) | 3547 41.41 (+0.00) 12.43 (40.00)
4 1.71 0.10 (+0.00)  0.10 (+0.00) | 0.88 0.10 (+0.00)  6.62 (+0.29)

Table A.2: Results for our efficient method compared to computationally-expensive quantization

methods on MobileNetV1, MobileNetV2, and ResNet18 on ImageNet. This presents the results in

Table but showing the best epoch (rather than last epoch) for AKD and DI. The difference

between the best epoch and the last epoch is reported in parenthesis. As our method does not

require backpropagation, the results are the same as in Table (AKD): Adversarial Knowledge

Distillation [I8]. (DI): Deeplnversion [18].
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Figure A.2: Correlation between normalized training loss and normalized validation accuracy on

ImageNet for pruning methods.
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that in some cases (e.g. ResNet18), AdaRound accuracy actually decreases with training,
indicating that the preprocessing step provided reasonably accurate quantization, but the
training step introduced instability. Additionally, 6-bit MobileNetV1 1.0 achieved a lower
final-epoch accuracy than 6-bit MobileNetV1 0.5 (Table when using Adversarial Knowl-
edge Distillation (AKD). In Table , we see that the best-epoch accuracy of MobileNetV1
1.0 was much higher than MobileNetV1 0.5 when using AKD. Instability in the optimization
lead to the poor final-epoch results in Table for 6-bit MobileNetV1 1.0 with AKD.

A.4 Loss and Accuracy Correlation

We also investigate the correlation between the loss function and the accuracy of methods.
This correlation is of particular interest in data-free compression, because if no data is
available, it’s likely that no validation set is available. In this case, we may need to judge
the relative quality of a variety of models by examining their loss values.

We show the correlation between training loss and validation accuracy for quantization
methods in Figure Since DFQ does not specify a method for determining the loss, we
omit it. For our method, the loss is represented by the sum of squared differences between
our generated activations and the quantized activations during our first round of activation
quantization (see Section [3.4.1)). For all other methods, we report training loss. When
reporting the loss for AKD, we ignore the generator loss, since the generator loss is not
directly used to train the compressed student. For ease of visualization, we normalize the
losses to fall in [0,1] for the given training jobs. We normalize model accuracies by the
accuracy of the original floating-point model from which we reloaded our weights.

We find that loss and accuracy are correlated. When using our method or AdaRound, a
lower loss always corresponds to a higher accuracy. For AKD and DI, the trend generally
holds, but with at least one exception.

In Figure [A.2] we compare the loss and accuracies of our pruning method compared to
DI [152], AKD [18], and “ours+”. Since the “global,” “uniform,”, and “ERK” methods do

not specify a method for calculating the loss, we omit them. Recall that “ours+” represents
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combining our method with DI for EfficientNet B0, and represents combining our method
with AKD for all other networks. We show final-epoch accuracies and losses for jobs that
have a final-epoch accuracy of at least 5%. We ignore jobs with lower accuracy for better
visualization, because some loss functions are unbounded for models that achieve very poor
accuracy. Note that, when reporting the loss for AKD, we again ignore the generator loss.
As before, we normalize losses to fall in [0, 1], and we normalize model accuracies by the
accuracy of the original floating-point model from which we reload.

We find our method typically exhibits a strong loss/accuracy correlation. The noisiest
example is ResNet18, in which some models achieve poor accuracy at relatively low loss.
With our method, we are also always able to reproduce near-original model accuracy at a
low loss. The AKD, DI, and “ours+” methods generally show a trend of higher accuracy
when loss is lower, though some exceptions break the pattern. For MobileNetV1 1.0 and
MobileNetV1 0.5, the “ours+” method never produces low-accuracy solutions, so increased
loss does not show a decrease in accuracy, simply because low-accuracy solutions were not

found.
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Appendix B
LEARNING COMPRESSIBLE SUBSPACES

B.1 Overhead Calculation

Unstructured Sparsity: In this setting, we prune individual network weights. As such,
the maximum number of compressed network configurations is determined by the layer with
the largest number of parameters. Let L denote the number of parameters in a given model’s
largest layer and [0, s| a compression sparsity range. Then the maximum number of configu-
rations is given by | Ls|. In this setting, the number of pre-calibrated BatchNorm parameters
that we need to store do not vary for each configuration. Consequently, the total number
of additional parameters that must be stored is B(L — 1) where B is the total number of
BatchNorm parameters in the uncompressed model (note that we subtract 1 from L since
storing an uncompressed model requires storing one set of BatchNorm parameters anyway).

