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a b s t r a c t 

As neural networks get deeper for better performance, the demand for deployable models on resource- 

constrained devices also grows. In this work, we propose eliminating less sensitive filters to compress 

models. The previous method evaluates neuron importance using the connection matrix gradient in a 

single shot. To mitigate the sampling bias, we integrate this measure into the previously proposed “prun- 

ing while fine-tuning” framework. Besides classification errors, we introduce the difference between the 

learned and the single-shot strategy as the second loss component with a self-adjustive hyper-parameter 

that balances the training goal between improving accuracy and pruning more filters. Our Sensitivity 

Pruner (SP) adapts the unstructured pruning saliency metric to structured pruning tasks and enables the 

strategy to be derived sequentially to accommodate the updating sparsity. Experimental results demon- 

strate that SP significantly reduces the computational cost and the pruned models give comparable or 

better performance on CIFAR10, CIFAR100, and ILSVRC-12 datasets. 

© 2023 Elsevier Ltd. All rights reserved. 
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. Introduction 

Deep neural networks have become the optimal solution for 

any tasks across industries, including weather forecasting, traf- 

c control, and biomedical applications [1] . In recent years, the 

ower of deep neural networks has become proportional to their 

epth and complexity, which means their deployment on resource- 

onstrained devices, such as mobile phones, is very difficult. Hence, 

educing the amount of calculation and memory load through 

odel compression becomes necessary for model deployment. 

urrently, there are four types of model compression methods [2] , 

ncluding parameter pruning and sharing, low-rank factorization, 

ransferred/compact convolutional filters, and knowledge distilla- 

ion. Parameter pruning and sharing aim at removing redundant or 

ess sensitive parameters. Low-rank factorization uses matrix de- 
� The code for Sensitivity Pruner (SP) is available at the GitHub repository: https: 

/github.com/SuhanG17/Sensitivity _ Pruner.git 
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omposition to replace original filters with low-rank filters, which 

esults in fewer overall parameters. Because decomposition is an 

peration of high computational complexity, the training process 

an be prolonged and power-demanding. Transferred/compact con- 

olutional filters are meant to design transformation for layer out- 

ut for compression purposes, which can achieve competitive re- 

ults in wide networks but not narrow ones. Finally, to complete 

nowledge distillation, a pre-trained large network is used to train 

 smaller one, which can only be used on classification networks 

ith softmax loss function, thus hampers applicability. 

Parameter pruning, as a popular method in data compression, 

argely depends on its ability to distinguish redundant or less sen- 

itive neurons from important ones. Common pruning methods, 

ased on the granularity of the pruning unit, can be further cate- 

orized into structured pruning and unstructured pruning. Assum- 

ng equivalent compression rate and importance measure, it seems 

hat neuron-level pruning, compared to filter-level pruning, should 

ead to better performance since selection at the lowest computa- 

ion unit offers more possibilities to form a pruning strategy. Un- 

ortunately, to enable the sparse model acceleration from unstruc- 

ured pruning, special hardware, and library support are required. 

n the other hand, for structured pruning, though a larger prun- 

ng unit can potentially harm accuracy, we discover that filter-level 

runing can achieve good performance with common library sup- 

ort and ordinary CPU/GPU devices. 

https://doi.org/10.1016/j.patcog.2023.109508
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2023.109508&domain=pdf
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mailto:shguo@smail.nju.edu.cn
mailto:mg1933032@smail.nju.edu.cn
mailto:sryang@smail.nju.edu.cn
mailto:jianzhao@nju.edu.cn
mailto:frshen@nju.edu.cn
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Previous works in filter-level pruning have proposed many ways 

o evaluate neuron importance. Some methods are as simple as 

easuring the absolute weight sum of each channel, and those 

hat reach a certain magnitude are kept [3] . Recent methods are 

ore intricate. Luo et al. [4] stated that if a subset of the input

eature for the next layer produced the same output feature, cor- 

esponding filters for the complement set of this input feature sub- 

et were recognized as weak channels. Liu et al. [5] introduced 

econstruction errors in intermediate layers to locate channels to 

e pruned. He et al. [6] considered the previously proposed norm- 

ased criterion for filters has the following drawbacks: 1) deviation 

f filter norm distributions should be large enough for sufficient 

hreshold search space, 2) filters with the minimum norm should 

e small that pruning them will not cause information loss. Thus, 

PGM [6] defined filters near the geometric median to be the ones 

o keep as the saliency measure to avoid the aforementioned con- 

traints. Inspired by AutoML, He et al. [7] searched for the optimal 

tructure of the model instead of a connection to be pruned. 

Among all previous works, two of them inspire ours the most: 

he AutoPruner [8] and the SNIP [9] . In AutoPruner, the training 

ramework of “pruning while fine-tuning” is proved to promote 

runing performances, and an adaptive compression ratio across 

ayers is demonstrated to reduce training costs. Despite the success 

f AutoPruner, the drawback of their filter importance measure is 

hat while applying pooling and convolution on feature maps may 

e able to collect information across batches as claimed, the re- 

ationship between such information and filter importance is not 

xplicitly explained. In SNIP, however, the importance of each neu- 

on is expressly defined as the gradient with respect to the connec- 

ion mask (an indicator matrix of 0s and 1s, where 0 indicated re- 

oval of connection, 1 indicated keeping), which can be calculated 

n a single shot. In their theoretical definition, the entire dataset 

hould be used to calculate the pruning strategy. In reality, how- 

ver, it is usually infeasible to handle a dataset as a single batch. 

y randomly selecting a batch, as did in SNIP, the sampling bias 

ill inevitably affect the final strategy, rendering a single shot in- 

dequate. Therefore, our question is: How can we use the defined 

euron importance for the entire dataset to generate a bias-free 

runing strategy ? 

We integrate the sensitivity measure from SNIP into the “train- 

ng while fine-tuning” framework to form a more powerful prun- 

ng strategy. Most methods concerning pruning pre-trained models 

re classification error based, which seek to minimize the error af- 

er pruning. Recent works, such as [4,5,8,10] , introduced additional 

omponents to loss functions to regularize the compression pro- 

ess. In our work, we introduce the difference between the learned 

runing strategy and the single-shot strategy as the second loss 

omponent. With a hyper-parameter λ to balance two loss terms, 

e can dynamically tweak the training goal between improving 

odel accuracy and pruning more filters. 

Our key advantages of Sensitivity Pruner are summarized as fol- 

ows: 

• We integrate the sensitivity measure from SNIP into the “train- 

ing while fine-tuning” framework to form a more powerful 

pruning strategy by adapting the unstructured pruning measure 

from SNIP to allow filter-level compression. In practice, the sen- 

sitivity score can be easily computed as the gradient of the con- 

nection mask applied to the weight matrix. Independent of the 

model structure, the sensitivity score can be applied to most 

neural networks for pruning purposes. 
• We mitigate the sampling bias in the single-shot influence 

score by introducing the difference between the learned prun- 

ing strategy and the single-shot strategy as the second loss 

component. Filter influence is measured on batched data, 

where a convolutional layer is used to discover the robust influ- 
2 
ence from the noise of the batch. The learning process is guided 

by the score provided by the influence measure. 
• Our algorithm can dynamically tweak the training goal between 

improving model accuracy and pruning more filters. We add a 

self-adaptive hyper-parameter λ to balance between classifica- 

tion and pruning strategy loss. To accommodate this proposed 

loss, the pruning strategy is derived sequentially to enable the 

current layer to be pruned according to the latest network spar- 

sity. 
• Most pruned networks appear to deliver better results than the 

pre-trained network on small datasets and a good result on the 

big dataset. To demonstrate the impact of the sampling bias on 

the influence score, we empirically analyze the correlation be- 

tween the learned pruning strategy and the generally correct 

single-shot strategy. 

