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中文摘要	

	 卷積神經網絡廣泛用於計算機視覺。需要存儲的大量參數和高計算複雜

度導致它們需要具有大量資源的平台來實現某些場景，例如實時應用。為了在資

源有限的平台上適應這些計算密集型網絡，研究人員開發了許多網絡壓縮技術，

以在減少資源消耗的同時保持性能。成功的壓縮方法的關鍵是在給定資源（例

如，參數、推理延遲）約束下產生具有最高性能的網絡。	

	 剪枝是一種有效的網絡壓縮方法。它估計每個濾波器的重要性並消除那

些不太重要的過濾器，直到滿足資源限制。雖然現有方法僅考慮網絡中的參數總

量或浮點運算	 (FLOPs)	作為約束，但這些指標忽略了網絡如何在目標平台上執

行。在本論文中，將推理延遲等平台特性引入到修剪指標中。我們提出了一種新

的平台感知過濾器修剪方法，可以擴大整個網絡的搜索空間。稱為平台感知架構

生成器和搜索（PAGS），它可以生成給定延遲約束的網絡架構並擴展整體模型

架構搜索空間。在搜索階段，我們從生成器構建的候選集中搜索最佳修剪結構。

最後，進行典型的剪枝程序將預訓練的模型剪枝為最佳剪枝結構和微調它以恢復

性能。大量實驗表明，在相同的延遲約束下，我們的方法可以實現比最先進的方

法更好的性能和更低的延遲。	
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Abstract

Convolutional neural networks (CNNs) are widely used in computer vision. A

large amount of parameters to be stored and the high computation complexity of

CNNs lead to that they need platforms with plenty of resources to achieve some

scenarios, such as real-time applications. To adapt these computation-intensive

networks on platforms with limited resources, researchers have developed many

network compression techniques to reduce resource consumption and maintain

performance at the same time. The key to a successful compression method is to

optimize the network with the highest performance under the given resource (e.g.,

parameters, inference latency) constraints.

Filter pruning is an effective method for network compression. It estimates

the importance of each filter and eliminates those who are less critical until the

constraints are met. While existing methods only consider the total number of

parameters or floating-point operations (FLOPs) in a network as constraints, these

metrics neglect how networks are executed on target platforms. In this thesis,

platform characteristics such as inference latency are introduced to pruning metrics.

We propose a novel method for platform-aware filter pruning that enlarges the total

networks’ searching space. It is called Platform-aware Architecture Generator and

Search (PAGS), which can generate network architectures given a latency constraint

and expand the overall model architecture searching space, followed by the search

algorithm. In the searching stage, we search for the best-pruned structure from

the candidate set constructed by our generator. Lastly, typical pruning procedure

will be conducted to prune the pre-trained model to the best-pruned structure and

i
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ii Abstract

fine-tune it to recover performance. Extensive experiments demonstrate that under

the same latency constraint, our method can achieve better performance and lower

latency than state-of-the-art methods.
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Chapter 1

Introduction

The rapid growth of machine learning and deep learning has been adopted in

many research fields such as computer vision, natural language processing, etc.

Convolutional Neural Networks (CNNs) are extensively used in various vision

tasks in computer vision, for example, image recognition [4], object detection [5],

image super resolution [6]. The breakthrough performance is attributed to the

elaborate design of CNNs. To achieve higher performance in those vision tasks,

CNNs are manually designed to be deeper, containing more different operations,

and more complicated. These designs enable CNNs to achieve better performance

while these networks become more computation-intensive. The latest technological

advancements make computer hardware more powerful than ever, dealing with

these computation-demanding workflows. However, these computation-intensive

and memory-intensive CNNs are hardly deployed to platforms with limited compu-

tation and storage resources since their constraints include run-time latency, storage

for parameters, and energy consumption. Therefore, the most critical part is how to

strike a balance between accelerating the original large network and performance

drop.

Enormous network compression methods have been proposed to solve the

problem mentioned above, include knowledge distillation [7, 8], quantization [9,

10, 11], network pruning [12, 3, 13, 14, 15, 16, 17, 18, 19], and network design [20,

1
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21, 22].

Among the methods mentioned above, quantization converts the floating-point

parameters of the network into low bit width and thus reduce the storage of

parameter. However, it couldn’t reduce the number of computations. Knowledge

distillation consists of two networks: the original network (teacher) and a compact

network (student). Then the teacher network will transfer its informative knowledge

to the student network. Both knowledge distillation and network design need

human experts with domain knowledge to carry out more compact models. Network

pruning has the advantage of reducing both network parameters and the number of

computations. Moreover, pruning methods only need to set criteria for evaluating

the importance of pruned units and then eliminating those that are less important.

After the pruning process, it will generate a compact model compared to the

original one.

1.1 Network Pruning

Consider an over-parameterized neural network; the idea of network pruning is to

investigate the network importance, followed by eliminating the redundant part

of the net, and finally yield its optimal sub-network with a tolerable performance

drop. The unit being pruned varies in size. It can be a single value in the weight

of the network, a channel in the feature map, or even a whole convolutional filter.

Based on that, the pruning process can be divided into unstructured and structured

pruning. Weight pruning resulting in sparse matrix belongs to the former. Channel

pruning or filter pruning belong to the latter. Since unstructured pruning yields

sparse matrices, it needs dedicated hardware to speed up, which is not unrealistic

for regular hardware. On the other hand, structured pruning can fit all kinds of

hardware. Therefore, it’s more popular and commonly used. The objective of

pruning is to reduce the storage and the number of computations. Therefore,

the constraints in the pruning process would be the total number of parameters
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left, floating-point operations (FLOPs). No matter what type the pruning is, it

often follows a similar pruning procedure. The procedure can be described as

follow: Given a trained CNN, set the pruning constraints. The pruning methods

repeatedly evaluate the importance of the unit being pruned and removed that

are less important until the sub-network meets the constraints. Then the pruned

network’s fine-tuning process will be conducted to recover the performance drop

during the pruning process.

1.1.1 Unstructured Pruning

CNNs imitate neuron connections in brains. If the information (feature map)

in the network is important, it will pass through the activation function to the

next neuron. If the value of weight in the network is small, it’s possible that the

information would not activate the neuron, which means it will not pass on to the

next layer. The common weight pruning procedure is illustrated with Figure 1.1.

Since neural networks commonly have a vast number of parameters to retain their

superior performance, it might cause redundancy. If the redundancy in the model

can be removed, a more compact model can be generated without sacrificing too

much performance. Many studies [3] have shown that eliminate a portion of the

original network would not cause too much performance drop. [23] considers the

magnitude of each weight in the networks. Small values of weights are considered

to be redundant. Removing the smallest weight will generate a sparse network,

which can reduce the number of parameters. [24] combine weight pruning and

other compression techniques to lower the amount of storage further. Weight

pruning addresses the mass amount of storage in CNNs. However, it can not save

the actual total number of computations. Since weight pruning yields a pruned

model with sparse weights, the sparse matrices need specialized hardware to deal

with. Thus unstructured pruning methods need to combine with dedicated hardware

to truly decrease computation, which is not suitable in real-world scenarios.
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Figure 1.1: Illustration of weight pruning. In the process of weight pruning,

suppose we set a threshold, weights smaller than the threshold will be set to zeros,

and only important weights are left.
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1.1.2 Structured Pruning

Unlike unstructured pruning, structured pruning can fit all kinds of hardware

without specialized design. Structured pruning, also known as channel pruning

or filter pruning, determines the importance for each structured unit, such as a

channel in the feature map or a filter in a layer. Then it classifies those units into

two sets, an important one and a less important one for each iteration. Followed

by iteratively pruning the unimportant ones and fine-tuning in the network. The

common structured pruning procedure is illustrated with Figure 1.2. The pruning

process is often executed iteratively rather than one-shot because iteratively prune

the structured units can make less impact on overall performance. In recent studies,

various criteria are proposed to determine the “importance” for each structured

unit. For example, the norm [3] or sparsity [25] of a filter is used. More recently,

complicated evaluations [26, 17] achieve exceptional performance by estimating

the importance of a filter based on its impact on the loss of accuracy drop when

being eliminated.