Hence, enabling compression at every possible configuration would incur a total overhead of

<1OOB(TL—1)) % (B.1)

where T' is the total number of model parameters.

Structured Sparsity: Let M denote the width of the widest layer of a given model,
[w, 1] a compression width factor range, and B the total number of BatchNorm parameters.
Then L = [ M (1 —w)]| gives the maximum number of compressed network configurations ob-
tainable after channel pruning. For each ¢ € {1,..., L}, pruning ¢ channels from the widest
layer corresponds to compressing the network with a width factor of 1 — ¢/M. Hence, for
each compressed network configuration, storing pre-calibrated BatchNorm statistics would

require storing an additional B(1 — ¢/M) parameters. To enable compression at every pos-
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sible configuration would therefore require storing a total of Zle B(1 — ¢/M) additional
parameters, incurring a total overhead of
L
1008
(T > (- E/M)) %, (B.2)
=1

where T is the total number of model parameters.
B.2 Further BatchNorm Analysis

In Figure [4.3, we analyzed the inaccuracies of BatchNorm statistics for models trained with
unstructured sparsity. We show a similar analysis for the case of Universal Slimming (US)
[153] and Network Slimming (NS) [154] in Figure [B.1] We show the case of quantization in
Figure |B.2

B.3 Linear Subspace Analysis

In Figure[B.3] we provide additional experimental evidence that our linear subspace method
(LCS+L) trains a subspace specialized for high-accuracy at one end and high-efficiency at
the other end. We plot the validation accuracy along our subspace, as well as the validation
accuracy along our subspace when compressing with f(w*(a),v(a)) = f(w*(a), (1 — a)).
In other words, the weights that were trained for low compression levels are evaluated with
high compression levels, and vice versa. We see that this leads to a large drop in accuracy,
confirming that our method has conditioned one side of the line to achieve high accuracy at

high sparsities, and the other side of the line to achieve high accuracy at low sparsities.

B.4 Global Model Details

Our CNNs warm up to an initial learning rate of 0.1 (0.045 for MobileNetV2) over 5 epochs,
which then decays to 0 over 85 epochs (or 195 for cPreResNet20) using a cosine schedule.
We use a batch size of 128 on a single GPU for cPreResNet20 and ResNet18. We use the
version of VGG19 provided by [82]. This implementation modifies VGG19 slightly by adding

BatchNorm layers and removing the last two fully connected layers. For VGG19, we use a
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cPreResNet20 (CIFAR-10)
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Figure B.1: Analysis of the mean absolute difference between observed batch-wise means 1 and
stored BatchNorm means p during testing for cPreResNet models trained with NS [154] or US
[153]. (a)-(b): The distribution of | — fi| across all layers. (c)-(d): The average value of |y — fi
for each individual BatchNorm layer. (e)-(f): The correlation between the average of | — 1| and

test set error
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cPreResNet20 (CIFAR-10)
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Figure B.2: Analysis of the mean absolute difference between observed batch-wise means 1 and
stored BatchNorm means p during testing for cPreResNet models trained with different quantiza-
tion bit widths. (a)-(b): The distribution of |p — f1| across all layers. (c)-(d): The average value

of |u — f1] for each individual BatchNorm layer. (e)-(f): The correlation between the average of
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cPreResNet20 (CIFAR-10)
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Figure B.3: Standard evaluation of a linear subspace with network f(w*(a),7y(«)) (Learned line),

and evaluation when evaluating with reversed compression levels, f(w*(a),y(1—a)) (Reversed line)

batch size of 256 with 4 GPUs. We train MnasNet, MobileNetV2, MobileNetV3-Small, and
MobileNetV3-Large with a batch size of 128 using two GPUs. We train transformer models
using a batch size of 1024 with 8 GPUs. For cPreResNet20, VGG19, and ResNet18, we use
a weight decay of 5 x 1074, For MobileNetV2, we use a weight decay of 4 x 107°, and 107°
for MnasNet, MobileNetV3-Small, and MobileNetV3-Large.

