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1 Abstract—Network pruning is an effective technique that
2 reduces the computational costs of networks while maintaining
s accuracy. However, pruning requires expert knowledge and
4 hyperparameter tuning, such as determining the pruning rate
s for each layer. Automatic pruning methods address this chal-
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lenge by proposing an effective training-free metric to quickly
evaluate the pruned network without fine-tuning. However,
most existing automatic pruning methods only investigate a
certain pruning granularity, and it remains unclear whether
metrics benefit automatic pruning at different granularities.
Neural architecture search also studies training-free metrics to
accelerate network generation. Nevertheless, whether they apply
to pruning needs further investigation. In this study, we first
systematically analyze various advanced training-free metrics for
various granularities in pruning, and then we investigate the
correlation between the training-free metric score and the after-
fine-tuned model accuracy. Based on the analysis, we proposed
FreePrune score, a more general metric compatible with all
pruning granularities. Aiming at generating high-quality pruned
networks and unleashing the power of FreePrune score, we
further propose FreePrune, an automatic framework that can
rapidly generate and evaluate the candidate networks, leading to
a final pruned network with both high accuracy and pruning rate.
Experiments show that our method achieves high correlation on
various pruning granularities and comprehensively improves the
accuracy.

Index Terms—Automatic pruning, neural architecture search
(NAS), pruning granularities, pruning metric.
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I. INTRODUCTION

EEP learning applications have been flourishing in a
Dspectrum of fields, such as computer vision, speech
recognition, and natural language processing [1], [2], [3].
However, the explosively increased model size hinders
the deployment of deep learning models on embedded
devices, which have limited computational and storage
resources [4], [5], [6]. To effectively address this problem,
model compression emerges as a promising solution [7], [8].

Network pruning is one of the prevailing compression
techniques to reduce the computation and storage overhead
by reducing the number of model parameters [9]. However,
traditional network pruning schemes rely heavily on expert
knowledge and involve a cumbersome hyperparameter tuning
process, causing significant training costs and deficient pruning
rates [10]. To address this challenge, automatic pruning has
emerged through modeling the pruning problem as a search
process for better-pruned substructures. Fig. 1 illustrates the
automatic network pruning pipeline. Based on the original
network model, pruning strategies, such as irregular pruning,
block pruning, and filter pruning, are applied to specify
the sparse patterns of the pruned models. And optimization
methods, such as reinforcement learning [11], [12], [13] and
evolutionary algorithms [14], [15], [16], [17], [18], are
employed to generate a large set of pruned candidates. Next,
evaluation metrics are used to evaluate the candidates, aiming
at selecting high-quality pruned subnetworks that meet the
latency goal and hardware constraints. The final selected
network is fine-tuned to obtain the ultimate pruned network.

Among the automatic pruning pipeline, the evaluation
metric plays a crucial role in evaluating and selecting the high-
quality pruned subnetworks, which can achieve high-pruning
rates while maintaining model accuracy. Conventionally,
the magnitude is utilized to measure the importance of
the weights, where the ones with small magnitudes are
deemed redundant and removed [19], [20], [21], [22].
NetworkSlimming [23] adopts the y in the batch norm (BN)
layer as the importance metric, and the filters with small
y values are removed. Besides, entropy-based [24] and KL-
divergence-based metrics [25] are also proposed. However, the
metrics mentioned above require manually setting the pruning
rates for each layer, which causes tremendous training costs
and undesired pruning quality. Recent studies have researched

1937-4151 © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

29

31

32

33

34

35

36

37

38

39

40

M

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

7


https://orcid.org/0009-0007-6699-8036
https://orcid.org/0000-0003-4943-6625
https://orcid.org/0000-0002-6943-2907
https://orcid.org/0009-0007-8579-9681
https://orcid.org/0000-0002-9055-5389
https://orcid.org/0000-0001-8987-377X
https://orcid.org/0000-0002-3040-2065
https://orcid.org/0000-0002-2322-8038

2 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS

A
Evaluati
- —»( ;:;::;:"}

~

DHH...HHE 1

Original Network
Candidate

!
|
H H H ! Network 1
|
|
|
|
| Candidate
1 | Network 2
|
|
- I
|
Pruning ! i
Candidate
Strategies | == | Network n
|

7 \

DHD...HH " DHD...HH

Candidate Network
with Highest Score

Final Pruned
Network

Fig. 1. Pipeline of automatic network pruning.
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2 training-free metrics to skip the laborious hyperparameter
73 tuning and model training process. Eagleeye [26] proposes
74 to update the BN layers with the dataset while not updating
75 the weights, such that the network accuracy can be somewhat
76 recovered and used as an indicator to judge the quality
77 of the pruned subnetworks. Nonetheless, it only evaluates
78 filter pruning, which is prone to failure at high-pruning
7o rates. Synflow [27] has proposed a data-independent iterative
s synaptic flow pruning, while only unstructured pruning is
s1 evaluated. The prior training-free metrics usually only evaluate
g2 one pruning granularity, and it prompts us to consider whether
83 there exists a more general metric that can be applied across
s+ different pruning granularity scenarios.

s Akin to pruning, the neural architecture search (NAS) can
ss also search for a compact network topology [28], [29], [30].
&7 Recent studies on NAS have introduced a range of training-
ss free evaluation metrics. Nonetheless, different from network
so pruning, the training-free metrics in NAS pay more attention
9 to the characteristics of the overall network structure. For
o1 instance, NASWOT [31] constructs training-free metrics based
92 on network expressiveness, and TE-NAS [32] constructs the
93 metric based on network expressiveness and trainability. The
94 connection between network pruning and NAS motivates us
o5 to explore how the local characteristics of the weights and
9 the structural property of the network affect pruning, and how
o7 they apply to different pruning scenarios.

s Drawing from the above, we aim to conduct a systematic
99 evaluation of the applicability of these metrics and construct
10 @ more universally applicable training-free metric. Unlike
101 prior studies that focused solely on a single granularity of
102 pruning, we extend our investigation to encompass different
103 granularities to fully unleash the potential of the evaluation
104 metrics. We have investigated the characteristics of the BN
10s layer distribution in pruned networks. Based on the analysis,
106 we further propose FreePrune score, a training-free evalua-
107 tion metric for rapidly selecting candidate pruning networks
108 according to the distribution of BN statistics. FreePrune score
100 demonstrates a strong correlation with the final accuracy of
o the pruned subnetworks across various pruning granularities,
1 effectively streamlining the identification of better-pruned
112 structures. Furthermore, to generate a large number of pruned
113 candidates and automate network pruning in conjunction with
4 our proposed metric, we construct an evolutionary algorithm-
s based automatic pruning framework FreePrune. Meanwhile, a
s relaxed global pruning technique is employed to initialize the
117 subnetwork population and expedite network evolution.