1.2 Challenge

Lack of information of the hardware platform. Different hardware platforms

have their own design characteristics depending on their application purposes. Fig-

ure 1.3 shows some well-known hardware such as Central Processing Unit (CPU),

Graphics Processing Unit (GPU), Field Programmable Gate Array (FPGA), to

Application Specific Integrated Circuit (ASIC). CPU is more flexible than the other

platforms. ASIC is the most efficient platform among them. The same network

executed on these platforms will have different results. In other words, the same

number of parameters or FLOPs in a network can’t represent real-world network

execution on the hardware platform.

Moreover, we found that most pruning methods usually use the total number of

parameters or total FLOPs as pruning constraints, which are indirect metrics for the
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Figure 1.2: Illustration of filter pruning. In the process of filter pruning, suppose

that we want to remove the 1st filter of convolutional layer i in a CNN, which results

in that the 1st channel of output feature map i would disappear, the 1st channel

for each filter in the next convolutional layer, layer i+ 1, become ineffective and

should be removed accordingly.
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Figure 1.3: Hardware comparison. From the leftmost to the rightmost: CPU,

GPU, FPGA, and ASIC. CPU has higher flexibility, and ASIC has higher efficiency.

target devices. For example, 30% pruning ratio on the total number of parameters

can’t guarantee that the inference latency will exactly drop by 30%. To make

pruned networks executed efficiently on the device, direct metrics such as inference

latency and energy consumption should be considered. The pruning process should

collaborate with the platform deeply to yield a pruned network being executed

efficiently on the platform and acceptable performance drop simultaneously.

Figure 1.4: Illustration of platform. We view all parts underneath the Neural

Network model (NN model) as a whole platform. In the process of filter pruning,

suppose the deep learning compiler of the platform has been updated; we can view

them as a new platform and execute our pruning process.

Moreover, the execution efficiency of the network depends not only on the

hardware but also on the related acceleration library and the deep learning compiler.
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Any improvements among them have impacts on the inference speed. Thus, we

regard all parts underneath the model as a complete platform, including acceleration

library, deep learning compiler, and hardware. This allows the pruning process to

fast adapt to platforms. If one component of the platform has been updated, we

can view them as a new platform and execute the pruning process, which is shown

in Figure 1.4.

Figure 1.5: Hardware comparison. From the leftmost to the rightmost: CPU,

GPU, FPGA, and ASIC. CPU has higher flexibility, and ASIC has higher efficiency.

Limited search space. Another challenge is that most iteratively pruning meth-

ods have limited candidates at each pruning iteration, which narrow the search

space of pruning candidates and use the greedy method to select the current best

candidate for the next pruning iteration. This might result in missing the oppor-

tunity to find the optimal pruned model. For example, NetAdapt [2] generate K

(number of layers of the pretrained model) pruned network candidates meeting

the current resource constraint at each pruning iteration, shown in Figure 1.5.

This pruning search space shrinkage approach hinders the pruning method from



doi:10.6342/NTU202101554

1.3. Contribution 9

producing better-pruned network meeting the resource budget.

To address the challenges mentioned above, we propose a novel method named

Platform-aware Architecture Generator and Architecture Search (PAGAS), which

integrates the information of inference latency of the platform into our pruning

procedure. The platform-aware architecture generator will generate network ar-

chitectures meeting the target latency constraint. Moreover, we expand the overall

search space of pruning candidates initially, followed by the architecture searching

algorithm to find the best model architecture given the resource constraint. Lastly,

we use fine-tuning to recover the performance drop during the pruning process.

1.3 Contribution

To sum up, two problems are stated in existing methods for filter pruning: 1)

Lacking information of the hardware platform. Only using indirect metrics can not

adapt the pruning methods to a variety of platforms. 2) Limited search space. With

limited search space, it’s not capable of obtaining better pruning candidates, also

leading to sub-optimal performance. To address these two problems, we propose

Platform-aware Architecture Generator and Search (PAGS), which consists of a

platform-aware model architecture generator (AG) and a searching algorithm. We

first aim to expand the search space of pruning candidates. Given the target device,

we train an architecture generator which is an auto-encoder network structure

with self-generated data collected on the target device. After the training process

is completed. At the generating stage, we can use the decoder network of the

auto-encoder network structure as the generator to yield various network structures

meeting the given inference latency budget. Secondly, we use architecture search

(AS) inspired by [1] to search for the best model structure out of the architecture

set generated from our AG. Different from them, we automatically search overall

architectures rather than manual settings maximum pruning ratio for each layer.

Furthermore, we can also prune models more precisely given the constraints.
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Lastly, the searched best structure is the target of our pruning procedure. Same

as [2], we use the L2-norm as the filter importance to prune the pre-trained model

with the best structure and fine-tune it to recover the performance drop during

the pruning process. We can achieve higher accuracy under the given inference

latency constraint compared with the state-of-the-art of platform-aware pruning

method. Furthermore, we can achieve higher accuracy and faster inference speed

at the same time under the given inference latency constraint compared with the

non-platform-aware method.

To the best of our knowledge, our work is the first to apply the generative model

to solve the pruning problems.

The main contributions of our work are:

• We propose a platform-aware architecture generator that can generate dif-

ferent model architectures meeting the given latency constraints. Therefore,

with more candidates, there is a higher opportunity to find the best-pruned

models satisfying the constraints.

• We integrate architecture search in our work. With the help of the search

process, we can find the best-pruned model over candidates generated by the

generator.

• Extensive experiments validate that our proposed method not only outper-

forms state-of-the-art methods in accuracy but also requires less inference

time than existing methods.

1.4 Thesis Organization

In this chapter, we introduce platform-aware pruning and present the main contri-

butions in this thesis. The related works are mentioned in Chapter 2. In Chapter 3,

we will briefly give the problem formulation and some notation used in our the-

sis. Then we present our architecture generator and give the details regarding the

theory of the deep conditional generative model and how we train the architecture
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generator. Lastly, we’ll introduce our architecture search method. In Chapter 4,

we will demonstrate the effectiveness of the generator. Moreover, we will pro-

vide experimental results to support our method. At last, our thesis conclusion is

in Chapter 5.
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Chapter 2

Platform-aware Filter Pruning

2.1 Related Work

2.1.1 Filter Pruning

Network pruning is a common compression approach to obtain a compact pruned

network from a large pre-trained network by eliminating the less important parts.

Compared with early weight pruning [12], which only removes the individual

redundant parameter of the weight matrices in CNN, filter pruning is a more

efficient method to reduce the total computation consumption by regrading a whole

convolutional filter in the model as a pruned unit. To distinguish between important

filters and less important ones, some works focus on determining the importance of

filters in each layer and remove unimportant ones “layer-by-layer”. Besides, some

works pay attention to the global methods that simultaneously evaluate and prune

filters in the whole network.