B.5 Unstructured Sparsity Details

It is typical to include a warmup phase when training models with TopK sparsity [156]. In
our baselines in Section we increase the sparsity level from 0% to its final value over

the first 80% of training epochs. For our method, sparsity values fall within a range, so there

is no single target sparsity value to warm up to.

For our point method (LCS+P), we simply train for the first 80% of training with the
lowest sparsity value in our sparsity range. We finish training by sampling uniformly between

the lowest and highest sparsity levels.
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Table B.1: Our baseline models’ (with BatchNorm) accuracies. cPreResNet20 is trained on CIFAR-

10 and all other models on ImageNet.

Model BatchNorm Baseline Accuracy (%)
cPreReseNet20 91.69
ResNet18 70.72
VGG19 62.21
MnasNet-B1 72.58
MobileNetV2 70.03
MobileNetV3-Small 66.5
MobileNetV3-Large 73.09
DeiT-Ti 72.7
DeiT-Ti + Distillation 73.1
DeiT-S 80.3
CaiT-XXS 76.02

For our line method (LCS+L), our choice of sparsity level is tied to our choice of weight-
space parameters through a. We implement our warmup by simply adjusting v(«) to apply
less sparsity early in training, warming up to our final sparsity rates over the first 80% of
training.

For transformer models in particular, our LCS+P training resembles our LCS+L method
whereby 7(«) applies less sparsity early in training and gradually warms up to our final
sparsity rates over a fraction of the training epochs. Moreover, we do not apply sparsity to
the patch embedding layer.

In detail, let apin and apax correspond to our minimum and maximum alpha values (for
example, for ResNet18 in Section , Omin = 0.005, and aya, = 0.05). As motivated in
Section , we bias sampling of a towards the endpoints of our line. We set o = [avpin |
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with 25% probability, & = [amax ] With 25% probability, and @ = [U(cumin , max )] with 50%
probability, where U(a,b) samples uniformly in the range [a,b]. To warm up our sparsity

rates, we choose

d = max (1 — ¢/t,0) (B.3)

(@) = (1= a)(1-d), (B-4)

where c is the current iteration number, and ¢ is the total number of iterations in the first 80%
of training. At the beginning of training, d = 1, and vy(a) = 0, corresponding to a sparsity
level of 0 for all values of . Once 80% of training is finished, d = 0, and (o) = 1 — « for
the remainder of training. This corresponds to our final sparsity range.

Our methods use GroupNorm in the unstructured setting. For cPreResNet20, ResNet18,
and VGG19, we set the number of groups to g = 32 (we set g = ¢ for the first few lay-
ers of cPreResNet20, because it has fewer than 32 channels). For MnasNet, MobileNetV2,
MobileNetV3-Small, and MobileNetV3-Large, we use g = 8. Transformer models use Layer-

Norm (equivalent to g = 1).
B.6 Structured Sparsity Details

When training our method with a line in the structured sparsity setting, we do not use two
sets of weights (e.g. w; and wy, Section for convolutional filters. Instead, we only use
two sets of weights for affine transforms in GroupNorm [146] layers. For the convolutional
filters, we instead use a single set of weights, similar to our point formulation (and similar to
US [153] and NS [154]). By contrast, we use two sets of weights for convolutional filters as
well as for affine transforms when experimenting with unstructured sparsity (Section
and quantization (Section [1.4.3)).

The reason for only using one set of convolutional filters in the structured sparsity setting
is that the filters themselves are able to specialize, even without an extra copy of network
weights. Some filters are only used in larger networks, so they can learn to identify different

signals than the filters used in all subnetworks. Note that this filter specialization argument
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does not apply to our unstructured or quantized settings.

In preliminary experiments, we found that using a single set of weights for convolutions
in our structured sparsity experiments gave a slight improvement over using two sets of
weights (roughly 2% for cPreResNet20 [44] on CIFAR-10 [68]). We hypothesize that this

slight difference may be attributed to the ease of learning fewer network parameters.
B.7 Quantization Details

Our method applied to quantization trains without quantizing the activations for the first
80% of training, and then adds activation quantization for the remainder of training. Weights
are quantized throughout training.