1

1

1

1

We summarize our contributions as follows.

1) We systematically analyze and evaluate the mainstream
training-free evaluation metrics regarding their applica-
bility on various granularities, and it guides further study
on automatic pruning and evaluation metrics.

) We study the characteristics of the distribution of BN
layers in pruned networks and further propose FreePrune
score, a training-free metric that can be applied to
various pruning granularities and used as a plug-in for
rapid evaluation of pruned models.

3) We propose an automatic pruning framework that can
effectively compress the search space and generate
promising candidate subnetworks, leading to a final
high-quality pruned network.

4) Extensive experiments demonstrate that FreePrune score
and the pruning framework hold consistent efficiency in
searching for high-quality pruned networks.

\®]

II. RELATED WORK AND BACKGROUND
A. Granularity for Network Pruning

The effectiveness and applicability of network pruning are
influenced by the granularity of the pruning. Additionally,
pruning granularity also significantly impacts the deployment
of embedded terminals due to the diverse scenarios and
requirements. Regarding pruning granularity, pruning tech-
niques can be categorized into unstructured pruning and
various structured pruning. Unstructured pruning removes
specific neurons in a neural network, while structured pruning
follows specific rules to prune the weights of a particular
structure. Unstructured pruning lightens neural networks by
pruning neurons or connections. For instance, Han et al. [19]
utilized weight magnitudes to determine importance, removing
connections and weights below a specified threshold, fol-
lowed by fine-tuning to restore network accuracy. A convex
optimization procedure is employed to execute unstructured
pruning in [33], aiming to identify sparse subsets within the
original weights.

In contrast, structured pruning prunes network weight
parameters according to specific rules. For example,
He et al. [34] adopted the geometric median for filter prun-
ing, pruning similar redundant filters to minimize similarity
between filters. DBP [35] takes a sequence of consecutive
layers as a block and removes redundant blocks according to
the discrimination of their output features. Unlike previous
studies focusing solely on specific types of pruning, our
investigation considers diverse pruning scenarios, encompass-
ing both unstructured and various structured pruning to fully
explore the potential of pruning and better serve deployment
on embedded terminals.

B. Metrics for Pruning and NAS

Evaluation metrics play a pivotal role in the process of
selecting pruned subnetwork structures. As the automatic
pruning pipeline illustrates, a robust evaluation metric can
effectively guide network pruning to select high-quality sub-
network structures. Previous works [21], [23], [34] do not
rely on input data and directly evaluate the importance of
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Fig. 2. Overview of the systematic analysis and our proposed framework FreePrune. (a) Systematic analysis. (b) FreePrune framework with FreePrune score.

network structures, usually through regularization methods. On
the other hand, works [24], [25], [36], [37] utilize input data
for assessing the importance of network structures, typically
analyzing gradients, features, and other aspects.

Recent advancements in both automatic pruning and NAS
have introduced a range of training-free metrics: while the
former focuses on identifying high-quality pruning structures,
the latter seeks superior network topologies. However, a
notable discrepancy arises in the granularity of metric con-
struction. Automatic pruning typically formulates metrics from
the connections between neurons or the neurons themselves,
to minimize the perturbation to the original network and
thereby attain high-quality sparse substructures. Consequently,
it places greater emphasis on the local attributes of the
network, such as the fluctuations in neuron gradients and the
variations in network accuracy. For example, EagleEye [26]
restores the performance of pruned networks by adjusting their
batch normalization (BN) layers, leveraging network accuracy
as a metric. GraSP [38] and Synflow [27] select the network
that can effectively preserve the performance of the original
network as the high-quality pruning structure by considering
the impact of pruning on network gradients.

On the other hand, NAS endeavors to obtain a high-quality
network topology, necessitating a comprehensive consideration
of the overarching impact and characteristics of the entire
network. For instance, Zen-score [39] utilizes the Gaussian
complexity to characterize the number of linear activation
regions in the network, thereby representing the expressiveness
of the network. NASWOT [31] focuses on the number of
representable activation regions in the network and uses
Hamming distance to measure the similarity between differ-
ent inputs, thus constructing a kernel matrix to reflect the
network expressiveness. TE-NAS [32] utilizes the number of

representable linear activation regions in the network to reflect
its expressiveness while utilizing the neural tangent kernel to
represent the network trainability.

Given the differences and connections of the training-free
metrics in the fields of NAS and pruning, we conducted
a systematic analysis and comparative experiments across
various pruning granularities to explore their adaptability.

III. METHODOLOGY

In this section, we systematically analyze the applicability
of various training-free metrics in network pruning across
different levels of granularity and pruning rates to explore
how the local characteristics of the weights and the structural
property of the network affect pruning. Building upon this,
we propose a more universally applicable training-free metric,
named FreePrune score, and develop a comprehensive auto-
matic pruning framework FreePrune, capable of handling all
granularities.

Fig. 2 illustrates systematic analysis and the proposed
automatic pruning framework FreePrune. Fig. 2(a) shows the
systematic analysis process. Initially, we obtain the pruning
configurations of each layer through random sampling to
generate the candidate networks with various pruning rates.
Subsequently, we execute pruning schemes with various granu-
larities, such as filter pruning, unstructured pruning, and block
pruning. The fine-tuning is then performed to produce multiple
sets of candidate pruned networks. Finally, we evaluate the
effectiveness of the training-free metrics in indicating network
performance by measuring the correlation between the metrics
and the final network accuracy. Further elaboration on these
procedures will be provided in Sections III-A and III-B. Based
on our systematic analysis, We discover that the BN layer
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itself can serve as a reliable indicator for the pruned network
performance. We investigate the statistical characteristics of
the BN layers of the pruned network and propose a novel
and more universally applicable training-free metric FreePrune
score. We will show more details in Section III-C.

