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A B S T R A C T

Structured pruning methods are developed to bridge the gap between the massive scale of neural networks and 

the limited hardware resources. Most current structured pruning methods rely on training datasets to fine-tune the 

compressed model, resulting in high computational burdens and being inapplicable for scenarios with stringent 

requirements on privacy and security. As an alternative, some data-free methods have been proposed, however, 

these methods often require handcrafted parameter tuning and can only achieve inflexible reconstruction. In 

this paper, we propose the Automatic Data-Free Pruning (AutoDFP) method that achieves automatic pruning 

and reconstruction without fine-tuning. Our approach is based on the assumption that the loss of information 

can be partially compensated by retaining focused information from similar channels. Specifically, we formu-

late data-free pruning as an optimization problem, which can be effectively addressed through reinforcement 

learning. AutoDFP assesses the similarity of channels for each layer and provides this information to the rein-

forcement learning agent, guiding the pruning and reconstruction process of the network. We evaluate AutoDFP 

with multiple networks on multiple datasets, achieving impressive compression results.

1. Introduction

The field of model compression has undergone extensive research 

to bridge the gap between the size of neural networks and the hard-

ware limitations of edge devices, such as pruning [1–5], quantization 

[6–9], and knowledge distillation [10–12]. Model compression technol-

ogy known as network pruning aims to reduce redundant parameters 

and computations in the original networks. Pruning algorithms can be 

categorized into fine-grained pruning and structured pruning depending 

on the level of granularity. Since fine-grained pruning [13] produces 

irregular sparse patterns and requires specialized hardware support 

[14], many studies have focused on structured pruning. Numerous 

structured pruning methods have been proposed [15–19]. While these 

methods have achieved outstanding performance, they require origi-

nal training data to restore accuracy through fine-tuning or knowledge 

distillation, being both data-dependent and computationally expensive. 

In situations where data privacy and security are critical, such as

real-world applications involving restricted datasets like medical data 

and user data, these data-driven methods become unsuitable to employ. 

Consequently, multiple methods are proposed to perform data-free prun-

ing [20–23]. Data-free pruning techniques, such as the ones presented 

in DeepInversion [20] and data-free network pruning (DFNP) [21], uti-

lize synthetic samples. Although these methods achieve pruning without 

the need for data, the process of generating synthetic data is computa-

tionally intensive and expensive. Another category of data-free pruning 

[22–24] proposes compensation for the pruned portion to restore the 

accuracy of the network. However, these approaches demand signifi-

cant human efforts to modify pruning strategies and hyperparameters. 

Additionally, they are limited in their ability to identify network re-

dundancies and provide inflexible compensation for pruned channels, 

resulting in a significant drop in accuracy. Taking the Neuron Merging 

(NM) [22] as an example, on the ImageNet dataset, pruning 30 % of the 

parameters in the ResNet-50 network, results in top-1 accuracy rate of a 

mere 24.63 %, which is unacceptable. While data-free pruning methods
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may not always match the final accuracy of data-driven pruning with 

fine-tuning, their substantially faster recovery time makes them highly 

attractive for deployment in hardware-accelerated or privacy-sensitive 

scenarios.

To address this problem, we aim to automate the process of pruning 

and compensation based on the redundancy characteristics of each layer. 

Illustrated in Fig. 2, T-distributed stochastic neighbor embedding (T-

SNE) is employed to visualize the clustering results of a particular layer 

of channels across multiple networks utilizing Density-Based Spatial 

Clustering of Applications with Noise (DBSCAN) [25]. Through channel 

clustering, we discovered that they share similarities, which can also be 

seen as a certain degree of redundancy in the networks. Based on this 

observation, we hypothesize that when channels are pruned, the loss of 

information can be partially compensated for by preserving information 

from similar channels. Therefore, we propose the Automatic Data-Free 

Pruning (AutoDFP) method, which autonomously evaluates network re-

dundancy levels and devises corresponding pruning and reconstruction 

strategies. An overview of our AutoDFP approach is depicted in Fig. 1. 

By incorporating reinforcement learning, we can automatically derive 

the optimal strategy within the reinforcement learning framework, as 

depicted in Fig. 3. The main contributions are summarized as follows:

• We formulate data-free pruning and reconstruction as an optimiza-

tion problem based on the assumption of channel similarity. We 

model the resolution process of this pruning-reconstruction opti-

mization problem as a Markov decision process, enabling its solution 

through reinforcement learning algorithms.

• We employ a Soft Actor-Critic (SAC) [26] agent to automate the pro-

cess of pruning and reconstruction. The SAC agent receives the state 

of each layer in the network and provides strategies for both pruning 

and reconstruction.

• The broad applicability of our method is demonstrated across a

range of deep neural networks (DNNs), including VGG-16/19 [27], 

MobileNet-V1 [28]/V2 [29], ResNet-56/34/50/101 [30], and vari-

ous datasets such as CIFAR-10 and ImageNet. Additionally, we have 

also evaluated our method on detection networks.