The number of groups in our GroupNorm layers is the same as described in Appendix[B.5]
B.8 Additional Results

Unstructured Sparsity: We present additional results in the unstructured wide sparsity
regime in Figure and Figure For MnasNet, our « range is [0.0325,1]. For the
remaining models, our a range is [0.025,1]. All other training details are unchanged. We
find that our method is able to produce a higher accuracy over a wider range of sparsities
than our baselines.

We also present results for vision transformer models in the high sparsity regime in
Figure . For these models, our « range is [0.05,0.2]. Additionally, for these models we
use a 65% warm-up phase instead of 80% as was discussed in Appendix

We also provide a table of unstructured sparsity results in the high sparsity regime (Ta-
ble and the wider sparsity regime (Table , showing memory usage and FLOPS.

Structured Sparsity: We present results for VGG19 on ImageNet in the structured
sparsity setting in Figure . We use a width factor range of [0.25, 1]. Our method produces a
better efficiency-accuracy trade-off than baselines. Note that VGG19 with GroupNorm [146]
had a higher baseline accuracy than VGG19 with BatchNorm [60] (as noted in Section [4.4.3)).
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Additional results on lightweight networks in the structured sparsity setting are pre-
sented in Figure [B.8] Our width factor ranges for MobileNetV2, MobileNetV3-Small, and
MobileNetV3-Large are [0.55, 1], [0.57, 1], and [0.4427, 1], respectively. Our method yields
a better accuracy-efficiency trade-off for a wider range of sparsity levels. We also provide
a table demonstrating the memory, flops, and runtime of structured sparsity models in Ta-
ble [B.41

Quantization: We present quantization results for ResNet18 in Figure We find
that our models approach the accuracy of models trained at a single bit width, and our
models generalize better to other bit widths.

We also provide a table of quantization results in Table showing memory usage of
the models.
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Figure B.5: Our method for unstructured sparsity using a linear subspace (LCS+L+GN) and a

point subspace (LCS+P+GN) compared to networks trained for a particular TopK target
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Figure B.8: Our method for structured sparsity using a linear subspace (LCS+L+IN) and a point
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space (LCS4+P+GN) compared to networks trained for a particular bit width target
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Table B.2: Results for unstructured sparsity in the high sparsity regime. Note that models of a
particular architecture and sparsity level all have the same runtime characteristics (memory and
FLOPS), so we only report one value. Runtime was not measured because it requires specialized
hardware. So, we follow the standard practice of only reporting memory and flops. Memory

consumption refers to the size of nonzero model weights in the currently executing model

Sparsity (%) 95.66 | 96.15 | 96.64 | 97.14 | 97.63 | 98.12
cPreResNet20 | FLOPS (x109) 146 | 129 | 113 | 096 | 079 | 0.63
(CIFAR-10) | Memory (MB) 0.04 | 003 | 003 | 002 | 002 | 0.02

Acc (LCS+P+GN) 70.18 | 69.22 | 67.74 | 63.78 | 54.91 | 24.92
Acc (LCS+L+GN) | 75.53 | 72.30 | 67.02 | 52.86 | 39.63 | 34.12
Acc (TopK=0.04) 14.83 | 12.83 10.8 9.66 10.01 9.79
Acc (TopK=0.02) 10.25 | 10.53 | 78.7 | 10.56 | 10.05 | 10.09
Acc (TopK=0.01) 10.02 9.97 9.96 10.64 | 59.2 | 10.79
Acc (TopK=0.005) 10.0 10.08 9.81 10.03 10.0 | 41.44

Sparsity (%) 92.67 | 93.15 | 93.62 94.1 94.58 | 95.06
ResNet18 FLOPS (x10°) 169.42 | 160.94 | 152.46 | 143.98 | 135.51 | 127.03
(ImageNet) Memory (MB) 3.42 3.2 2.98 2.76 2.53 2.31

Acc (LCS+P+GN) | 51.5 | 51.1 | 50.37 | 48.62 | 44.8 | 30.69
Acc (LCS+L+GN) | 58.63 | 56.96 | 54.70 | 51.02 | 44.87 | 39.41
Acc (TopK=0.04) | 596 | 09 | 018 | 011 | 0.1 0.1