To further enable automatic pruning under various
granularity and pruning rate constraints, we propose an evolu-
tionary algorithm-based pruning framework, which integrates
FreePrune score as depicted in Fig. 2(b). Initially, to compress
the pruning configuration search space, we propose a relaxed
global pruning method to establish the initial pruning config-
uration. Then, the Elitist Preservation evolutionary algorithm
is deployed for the rapid generation and evolution of candi-
date pruned subnetwork structures. The FreePrune score to
efficiently is used to select a better-pruned candidate structure.
Finally, at the end of the evolution process, the framework can
generate a high-quality pruned subnetwork that satisfies the
constraints. More details will be shown in Section III-D.

25 A. Definition and Network Evolution
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Given a CNN model A with L layers and its parameter
set W, where W = (Wi, Wa, ..., Wr_1, Wr), W, represents
the parameters of the [”* layer of the model. Let £ represent
the loss function of the model and D = {(x;, y;)}/_, represent
the model dataset, then model pruning can be formulated as

W* = arg min LN (W*), D), (1)

W

where W* = (W}, W5,...,W;_,,W}) is the subset of
the original model parameters. W C W;. C denotes the
constraints satisfied by the model after pruning, such as
the number of model parameters and the model inference
latency. The objective of pruning is to find an optimal set
of substructure parameters that minimize the loss of down-
stream tasks while satisfying constraints. In this work, we
let R = (R1,R2,...,R—1,Ry) represent the pruning rates
of the model A, where R; denotes the parameter pruning
rate of the model [ layer, and R; C (0,1], Ry C R.
This is also the population encoding representation in the
evolutionary algorithm, where the pruning rate of each layer
of the network is encoded as a real number within a specific
range, thus characterizing different pruned subnetworks under
specific pruning scenarios. Following the fitness evaluation
conducted with our proposed FreePrune score, the better-
pruned subnetwork structure is retained for subsequent rounds
of evolution.

By conceptualizing network pruning as a search problem,
the candidate pruned network structures evolve and generate
continuously, guided by FreePrune score, ultimately producing
a high-quality pruned network.

s.t. C < Constraints

B. Systematic Evaluation

To systematically analyze the applicability of training-free
metrics in both pruning and the NAS fields, we commence
with a series of comparative and analytical experiments across
various pruning granularity and pruning rate scenarios. The
correlation coefficients and network accuracy are used as the
evaluation criteria for the performance of metrics.

For the selection of training-free metrics, we choose typical
indicators from both pruning and NAS domains. In the pruning
domain, we select the accuracy-based metric EagleEye, as
well as the gradient-based Gradnorm and Synflow. In the NAS
domain, we choose NASWOT and Zen-score, which reflect
the network expressiveness.

The main metrics covered in this article are as follows:
1) EagleEye proposes to adjust the BN layer through a small
batch of data to restore network performance and uses the
adjusted network accuracy as the metric; 2) Gradnorm per-
forms network forward propagation through small batches
of data and calculates the resulting Euclidean sum of the
gradients as the metric; 3) Synflow proposes to iteratively
preserve the synaptic flow while avoiding layer collapse and
employs synaptic saliency score as the measure of network
performance; 4) NASWOT utilizes the count of activated
regions in a neural network to signify network expressiveness
and proposes a kernel matrix as the metric by computing the
Hamming distance on the activation of the hidden layer; and
5) Zen-score measures the expressive capability of a network
based on the expectation of Gaussian complexity and employs
a scaling factor to address the issue of scale sensitivity.

To assess the effectiveness of the training-free metrics, we
use the Spearman and Kendall correlation coefficients. These
rank correlation measures indicate monotonic relationships
and can efficiently quantify the correlation between metric
scores and the final accuracy of the pruned network.

To investigate the impact of pruning granularity and rates,
we first analyzed two extreme scenarios: 1) filter pruning
and 2) unstructured pruning. We randomly selected 100 sets
of candidate pruned networks for CIFAR-10 on VGG under
various constraints and calculated the correlation between the
evaluation scores of each metric and the final accuracy of
the pruned networks after fine-tuning. For the mini-ImageNet
with the ResNet18 network, we randomly selected 80 sets of
candidate pruned networks.

Table I displays the correlation of each metric under filter
pruning and unstructured pruning. For the filter pruning
scenario, EagleEye, Zen-score, and NASWOT exhibit high-
correlation coefficients, while Synflow demonstrates average
correlation coefficients. Conversely, Gradnorm shows a low
correlation, indicating its unsuitability as a metric for the
filter pruning scenario. For unstructured pruning, EagleEye
maintains high-correlation coefficients with Zen-score, while
Gradnorm shows poor correlation with NASWOT, suggesting
their ineffective application in this scenario.

To further illustrate the indicative effect of each metric,
we show the final accuracy of the pruned network resulting
from the selection of each metric. As shown in Fig. 3, the
upper section displays the accuracy of VGG on the CIFAR-10
dataset, while the lower part displays ResNet18 on the mini-
ImageNet dataset. Fig. 3 demonstrates that both EagleEye and
Zen-score exhibit a more balanced indication capability when
subjected to varying pruning granularities and pruning rates,
indicating their potential to identify the high-quality network.
Additionally, the average accuracy also reflects the stability
of the metric, the higher the correlation coefficient, the better
the metric tends to be, and the higher the average accuracy of
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TABLE I
CORRELATION COEFFICIENTS OF EACH METRIC AT DIFFERENT PRUNING
RATES FOR FILTER PRUNING AND UNSTRUCTURED PRUNING