Layer-wise filter pruning. Inspired by the mechanisms for propagating action

potential in neurons, the larger action potential is more likely to transmit the

information to the next neuron. Some works [3, 23, 25, 19] presume a connection

between the importance of a filter and its corresponded parameter values, such as its

L1-norm [3], L2-norm [23], sparsity [25] or the distance to the geometric median

13
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of filters in a single layer [19]. The larger the value is, the more important the

filter is. On the other hand, some works use training data to yield the criterion for

filter removal [13, 15, 27]. [15] and [13] choose filters that can minimize feature

reconstruction error in each layer by solving LASSO problem [28]. Furthermore,

DCP [27] introduces additional discrimination-aware losses to guide the selection

of redundant filters and increase the discrimination ability of features. However,

each layer is connected to its previous and the next layer, and the layer dependency

should be considered. All of the layer-wise methods mentioned above can only

compare filters in the same layer; in other words, lacking cross-layer evaluation.

Moreover, layer-wise filter pruning is inefficient since it requires a pre-defined

pruning ratio for each layer, which is less flexible for the left network and leads to

a worse performance result.

Global filter pruning. Since the dimensions of the filters in each layer are

different, making filters in different layers comparable is a problem to be solved. To

make the estimated values for filter importance globally comparable, Molchanov et

al. [26] takes advantage of a layer-wise normalization approach to re-scale the

original importance score, which utilizes Taylor’s expansion of the loss impact

caused by the removal of filters. NISP [16] measures the importance of features in

the final response layer (FRL). FRL is the second-to-last layer before classification,

and it should play key roles in full network pruning since they are the direct inputs

of the classification task. Then it propagates the importance score of each filter in

the whole network from the final response layer back to each layer before. These

methods only take the total number of parameters or the number of computations

as their pruning constraint. None of them consider the difference between deployed

devices.

Some works [14] try to utilize the batch-normalization (BN) layers [29]. They

enforce the sparsity of the scaling factor γ in the BN layer by adding a regularization

term in the training stage and prune filters depending on a global threshold over
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the value of γ. Recently, to evaluate the importance of a filter more accurately,

Molchanov et al. [17] modifies the Taylor expansion method so that additional

normalization is not required. Although they can obtain a promising performance,

none of these methods consider the information of the target devices.

2.1.2 Platform-based Network Optimization

Suppose there is a network being executed on two different platforms; it can’t

guarantee the network will have the same inference latency since the two platforms

have different hardware designs, which will affect how hardware platforms process

and execute networks. Here we focus on viewing the whole platform as a unit rather

than the hardware itself. The platform usually consists of several components

such as acceleration library, deep learning compiler, and underlying hardware.

Improvement of any of them will enhance the overall performance, make the

overall inference latency lower.

However, most pruning methods focus on reducing the total number of pa-

rameters or total number of FLOPs. Very few works introduce the information

of the platform into the whole pruning process. NetAdapt [2] is the first work

that introduces the platform information into the pruning process. It eliminates

the requirement of platform-specific knowledge by using empirical measurements

to evaluate the direct metrics such as the inference latency of the network. The

measurements guide NetAdapt to generate the network that meets the resource

constraint. At each pruning iteration, it will generate a set of network proposals

meeting the current resource budget for the next iteration. It constructs a look-up

table (LUT) containing inference latency on the target platform for each layer of

a given pre-trained network with various input and output channels. During the

iterative pruning process, it will only change the dimension of a single layer at

a time, and other layers remain the same dimensions. Then it searches the LUT

and tries to find the layer’s dimension to meet the current constraint. If a network

has n layers, it will generate n proposals at each iteration. Followed by the greedy
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selection, it picks the current best model for the next round. Repeat the process

until the resource budget is met.

However, this LUT-based method is not as accurate as the direct measurement

for the whole network. Since every measurement has fluctuation, the combination

of these measurements will accumulate the fluctuation, making it more inaccurate.

Secondly, the number of network proposals is very limited at each iteration, lead-

ing to a sub-optimal pruned network. Compared with NetAdapt, Our proposed

method uses direct measurement on the whole network to produce accurate la-

tency measurement and enlarges the network proposal search space to produce a

pruned network result with lower performance drop and closer to the given resource

budget.

2.1.3 Deep Generative Models

Deep generative models have been widely used in many research areas such

as super-resolution and natural language processing. Among them, variational

autoencoder (VAE) [30] is famous for its encoder-decoder network structure and

its decent performance in generating predictions. At the training stage, input data

samples are fed into the encoder to extract the input features to low dimensional

latent space; the decoder will reconstruct it back to the same dimension as the

inputs. At the generating stage, VAE uses a Gaussian latent variable for output

prediction.

Nevertheless, it can’t control the output since the latent variable is drawn

from the Gaussian distribution. To address this problem, conditional variational

autoencoder (CVAE) [31] is proposed. The training and the generating stage of

CVAE is illustrated in Figure 2.1. The generated output class can be assigned first.

At the training stage. the data and the corresponding label form a training pair as

the inputs for the encoder network. The encoder network will encode the inputs

into a low latent space. Then the decoder takes the latent variable and the assigned

output class as the inputs and generates the desired output class prediction. At
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generating stage, the predicted output class can be assigned. The decoder, or usually

being called the generator, takes a latent variable and an assigned output class, it

will generate the desired output prediction. Even the same latent variable with a

different assigned label can generate the correct prediction with the conditional

generative model.

The deep conditional generative model is usually used to generate images. Our

platform-aware architecture generator is based on the CVAE, which can generate

model structures meeting the given latency constraint. To the best of our knowledge,

our work is the first to apply the deep conditional generative model to solve the

pruning problems.

Figure 2.1: Conditional Generative Model. Left: At training stage. the data and

the corresponding label form a training pair as the inputs for the encoder network.

The decoder will reconstruct the input data. Right: At generating stage, the decoder

will be used as the generator. Sample latent variable from known distribution and

concatenate the desired output class label as the inputs for the decoder, the decoder

network will generate predicted output.
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Figure 2.2: Framework of ABCpruner [1]. ABCpruner integrates the automatic

searching algorithm (artificial bee colony [32]) to search for a better-pruned

network.

2.1.4 Searching Algorithm

Searching algorithms aim to find or plan things more efficiently and therefore have

been adopted in enormous fields. They are commonly used to solve optimization

problems. Some of them are applied to deep learning since it is one of the optimiza-

tion problems. In the pruning area, ABCpruner [1] is a structured filter pruning

method that integrates the artificial bee colony (ABC) [32] searching algorithm

in the pruning process. Different from other works, using the automatic search

algorithm would reduce human experts’ trail-and-error and rule-of-thumb settings.

We also use the ABC algorithm to find the best-pruned structure. Our work

differs from ABCpruner lies in two aspects: ABCpruner has to define that at the

most percentage of channels are preserved in each layer while our method doesn’t.