. Related work 

The CNN module has become the fundamental building block 

f many networks, and the convolution kernels are typically four- 

imensional tensors. Observing redundancy in these tensors, ten- 

or decomposition offers a promising compression solution. Some 

orks assumed the best rank-K approximation exists in general 

nd tried to find it by training a low-rank constrained CNN [11] . 

thers, refuting such an assumption, used nonlinear least squares 

o compute the CP-decomposition [12] and then applied discrimi- 

ative fine-tuning for better accuracy. 

Though lacking strong theoretical proof, empirical evidence has 

emonstrated that the translation invariant property and convolu- 

ional weight-sharing are beneficial to model performance [2] . The 

ationale behind transferred convolutional filters is based on the 

quivariant group theory [13] , which states that the transforma- 

ion of input before or after passing the network layer should be 

quivalent. Although the transformation itself may be different, the 

rojection should stay the same. Therefore, many works have been 

ocused on developing the right transformation for network com- 

ression. For example, because lower convolutional layers have re- 

undant filters to extract both positive and negative phase infor- 

ation from an input signal, [14] defined the transformation to be 

 simple negation function, which can achieve 2 × compression rate 

n all layers. 

In knowledge distillation, softened softmax is used for a small 

odel to learn the class distribution output in a larger teacher 

odel [2] . Romero et al. [15] proposed to replace wide and shal- 

ow networks with thin and deep networks for model compression, 

hich impelled the student to mimic the full feature maps of the 

eacher. Luo et al. [16] treated neurons in the top hidden layer as 

nowledge, which preserved as much information but was more 

ompact. With the function preserving transformations, Chen et al. 

17] could instantaneously transfer the knowledge from the previ- 

us network to each new deeper or wider network. 

In terms of parameter pruning and sharing, previous work has 

ound that model pruning can not only reduce network complex- 

ty but also address overfitting issues, which can be further catego- 

ized into model quantization/binarization and parameter sharing. 

Model quantization uses low bitwidth integers to represent the 

eights and activations [2] . Lower bit representations, such as 8- 

it and 16-bit, are shown to be able to reduce memory usage and 

oat-point operations with acceptable loss in classification accu- 

acy [18] . In extreme cases of quantization, binary integer weights 

re used to train networks from scratch [19,20] , which trade ac- 

uracy to gain significant speed-up. The search for the bitwidth 

f the best fit is crucial for model performance because discrete 

eights may deliver worse performance if bitwidth is too low. 

lso, in a discrete setting, the weights of neural networks become 

on-differentiable, which renders the training very difficult. 
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Fig. 1. Parameter Pruning, a designed metric function measures neuron importance 

and upon which, a pruning strategy is generated, denoted by f (. ) . This strategy 

guides the pruning process of the neurons. 
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Pruning and sharing methods aim to remove redundant mod- 

les, including channels or kernels, to accelerate the run-time in- 

erence. Some works have explored ways to find compact models 

y training from scratch. Earlier research use the Hessian of the 

oss function to select the weak connections. More recent methods 

ntroduce sparsity constraints in the objective function as the l 0 
nd l 1 -norm regularizers [21,22] . Other works focus more on prun- 

ng a pre-trained model. Earlier research develop magnitude-based 

eight selection based on a predetermined threshold [23,24] , ren- 

ering irregular convolution and requiring designed hardware to 

ealize computational savings. Recent methods, concentrate more 

n structured pruning and choose to measure the module im- 

ortance of the network by proposing different metrics [3,6,9] . 

urthermore, to improve pruning efficiency, reconstruction-based 

ethods formulate the channel selection problem into the opti- 

ization of the reconstruction error [3–5,25] . To further compress 

he pruned model, some methods seek to combine sharing with 

uantization. For instance, Han et al. [23] quantized the weights 

fter removing redundancy and then used Huffman coding to en- 

ode the quantized weights. 

Among studies of network pruning, two methods inspired us 

he most, namely, Autopruner [8] and SNIP [9] . In Autopruner, au- 

hors stacked up a framework where a pruning strategy is grad- 

ally developed during training. The framework also comes with 

everal tricks to facilitate the training process, including scaled 

igmoid to ensure binarization of pruning mask, “pseudo” prun- 

ng where they applied the 0–1 mask on the weight matrices us- 

ng Hadamard product to update pruning strategy during training, 

radient-based mask learned from the gradient of weight matrices 

nd gathering information across batches by using convolutional 

ayers and pooling layers. SNIP, on the other hand, mathematically 

efined neuron importance as the difference in loss if such a neu- 

on were removed. By their definition, the aforementioned impor- 

ance could be approximated using the derivative of the loss func- 

ion with respect to the connection matrix, which is a 0–1 ma- 

rix indicating if a neuron is pruned or active. They claimed that 

he strategy only needed to be calculated once using a random 

atch of data. After fine-tuning, the sparse network should reach 

ts prime in terms of Top-1 Accuracy. 

. Sensitivity pruner 

In this section, we propose our sensitivity-based end-to-end 

runing method: Sensitivity Pruner (SP). We will give a compre- 

ensive introduction to the SP pipeline as well as several impor- 

ant implementation details. 

The pipeline for the pruning strategy generation is shown be- 

ow. Two models with the same structure are used, demonstrated 

y the upper and the middle of Fig. 2 . One of them is used to
Fig. 2. Sensitivity Pr

3 
enerate the influence matrix (the upper part), and the other (the 

iddle part) is to generate and apply the “pseudo” strategy us- 

ng element-wise multiplication and then train for accuracy. After 

he pruning strategy is finalized, we implement the pruning strat- 

gy by removing the pruned filters accordingly and fine-tuning this 

maller model for better accuracy as shown at the bottom of Fig. 2 .

To generate the pruning strategy, in one of the networks, the 

ndicator matrix, initiated with all 1s, is applied to all layers to 

e pruned. The gradient of this matrix is regarded as the influ- 

nce matrix, denoted as “Inf l ” in Fig. 2 . The influence matrix is 

hen summed over the output channel so each channel possesses 

n importance score. Then, the importance score for all channels 

o be pruned undergoes a sorting process, and a threshold score 

efined by a preset compression rate is selected. For the current 

ayer, channels with scores larger than the threshold will be re- 

ained; otherwise, they will be pruned. This indicator vector is re- 

arded as the single-shot strategy, which will be the ground truth 

or the current epoch. 