Acc (TopK=0.02) | 24.66 | 45.37 | 59.92 | 384 | 0.1 | 0.11
Acc (TopK=0.01) | 0.12 | 0.1 01 | 011 |53.95| 0.11
Acc (TopK=0.005) | 0.1 | 012 | 011 | 01 | 0.11 |46.35
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Table B.3: Results for unstructured sparsity in the wide sparsity regime. Note that models of a
particular architecture and sparsity level all have the same runtime characteristics (memory and
FLOPS), so we only report one value. Runtime was not measured, because it requires specialized
hardware (so most unstructured pruning works report memory and flops). Memory consumption

refers to the size of nonzero model weights in the currently executing model

Sparsity (%) 0.0 49.31 86.29 91.22 93.68 | 96.15
cPreResNet20 FLOPS (x10°) 33.75 17.11 4.62 2.96 2.13 1.29
(CIFAR-10) | Memory (MB) 0.87 0.4 0.12 0.08 | 005 | 0.03
Acc (LCS+P+GN) 89.64 89.34 82.34 75.24 67.55 47.1
Acc (LCS+L+GN) 86.65 85.45 80.78 76.27 | 71.22 | 68.78
Acc (TopK=0.9) 91.66 83.17 10.54 10.0 9.76 10.0
Acc (TopK=0.5) 91.16 91.17 10.64 10.14 10.0 10.0
Acc (TopK=0.1) 40.74 40.74 78.56 39.54 11.67 10.26
Acc (TopK=0.025) 9.64 9.64 10.65 10.0 9.98 82.15
Sparsity (%) 0.0 47.77 83.59 88.37 90.76 | 93.15
ResNet18 FLOPS (x10%) 1814.1 966.32 330.49 245.72 | 203.33 | 160.94
(ImageNet) Memory (MB) 46.72 24.4 7.66 5.43 4.32 3.2
Acc (LCS+P+GN) 69.25 69.12 64.53 60.36 55.58 | 41.48
Acc (LCS+L+GN) 66.94 66.49 63.20 60.96 | 58.44 | 56.83
Acc (TopK=0.9) 70.57 63.17 0.1 0.1 0.1 0.1
Acc (TopK=0.5) | 70.15 | 70.15 | 0.24 0.17 0.1 | 0.12
Acc (TopK=0.1) 58.21 58.21 66.44 29.93 0.24 0.1
Acc (TopK=0.025) 0.12 0.12 0.13 0.17 2.64 61.33
Sparsity (%) 0.0 48.75 85.31 90.19 92.62 | 95.06
VGG19 FLOPS (x109) 19533.52 | 9822.65 | 2539.51 | 1568.42 | 1082.88 | 597.34
(ImageNet) Memory (MB) 82.12 42.09 12.06 8.06 6.06 4.06
Acc (LCS+P+GN) 70.0 69.45 62.11 55.62 48.58 25.87
Acc (LCS+L+GN) 65.64 64.76 59.93 56.80 | 51.89 | 53.15
Acc (TopK=0.9) 61.72 56.67 0.1 0.0 0.0 0.1
Acc (TopK=0.5) 61.07 61.07 0.15 0.09 0.06 0.1
Acc (TopK=0.1) 7.91 7.91 50.13 16.8 0.13 0.09
Acc (TopK=0.025) 0.09 0.09 0.1 0.16 3.91 46.66
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Table B.4: Results for structured sparsity. Note that models of a particular architecture and
sparsity level all have the same runtime characteristics (memory, FLOPS, and runtime), so we only
report one value. Runtime was measured on a MacBook Pro (16-inch, 2019) with a 2.6 GHz 6-Core
Intel Core i7 processor and 16GB 2667 MHz DDR4 RAM. Memory consumption refers to the size