Our proposed method focuses on overall model architecture and hence provides

higher flexibility. Another one is ABCpruner defines that at the most percentage

of channels are preserved in each layer, which means it can’t set the pruning rate

beforehand. It can only calculate the number of parameters or computations when

the searching process is completed. Thus, given a resource constraint, it can’t



doi:10.6342/NTU202101554

2.1. Related Work 19

accurately find the model satisfying the budget at a time. By contrast, we can set

the resource budget in the beginning. Then, every time the searching process is

finished, we can precisely generate a pruned model meeting the given resource

constraint.
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Chapter 3

Proposed Method

This thesis proposes the Platform-aware Architecture Generator and Search (PAGS)

algorithm for network pruning. Our algorithm comprises two parts; the architecture

generator and the architecture search. To expand the search space for pruning

candidates, we use encoder-decoder architecture to train our decoder, namely,

the architecture generator. Given two inputs, latent code and latency constraint,

the architecture generator will yield pruned network model meeting the latency

constraint. Numerous pruned candidates are followed by the architecture search

that will search for the best candidates from them. The framework of the proposed

method is illustrated in Figure 3.1. We will describe the details of each part of our

proposed method in this chapter.

21
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Figure 3.1: (a) Training stage for platform-aware architecture generator. (b)

Framework overview.. The framework incorporates AG and architecture search-

ing (AS). When AS is completed, the searched best structure is the target of our

pruning procedure. We use the L2-norm as filter importance to prune the pre-trained

model with the best structure and fine-tune it to recover the performance.
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3.1 Preliminary

Given a L-layer modelN with filter set F = {f1, f2, ..., fL}, where fi is the filters

of the i-th layer, and its network architecture set A = {a1, a2, ..., aL}, where ai is

the filter number of the i-th layer, and the training dataset Dtrain. The objective of

network training is to minimize the given loss function L(A,F ;Dtrain). In filter

pruning, given a pruned modelN ′ with filter set F ′, the corresponding structure set

A′ = {a′1, a′2, ..., a′L, }, where a′i ≤ ai is the filter number of the pruned model in

the i-th layer. We aim to find the architecture setA′ that satisfies the given resource

budget and find the best filter set F ′ such that the pruned model N ′ fine-tuned on

Dtrain yields the best test accuracy on Dtest. We formulate it as follow:

argmin
F ′

L(A′,F ′;Dtrain) s.t.R(A′) u C (3.1)

C is the given pruning constraint, and R(A) is the resource consumption of the

model with the architecture of A. In our pruning setting, C is the model inference

latency measured on the target platform. In Eq. (3.1), it’s almost impossible to find

all pruned architectures meeting the constraint C since the search space is huge.

To reduce the search space, among previous works, many of them would use an

iterative shrinkage approach, i.e., at each iteration, they will evaluate the importance

of the filters and remove a small part of the filters, which are relatively unimportant.

Therefore, the architecture set of the model would shrink at each iteration until

the resource consumption of the pruned network satisfies the constraint. The final

pruned model is only one of architecture that meets the resource budget. These

methods may lead to sub-optimal results among all architecture sets satisfying the

constraint. Our proposed method is to address this problem and will be explained

in detail in the following sections.
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Figure 3.2: Encoder-Decoder structure. Given latency constraints and normal-

ized architecture vectors as inputs, the decoder will reconstruct normalized archi-

tecture vectors as outputs at the training stage.

3.2 Platform-aware Architecture Generator

Given a target platform, like a mobile CPU, we aim at finding the best network

structure at the same number of computations but with the lowest inference latency

while maintaining the acceptable performance drop. In other words, our goal is to

find the best-pruned model at the same latency constraint. Since enormous model

structures meet the specific latency constraint and hence it’s impractical to evaluate

all of them. Furthermore, the true model architectures distribution given a specific

constraint is unknown. Hence, we propose a platform-aware architecture generator

to address these problems.

Inspired by CVAE [31], We aim to sample network architectures meeting

the constraint from a known distribution such as normal distribution. Suppose

there are many architecture and latency label pairs, we replace input variable and

condition in CVAE with network architecture and the latency respectively, and

train a platform-aware architecture generator (AG) . Our platform-aware AG can

take latency constraint as the condition and sample latent codes from known latent
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space distribution to generative desired model architectures. Applying generative

model to pruning problem can efficiently generate network structures and enable

more pruning candidates to be selected. We first define the notation to be used

in this paper. There are four variables in our encoder-decoder structure which is

illustrated in Figure 3.2: input normalized architecture vectors x, the corresponding

latency label c, latent variable z drawn from prior Gaussian distribution pθ(z|c)

and reconstructed output variable y, where the encoder is a recognition network

with parameters φ and the decoder is a generative model with parameters θ. This

encoder-decoder structure is suitable for the approximation of model architecture

distribution since the true structure distribution is unknown. In the encoder-decoder

structure, the likelihood can be written as follows:

log pθ(x|c) = KL(qφ(z|x, c) || pθ(z|x, c)) + L(x, c; θ, φ) (3.2)

The first RHS term is the KL divergence of the approximate from the true posterior.

Since the KL-divergence is non-negative, the second RHS term L(x, c; θ, φ) is

called the (variational) lower bound on the likelihood and is used as the objective

function. It can be written as:

L(x, c; θ, φ) = −KL(qφ(z|x, c) || pθ(z|c)) + Eqφ(z|x,c)[log pθ(x|z, c)] (3.3)

where z = gφ(x, c, ε), ε v N (0, I). The distribution qφ(z|x, c) is reparameterized

with a differentiable function gφ(·, ·, ·). This enables backpropagation through

the Gaussian latent variables, which can be trained using stochastic gradient

descent (SGD). The second RHS term Eqφ(z|x,c)[log pθ(x|z, c)] is the reconstruction

error. The goal is to minimize the KL divergence of encoder qφ(z|x, c) from

Gaussian distribution and minimize the reconstruction error between the input x

and reconstructed output y. Here we give the solution when both the prior pθ(z|c)

= N (0, I) and the posterior approximation qφ(z|x, c) are Gaussian. Our objective

function is written as:

L(x, c, y; θ, φ) = 1
2

J∑
j=1

(1 + log(σ2
j )− σ2

j − µ2
j) + 1

N

N∑
i=1

(yi − xi)2 (3.4)
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Figure 3.3: Architecture Generator. The generator can take inputs of assigned

latency budget and latent vector and generate the normalized architecture vector

meeting the constraint.

where approximate posterior, µ and σ, are variational mean and s.d. of the encoding.

J is the dimensionality of z, µj and σj denote the j-th element of these vectors, and

N is the number of samples. The training data pair (x, c) are collected by ourselves

based on the target platform. Each training data x is a normalized architecture

vector V ′ = {v1, v2, ..., vL} = { a1
a1′
, a2
a2′
, ..., aL

aL′
}. Each dimension in V ′ is the ratio

of the number of filters in the pruned network to that of the pretrained network. The

corresponding network’s average latency is measured on the platform for 50 times

to reduce the variation of the measurements. Then based on the latency, a latency

label c is assigned to x to form a training data pair (x, c). The recognition network

with parameters φ is learned jointly with the generative model with parameters θ.

Once the parameters are learned, generated model (the decoder network) is used as

our platform-aware architecture generator to generate network architectures under

the given resource budget.

Given a pre-trained modelM, its inference latency t on the target platform, and

pre-given 9 latency constraint classes, i.e., {0.1t, 0.2t, ..., 0.9t}. Random sample

sub-structures ofM and measure their inference latency to form sub-structure and

latency pairs (M′, t′). Then these pairs are picked based on the t′ and allocated to

its corresponding latency constraint class. For example, if a sub-model’s latency is
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0.52t, it’s assigned to a 0.5t class label. If the latency is 0.88t, then it’s assigned

to 0.9t class label. After all data sample pairs are assigned, the dataset collection

is completed. The dataset is composed of sub-structures and class label pairs.