Granularity Pruning Rate Metric Spearman Kendall
VGG CIFAR-10 dataset
EagleEye 0.8172 0.6574
Zen-score 0.6475 0.4807
75% NASWOT 0.8224 0.6512
Gradnorm 0.0666 0.0381
Synflow 0.3133 0.2226
filter " EagleEye  0.8603 ~ 0.7060
Zen-score 0.6834 0.4946
95% NASWOT 0.7518 0.5601
Gradnorm 0.2083 0.1362
Synflow 0.2125 0.1407
EagleEye 0.4884 0.3514
Zen-score 0.5665 0.4060
75% NASWOT -0.0879 -0.0628
Gradnorm -0.1070 -0.0827
Synflow 0.4273 0.3009
unstructured " EagleEye 08455  0.6628
Zen-score 0.8528 0.6653
95% NASWOT 0.1458 0.1008
Gradnorm -0.4600 -0.3245
Synflow 0.6869 0.4878
ResNet18 mini-ImageNet dataset
EagleEye 0.8142 0.6359
Zen-score 0.7804 0.5755
50% NASWOT 0.3186 0.2352
Gradnorm 0.1212 0.0890
Synflow 0.4033 0.2639
filter " EagleEye 05939 04177
Zen-score 0.7687 0.5957
75% NASWOT 0.4941 0.3415
Gradnorm 0.1225 0.1032
Synflow 0.5727 0.4146
EagleEye 0.7887 0.6156
Zen-score 0.5719 0.4132
50% NASWOT 0.2524 0.1693
Gradnorm -0.2360 -0.1513
Synflow 0.5883 0.4001
unstructured " EagleEye ~ 0.7790 0.6036
Zen-score 0.5325 0.3844
75% NASWOT 0.1772 0.1357
Gradnorm -0.3074 -0.2126
Synflow 0.6156 0.4417

the resulting candidate networks tends to be. Note that certain
instances of top_acc values are lower than avg_acc because the
top_acc selected by the indicator is not the highest accuracy.

To explore the applicability of training-free metrics across
different pruning granularities, we examine block pruning with
varying block sizes. Block pruning, as a relatively fine-grained
pruning method within structured pruning, adjusts pruning
granularity by varying the size of the pruning blocks. This
flexibility enhances its compatibility with hardware platforms
in embedded systems, facilitating acceleration and increasing
its research value.

We evaluate the EagleEye and Zen-score for various block
pruning scenarios, as they have a better correlation in both
filter and unstructured pruning, and the accuracy of the
resulting network is higher than the other metrics, showing
their potential in various pruning granularity scenarios.

94.5

940{ 2

93.5
=
2930
£

3 925
<

91.0

EagleEye Ze

Evaluation metric for filter pruning(VGG)

n-score NASWOT Gradnorm  Synflow

Accuracy
»
8
=

N
©
>

.0
EagleEye Zen-score NASWOT Gradnorm

.0
EagleEye Zen-score NASWOT Gradnorm  Synflow Synflow

Evaluation metric for filter pruning(ResNet18) Evaluation metric for unstructured pruning(ResNet18)

Fig. 3. Final accuracy of the network selected by each metric. The bar
represents the accuracy of the best network selected by each metric and the
line represents the average accuracy of the top five networks selected by each
metric.

TABLE 11
CORRELATION COEFFICIENTS OF EACH METRIC AT DIFFERENT PRUNING
RATES FOR BLOCK PRUNING IN BLOCK SIZE 16x16 AND 32x32

Granularity ~ Metric = Pruning Rate Spearman Kendall
VGG CIFAR-10 dataset
75% 0.7138 0.5880
EagleEye 90% 0.6045 0.4370
95% 0.3167 0.2222
block16x16 1% 0.7971 ~ 0.6002
Zen-score 90% 0.8755 0.6905
95% 0.9338 0.7786
75% 0.8247 0.6286
Eagleeye 90% 0.5959 0.4385
95% 0.1002 0.0656
block32x32 1% 0.8297 ~ 0.6572
Zen-score 90% 0.8972 0.7176
95% 0.9589 0.8266
ResNet18 mini-ImageNet dataset
50% 0.3478 0.2412
EagleEye 75% 0.2155 0.1559
block16x16 T 50% 0.6387 ~  0.4681
Zen-score 75% 0.7158 0.5236
50% 0.2833 0.1821
Eagleeye 75% 0.0106 0.0057
block32x32 S 50% 0.6806  0.5134
Zen-score 75% 0.7319 0.5291

Table II shows the correlation of EagleEye and Zen-score
for different pruning rates and different block sizes. Zen-
score consistently shows high-correlation coefficients, whereas
EagleEye exhibits a decrease in correlation coefficients as
block size and pruning rate increase, diminishing its predictive
effect.

This prompts us to delve into the underlying causes of
the differing adaptability between the two metrics, as their
main distinction lies in the use of accuracy in EagleEye,
a metric reflecting network local characteristics, while Zen-
score constructs a macroscopic metric from the perspective
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Fig. 4. Last layer feature map of VGG. Where “B64” and “B32” stand
for block pruning with size 64x64 and 32x32, respectively. (a) Original
feature map. (b) Feature map after B64 pruning and BN adaption. (c) Feature
map after block 32x32 pruning. (d) Feature map after B32 pruning and BN
adaption.

of network expressiveness. Further experimentation revealed
that the primary reason for the failure of EagleEye was the
detrimental impact of feature map degradation on network
accuracy. As shown in Fig. 4 is the last layer output feature
map of VGG on a single sample of the CIFAR-10 dataset. The
feature map shows significant damage with a pruning rate of
95% and a block size of 32 x 32 even after BN adaption, and
the collapse becomes increasingly apparent as the granularity
increases. And this ultimately impacted the network accuracy,
showing the limitation of this accuracy-based metric.

Zen-score utilizes the upper bound of Gaussian complexity
to measure the number of linear activation classes, which in
turn reflects the expressive power of the network. Meanwhile,
it employs the variance of the BN layers to mitigate the reduc-
tion in discriminative power caused by the BN operations.
Using the network expressiveness as a metric gives Zen-
score stronger adaptability than EagleEye. However, it fails
to thoroughly investigate how the BN layers capture network
information.