2. Related works 

2.1. Automatic network pruning

Numerous methods have been proposed to achieve automated model 

compression, especially in the field of network pruning [15,16,18,19, 

31–33].

Fig. 1. The overview of AutoDFP. The upper part of the figure displays the outcome of pruning the 𝓁 

𝑡ℎ layer using the conventional method with the constant pruning
𝑡ℎrate 𝑝̄. As a result, the (𝓁  

 + 1) layer  
 

 acquires  

  

(a damaged  map 𝑍̂ 

𝓁+1)feature . The bottom part of the figure demonstrates the procedure of pruning the 𝓁 

𝑡ℎ layer and

  (𝓁 + 1) 

𝑡ℎreconstructing the  layer with the AutoDFP method. Both the specially designed pruning ratio 𝑝  the 

 

and reconstruction within the purple box are guided by𝑙  

 learning agent, which ultimately generates 

( +1)a reinforcement the feature map  

 restored  𝑍̃ 

𝓁 .

Fig. 2. T-SNE visualization of the results of DBSCAN clustering of channels in a certain layer of the network, the points of different colors represent different clusters. 

Left: The clustering result of channels of a certain layer in the VGG-16, the red points represent noise points. Right: The clustering result of a certain layer in the 

ResNet-101.
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Fig. 3. The framework on which reinforcement learning works in AutoDFP. As depicted in the blue box, AutoDFP utilizes the DBSCAN clustering algorithm and the 

bias matrix to perform the channel similarity evaluation for each layer of the original model. The state containing the aforementioned information will be furnished to 

a Soft Actor-Critic agent, which will subsequently produce two continuous actions, namely 𝑝 𝓁 

and 𝜆 𝓁 

. These actions are then utilized to direct the network’s pruning 

and reconstruction procedures.

Network-to-network compression (N2N) learning [15] determines 

the strategy of network pruning via policy gradient reinforcement learn-

ing. In AutoML for model compression (AMC) [16], a Deep Deterministic 

Policy Gradient (DDPG) agent is utilized to identify the optimal pruning 

strategy. Deep Q-Learning for Pruning (QLP) [33] proposes using deep 

Q-learning to achieve unstructured progressive pruning. Deep compres-

sion with reinforcement learning (DECORE) [31] employs a multi-agent 

reinforcement learning technique to determine the necessity of prun-

ing each channel. Additionally, reinforcement learning and Monte Carlo 

tree search (RL-MCTS) [32] proposes a method that integrates Monte 

Carlo tree search into reinforcement learning training to enhance sample 

efficiency, resulting in improved filter selection. Auto Graph encoder-

decoder Model Compression (AGMC) [18] and Graph Neural Networks 

with Reinforcement Learning (GNN-RL) [19] represent the DNN as a 

graph, apply graph neural networks (GNNs) to capture its features, and 

then leverage reinforcement learning to search for effective pruning 

strategies.

While the aforementioned methods enable automatic network prun-

ing, they rely on access to data for tasks like fine-tuning or knowledge 

distillation in order to restore network accuracy. Due to the high 

cost of fine-tuning and potential privacy issues, data-driven automatic 

compression methods may not be feasible in certain situations.

2.2. Data-free pruning

Some pruning methods attempt to use less fine-tuning and less depen-

dency on the dataset [34–37]. ThiNet [34] models channel pruning as an 

optimization problem to minimize layer-wise reconstruction error and 

proposes a solution that does not require using the entire dataset. The 

approach proposed by He et al. [35] suggests a method for channel selec-

tion based on Least Absolute Shrinkage and Selection Operator (LASSO) 

regression, followed by a reconstruction of output feature maps using 

least squares. Another method proposed by Mussay et al. [36] introduces 

a pruning criterion based on coreset to perform channel selection in 

order to reduce the expensive cost of fine-tuning. Moreover, some data-

free approaches utilize synthetic samples to fine-tune the pruned model, 

such as DeepInversion [20] and DFNP [21]. Although these generative

techniques tackle data security concerns, they still necessitate expensive 

fine-tuning, which can be even more costly.

There exist only a handful of methods capable of achieving net-

work pruning entirely without the need for data or fine-tuning [22–24]. 

The method proposed by Srinivas et al. [23] first introduces the data-

free methods to remove the redundant neurons. Neuron Merging [22] 

aims to substitute pruned channels with similar ones. In contrast, Data 

Flow driven Pruning of Coupled Channels (DFPC) [24] primarily focuses 

on the exploration of coupled channel pruning in data-free scenarios. 

However, significant manual effort is required to adjust the pruning 

strategy and hyperparameters in this approach, and the resultant de-

crease in accuracy is substantial, making it incomparable to the accuracy 

achieved by the data-driven methods.