Next, the dataset is divided into the training set and testing set. We aim to train

an architecture generator to yield model structures satisfying the given latency

constraint. The training data and the corresponding label pairs are fed into the

encoder at the training stage. The encoder will combine the reparameterized trick

to map the architecture to a low dimension, latent space. The decoder will sample

the latent variables to reconstruct the model architecture. By minimizing the KL

divergence and the mean square error, when the training process is completed, only

the decoder network will be used.

With empirical latency measurement and only a small number of training

sample pairs, our platform-aware AG illustrated in Figure 3.3 can yield the model

architecture meeting the latency budget without the deep knowledge of the target

device. Moreover, the input samples are drawn from known latent space, so our

method can consistently and efficiently generate various architectures that all meet

the latency constraint. This allows us to expands the search space for the pruned

candidates. Then, we will search for the best structure among the generated pruning

candidates. The following section will further give the details about the searching

algorithm.

3.3 Architecture Search

Given a set of model architecture meeting the latency budget, our goal is to find the

best architecture and the corresponding filter set. For each candidate, which is a

potential solution generated from platform-aware AG, We first turn the normalized

architecture vector into the pruned network architecture. Then we use the L2-norm

as the filter importance to prune the pre-trained model with the pruned architecture.

To make the searching process more efficient, without fine-tuning, we apply fast
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evaluation to determine the fitness of each pruning candidate. We show that the

searching of the best-pruned model can be optimized automatically by integrating

the searching algorithm ABC [32] to search from those pruned model candidates,

shown in Algorithm 1. The details of the core parts, constructing three types of

“Bees”, are elaborated in the following:

Step 1: Employed Bee. The employed bee aims to exploit architecture can-

didates. At each cycle i, given the N candidate architectures under the latency

constraint, {A′1,A′2, ...,A′N}(i), the platform-aware AG will generate a new dif-

ferent set that all candidates in the new set meet the latency constraint, called

{S ′1,S ′2, ...,S ′N}(i), to compete with the existing candidates, where A′(i)j will com-

pete with S ′(i)j . The employed bee will decide whether to keep the original candidate

or to replace it with newly generated architecture based on the fitness score shown

below:

fitnessA′(i)j
= TestAcc(FastEval(A′(i)j ,F ′(i)j ;Dtrain);Dtest) ∀ 1 ≤ j ≤ N

(3.5)

where TestAcc is the test accuracy of the pruned model on the test dataset (Dtest).

To recover the accuracy drop of the pruned network caused by the pruning process,

the fine-tuning approach is usually adopted. However, fine-tuning takes a great

amount of time in the searching process, which is the bottleneck of the overall

algorithm. To address this problem, rather than fine-tuning each candidate for

several epochs as common pruning methods, we applied FastEval [33], which is

a fast evaluation approach for the pruned model. Therefore, it’s more efficient to

evaluate the fitness score of each candidate. If the fitness score of S ′(i)j is higher

than A′(i)j , S ′(i)j will replace A′(i)j . Otherwise, A′(i)j remains as a candidate. Then

the updated candidate set will be passed to the next stage, onlooker bee.

Step 2: Onlooker Bee. The onlooker bees gather the information from employee

bees. Then they evaluate and select some promising candidates to be further com-

peted based on the normalized fitness. First, given the updated {A′1,A′2, ...,A′n}(i),
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Algorithm 1: Architecture Search

Input: Pre-trained networkN , latency constraints l, cycle C, max time T , number of pruned candidates n,

counter {tj}nj=1

Output: Best pruned network architectureA′∗

1: Initialize n pruned architectures {A′j}
n
j=1 fromN

2: Set counter {tj}nj=1=0

3: for i← 1 to C do

4: for j ← 1 to n do

5: Generate a new pruned architecture S′j from the generator

6: Calculate the fitness ofA′j and S′j with (3.5)

7: if fitnessS′
j
> fitnessA′

j
then

8: A′j = S′j
9: fitnessA′

j
= fitnessS′

j

10: tj = 0

11: else

12: tj = tj + 1

13: end if

14: end for

15: for j ← 1 to n do

16: Sample εj ∈ (0, 1)

17: Calculate of Pj with (3.6)

18: if εj < Pj then

19: Generate a new pruned architecture S′j from the generator

20: Calculate the fitness ofA′j and S′j with (3.5)

21: if fitnessS′
j
> fitnessA′

j
then

22: A′j = S′j
23: fitnessA′

j
= fitnessS′

j

24: tj = 0

25: else

26: tj = tj + 1

27: end if

28: end if

29: end for

30: for j ← 1 to n do

31: if tj > T then

32: generate a new pruned architecture S′j from the generator

33: end if

34: end for

35: end for

36: A′∗ = argmax
A′

TestAcc(N ′(A′,F ′;Dtrain);Dtest)
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normalized fitness score is applied as in Eq. 3.6.

Pj =
fitnessA′j

max(fitnessA′j)
∀ 1 ≤ j ≤ N (3.6)

Then, to ensure the robustness of the candidate architecture with a high fitness

score, we sample a random number ε ∈ (0, 1] as a threshold. If a pruned network

candidate’s Pj is higher than ε, our platform-aware AG will generate a new network

architecture candidate meeting the given latency constraint to compete with the

existing one via Eq. 3.5. That is, if the high fitness score of the architecture is

not robust enough, it may have a chance to be replaced by a newly generated

architecture candidate. Then the updated candidate set will be passed to the scout

bee, the last stage of the searching.

Step 3: Scout Bee. To avoid trapping in the local optimal, there is a counter for

each pruned network candidate. If a candidate is not updated in this searching

round, its corresponding counter will be increased by one. And if a candidate

remains unchanged for many cycles, the scout bee will generate a new model

architecture to replace it.

At each cycle, the three types of bees mentioned above will take turns to exploit,

gather, avoid trapping in the local optimal, respectively. The searching algorithm

will be conducted for several cycles. When the searching process is finished, we

have the best-pruned network architecture meeting the given latency constraint.

Unlike ABCpruner [1], rather than fine-tuning several epochs to calculate the

fitness score for each candidate, we apply fast evaluation [33] for each candidate

by only updating mean and variance in the batch-norm layer in the pruned network

for several iterations. This approach enables the searching algorithm to be more

efficient and has a similar effect compared with the fine-tuning method. Moreover,

we don’t have to manually set the maximum pruning ratio for each layer as the

ABCpruner. Once the searching process is completed, the searched best structure

is the target of the pruning procedure. That is, we find the model architecture

meets the latency constraint with the best accuracy. We use the L2-norm as the
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filter importance and prune the pretrained model with the best network architecture

to produce the pruned network. Lastly, we will fine-tune the pruned network to

recover the performance.
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Chapter 4

Experiments

In this section, the implementation details are provided, and several experiments

are conducted to show the effectiveness of our proposed method.

4.1 Architecture Generator

4.1.1 Implementation Details

We sample enormous pruned model architectures and measure them on desktop

GPU to collect the training and test dataset. However, how many samples are

sufficient for a class is a tradeoff. A larger dataset could give the architecture

generator better performance and generalization, but it takes a great amount of

time for inference latency measurement. Therefore, we test two settings: 10,000

samples per class and 1,000 samples per class. If the smaller one has a similar

performance to the larger one, 1,000 samples per class will be used. Otherwise,

10,000 data samples per class will be adopted.

Dataset

We collect 10,000 samples for 9 latency constraint classes, 90,000 data samples in

total. For each class, nine-tenths of samples is for trainset; one-tenth is for testset.