C. FreePrune Score

EagleEye and Zen-score show better-indication performance
than other metrics, it suggests that the BN statistics are
promising to serve as the indicators. Inspired by prior studies,
we analyze the statistics of the BN layers and propose
the FreePrune score. Diverging from the aforementioned
approaches, our metric originates from the BN layer itself and
takes into account the effects of both mean and variance. We
directly assess the ability of the pruned network to capture
information through the statistical parameters of the BN layer,
thereby formulating the training-free evaluation indicator to
effectively reflect the pruning performance.

The statistical parameters of the BN layers include the
mean and variance, which are related to the input data of the
network, and are computed as (2) for a mini-batch of size N.

During the training phase, the above statistical parameters are
updated by exponential moving average as in

1 .
M:NE-XI[, Gz:mE(Xi_u)z
= =

ny =mui—1 + (1 —myu, 0,2 = matz_l + (- m)o2 3)

(@)

where x; denotes the iy sample in the mini-batch of size
N, t denotes the time step, and m signifies the momentum
parameter. During the training phase, the variables 1 and o>
are used to update u, and o in the current computation.
During the evaluation phase, the BN statistical parameters
utilized in the computation are denoted as wur and O’%. T
denotes the final time step.

As we further investigate the relationship between these
statistical parameters and network structure through extensive
experiments, we uncover that the distribution of statistical
parameters plays a pivotal role in determining the performance
of the pruned network and is independent of the input data.
Fig. 5 depicts the relationship between the distribution of sta-
tistical parameters and the network structure. Fig. 5(a) shows
the distribution of the original network, while Fig. 5(b)—(d)
show the distribution for block pruning, filter pruning, and
unstructured pruning, respectively. Within each type of pruning
scenario, the distributions are presented from left to right,
showcasing the statistical parameters for the better-pruned
network structure followed by the worse-pruned network
structure.

It can be observed that after network pruning, the distri-
bution of variance shifts leftward compared to the original
network, which represents the loss of network information.
However, the better-pruned network structure exhibits a
smaller shift, indicating better preservation of the original
network information. Regarding the mean values, although
they are distributed on both sides of the numerical zero,
the better-pruned network structure has a wider range of
data distribution compared to the worse-pruned network
structure.

To quantify the deviation of the statistical parameters of the
BN layer between the pruned and original networks, and to
assess the impact of this deviation on network performance,
we select 100 groups of pruned networks at each pruning
granularity for analysis. Specifically, for variance distance, we
first calculate the accumulated difference between the variance
of the pruned network and those of the original network
across all layers, and then we divide it by the number of
channels. For the mean distance, we first calculate the standard
deviation of the mean values in both the pruned network and
the original network, and then we accumulate the difference
between the two standard deviations across all layers. The
deviation distance can be formulated as follows:

var_dis = Zle ((Ulz)ori _ (alz)pmned> Je
mean_dis = Z[L=1 (Sld(ulori) B Std(,ugmmed>)_

The L represents the number of BN layers in the network,
(012)Orl and pu;", (012)prunecl and ,u?mned represent the BN statis-
tical parameters of the original network and pruned networks,
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Histogram of the frequency distribution of mean and variance data for the second BN layer of the VGG network after Gaussian initialization and

forward propagation of a batch of data, with the pruning rate of 95% for each granularity. (a) Original network. (b) Network for block pruning. (¢) Network

for filter pruning. (d) Network for unstructured pruning.

Accuracy
— 100%
block_var B[] ]
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unstructured_var

20%
unstructured_mean

0%

Fig. 6.  Visualization of the distances of BN statistics between pruned
networks and original network. The horizontal axis represents the normalized
distance at different granularities. The color depth indicates the accuracy after
normalization at each granularity. The results are obtained using the VGG
network with a 95% pruning rate on the CIFAR-10 dataset.

respectively. The ¢ represents the number of channels in
the /th layer. The results are presented in Fig. 6, where the
color depth represents the different network accuracy. The
horizontal axis denotes the cumulative BN deviation distance
between the 100 groups of pruned networks and the original
network across different pruning granularities, and the distance
increases in the direction of the arrow. For ease of comparison,
we normalize both the accuracy and the deviation distance at
different pruning granularities to show the trend. It can be
observed that the smaller the deviation distance between the
BN statistical parameters of the pruned network and that of
the original network, the better the performance of the pruned
network tends to be.

Drawing from the above, the BN layer deviation distance
between the pruned network and the original network, which
can also be viewed as the degree of loss in information capture
ability, demonstrates its potential to indicate the performance

of the pruned network. Considering that the BN layer statistical
parameters of the original network can be regarded as con-
stants, we simplify the calculation of (4) by only accumulating
the BN layer statistical parameters of the pruned network. In
this case, the variance distance is equivalent to the cumulative
mean of the variances of each BN layer, and the mean distance
can be simplified as the cumulative standard deviation of the
means of each BN layer. Notably, to enhance discriminability,
we employ a logarithmic function to amplify the differences
between the layers of the network. Consequently, we propose
FreePrune score, which is calculated as

FreePrune_score = Var_score + BMean_score
Var_score = 21L=1 log(Mean(alz))

5
Mean_score = "1, log(Std(wy)). ©)

where {

The L represents the number of BN layers in the network,
012 represents the variance of the I BN, while u; represents
the mean of the /. B denotes the balancing parameter, which
is set to 0.5 in our experiment. Specifically, we initialize the
parameters of the pruned network using Gaussian initializa-
tion. Then, we perform forward propagation using a randomly
generated batch of data that follows a Gaussian distribution to
update the statistical parameters of the BN layers and adjust
their distributions. It is worth noting that this process does
not involve backpropagation, therefore, it does not include
the updating of learnable parameters and does not require
the training process of the network, making it achievable at
minimal cost. Finally, the FreePrune score is calculated based
on (5).

FreePrune score shows a clear correlation between the
score and the network trainability. As is illustrated in Fig. 7.
Network structures containing greater values of the metrics
attain greater accuracy in a reduced number of training
iterations, resulting in faster network convergence. This also
indicates that our proposed FreePrune score can effectively
reflect the trainability of the network under different pruning
scenarios.
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Fig. 7. FreePrune score for network trainability of ResNetl8 with a pruning
rate of 75%.