On the other hand, the learned strategy is generated from the 

ormalized influence matrix. A convolutional layer extracts fea- 

ures from this matrix for all batches. The output of this convolu- 

ional layer is a tensor with a width of channel numbers, and each 

lement indicates channel importance. Then, this importance vec- 

or is binarized by a scaled sigmoid to produce masks as the tem- 

orary learned strategy. This strategy is used in another network 

f the same structure by applying this mask to layers of interest as 

hown in Fig. 3 . 

The learned strategy will be updated every 20 training steps 

ith a function to push temporary strategy to 0s and 1s. After 

raining, the learned strategy will guide the actual pruning by 
uner Pipeline. 
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Fig. 3. Apply the temporary learned strategy to layers of interest as “pseudo pruning”. 
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emoving the output channels of layers at value 0 and retaining 

he rest. 

Next, we will go into detail about the proposed method. Our 

ethod consists of four major parts: sampling bias, sensitivity def- 

nition, binarization, and loss function, which will be covered by 

ection 3.2 ∼ 3.5 , respectively. 

.1. Preliminary 

First, we define three matrices in layer l among an N layer CNN 

etwork: W l ∈ R 

B ×C×K×K , M l ∈ { 0 , 1 } B ×C×K×K , and W 

′ 
l 

∈ R 

B ×C×K×K ,

here B , C, K denotes the number of input channels, number of 

utput channels and kernel size respectively. In the latter para- 

raphs, b, c, j, and k will index the weight matrix as input chan-

el, output channel, kernel map rows, and kernel map columns 

espectively. Applying Hadamard product between weight matrix 

 l and connection matrix M l , we can have pruned weight matrix 

 

′ 
l 

= W l � M l . 

Second, for a dataset D , the loss function of this layer for a pre-

rained model is defined as: 

 ( W l � M l ;D ) , where M l = { 0 , 1 } B ×C×K×K 
. (1) 

.2. Sampling bias 

Notice that in SNIP [9] , authors defined the pruning problem as 

 constrained optimization problem, and the neuron importance 

as approximated using the change in loss before and after the 

ubtraction of an infinitesimal change. Accordingly, to evaluate the 

euron importance, the entire dataset should be used, where L in- 

icates loss over all batches. In practice, only a single batch was 

elected randomly, which made their formula subject to sampling 

ias and the pruning strategy can be misguided by the noise in 

he selected batch. To mitigate sampling bias and take the RAM of 

PU into consideration, a training process iterating over the entire 

ataset seems to be the optimal solution. Hence, we re-define the 

oss function as the average of sample losses for batch { x i , y i } as: 

ˆ 
 ( W l � M l ; { x i , y i } ) , where M l = { 0 , 1 } B ×C×K×K 

, 

L ( W l � M l ;D ) = 

1 

n 

n ∑ 

i =1 

ˆ L ( W l � M l ; { x i , y i } ) . (2) 

.3. Sensitivity definition 

If we were to prune a connection in weight W l at input chan- 

el P , output channel Q , and kernel map position (M, N) , we can
4 
imply set the same position in connection matrix to zero, shown 

s: 

 

′ 
l, (b,c, j,k ) = W l � (1 − M l, (b,c, j,k ) ) , (3) 

 l, (b,c, j,k ) = 

{
1 , b = P, c = Q, j = M, k = N, 

0 , otherwise . 

The change in loss before and after pruning a given connection 

s defined as the sensitivity score of a given neuron. M l, (P,Q,M,N) is 

n indicator variable for neuron at layer l, input channel P , out- 

ut channel Q , and kernel map position (M, N) . Depending on 

hether this neuron is active or pruned, we have m l, (P,Q,M,N) = 1 

r m l, (P,Q,M,N) = 0 , respectively. In order to approximate the sen- 

itivity as the rate of change in 

ˆ L with respect to the connec- 

ion of interest, the binary constraint on the indicator variable 

 l, (P,Q,M,N) is relaxed to be continuous. This derivative is denoted 

s f l, (b,c, j,k ) (W l ; { x i , y i } ) and its formula is demonstrated as: 

ˆ L l, (b,c, j,k ) (W l ; { x i , y i } ) ≈ f l, (b,c, j,k ) (W l ; { x i , y i } ) 
= 

∂ ̂  L (W l � M l ; { x i , y i } ) 
∂m l, (b,c, j,k ) 

∣∣∣∣
M l = 1 

= lim 

α→ 0 

ˆ L (W l � M l ; { x i , y i } ) − ˆ L (W l � (M l − αM l, (b,c, j,k ) ) ; { x i , y i } ) 
α

∣∣∣∣
M l = 1 

. 

(4) 

With the defined sensitivity measure, we can evaluate the neu- 

on importance by taking the derivative with respect to the con- 

ection mask M l . The sensitivity of weight matrix W l , denoted 

s the influence matrix Inf l , can be obtained easily in one feed- 

orward and back-propagate iteration using auto-differentiation 

rovided by common frameworks, such as PyTorch and TensorFlow. 

o apply the unstructured pruning saliency metric on a structured 

runing task, we define the channel importance S l ∈ R 

1 ×C by sum- 

ing the influence matrix over output channels, i.e., 

 l = 

B ∑ 

b=1 

K ∑ 

i =1 

K ∑ 

j=1 

f l, (b,c, j,k ) ( Inf l ; { x i , y i } ) . (5) 

With the predetermined compression rate r, the number of lay- 

rs to be pruned P , and the output channel C l for each layer, we

pply descending sort to keep channels of higher importance based 

n threshold t , where t is defined as: 

 = 

P ∑ 

l=1 

C l × r. (6) 
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The descending sort across all channels is not always optimal. 

ith experiments, we discover that global sort on networks gener- 

tes good results on smaller datasets, such as CIFAR-10 and CIFAR- 

00. For ILSVRC-12, sorting applied to each layer of interest in- 

ividually produces better results. Hence, besides the global sort 

hown above, we also have layer sort to find the threshold for each 

ayer: 

 l = C l × r. (7) 

.4. Binarization 

So far, for layer l, a single-shot pruning strategy T l ∈ { 0 , 1 } 1 ×C 

an be deducted by keeping channels with channel importance S l 
arger than t or t l . On the other hand, the first step to obtain the

earned pruning strategy B l ∈ { 0 , 1 } 1 ×C is to calculate strategy fea-

ure E l ∈ R 

1 ×C by applying convolutional kernel U ∈ R 

C ×C ×3 ×3 on 

he normalized influence matrix, which is summed over batch. Be- 

ause the learned strategy should be decided by the layer and not 

 particular sample, we used the summation and the convolutional 

ernel to collect contributions from all samples. Then, the “pseudo”

trategy Q l ∈ R 

1 ×C is calculated by binarize the strategy feature E l 

ith the sigmoid function, scaled with β . After training, the prun- 

ng strategy B l is finalized by pushing Q l to 0s and 1s, i.e., 

 l = sigmoid (βE l ) , (8) 

 l = ( sign (Q l − 0 . 5) + 1) / 2 . 0 . (9) 

During training, the pruning is implemented by applying Q l , 

ot B l , to the weight matrix using the Hadamard product. The 

pseudo” strategy allows the network to revive a neuron even if 

eemed less sensitive, so the strategy will not stop optimizing un- 

il convergence. Moreover, using “ReLU” as the activation function, 

 connection marked as “pruned” will be projected to 0 while the 

active” connection will maintain its value. Thus, if we remove the 

runed channels after training, the prediction will not be affected. 