33
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(a) Viewing angle 1 (b) Viewing angle 2

(c) Viewing angle 3 (d) Viewing angle 4

Figure 4.1: Large data sample distribution. There are 3 dimensions in these

figures: FLOPS, parameters, and constraints. Color of samples represent which

constraint class they belong to.

Large data samples shown in Figure 4.1 is the 90,000 data samples distribution,

and Figure 4.2 is the smaller one with 9,000 data samples distribution. The overall

small data distribution is similar to that of the larger one, with slightly sparse, so

does each constraint class. Therefore, to efficiently collect the data samples on the

different target platforms, we decide to use 1,000 data samples per class.

Latent Space

At training stage, given a L-layer pretrained model architecture A, turn each

data sample, i.e., the pruned model architecture A′, into a normalized feature
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vector V ′ = {v1, v2, ..., vL} = { a1
a1′
, a2
a2′
, ..., aL

aL′
}. we use encoder to encode the

normalized vector to a latent space, a low dimension feature. Then the reconstruct

The dimension of the latent space could affect the performance. Thus, we test

different dimension of latent space, the result is shown in Figure 4.3. In each

constraint class, dimension difference has little impact on the final performance.

The generated samples with different latent dimension are all close to the desired

latency constraint.

(a) Viewing angle 1 (b) Viewing angle 2

(c) Viewing angle 3 (d) Viewing angle 4

Figure 4.2: Small data sample distribution. There are 3 dimensions in these

figures: FLOPS, parameters, and constraints. Color of samples represent which

constraint class they belong to.
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Table 4.1: Architecture generator evaluation. Measured inference latency of

pruned models at each constraint are measured 50 times on desktop GPU.

Model Constraint (%)
Measured lat.

Mean (SD)

MobileNet

10 10.90 (±0.54)

20 19.90 (±0.83)

30 29.60 (±0.49)

40 39.00 (±1.10)

50 50.50 (±1.20)

60 60.30 (±0.90)

70 69.50 (±1.02)

80 81.20 (±1.25)

90 87.50 (±1.20)

4.1.2 Evaluation

After the training process is completed, 100 sample latent vectors are randomly

drawn from Gaussian distribution for each latency constraint class at the generating

stage. Then the platform-aware architecture generator takes these latent vectors,

concatenates the given constraint label as the inputs, and generates corresponding

pruned model normalized vectors. We visualize the generated result of MobileNet-

v1 in Figure 4.4. Color represents the constraint class. Each color cluster consists of

100 samples, and the distribution of each cluster is similar to the normal distribution.

These vectors are reconstructed to the pruned model architecture and followed by

the one-shot pruning process to prune the pretrained model according to the pruned

model architectures. Then all pruned models are measured on the platform to

obtain the inference latency. We kill background processes to ensure lower latency

fluctuation during the measurements and measure each model 50 times to get the

average inference latency. Table 4.1 shows the effectiveness of the architecture

generator. For each constraint, the generator can yield pruned model structures

whose latency is close to the resource budget. Furthermore, the standard deviation
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is small, which shows that the generator can generate accurate output consistently

with low deviation given the latency constraint.

(a) Viewing angle 1 (b) Viewing angle 2

(c) Viewing angle 3 (d) Viewing angle 4

Figure 4.4: Generated sample distribution. There are 3 dimensions in these

figures: FLOPS, parameters, and constraints. Color of samples represent which

constraint class they belong to.

4.2 Experiments

4.2.1 Implementation Details

We conduct some experiments for well-known convolutional neural networks on

both CIFAR-10 [34] and ImageNet ILSVRC-12 [35]. Furthermore, we benchmark

our method against the state-of-the-art network pruning method.
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Dataset

Our method is evaluated on two datasets, the CIFAR-10 [34] and ImageNet

ILSVRC-12 [35]. The CIFAR-10 dataset comprises 50,000 training images and

10,000 test images in 10 classes, while the ImageNet dataset contains a million

training images and 50,000 test images in 1000 classes. To compare with other

methods, We use the standard process of data augmentation in both datasets. For

the training set in CIFAR-10, the process includes re-sizing images to 256× 256,

randomly cropping a 224×224, then normalizing with the mean and standard devi-

ation of the dataset; for testing data of CIFAR-10, we re-size images to 256× 256,

crop them into a 224× 224 patch then apply normalization. For the training set in

ImageNet, the process contains re-sizing images to 256× 256, randomly cropping

a 224× 224 patch, randomly flipping horizontally, and normalizing them with the

mean and variance of ImageNet. For the testing set in ImageNet, the process is the

same as that of the test data in CIFAR-10.

Model

We conduct some experiments on two well-known networks: ResNet-18 [4] and

MobileNet [36]. ResNet-18 possesses 11 million parameters and 1.8 billion FLOPs,

and it is famous for its skip connection and therefore improves the performance

on different tasks. Nonetheless, the design may not be executed efficiently on the

platform due to its large memory footprint. MobileNet has 3.2 million parameters

and 567 million FLOPs and is known for its depthwise separable design to reduce

computations.

Fine-tuning Strategy

On CIFAR-10, we fine-tune the pruned network for 200 epochs with the learning

rate of 0.1 decayed by 10 every 50 epoch. While on ImageNet, the pruned model

will be fine-tuned for 50 epochs with the learning rate of 0.1 decayed by 10 at epoch

35 and 45. Optimizer for MobilenNet is Stochastic Gradient Decent(SGD) and
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Adam [37] for ResNet-18. Batch-size is 256 for MobileNet and 128 for ResNet-18.

Platform inference and Latency measurement

We use two low-power platforms : Qualcomm Snapdragon Neural Processing

Engine (SNPE) for inference on a mobile CPU and Nvidia Jetson TX2 for inference

on embedded GPU. For experiments on the CPU, the latency is measured with the

SNPE benchmark tool on Google Pixel 3. As for experiments on GPU, the latency

is defined as the execution time between the process start time and end until all

CUDA cores are synchronized. Each inference latency number is the average of

50 measurements.

4.2.2 Results on Mobile CPU

For Google Pixel 3 mobile CPU, we apply our method to MobileNet and ResNet-18

networks on both small and large datasets. The experiment results are reported

in Table 4.2 and Table 4.3

Results on CIFAR-10. In Table 4.2, we compare our proposed method with the

state-of-the-art platform-aware pruning method. For MobileNet on CIFAR-10, at

the same latency constraint, our method outperforms the state-of-the-art. At similar

inference latency left measured on the deployed CPU, we can improve more than

1 percent or even 2.25 percent with lower inference latency. As for ResNet-18,

our performance has slight improvements. The reason why the improvement of

ResNet-18 is much less than that of MobileNet is that ResNet-18 has more complex

network designs such as skip connections. This skip connection will affect the

execution of the deployed platform, which affects the inference latency. This

leads to that there are not various model architectures to choose from at the same

constraint. Therefore, the final searched best model structure is slightly better.
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Table 4.2: Comparison to state-of-the-arts [2] on CIFAR-10 on CPU. Inference

latency of pruned models is measured on Google Pixel 3 mobile CPU. Lat. left:

measured latency of the pruned model over that of the pretrained model. P. Top-1:

Top-1 test accuracy. Top-1↓: Top-1 accuracy drop. Improv.: improvement between

the NetAdapt and our work.

Model
Orig. Top-1

(%)
Method

Lat. left

(%)

P. Top-1

(%)

Top-1↓
(%)

Improv.