Algorithm 1 FreePrune Framework

Input: Target of pruning rate R,, population size N, iteration
round 7', original model weights W;
Output: The high-quality pruned subnetwork N;
1: Perform global pruning to determine the pruning rate R =
(R1,R>, ..., R—1, Ry) for each layer;
2: Determine the upper bound R,; and lower bound Ry, of
the search space according to Eqn. (6);
3: for each t € [1, T] do
for each n € [1, N] do

5: Perform mutation and crossover with the elitist
preservation;
6: if Params(n) meets R, then
7: Construct candidate subnetwork A/ with individual
encoding R, and initialize N by N(0, 1);
8: Perform selection according to Eqn. (5);
: end if
10:  end for
11: end for

12: Obtain the pruned subnetwork encoding with high quality;

13: Load W to the pruned subnetwork according to
Eqn. (1);

14: Fine-tune the pruned subnetwork until convergence to
obtain N,;

15: return The high-quality pruned subnetwork N

D. FreePrune Framework

To efficiently generate a large number of pruning candi-
date structures and automate network pruning in conjunction
with our proposed metric. We further propose the FreePrune
framework. Specifically, FreePrune mainly consists of three
components: 1) network structures encoding and search
space construction; 2) network structures evolution; and 3)
FreePrune score evaluation.

Algorithm 1 illustrates the procedure of our proposed
framework. It begins by scaling the search space through
relaxed global pruning, as depicted in step 1 of Fig. 2.
Subsequently, the Elitist Preservation evolutionary algorithm
is employed to evolve candidate pruning structures, which are
then filtered using our proposed FreePrune score, as elaborated
in steps 2 and 3. Finally, the algorithm returns the high-quality
pruned subnetwork that satisfies the constraints, corresponding
to step 4 of Fig. 2.

For the structural encoding of the pruned network, we adopt
the continuous real number encoding to represent the pruning
rates of each layer in the network, which provides a more
abundant selection space for pruning candidate structures.
Then we determine the feasible upper and lower bounds of the
pruning rates to characterize the complete network structure,
defining the search space for candidate pruned networks.
Specifically, we determine the initial pruning rates R =
(R1,R2,...,R;—1,Ry) for each layer of the network under
a specific total pruning rate using magnitude-based global
pruning, where R; C (0, 1]. The search space is extremely
large, making it difficult to find an optimal starting point and
slowing down the search process. This increases the likeli-
hood of encountering local optima. To address these issues,
we leverage prior knowledge in network pruning [40] and
introduce the relaxed global pruning technique to efficiently
reduce the search space. In detail, we introduce a fluctuation
& above and below this baseline to adjust the upper bound Ry,
and lower bound Ry, of each layer’s pruning rate encoding,
respectively. The bounds are as follows:

{Rub =min(R+§, 1)

Rjp = max(R — &, Ruin). ©®

For values exceeding this range, we employ extreme values
corresponding to each pruning granularity scenario, such as
retaining a minimum of five channels (Rp;,) for filter pruning.
This technique effectively saves search overhead. For &, we
empirically set this value as 30% to balance search efficiency
and accuracy in our experiment.

In terms of the network structure evolution, we employ
the Elitist Preservation strategy, where the individual with the
highest fitness in each generation is preserved as an elite indi-
vidual while evolving other nonelite individuals. This prevents
losing the optimal individual from the current population in
the subsequent generation, ensuring global convergence of the
genetic algorithm.

The iteration round T is an empirical parameter used to
balance search efficiency and final accuracy. If the iteration
round concludes without satisfying the pruning rate constraint,
the algorithm returns the current best individual. In this case,
the individual would re-enter the iteration as a prophetic
population individual, allowing for the further search for a
constraint-compliant solution at minimal cost based on the
previous search. Meanwhile, through the integration of our
relaxed global pruning technique with this evolutionary algo-
rithm, the solution can be attained in much fewer iterations.
Furthermore, unlike previous approaches that focus on a single
granularity of pruning, we integrate pruning schemes for
different pruning granularities. This allows for the automatic
realization of pruning under multiple pruning granularity
scenarios and constraints.

During the fitness evaluation stage, we directly utilize
FreePrune score as the criterion for evaluating the fitness of
the population. This allows for rapid evaluation and selection
of a large number of candidate populations without the need
for training. After a specified number of evolutionary rounds,
FreePrune score identifies the individual with the highest
fitness as the high-quality pruning scheme for the pruned
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subnetwork. Following specified epochs of network fine-
tuning, the final high-quality pruned network can be obtained.

IV. EXPERIMENTS

In our experiments, we investigate classification down-
stream task of VGG [41] on CIFAR-10 dataset [42] and
ResNet18 [43] on mini-ImageNet dataset [44]. We selected
EagleEye [26] and Zen-score [39] for comparison as they
performed well in the previous comparative analysis. We visit
granularities, including filter pruning, unstructured pruning,
and block pruning with sizes 16 x 16 and 32 x 32 with
different pruning rates.

s A. Experiment Setup
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We use the stochastic gradient (SGD) Descent algorithm
for fine-tuning with a momentum of 0.9 and the batch size
is set to 64. For VGG on CIFAR-10, the weight decay is set
to 5e-3 and we fine-tune the network for 150 epochs with
a learning rate of 0.0025. For ResNetl8 on mini-ImageNet,
the learning rate is set to 0.01, and 150 epochs are given
for fine-tuning. The same set of candidate pruned networks
is used for correlation coefficient evaluation separately. For
the automatic pruning framework, we utilize the parameter
pruning rates for each pruning granularity as constraint terms.
The initial population size is set to 40, and the maximum
number of evolution generations is set to 60 for VGG and
80 for ResNetl8, respectively. For each pruning scenario,
we conducted five experiments to obtain the top pruned
network accuracy and average accuracy under each metric. All
experiments are implemented on RTX 3090 and Raspberry
Pi4.

B. Effectiveness of FreePrune Score

We demonstrate the effectiveness of our proposed metric
and framework by utilizing the correlation coefficient and the
accuracy of the resulting network from selection as indicators,
respectively.

To illustrate the validity of the proposed FreePrune score,
we use Spearman and Kendall correlation coefficients to
quantify the correlation between our proposed FreePrune score
and the final accuracy of the pruned network.