The hyper-parameter β is introduced to map the strategy fea- 

ure E l to 0s and 1s as much as possible. The β is an amplifier, and

s it grows gradually, the output of the sigmoid function will be- 

ome approximately binary. The increasing of β is crucial because 

he strategy is slowly finalized as the network training converges 

nd β makes binarization happen at a proper training step. When 

is small, the convolutional kernel U can be trained, but it will 

ake longer for the strategy to converge. However, if β is large, 

alues in E l will be mapped to 0s and 1s automatically, meaning 

 can be downgraded to random selection. Therefore, we wish to 

ncrease β gradually throughout the training process to allow con- 

olutional kernel U to be fully trained. The initiation for β varies if 

ifferent datasets and model structures are prepared to be pruned. 

n the latter chapters, we will demonstrate the effect of different 

initiations with experiments. 

.5. Loss function 

The loss function is designed to guide the pruning strategy 

raining by adding the difference between the single-shot strategy 

nd the learned strategy to classification loss. 

 = L classification + λ‖ Q l − T l ‖ 

2 
2 . (10) 

We presume that the single-shot strategy is generally correct 

ut susceptible to sampling bias. Hence, in the second term of 

quation (10) , we think of the single-shot strategy as the teacher, 

nd the “pseudo” strategy should learn from the teacher while re- 

aining generalizable to the entire dataset. λ is used to balance 

etween maintaining classification accuracy and pruning more 
5 
onnections as desired. 
T l ‖ C l ‖ 0 denotes the ratio of connections in- 

ended to be kept and 

B l ‖ C l ‖ 0 denotes the ratio of connection ac- 

ually be kept. When the ratio kept is smaller than intended, we 

ncrease λ to encourage the method to prune more connections 

nd set λ to 0 to focus on classification accuracy otherwise. Notice 

hat because both the intended ratio and the actual ratio are cal- 

ulated based on the network results, the actual compression rate 

an vary; thus, the network compression is adaptive. 

= 

{
5 . 0 ×

∣∣ T l ‖ C l ‖ 0 + 

B l ‖ C l ‖ 0 − 1 

∣∣, 1 − B l ‖ C l ‖ 0 ≥
T l ‖ C l ‖ 0 , 

0 , otherwise . 
(11) 

.6. FLOPs Computation 

Following the setting of [8] , the FLOPs in convolutional layers 

re defined in equation (12) with H, W , C in , C out and K, denoting

he height, the width, the input channel number, the output chan- 

el number, and the kernel size, respectively. The 1 in the equa- 

ion below means the FLOPs in bias term. 

 LOP s = 2 HW (C in K 

2 + 1) C out . (12) 

As we prune one output channel, the FLOPs drop is calculated 

ith 2 HW (C in K 

2 + 1) . For networks with repeated block structures, 

uch as ResNet-56 and MobileNetV2, pruning more channels in 

hallower blocks will result in more FLOPs drop because the height 

nd width of the current feature map are bigger than those in 

eeper blocks. Let us take ResNet-56 as an example, if we prune 

ne output channel away from the middle 3 × 3 kernel in the first 

lock with 64 output channel and 64 input channels, we obtain 

he FLOPs drop of 3,618,944. However, for the same kernel size in 

he second block with 128 as input and output channel number, 

e only obtain the FLOPs drop of 1,807,904. Unless the network 

hooses to prune many more channels in deeper blocks, pruning 

hallow blocks seems more “cost-effective.”

.7. Algorithm summarization 

The SP is recapitulated in the pseudocode 1 . For each training 

tep, the influence matrix is retrieved from one network, and the 

earned strategy and target strategy are both derived from this ma- 

rix, which will later be fed to the loss function with the prediction 

o encourage pruning for as many filters as intended. Two types of 

inarization are involved, the first type is the scaled sigmoid with 

updated in each iteration and the second type is to discretize 

he learned strategy after it has been deemed final. 

. Experiments 

We demonstrate the effectiveness of the proposed method by 

pplying the Sensitivity Pruner to various architectures, including 

GG-16 [26] , ResNet-56 [27] and MobileNetV2 [28] . In VGG-16 and 

esNet-56, the structure is slightly altered by adding the Batch- 

ormalization layer. We conduct experiments on image classifi- 

ation with dataset CIFAR-10 [29] , CIFAR-100 [29] and ILSCVR-12 

30] . All implementations are based on PyTorch. The discussion of 

xperiments is as follows: we evaluate our method on image clas- 

ification in Section 4.3 ∼ 4.5 ; we conducted ablation studies on 

yper-parameters and training tricks in Section 5.1 ∼ 5.3 ; and we 

llustrate our method can alleviate sampling bias in Section 5.4 . 

.1. Compared methods 

To investigate the effectiveness of the proposed methods, we 

ompare our methods with several state-of-the-art channel prun- 

ng methods. On CIFAR-10, we compare Sensitivity Pruner with 
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Algorithm 1 Sensitivity Pipeline. 

Require: Proposed Loss function L and classification loss L c , 

β initiation β0 and β range (L, U) 

Sensitivity Model S and Strategy application model N 

Ensure: Pruning strategy Mask B l 

β-scale ← LinearFunction( β0 , (L, U) ) � evenly space out β
values on a linear scale 

for each layer l do 

for each epoch do 

for each batch do 

Inf l ← Backprop (L c (S (x i ) , y i )) � Obtain gradient as 

influence matrix 

T l ← SortingAndThresholding ( Inf l ) , � Refer to Eq. 5,6,7 

E l ← U (T l ) � Derive strategy from all batches 

β ← BetaUpdate( β-scale) � Update β for this sample 

Q l ← ScaledSigmoid (β, E l ) 

ˆ y ← N (x , Q l ) � Apply strategy 

δ ← L ( ̂  y , y, Q l , T l ) � Refer to Eq. (10) 

N ← BackpropAndUpdate (�) � model weights updated 

end for 

B l ← Binarization (Q l ) � Refer to Eq. (9) 

end for 

N ← Prune (N , B l ) � Remove filters in layer l w.r.t. B l 

end for 
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PGM [6] , NS [31] , NSP [10] using VGG-16; CCP [32] , AMC [7] ,

P [25] , FPGM [6] , SFP [33] , ResRep [34] using ResNet-56. On

IFAR-100, we compare Sensitivity Pruner with NS [31] , COP [35] , 

SP [10] using VGG-16; NS [31] and NSP [10] using ResNet- 

6. On ILSVRC-12, we compare Sensitivity Pruner with SFP [33] , 

etaPruning [36] , ResRep [34] , Adapt-DCP [5] , C-SGD [37] and 

BCPruner [38] using ResNet-56; MetaPruning [36] , AMC [7] , and 

MCP [39] using MobileNetV2. We also compare our method with 

utoPruner [8] and SNIP [9] for all tasks and datasets. Following 

revious publications [5,8,31] , we measure the computational cost 

f the pruned models by the number of FLOPs. 