(%)

MobileNet 94.56

NetAdapt-90% 90 92.16 2.4

Ours (lat.90) 84 94.41 0.15 2.25

NetAdapt-80% 80 91.92 2.64

Ours (lat.80) 75 94.15 0.41 2.23

NetAdapt-70% 75 92.34 2.22

Ours (lat.70) 64 93.85 0.71 1.51

NetAdapt-60% 56 92.49 2.07

Ours (lat.60) 55 93.67 0.89 1.18

NetAdapt-50% 45 91.35 3.21

Ours (lat.50) 49 93.29 1.27 1.94

NetAdapt-40% 37 91.78 2.78

Ours (lat.40) 41 93.04 1.52 1.26

NetAdapt-30% 28 90.62 3.94

Ours (lat.30) 30 91.97 2.59 1.35

ResNet-18 94.96

NetAdapt-90% 90 92.54 2.42

Ours (lat.90) 94 92.82 2.14 0.28

NetAdapt-80% 84 92.13 2.83

Ours (lat.80) 83 92.69 2.27 0.56

NetAdapt-70% 78 92.01 2.95

Ours (lat.70) 73 92.2 2.76 0.19

NetAdapt-60% 59 92.07 2.89

Ours (lat.60) 65 92.09 2.87 0.03

NetAdapt-50% 46 91.83 3.13

Ours (lat.50) 53 91.67 3.29 -0.16

NetAdapt-40% 43 90.98 3.98

Ours (lat.40) 41 91.32 3.64 0.34

Results on ImageNet. We also perform some experiments on a large-scale

dataset like ImageNet. The results are reported in Table 4.3. For MobileNet

on ImageNet, as the latency constraint becomes harder to achieve, our method
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Table 4.3: Comparison to state-of-the-arts [2] on ImageNet on CPU. Inference

latency of pruned models are measured on Google Pixel 3 mobile CPU

Model
Orig. Top-1

(%)
Method

Lat. left

(%)

P. Top-1

(%)

Top-1↓
(%)

Improv.

(%)

MobileNet 69.35

NetAdapt-90% 87 67.11 2.24

Ours (lat.90) 84 67.33 2.02 0.22

NetAdapt-80% 80 66.02 3.33

Ours (lat.80) 76 66.99 2.36 0.97

NetAdapt-70% 69 65.16 4.19

Ours (lat.70) 64 66.7 2.65 1.54

NetAdapt-60% 52 62.31 7.04

Ours (lat.60) 56 61.13 8.23 -1.19

NetAdapt-50% 42 59.22 10.13

Ours (lat.50) 49 61.1 8.25 1.88

NetAdapt-40% 32 55.76 13.59

Ours (lat.40) 42 59.15 10.2 3.39

NetAdapt-30% 25 48.33 21.02

Ours (lat.30) 30 53.84 15.51 5.51

ResNet-18 69.76

NetAdapt-90% 90 67.15 2.61

Ours (lat.90) 92 68.28 1.48 1.13

NetAdapt-80% 83 66.76 3

Ours (lat.80) 83 67.68 2.08 0.92

NetAdapt-70% 68 65.85 3.91

Ours (lat.70) 73 67.57 2.19 1.72

NetAdapt-60% 56 65.43 4.33

Ours (lat.60) 65 67.65 2.11 2.22

NetAdapt-50% 45 65.64 4.12

Ours (lat.50) 53 66.06 3.7 0.42

achieves more improvement up to 5.51 percent at 30% latency constraint. Since

ImageNet is a complex dataset, compact pruned models usually suffer from large

accuracy drops. However, the pruned model searched by our method can drop less.

ResNet-18 has similar results; we can achieve less performance drop and improve

more than the state-of-the-art at the same resource constraint.

From Table 4.2 and Table 4.3, our method can yield compact pruned models

and also satisfy the given constraints with acceptable test accuracy drop against the
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pretrained model. Moreover, our method can consistently search for the best model

structure from any given resource budget for different networks and datasets.

4.2.3 Results on Mobile GPU

We apply our method to MobileNet and ResNet-18 networks on both small and

large datasets for Nvidia Jetson mobile GPU. The experiment results are reported

in Table 4.4 and Table 4.5

Table 4.4: Comparison to state-of-the-arts [2] on CIFAR-10 on GPU. Inference

latency of pruned models are measured on Nvidia TX2

Model
Orig. Top-1

(%)
Method

Lat. left

(%)

P. Top-1

(%)

Top-1↓
(%)

Improv.

(%)

MobileNet 94.56

NetAdapt-90% 92 91.25 3.31

Ours (lat.90) 83 94.4 0.16 3.15

NetAdapt-80% 80 91.58 2.98

Ours (lat.80) 80 94.07 0.49 2.49

NetAdapt-70% 69 91.33 3.23

Ours (lat.70) 70 93.47 1.09 2.14

NetAdapt-60% 63 91.23 3.33

Ours (lat.60) 61 93.39 1.17 2.16

NetAdapt-50% 47 90.57 3.99

Ours (lat.50) 50 93.25 1.31 2.68

NetAdapt-40% 41 90.28 4.28

Ours (lat.40) 42 92.61 1.95 2.33

ResNet-18 94.96

NetAdapt-90% 86 92.33 2.63

Ours (lat.90) 86 94.4 0.56 2.07

NetAdapt-80% 74 92.81 2.15

Ours (lat.80) 81 94.28 0.68 1.47

NetAdapt-70% 67 92.76 2.2

Ours (lat.70) 66 94.23 0.73 1.47

NetAdapt-60% 53 92.7 2.26

Ours (lat.60) 60 94.15 0.81 1.45

NetAdapt-50% 52 94.87 2.09

Ours (lat.50) 53 94.13 0.83 1.26
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Table 4.5: Comparison to state-of-the-arts [2] on ImageNet on GPU. Inference

latency of pruned models are measured on Nvidia TX2

Model
Orig. Top-1

(%)
Method

Lat. left

(%)

P. Top-1

(%)

Top-1↓
(%)

Improv.

(%)

MobileNet 69.35

NetAdapt-90% 89 66.7 2.65

Ours (lat.90) 87 66.93 2.42 0.23

NetAdapt-80% 83 66.16 3.19

Ours (lat.80) 80 66.77 2.58 0.61

NetAdapt-70% 69 65.6 3.75

Ours (lat.70) 76 65.83 3.52 0.23

NetAdapt-60% 58 58.39 10.96

Ours (lat.60) 63 61.81 7.54 3.42

NetAdapt-50% 49 55.94 13.41

Ours (lat.50) 52 59.24 10.11 3.3

ResNet-18 69.76

NetAdapt-90% 85 66.9 2.86

Ours (lat.90) 83 67.97 1.79 1.07

NetAdapt-80% 79 66.59 3.17

Ours (lat.80) 74 67.72 2.04 1.13

NetAdapt-70% 68 65.8 3.96

Ours (lat.70) 70 67.43 2.33 1.63

NetAdapt-60% 64 65.02 4.74

Ours (lat.60) 58 67.21 2.55 2.19

Results on CIFAR-10. In Table 4.4 and Figure 4.5, we compare our proposed

method with the state-of-the-art platform-aware pruning method. For MobileNet

on CIFAR-10, at the same latency constraint, our method outperforms the state-

of-the-art. At similar inference latency left measured on the deployed CPU, we

can improve more than 1 percent or even 2.25 percent with lower inference latency.