Fig. 8 demonstrates the Spearman and Kendall correlation
coefficients for each metric across various pruning scenarios.
Fig. 8(a) and (c), respectively, depict the Spearman correla-
tion coefficients for the VGG and ResNet networks under
each pruning scenario, while Fig. 8(b) and (d), respectively,
showcase the Kendall correlation coefficients for the VGG
and ResNet networks under each pruning scenario. The
numerical suffixes denote the pruning rate values within each
pruning granularity scenario. According to the radar chart,
although EagleEye has relatively high-correlation coefficients
in some pruning scenarios, they are generally low under the
block pruning scenario. This indicates that EagleEye struggles
to effectively handle diverse pruning scenarios, particularly
those with different structured pruning requirements. This
limitation hinders the effective implementation of hardware
pruning algorithms. Conversely, our proposed FreePrune score

B16.95

= FreePrune score
+—EagleEye
|—+—Zen-score

FreePrune score

U_s0

BI6_75

BI6_75 B32_75

B32_75

B16_50

(©)

B16_50

(d)

Fig. 8. Radar chart of Spearman and Kendall correlation coefficients for each
metric, where “F” stands for filter pruning, “B32” stands for block pruning
with size 32x32, “B16” stands for block pruning with size 16x16, and
“U” stands for unstructured pruning. (a) Spearman correlation coefficient for
VGG. (b) Kendall correlation coefficient for VGG. (c) Spearman correlation
coefficient for ResNet18. (d) Kendall correlation coefficient for ResNet18.

demonstrates robust correlation coefficients across various
pruning granularities, particularly in the block pruning sce-
nario, demonstrating its adaptability. Moreover, it outperforms
Zen-score, with consistently higher values in all pruning
scenarios, as shown in the radar chart, where the FreePrune
score envelops Zen-score.

To further demonstrate the effectiveness and efficiency
of the proposed FreePrune score, we compare the network
performance resulting from the selection of pruned networks
using each metric. Consistent with the systematic analysis
experiments before, for each pruning scenario, we randomly
sampled a set of networks and selected the high-quality pruned
network using each metric.

Tables III and IV present the comparison of the accuracy
of the candidate pruned networks obtained by FreePrune
score under different constraints, where Top_acc represents
the top pruned network accuracy, and Avg_acc represents
the average accuracy of the top five candidate pruned
networks. The proposed FreePrune score consistently tends to
select networks with higher accuracy, especially in scenarios
with high-pruning rates, demonstrating the effectiveness of
our proposed metric. Notably, the average accuracy outper-
forms other methods, especially in block pruning scenarios.
Under other constraints, the accuracy of the pruned network
obtained through FreePrune score remains consistent with
others.

We also conduct ablation experiments to illustrate the
effectiveness of FreePrune. Specifically, we execute the com-
plete automatic pruning framework with a 75% pruning rate
on the ResNetl8, and then we evaluate and compare the
capability of FreePrune and its components in identifying
high-quality pruned networks. The results are shown in
Table V. The Var_score and Mean_score demonstrate potential
in identifying high-quality pruned networks in coarse-grained
and fine-grained pruning scenarios, respectively, the proposed
FreePrune exhibits superior selecting capabilities across all
granularities and consistently outperforms both.
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TABLE III
COMPARISON OF THE ACCURACY FOR DIFFERENT METRICS SELECTING
NETWORKS WITH VGG ON CIFAR-10

TABLE V
ABLATION STUDY OF FREEPRUNE ON RESNET18 USING THE
MINI-IMAGENET DATASET WITH A 75% PRUNING RATE

Granularity  Pruning Rate Metric Top_acc (%) Avg_acc (%)
original model - - 93.02 -

EagleEye 93.70 93.92
75% Zen-score 93.70 93.79
FreePrune score 93.79 93.74

filter " "EagleEye ¢ 92.80 9281
95% Zen-score 92.61 92.66
FreePrune score 92.80 92.85
EagleEye 93.62 93.48
75% Zen-score 93.62 93.48
FreePrune score 93.62 93.52

block32x32 " "EagleEye ¢ 8376 8926
95% Zen-score 92.01 91.91
FreePrune score 92.71 91.94
EagleEye 93.93 93.73
75% Zen-score 93.93 93.74
FreePrune score 93.93 93.77

block16x16 " "EagleEye ¢ 9145 ~ 90.70 ~
95% Zen-score 92.39 91.33
FreePrune score 92.39 91.33
EagleEye 93.98 93.76
75% Zen-score 93.98 93.65
FreePrune score 93.98 93.65

unstructured " "EagleEye ¢ 9318 9315
95% Zen-score 93.18 93.12
FreePrune score 93.18 93.12

TABLE IV
COMPARISON OF THE ACCURACY FOR DIFFERENT METRICS SELECTING
NETWORKS WITH RESNET18 ON MINI-IMAGENET

Granularity  Pruning Rate Metric Top_acc (%) Avg_acc (%)
original model - - 78.47 -

EagleEye 78.86 78.24
50% Zen-score 78.86 77.72
FreePrune score 78.86 77.81

filter " "EagleEye " 75.60 7460
75% Zen-score 75.60 75.45
FreePrune score 75.60 7545
EagleEye 76.61 75.50
50% Zen-score 76.61 71.77
FreePrune score 76.61 7177

block32x32 " "EagleEye 7436 71.82
75% Zen-score 77.36 74.73
FreePrune score 77.36 74.73
EagleEye 77.31 76.56
50% Zen-score 77.33 77.82
FreePrune score 77.33 77.76

block16x16 " "EagleEye ~  ” 7762 7553 7
75% Zen-score 78.49 76.10
FreePrune score 78.49 76.79
EagleEye 80.80 80.75
50% Zen-score 80.68 80.66
FreePrune score 80.78 80.66

unstructured " "EagleEye ¢ 80.65 80.73
75% Zen-score 80.65 80.13
FreePrune score 80.65 80.73

C. Effectiveness of FreePrune Framework

To further demonstrate the effectiveness and efficiency of
our proposed FreePrune, we implement the complete frame-
work to find the high-quality pruned subnetwork for different
pruning granularity and pruning rate scenarios. To make a fair
comparison, we embedded EagleEye and Zen-score into the
framework to compare with our proposed method, and for each
metric, we conducted five experiments to determine the top
accuracy and average accuracy.