.2. Datasets and implementation details 

Three datasets, including CIFAR-10, CIFAR-100, and ILSVRC-12, 

re used in image classification tasks to represent scenarios of 

mall, medium, and large classification tasks. CIFAR-10 contains 

0k training images and 10k testing images with 10 classes. CIFAR- 

00 has the same 50k training images and 10k testing images with 

00 classes. ILSVRC-12 consists of 1.28 million training images and 

0k testing images for 10 0 0 classes. 

Upon pre-trained models, we insert our sensitivity measuring 

ayer on one model to gather the channel importance and generate 

 pruning strategy. Then, we apply this strategy to another model 

o complete “pseudo” pruning, which is trained with the aforemen- 

ioned two-part loss. 

We test our method on the three most popular network 

tructures: VGG-16, ResNet-56, and MobileNetV2. In ResNet-56, 

he residual connection is added to tackle the vanishing gradi- 

nt, which is implemented using the simple addition of an in- 

ut feature map and output feature map for a certain block. To 

nsure such addition, the last layer of blocks with residual con- 

ection ahead is not pruned. In MobileNetV2, point-wise convolu- 

ion is implemented using the “group” parameter in the PyTorch 

ramework. In every Inverted Residuals block, only the importance 

f output channels of the first convolutional layer, which is the 

epth-wise convolution, is measured and pruned accordingly. 

In ResNet-56, blocks with similar structures but different chan- 

el numbers are prevalent. Therefore, we further divide the model 
6 
nto multiple groups. Then, the model is pruned group by group: 

hen we have determined the strategy for a group, the network 

s compressed with this strategy before it goes on to find out 

he strategy for the next group. In VGG-16, similar techniques are 

dopted but with inherent layers, not groups. In MobileNetV2, un- 

er the same concern, we chose to train depthwise separable con- 

olution kernels block by block and treated the last classification 

ayer as the last block. Global sorting is applied to ResNet-56 only 

n CIFAR-10 and CIFAR-100, and to VGG-16 on all three datasets. 

n ILSVRC-12, we apply layer sort to both ResNet-56 and Mo- 

ileNetV2 for better results. 

As we mentioned, the initiation of β is significant for model 

erformance. We initiate β to be 1 for VGG-16 and ResNet-56, 0.05 

or MobileNetv2. The β range denotes the approximate range for β
uring training, which is 100 for VGG-16 and ResNet-56, and 5 for 

obileNetV2. Because we want the β to change dynamically for 

ifferent layers, the β value may exceed the highest value set if 

he learned pruning strategy is not binary enough. 

We use SGD optimization with momentum and weight decay 

et to 0.9 and 5e-4, and we initiate the learning rate to be 1e-3 for

ll datasets and all models. For VGG-16, with CIFAR-10, and CIFAR- 

00, we use a total of 3 epochs and a batch size of 12 for each

ayer, and with ILSVRC-12, we use a total of 1 epoch and a batch 

ize of 24 for each layer. The learning rate is divided by 10 every 2

pochs per layer for CIFAR-10 and CIFAR-100. For ResNet-56, with 

IFAR-10, and CIFAR-100, we use a total of 8 epochs and a batch 

ize of 12 for each group, and with ILSVRC-12, we use a total of 

 epochs and a batch size of 48 for each group. The learning rate 

s divided by 10 every four epochs per group. For MobileNetv2, we 

se a total of 4 epochs and a batch size of 64 for each block. The

earning rate is divided by 10 every two epochs. 

After the model is compressed, we finetune the new model for 

00 epochs, with a learning rate of 1e-4. SGD optimizers have mo- 

entum and weight decay set to 0.9 and 1e-4. The learning rate is 

nitialized to 1e-4 and decreased by 10 at epochs 66, 132, and 198. 

.3. Comparisions on CIFAR-10 

We apply Sensitivity Pruner on ResNet-56 and VGG-16 and 

ompare the performance on CIFAR-10. The results are reported 

n Table 1 . Compared with several state-of-the-art methods, our 

ethod achieves the best performance. For instance, NSP prunes 

GG-16 to reduce 54 . 00% of the FLOPs with a 0 . 04% drop in

he Top-1 accuracy. In contrast, our proposed Sensitivity Pruner 

chieves 57 . 00% of speed-up ratio with a 0 . 28% improvement in

he Top-1 accuracy. 

In terms of ResNet-56, one of the current best methods ResRep 

chieves zero loss in the Top-1 accuracy with a 52 . 91% drop in

LOPs. In Our model, we attain a 0 . 43% increase in Top-1 accuracy 

ith a 53 . 00% drop in FLOPs. Compared with CCP, our method in-

reases the model accuracy as much as they do but with a 1 . 00%

ore reduction in FLOPs. These results have shown the superior 

erformance of our proposed method on small datasets, such as 

IFAR-10. It is worth discussing that one of the state-of-the-art 

odels, ResRep, is not among the best in using the ResNet-56 

tructure on CIFAR-10. We presume that our model is tailored to 

mall datasets and ResRep is more suitable to larger datasets. 

.4. Comparisions on CIFAR-100 

Sensitivity Pruner is also tested on CIFAR-100 with ResNet-56 

nd VGG-16. In Table 2 , we report that our method performs well 

n either accuracy or speed-up ratio. In VGG-16, compared with 

ther methods, though our method did not increase the Top-1 ac- 

uracy by the highest margin, we achieve the best FLOPs Drop ra- 

io. In ResNet-56, we improve the Top-1 accuracy by 0 . 09% with 
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Table 1 

Performance comparisons on CIFAR-10. Top-1 Acc. ↑ is the Top-1 Accuracy gap between the pruned model and 

the baseline model. ∗ means for this method, the FLOPs ↓ % is reported in integer in original paper. 

Model Method Base Top-1 Pruned Top-1 Top-1 Acc. ↑ (%) FLOPs ↓ % 

VGG-16 

FPGM 93.58 93.54 -0.04 34.20 

NS ∗ 93.88 93.62 0.26 51.00 

NSP ∗ 93.88 93.92 0.04 54.00 

AutoPruner 92.11 90.75 -1.36 52.98 

Ours(r = 0.3) 92.11 94.17 0.28 56.65 

ResNet-56 

CCP ∗ 93.50 93.69 0.19 47.00 

AutoPruner 93.89 93.83 -0.06 44.15 

Ours(r = 0.4) 93.89 94.08 0.19 47.68 

AMC ∗ 92.80 91.90 -0.90 50.00 

CP ∗ 92.80 91.80 -1.00 50.00 

FPGM 93.59 93.26 -0.33 52.60 

SFP 93.59 93.35 -1.33 52.60 

ResRep 93.71 93.71 0.00 52.91 

AutoPruner 93.89 93.16 -0.73 52.83 

Ours(r = 0.3) 93.89 94.32 0.43 54.01 

Table 2 

Performance comparisons on CIFAR-100. Top-1 Acc. ↑ is the Top-1 Accuracy gap between the pruned model 

and the baseline model. ∗ means for this method, the FLOPs ↓ % is reported in integer in original paper. 