of model weights in the currently executing model

Sparsity (%) 0 43.491 60.614 | 74.655 | 85.614 | 93.491
cPreResNet20 | FLOPS (x10°) 33.75 19.07 13.29 8.55 4.85 2.2
(CIFAR-10) | Memory (MB) 0.87 0.49 034 | 022 | 012 | 0.06
Runtime (ms) 3.13 2.64 2.09 1.83 1.64 1.28
Acc (LCS+P+IN) 87.51 86.07 84.46 82.02 | 78.39 | 75.96
Acc (LCS+L+IN) 88.49 86.22 84.54 81.92 | 78.73 | 75.25
Acce (US) 70.62 83.13 81.11 62.18 40.04 21.81
Acc (NS) 72.87 75.46 57.09 70.07 16.86 19.76
Sparsity (%) 0.0 42.91 59.89 73.88 84.89 92.91
ResNet18 FLOPS (x10°) 1814.1 1042.66 | 736.42 | 483.16 | 282.89 | 135.61
(ImageNet) Memory (MB) 46.72 26.67 18.74 12.2 7.06 3.31
Runtime (ms) 45.85 30.34 22.51 14.31 9.84 6.02
Acc (LCS+P+IN) 63.32 60.21 57.42 53.77 | 48.75 | 44.62
Acc (LCS+L+IN) 63.93 59.66 56.84 53.00 48.11 44.14
Ace (US) 58.91 60.39 53.76 44.72 22.51 8.34
Acc (NS) 50.63 57.58 22.93 48.52 0.84 1.34
Sparsity (%) 0.0 43.28 60.35 74.37 | 85.35 93.28
VGG19 FLOPS (x10°) 19533.52 | 11008.56 | 7656.48 | 4911.33 | 2773.1 | 1241.81
(ImageNet) | Memory (MB) | 82.12 4658 | 3256 | 21.04 | 1203 | 5.52
Runtime (ms) 388.49 246.81 172.64 | 105.77 60.0 29.55
Acc (LCS+P+IN) 66.77 64.47 62.11 58.35 | 53.45 49.5
Acc (LCS+L+IN) 66.97 63.79 61.42 57.57 52.66 49.11
Acc (US) 36.27 43.99 42.17 36.5 20.42 7.07
Acc (NS) 34.05 44.91 18.44 36.26 0.57 0.14
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Table B.5: Results for quantization. Note that models of a particular architecture and quantization
bit width all use the same memory, so we only report one value. Runtime was not measured, because
it requires specialized hardware. Memory consumption refers to the size of model weights in the

currently executing model

Bit Widths 8 7 6 ) 4 3
Memory (MB) 0.22 0.19 0.17 0.14 0.11 0.08
Acc (LCS+P+GN) | 89.97 | 90.0 89.88 | 89.26 | 86.25 | 65.26
cPreResNet20 | Acc (LCSH+L+GN) | 87.20 | 87.86 | 87.86 | 87.40 | 84.59 | 75.86
(CIFAR-10) | Acc (Bit Width=8) | 91.36 | 91.02 | 90.47 | 87.98 | 65.91 | 16.65
Acc (Bit Width=6) | 91.07 | 90.89 | 91.26 | 87.12 63.1 18.78

( )
)

Acc (Bit Width=4) | 84.93 | 84.65 | 84.77 | 82.37 | 88.22 | 25.19

Acc (Bit Width=3) | 55.71 | 55.56 | 57.01 | 55.66 | 44.83 | 73.89

Memory (MB) | 11.69 | 1023 | 877 | 7.31 | 584 | 4.38

ResNet18 | Acc (LCS+P+GN) | 63.59 | 63.51 | 63.15 | 61.82 | 55.80 | 5.48
)

(ImageNet) | Acc (LCS+L+GN) | 66.72 | 66.30 | 64.80 | 61.84 | 56.96 | 44.63
Acc (Bit Width=8) | 70.36 | 69.2 | 67.18 | 41.67 | 0.54 0.08
Acc (Bit Width=6) | 66.8 66.26 | 69.17 | 44.0 0.43 0.1
Acc (Bit Width=4) | 9.82 9.57 8.57 4.84 | 59.39 0.1
Acc (Bit Width=3) 0.1 0.12 0.09 0.1 0.12 | 25.61

Memory (MB) | 20.542 | 17.974 | 15.406 | 12.839 | 10.271 | 7.703
VGG19 | Acc (LCS+P+GN) | 57.83 | 57.74 | 57.24 | 55.64 | 47.11 | 0.25
(ImageNet) | Acc (LCS+L+GN) | 64.38 | 63.89 | 61.95 | 57.72 | 50.28 | 31.85
Acc (Bit Width=8) | 60.85 | 59.32 | 56.13 | 39.73 | 0.3 | 0.09
Acc (Bit Width=6) | 56.52 | 55.35 | 59.89 | 23.24 | 0.16 | 0.1

(

(

Acc (Bit Width=4 0.13 0.13 0.14 0.11 | 51.33 0.1

)
)
)
)| 012 | 01 | 01 | 012 | 0.09 | 20.72

Acc (Bit Width=3
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