Granularity Metric Top_acc (%) Avg_acc (%)
original model - 78.47 -
Var_score 76.54 76.34
filter Mean_score 76.54 75.96
FreePrune 76.79 76.61
Var_score 77.14 76.49
block32x32 Mean_score 77.12 75.62
FreePrune 77.48 76.83
Var_score 78.15 77.40
block16x16 Mean_score 78.20 77.42
FreePrune 78.50 77.55
Var_score 80.45 80.28
unstructured Mean_score 80.50 80.15
FreePrune 80.70 80.37
TABLE VI

COMPARISON OF THE ACCURACY FOR OUR PROPOSED FRAMEWORK
SELECTING NETWORKS WITH VGG ON CIFAR-10

Granularity  Pruning Rate Metric Top_acc (%) Avg_acc (%)
original model - - 93.02 -

EagleEye 94.25 94.02
75% Zen-score 94.21 93.97
FreePrune 94.21 94.05

filter “EagléBye 9374 C X
95% Zen-score 92.67 92.38
FreePrune 92.92 92.79
EagleEye 94.07 93.94
75% Zen-score 93.96 93.82
FreePrune 94.25 93.94

block32x32 " EagleEye ~~  91.53 8032
95% Zen-score 92.48 91.94
FreePrune 92.59 92.12
EagleEye 94.14 93.98
75% Zen-score 94.01 93.98
FreePrune 94.14 94.01

block16x16 " “EagleEye 9271 91.66
95% Zen-score 92.72 92.51
FreePrune 93.06 92.79
EagleEye 93.91 93.86
75% Zen-score 93.95 93.84
FreePrune 93.97 93.84

unstructured " EagleEye 9345 9335
95% Zen-score 93.24 93.14
FreePrune 93.51 93.35

As shown in Tables VI and VII, our proposed FreePrune
score can effectively obtain pruned networks with higher
accuracy in different pruning scenarios, and it has an advantage
in the average accuracy of the selected networks, which
demonstrates the effectiveness of our proposed method and
the automatic pruning framework.

To further demonstrate the superiority of our proposed
FreePrune score and the automatic pruning framework, we
prune the ResNetl8 network on the mini-ImageNet dataset
with our framework and randomly sampled pruning config-
urations, respectively. As illustrated in Fig. 9, our proposed
framework improves the accuracy of the pruned network
compared to direct random sampling, with a particularly
notable improvement observed in scenarios with larger pruning
granularity.
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TABLE VII
COMPARISON OF THE ACCURACY FOR OUR PROPOSED FRAMEWORK
SELECTING NETWORKS WITH RESNET18 ON MINI-IMAGENET

TABLE VIII
PERFORMANCE COMPARISON OF RESNET18 PRUNED NETWORKS ON
RASPBERRY P14 WITH FILTER PRUNING

Granularity  Pruning Rate Metric Top_acc (%) Avg_acc (%)
original model - - 78.47 -
EagleEye 78.76 78.63
50% Zen-score 79.13 78.95
FreePrune 79.71 79.18
filter " EagleEye 7661 7649 ~
75% Zen-score 76.52 76.39
FreePrune 76.79 76.61
EagleEye 79.85 79.62
50% Zen-score 80.06 79.78
FreePrune 79.98 79.80
block32x32 " EagleEye 7515 7216
75% Zen-score 77.40 76.76
FreePrune 77.48 76.83
EagleEye 80.05 79.56
50% Zen-score 80.28 79.91
FreePrune 80.28 79.70
block16x16 " EagleEye 7772 7558
75% Zen-score 78.23 77.43
FreePrune 78.50 77.55
EagleEye 81.00 80.88
50% Zen-score 81.02 80.84
FreePrune 81.15 80.94
unstructured " EagleEye 8077 80.58
75% Zen-score 80.65 80.18
FreePrune 80.70 80.37
82 [ w50 I w/o_50
w75 Jwlo 75 81.15
81 4 80.78
80.28 [ Tsd6s
80479 71 79.98
Y
< 794 78.86
5 78.5 78.49
3]
< %7 7748
77.36 33
77 4 76.79 "
767 75.6
75 T ’_‘ T T
filter block32 block16  unstructured
Fig. 9. Comparison of the network accuracy of FreePrune score using the

automatic pruning framework and simple random sampling at different prun-
ing granularities. The results are obtained on mini-ImageNet with different
pruning rates for ResNet18.

It is noteworthy that by using our proposed method and
automatic pruning framework, we can effectively obtain
high-quality pruned network structures for various pruning
scenarios. Taking filter pruning as an example, for both
VGG and ResNetl8 networks, accuracy improvements can
be achieved while reducing the parameter count by 75% and
FLOPs by nearly 60%. Moreover, even at higher-pruning
rates, accuracy can be effectively maintained without sig-
nificant degradation. As shown in Table VIII, we present
the performance metrics of the pruned ResNetl8 network
running on a Raspberry Pi4, with inference time averaged by
100 inference trials. Compared to EagleEye and Zen-score,
our proposed automatic pruning framework yields a pruned
network with comparable accuracy at a higher-pruning rate,
thereby achieving faster inference speeds.

Metric Pruning Rate Ace (%) Inference Time (ms)
original model - 78.47 1165.4
EagleEye 75% 75.60 651.5
Zen-score 75% 75.60 651.4
FreePrune 80% 75.71 601.3

V. CONCLUSION

We systematically evaluated the applicability of mainstream
training-free metrics across different pruning granularities
and proposed FreePrune score, a training-free metric based
on the distribution of BN statistical parameters. Building
upon this, we further proposed a comprehensive automatic
pruning framework FreePrune, capable of rapidly generating
candidate pruned networks and guiding network selection
with FreePrune score. FreePrune score demonstrates high
correlation across various pruning granularities and pruning
rates, making it a reliable tool for rapidly selecting high-
quality pruned networks. Extensive experiment results show
that FreePrune score and FreePrune framework consistently
outperform the prior studies.
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