Model Method Base Top-1 Pruned Top-1 Top-1 Acc. ↑ (%) FLOPs ↓ % 

VGG-16 

NS ∗ 73.83 74.20 0.37 38.00 

COP ∗ 72.59 71.77 -0.82 43.00 

NSP ∗ 73.83 74.25 0.42 43.00 

AutoPruner 72.44 69.55 -2.89 43.66 

Ours(r = 0.4) 72.44 72.78 0.34 45.00 

ResNet-56 

NS ∗ 72.49 71.40 -1.09 24.00 

NSP ∗ 72.49 72.46 -0.06 25.00 

AutoPruner 79.41 78.53 -0.88 23.32 

Ours(r = 0.6) 79.41 79.50 0.09 24.61 
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n adequate speed-up ratio of 24 . 61% . In general, our method is

mong the best on CIFAR-100 compared to state-of-the-art meth- 

ds. It seems that with medium size dataset, as the Flops drop in- 

reases, SP loses the winning margin in Top-1 Accuracy. Accord- 

ng to the training log, we find the global sort starting to crumble 

n CIFAR-100 with a smaller compression rate, the performance is 

everely undermined. Hence, we believe current performance may 

e boosted using layer sort instead of global sort. 

.5. Comparisions on ILSVRC-12 

For ILSVRC-12, our method outperforms state-of-the-art meth- 

ds with r = 0 . 4 on ResNet-56 as shown in Table 3 . Our method

chieves the most FLOPs drop, 59.23, among all methods. Our Top- 

 accuracy is slightly inferior to the current best, ResRep, but bet- 
Table 3 

Performance comparisons on ILSVRC-12. Top-1 Acc. ↑ is t

and the baseline model. 

Model Method Base Top-1 

ResNet-56 

SFP 76.15 

MetaPruning 76.60 

ResRep 76.15 

Adapt-DCP 76.01 

C-SGD (extension) 76.15 

ABCPruner 76.01 

AutoPruner 76.15 

Ours(r = 0.4) 76.13 

MobileNetV2 

MetaPruning 72.00 

AMC 71.80 

DMCP 72.30 

AutoPruner 72.19 

Ours(r = 0.4) 71.88 

7

er than the rest. The common design shared by ResRep and us 

s that we apply an additional layer after the layer of interest and 

ecide on neuron importance based on the gradient of the addi- 

ional layer. ResRep uses Lasso loss to find the indicator mask in 

he “Res” part and uses the “Rep” part to ensure that the layer 

f interest is not over-pruned. Compared to them, our algorithm 

acks the “Rep” part and thus, the network may be over-pruned at 

 given compression ratio. This postulation also corroborates that 

ur algorithm usually achieves the best FLOPs drop but less stun- 

ing Top-1 Accuracy. 

On MobileNetV2, SP achieves the most FLOPs drop, but the Top- 

 accuracy decreases significantly compared to other algorithms. 

obileNetV2 has repeating blocks with different hidden layer out- 

ut channels. Hence, we choose to prune block after block for 

ll seven blocks to maximize model performance. Based on our 
he Top-1 Accuracy gap between the pruned model 

Pruned Top-1 Top-1 Acc. ↑ (%) FLOPs ↓ % 
74.61 -1.54 41.80 

75.40 -1.20 51.10 

76.15 0.00 54.54 

75.15 -0.86 52.41 

75.29 -0.86 55.44 

73.52 -2.49 56.61 

74.76 -1.39 51.21 

75.41 -0.72 59.23 

71.20 -0.80 27.67 

70.80 -1.00 29.67 

72.20 -0.10 29.67 

71.18 -1.01 30.87 

70.40 -1.48 33.41 
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Table 4 

Performance comparisons between SNIP and SP on CIFAR-10, CIFAR-100 and ILSVRC-12. Top-1 Acc. ↑ is the Top- 

1 Accuracy gap between the pruned model and the baseline model. RS, V, MB are abbreviations for ResNet-56, 

VGG-16, and MobileNetV2 structure. ∗ indicates the model is finetuned, otherwise single-shot. 

Datasets Methods Base Top-1 Pruned Top-1 Top-1 Acc. ↑ (%) Params Drop (%) 

CIFAR-10 SNIP:RS 93.89 33.78 -60.11 - 

SNIP:RS ∗ 93.89 94.00 0.11 59.87 

Ours:RS 93.89 94.08 0.19 59.03 

SNIP:V 92.11 10.00 -82.11 - 

SNIP:V ∗ 92.11 92.16 0.05 79.90 

Ours:V 92.11 92.39 0.28 87.69 

CIFAR-100 SNIP:RS 79.41 3.24 -76.17 - 

SNIP:RS ∗ 79.41 79.06 -0.35 39.60 

Ours:RS 79.41 79.50 0.09 47.70 

SNIP:V 72.44 4.90 -67.54 - 

SNIP:V ∗ 72.44 72.55 0.11 69.11 

Ours:V 72.44 72.78 0.34 68.51 

ILSVRC-12 SNIP:RS 76.15 0.31 -75.84 - 

SNIP:RS ∗ 76.15 74.36 -1.79 48.98 

Ours:RS 76.13 75.41 -0.72 50.30 

SNIP:MB 71.88 0.11 -71.77 - 

SNIP:MB ∗ 71.88 68.93 -2.95 23.21 

Ours:MB 71.88 70.40 -1.48 23.82 
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raining log, we discover that the model performance keeps dwin- 

ling until the 5th block with a Top-1 Accuracy of 55.62%. As we 

ontinue to prune blocks 6 and 7, the Top-1 Accuracy rebounds 

o 61.07% and 62.87% respectively. Despite this final surge, we no- 

ice that the Top-1 Accuracy after the 1st epoch in fine-tuning 

tage drops to 57.90%, which is significantly lower than before fine- 

uning. Hence, we believe that the less optimal results for Mo- 

ileNet2 are not due to our pruning algorithm, but because our 

ne-tuning stage requires further hyper-parameter tuning. 

.6. Comparisons with SNIP 

SNIP is an unstructured pruning algorithm, which requires a 

ini-batch to generate the strategy and fine-tuning to restore the 

odel performance. In the current hardware setting, only “pseudo”

runing is enabled, and thus, the FLOPs Drop for SNIP is not avail- 

ble. Therefore, we display the performance in a separate table 

ith the Parameter Drop Rate as the substitute for the FLOPs Drop 

ate. In the original paper, the SNIP is applied to a model with 

andomized weight initiation. For a fair comparison, we use pre- 

rained models in SNIP strategy derivation. 