As for ResNet-18, our performance has slight improvements. The reason why the

improvement of ResNet-18 is much less than that of MobileNet is that ResNet-18

has more complex network designs such as skip connections. This skip connection

will affect the execution of the deployed platform, which affects the inference

latency. This leads to that there are not various model architectures to choose from

at the same constraint. Therefore, the final searched best model structure is slightly

better.
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(a) MobileNet (b) ResNet-18

Figure 4.5: Comparison with state-of-the-arts on CIFAR-10. This figure com-

pares our method with NetAdapt[2] at the same latency constraint on Nvidia TX2.

At the same constraint, our method has lower inference latency and higher test

accuracy.

Results on ImageNet. We also perform some experiments on a large-scale

dataset like ImageNet. The results are reported in Table 4.5 and Figure 4.6.

For MobileNet on ImageNet, as the latency constraint becomes harder to achieve,

our method achieves more improvement up to 3.3 percent at 50% latency constraint.

Since ImageNet is a complex dataset, compact pruned models usually suffer from

large accuracy drops. However, the pruned model searched by our method can

drop less. ResNet-18 has similar results; we can achieve less performance drop

and improve more than the state-of-the-art at the same resource constraint.

From Table 4.4 and Table 4.5, our method can yield compact pruned models

and satisfy the given constraints with acceptable test accuracy drop against the

pretrained model. Moreover, our method can consistently search for the best model

structure from any given resource budget for different networks and datasets.

4.2.4 Comparison with Traditional Method

Previous works focus on reducing the total number of parameters and the number of

computations. However, they are indirect performance metrics since each deployed
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(a) MobileNet (b) ResNet-18

Figure 4.6: Comparison with state-of-the-arts on ImageNet. This figure com-

pares our method with NetAdapt[2] at the same latency constraint on Nvidia TX2.

At the same constraint, our method has lower inference latency and higher test

accuracy.

platform has its own characteristics. Reduction of 50% number of computations

can’t guarantee that the inference latency is 50% lower. We perform some exper-

iments to show that our method can yield pruned models with faster inference

and higher performance than non-platform-aware pruning. The experiments are

(a) MobileNet (b) ResNet-18

Figure 4.7: Comparison with traditional pruning on ImageNet. This figure

compares our method with l2-norm magnitude pruning at the same FLOPs con-

straint on Nvidia TX2. At the same constraint, our method has lower inference

latency and higher test accuracy.



doi:10.6342/NTU202101554

4.2. Experiments 47

Table 4.6: Comparison to non-platform-aware pruning [3] on ImageNet. In-

ference latency of pruned models are measured on Nvidia TX2

Model Method
Latency

(ms)

FLOPs left

(%)

Param. left

(%)

P. Top-1

(%)

Top-1↓
(%)

MobileNet

Magnitude Pruning-90% 5.87 60.86 51.72 66.51 2.84

Ours (lat.90) 5.25 62.91 80.2 66.93 2.42

Magnitude Pruning-80% 5.15 47.47 28 65.22 4.13

Ours (lat.80) 4.81 50.31 64.53 66.77 2.58

Magnitude Pruning-70% 4.77 40.87 31.78 63.76 5.59

Ours (lat.70) 4.55 41.53 50.54 65.83 3.52

Magnitude Pruning-60% 3.68 38.26 25.69 61.79 7.56

Ours (lat.60) 3.81 38.91 35.03 61.81 7.54

Magnitude Pruning-50% 3.19 26.36 18.47 59.05 10.3

Ours (lat.50) 3.16 28.53 26.97 59.24 10.11

ResNet-18

Magnitude Pruning-90% 8.72 82.48 95.77 66.56 3.2

Ours (lat.90) 8.02 85.53 86.03 67.97 1.79

Magnitude Pruning-80% 7.96 76.5 94.41 66.41 3.35

Ours (lat.80) 7.09 76.86 84.29 67.72 2.04

Magnitude Pruning-70% 7.63 73.31 91.53 66.08 3.68

Ours (lat.70) 6.75 76.44 78.67 67.43 2.33

Magnitude Pruning-60% 7.3 69.13 78.83 65.65 4.11

Ours (lat.60) 5.58 72.89 73.93 67.21 2.55

reported in Table 4.6 and Figure 4.7. The experiments are conducted on ImgeNet

since it’s a more complicated dataset. For each best model we search in Table 4.5,

we calculate the total number of parameters and computations of it, and then we

apply L2-norm magnitude pruning to prune the pretrained network until the FLOPs

is close to the best model. From the table, Both MobileNet and ResNet-18 have

similar results: compared with non-platform-aware magnitude L2-norm pruning.

At the same or slightly fewer FLOPs, our method has lower inference latency and

better performance at the same time. This indicates that by expanding the search

space, we can search model architectures that can be executed more efficiently

on the deployed platform. Also, from the Table 4.6, it shows that FlOPs left

and latency constraint is not highly correlated, which means using latency as the

constraint can produce more accurate results.
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4.3 Ablation Study

Fitness Evaluation. During the searching process, fitness score plays an impor-

tant role, and it will affect candidate selection. To have an accurate fitness score,

fine-tuning for several epochs to recover performance drop is a common method.

However, it’s impractical since every network candidate needs to be fine-tuned,

which takes a great amount of time. Therefore, we take a different evaluation

approach: we only fine-tuning for 100 iterations and only updating the mean and

variance in the batch-norm layers of the network. Therefore, for a batch size of

256 in the CIFAR-10 dataset, 100 iterations account for 0.05 epochs, which is far

more efficient than the traditional method. We conduct experiments on two latency

constraints: 40% and 90% to validate the effectiveness of the fast evaluation. The

model used in the experiment is MobileNet, and the dataset is CIFAR-10. Table 4.7

shows the experiment result. The fast evaluation method achieves nearly the same

performance as fine-tuning. Since fast evaluation uses much less training data

than fine-tuning in the fitness evaluation, the fast evaluation uses more epochs

fine-tuning the pruned network to recover performance drop. Epochs-Search in

Table 4.7 indicates the lower bound of epochs used in the fitness calculation since

Table 4.7: Comparison between fine-tuning and fast evaluation. Statistics of

performance and overall epochs used in our framework on different evaluation

approaches. P. Top-1: Top-1 test accuracy. Epochs-Search: Epochs used in the

searching process. Epochs-FT: Epochs used in fine-tuning the final pruned network

to recover the performance drop. Overall epochs: Total epochs of both search and

fine-tuning.

Method P. Top-1(%) Epochs-Search Epochs-FT Overall epochs

Fine-tune-90% 94.4 500 150 650

FastEval (lat.90) 94.41 5 200 205

Fine-tune-40% 92.6 500 150 650

FastEval (lat.40) 92.61 5 200 205
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the step 2 and 3 in the searching algorithm depend on the random sampled ε and

the counter. Overall, fast evaluation can achieve similar performance to fine-tuning

evaluation method and be more efficient.
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Chapter 5

Conclusion

In this thesis, we propose a novel pruning approach named Platform-aware Archi-

tecture Generator and Search (PAGS) to integrate the platform information into our

pruning procedure. Using empirical measurements to evaluate the direct metrics

and our architecture generator, we don’t need to know the deep platform-specific

knowledge. Several experiments are conducted to demonstrate the effectiveness of

our generator, and we can achieve accurate pruned models that meet the resource

budget compared with other works. Moreover, Followed by architecture search, we

can select a better-pruned model. Finally, in various constraint settings of inference

latency, we demonstrate the efficacy of our platform-aware network compression

method.

51
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