From Table 4 , we observe that the single-shot strategy, as an 

nstructured pruning method, is indeed very coarse in determining 

he best pruning strategy, considering that we use a pre-trained 

odel in the derivation process. After fine-tuning, the performance 

f SNIP significantly improves but remains inferior to our method. 

n smaller datasets, it seems that SNIP is still comparable to ours, 

ut as the datasets get more complex, the SNIP strategy becomes 

ess competent. We notice that in smaller datasets, a mini-batch of 

ata is more representative than the same batch in large datasets 

ecause a higher proportion of data is utilized to generate the 

trategy. Using SNIP importance measure with a mini-batch in a 

ingle shot suffers from sampling bias intensely, and the SP has 

educed sampling bias with the “training-while-finetuning” frame- 

ork. 

. Ablation studies 

.1. Performance with different compression rates 

To study the effect of different compression rates r, we prune 

0% , 30% , 40% , 50% , 60% , 70% , 80% channels from ResNet-56 and
8

GG-16 and evaluate on CIFAR-10. Notice that compression rates 

indicate the percentage of channels kept to be active. The ex- 

erimental results are shown in Fig. 4 . In general, the lower the 

gets, the more channels are pruned, and hence, worse perfor- 

ance should be expected. On smaller datasets, such as CIFAR- 

0, we notice that pruning up to 70% channels will result in bet- 

er performance than the pre-trained model, and the best accu- 

acy is achieved at r = 0 . 4 , which means 60% of channels are re-

oved. This phenomenon suggests that both VGG-16 and ResNet- 

6 are overfitted on CIFAR-10, and thus, the removal of channels 

an mitigate the overfitting effect and achieve better results. We 

otice that the FLOPs drop has a sudden peak at r = 0 . 6 on VGG-

6, which means that the network selects kernels at deeper layers 

o be pruned to achieve the intended model size. We reckon that 

his peak can be attributed to the decrease in r from 0.7 to 0.6 

ushing the strategy generation network to assign higher impor- 

ance to shallow kernels to ensure accuracy. Therefore, more deep 

ernels have been pruned which will not contribute to the FLOPs 

rop much. 

We also pruned 50% , 60% , 70% , 80% , 90% channels from ResNet-

6 on ILSVRC-12. The results are displayed in Fig. 5 . As the com-

ression rate decreases, more channels are pruned, and hence per- 

ormance declines and FLOPs drop increases. At r = 0 . 5 , the Top-

 accuracy for Layer Sort exceeds the pre-trained model accuracy 

y 1 . 07% , but the FLOPs drop plummets that only 7 . 49% drop is

eached. A similar pattern is also found in global sort models, 

hich means that the ResNet-56 is less overfitted on ILSVRC-12, 

nd pruning up to about half the channels should eliminate the 

verfitting effect completely. It is interesting to find out that at 

 = 0 . 5 , the global sort can outdo the layer sort in terms of the

LOPs drop. Based on 6 , we discover that the layer sort prune more 

hannels in group 1 and 2, which contain all the shallower blocks, 

ut it fails to prune group 3 and 4. Particularly, in group 4, not a

ingle channel is pruned by layer sort, but it was heavily pruned by 

lobal sort, and hence, this discrepancy is manifested in the FLOPs 

rop. 

On ILSVRC-12, ResNet-56 seems to be the adequate model, be- 

ause as more channels were pruned, smaller models offered wan- 

ng performances. Interestingly, r = 0 . 4 seems to be the best com- 

ression rate for ResNet-56 that not only does it achieve the best 

erformance on CIFAR-10, but it also produces the best results 

cross current models available with the FLOPs drop intended. It 
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Fig. 4. ResNet-56 and VGG-16 on CIFAR-10. On the left is the comparison between the target and the real compression rate; on the right is the Top-1 Acc & FLOPs drop with 

different com pression rates r. Accuracy is reported w.r.t the left y-axis; FLOPs drop is reported w.r.t the right y-axis. 

Fig. 5. Global vs. Layer sorting using ResNet-56. Accuracy is reported w.r.t the left y-axis; FLOPs drop is reported w.r.t the right y-axis. 
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Table 5 

Effect of β initiation for VGG-16 on CIFAR-10. 

β FLOPs ↓ % Params ↓ % Top-1 Acc.(%) 

0.005 47% 80.11% 92.00 

0.01 47% 80.13% 92.46 

0.05 48% 80.43% 93.05 

0.1 48% 80.26% 92.77 

0.2 47% 80.21% 91.06 

T

T

u

eems that the optimal compression rate for ResNet-56 for our 

ethod is 0.4. 

.2. Effect of different β initiations 

β initiation is crucial for the convolutional kernel to learn the 

runing strategy. With β being too big or too small, we may 

nd up with a random selection kernel or prolonged convergence. 

ifferent network structures require distinct β initiation, and we 

emonstrate the effect of initiation using VGG-16 on CIFAR-10. 

The results in Table 5 demonstrate that different initiation has 

ittle effect on FlOPs or Params drop, but has some effect on the 
9 
op-1 accuracy. Using β = 0 . 05 , the VGG-16 achieved an improved 

op-1 accuracy by 0.28, compared to the second-best performance 

sing β = 0 . 1 . Using MobileNetV2 on ILSVRC-12, we discover that 
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Fig. 6. Global vs. Layer sorting using ResNet-56. Comparing the number of channels pruned in each layer per group. 

Table 6 

Global vs. Layer sorting, MobileNetV2 and VGG-16 on ILSVRC-12. 

Model Sorting Compre-ssion Rate Base Top-1 Pruned Top-1 Top-1 Acc. ↑ (%) FLOPs ↓ % 
MobileNetV2 Global 0.20 71.88 58.77 -13.11 45.54 

Layer 0.20 71.88 64.76 -7.11 63.59 

VGG-16 

Global 0.20 73.36 71.56 -1.80 22.21 

Global 0.40 73.36 74.29 0.93 12.00 

Global 0.60 73.36 75.02 1.66 10.49 
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initiation is also worth tuning. The performance of the pruned 

odels improved by 0.11% with β initiations changing from 1 to 

.05. 

.3. Effect of global sort versus layer sort 

To decide which output channel should be pruned, we use 

lobal sort to find a threshold, and the channel with a sensitiv- 

ty smaller than the threshold will be pruned. This strategy takes 

ll layers to be pruned into consideration and tries to save the 

ost important channels across layers. Inevitably, it also leads to 

 discrepancy between the target compression rate and the real 

ompression rate, as shown in Fig. 4 . Despite the discrepancy, 

lobal sort works well on CIFAR-10 and CIFAR-100 for VGG-16 and 

esNet-56. On ILSVRC-12, global sort favors channels in shallow 

ayers and prunes channels in deeper layers heavily. With a large 

ompression rate r, the pruning strategy attempts to reach the goal 

y pruning almost all the channels in deeper layers and produc- 

ng much worse accuracy and minor FLOPs drop, because shallow 

hannels are all kept. Thus, we introduce layer sort, which calcu- 

ates the threshold for each layer and prunes channels to meet the 

reset r individually. 

As shown in Fig. 5 , ResNet-56 achieves better results on ILSVRC- 

2 using the layer sort strategy. Based on our experiments, Mobil- 

etV2 also obtains a better pruning strategy using the layer sort 

trategy. The Top-1 accuracy improves and the FLOPs drop more. 

hese effects can be attributed to the fact that for ILSVRC-12, both 
10 
esNet-56 and MobileNetV2 are adequate models, which do not 

ave much overfitting effect on CIFAR-10. Moreover, it seems that 

lobal sort still achieves good Top-1 accuracy, though not ideal 

LOPs drop, using VGG-16 on ILSVRC-12, as shown in Table 6 . 

he discrepancy in accuracy among models can be attributed to 

hat for network structures scrupulously designed to have repeated 

lock structures, such as ResNet-56 and MobileNetV2, global sort 

ails to balance between shallow and deep kernel importance, but 

or less complicated layer-stacked structures, such as VGG-16, such 

ffect is less significant. 

.4. Sampling bias of single-shot strategy 

The single-shot strategy proposed by SNIP is used in our 

ethod to guide the learning of the pruning strategy. We presume 

hat the single-shot strategy points in the right direction but is bi- 

sed by the batch used. In this section, we would like to demon- 

trate that the single-shot strategy is susceptible to sampling bias 

nd that the learned strategy can converge to it without being mis- 

uided. 

In Fig. 7 , we report the agreement rate between the single-shot 

trategy and learned strategy every 20 steps for 4 epochs of train- 

ng. The agreement rate is defined with the single-shot mask M ss , 

he learned mask M le , and the number of channels C as: 

greement = 

M ss ∩ M le 

C 
. (13) 
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Fig. 7. Agreement rate between single-shot strategy and learned strategy. 

Fig. 8. Batch Votes on single-shot and learned strategy on layer 1 in group 1. 
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Using ResNet-56 with r = 0 . 4 on ILSVRC-12, we group layers 

f interest into four groups and each group contains 9, 12, 18, 

nd 9 layers respectively. The agreement rate is averaged over 

roup. For group 1 and 2, the agreement rate does not seem to 

hange as epochs increase. For group 3 and 4, the agreement rate 

rops as training steps grow. The learned strategy, which is the 

nal strategy applied, does not agree with the single-shot strat- 

gy completely, yet does not deviate from it much. Therefore, the 

uidance provided by the single-shot strategy is crucial, and the 

earned strategy can remove sampling bias as we train for more 

teps. 

A channel to be pruned or active is denoted by 0 and 1 re-

pectively. Hence, every 20 steps, we accumulate the single-shot 

nd learned mask to indicate which channel index is voted to 
11
e pruned or active the most. Fig. 8 is intended to demonstrate 

he batch votes for layer 1 in group 1. From the images, we dis- 

over that the learned votes favor certain channels strongly and 

he single-shot votes reveal no preference. 

We also calculate the agreement rate between two strategies 

.r.t. pruning mask and active mask respectively. Fig. 9 suggests 

hat the agreement between group 1 and 2 on whether the chan- 

el should be pruned or active increases over epochs. On the con- 

rary, the agreement in group 3 and 4 decreases as the training 

tep increases. 

The channels in the single-shot strategy, supported by most 

atches, are also more likely to remain in the final strategy. It can 

e attributed that the learned strategy can be taught by the single- 

hot strategy and can also prevent sampling bias. 
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Fig. 9. Strategy agreement on prune or active. The agreement is calculated with r = 0 . 4 using the first kernel in each group. 

6

i

n

f

i

t

p

s

s

i

t

E

n

r

s

s

c

i

p

p

M

e

w

n

t

t

i

i

o

g

b

i

t

w

r

r

m

S

s

t

r

g

d

t

n

p

q

s

t

e

a

p

d

p

m

f

u

i

m

b

n

b

p

s

D

c

i

. Conclusion 

In this paper, we have proposed a Sensitivity Pruner(SP) us- 

ng the “pruning while fine-tuning” framework to compress deep 

eural networks. We first recognize that SNIP offers a great metric 

or neuron importance but is susceptible to sampling bias if used 

n a single-shot as suggested. Then, we integrate this metric into 

he “pruning while fine-tuning” framework to eliminate the sam- 

ling bias and improve the framework with better sensitivity mea- 

urement. To select channels to be pruned, we use the single-shot 

trategy to guide the learning of the pruning strategy and dynam- 

cally balance the training goal between model accuracy and in- 

ended compression rate with a self-adaptive hyper-parameter λ. 

xtensive results on image classification have verified the effective- 

ess of the proposed method. 

Compared to the single-shot strategy, not only does our algo- 

ithm allow all-batch assessment, but also enables the pruning 

trategy to be delivered block-by-block, so that after the compres- 

ion has been implemented in previous blocks, the current block 

an be pruned according to the latest sparsity. Besides overcom- 

ng the sampling bias in the single-shot strategy, we also make the 

runing strategy to be derived dynamically, which improves the 

runed network performance with the provided saliency measure. 

oreover, the unstructured pruning from SNIP is adapted by us to 

nable channel-wise structured pruning. Without additional hard- 

are support, the compressed model can still enjoy the speed-up, 

ot just the “pseudo” pruning as in SNIP. 

Compared to the Autopruner framework, we have innovated 

he neuron importance measure and re-defined the loss func- 

ion so that the pruning strategy not only focuses on retain- 

ng accuracy but also strives to prune as many channels as 

ntended with the guidance of the single-shot strategy. Thus, 

ur method can utilize the SNIP saliency measure as the tar- 

et and the convolutional kernel U to generalize strategy to all 

atches, which equips the framework with a more substantial 

mportance measure than extracting pruning strategy from fea- 

ure maps. The final algorithm can be implemented in any net- 

ork structure consisting of convolutional or linear layers and de- 
12 
ive the pruning strategy automatically with an arbitrary pruning 

atio. 

Besides strengths, the limitations of our strategy should also be 

entioned. First, the β initiation is a hyper-parameter to be tuned. 

econd, our experiments generally focus on computer vision clas- 

ification tasks, which can be less informative considering other 

asks, such as time series forecasting. Third, although our algo- 

ithm holds no assumption for datasets, we observe that with big- 

er datasets, the performance is not as outstanding as with small 

atasets. 

In the future, we may improve this method from two perspec- 

ives. First, the initiation of the β should be automated so that any 

etwork structure can be easily pruned with fewer trials for better 

erformance. Second, we will extend the proposed SP for model 

uantization. Particularly, we can apply the quantization for each 

elected channel before pruning the next channel, which allows us 

o perform channel pruning and quantization simultaneously. 

Moreover, we would like to point out that our algorithm can be 

xtended to other popular networks, such as the attention mech- 

nism in the transformer. In the attention mechanism, the linear 

rojections for key, query, and value can be pruned to prevent re- 

undancy in the attention map, which has been proved to be a 

roblem by previous studies. It is worth noting that the attention 

atrix calculated by the multiplication of key and query, outputted 

rom the pruned linear layers, may contain too many masked val- 

es, rendering it too sparse. We recommend future research to dive 

nto this issue and modify our proposed method to the attention 

echanism. Moreover, more experiments can be done on other 

ig datasets to verify our observation and possibly find the ratio- 

ale behind it and improve the algorithm to better accommodate 

igger datasets. Lastly, the theoretical proof of the effectiveness of 

runing methods is generally lacking, which is also a promising re- 

earch direction. 
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