3. Problem formulation 

3.1. Background and notation

Consider a convolutional neural network (CNN) consisting of 𝐿 

layers. The feature map of the 𝓁 

𝑡ℎ layer can be denoted as:

{

𝑍 

(𝓁) = 𝑋 

(𝓁−1) ⊛ W 

(𝓁)

𝑋 

(𝓁) = A(BN (𝑍 

(𝓁) )) 

(1)

where ⊛ denotes the convolution operation, BN (⋅) represents the batch 

normalization and A(⋅) denotes the activation function. W   

 

(𝓁), 𝑋 

(𝓁−1), 

𝑋 

(𝓁) and 𝑍 

(𝓁) are tensors. W 

(𝓁) ∈ 𝓁 
 R 

𝑁
 

×𝑁 𝓁−1×𝐾 𝓁 

×𝐾 𝓁 represents the weights 

of the convolutional layer, where 𝑁 is is𝓁  the output channel, 𝑁 𝓁−1   

  

the

input channel and 𝐾 × 𝐾 ( −1) ×is 𝓁
𝓁  the 𝓁−1𝓁  kernel size. 𝑋  

 ∈ R 

𝑁 ℎ𝓁  

 

  

−1 

×𝑤𝓁−1 

  

and 𝑋(𝓁)  

  ∈ R 

𝑁𝓁×ℎ𝓁 ×𝑤 𝓁 are the feature maps, where 𝑁 𝓁−1 

and 𝑁𝓁 respec-

tively represent the number of channels. Without taking into account the 

batch normalization layer and activation function, we denote the feature

  𝑍 

(𝓁) 

  𝑍 

(𝓁) ×map as , where  ∈ R 

𝑁 𝓁 ℎ 𝓁×𝑤 𝓁 ,  

 which has the same shape as 𝑋 

(𝓁). 

Next, 

 consider the pruning of the output channels of the 𝓁 

𝑡ℎ layer. 

After pruning, the weights are represented by Ŵ  
 

       

(𝓁), which has di-

 Ŵ  
 
(𝓁) ∈  

 R𝑁̂
 

𝓁×𝑁 𝓁−1×𝐾 𝓁×mensions 𝐾𝓁 . Here, 𝑁̂ 

 denotes𝓁  the number of

remaining  
 

  

(output channels after pruning. Similarly, 𝑋̂ 

𝓁) represents the
(after 𝑋 )feature map obtained pruning, with dimensions ̂ 𝓁  

 𝓁  

      ∈ R ̂
 

𝑁 ×ℎ𝓁  

×𝑤 𝓁 .
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The pruning of ̂ 𝑋 

(𝓁) leads to modifications in the feature map of the 

subsequent layer, as follows:

{

𝑍̂ 

(𝓁+1) = 𝑋̂ 

(𝓁) ⊛ Ŵ 

(𝓁+1) ≉ 𝑍 

(𝓁+1)

𝑋̂ 

(𝓁+1) = A(BN (𝑍̂ 

(𝓁+1) )) ≉ 𝑋 

(𝓁+1) 

(2)

𝑋̂ 

(𝓁+1) and 𝑍̂ 

 

(𝓁+1) 

 

+1)represent the corrupted feature 

(map.W 

 

̂
 

𝓁  represents

the damaged weights of the (𝓁  

 + 1) 

𝑡ℎ layer, where the pruned input chan
(nels align with the pruned output channels of Ŵ 

 

𝓁) . It has dimensions

Ŵ 

(𝓁+1) ∈ R 

𝑁𝓁 +1×𝑁̂𝓁  

×𝐾 𝓁+1 

×𝐾 𝓁+1 . 

-

3.2. Reconstruction assumption

As depicted in Fig. 2, we notice that certain channels within a neu-

ral network demonstrate resemblance, indicating the presence of some 

redundancy. Based on this observation, we draw upon Neuron Merging 

[22] and put forth an assumption that the information lost due to the 

pruning of a weight channel in the (𝓁 + 1) 

𝑡ℎ -layer kernel, denoted as 

𝑊 

(𝓁+1)
𝑝 can be partly compensated for by the information present in one

of the remaining, similar weight channels 𝑊 

(𝓁+1)
𝑟 :

𝑊̃ 

(𝓁+1)
𝑟 = 𝑊 

(𝓁+1)
𝑟 + 𝑠 𝑝𝑟 

𝑊 

(𝓁+1)
𝑝 (3)

( ( +1)
where 𝑠 𝓁+1) 𝓁 (𝓁+1)

 is the reconstruction scale, and 𝑊 𝑟 𝑊̃𝑝𝑟  ,𝑊𝑝 ,  𝑟 ∈
R(𝑁 𝓁+1×𝐾  

 

 

𝓁+1 

×𝐾𝓁+1) represent the vectorized kernels associated with spe

cific weight channels (different from the full tensor W). 

-

𝑡ℎAfter reconstruction of the (𝓁 + 1)  

 layer, the feature map of this

layer can be represented as:

{

𝑍̃ 

(𝓁+1) = 𝑋̂ 

(𝓁) ⊛ W̃ 

(𝓁+1) ≈ 𝑍 

(𝓁+1)

𝑋̃ 

(𝓁+1) = A(BN (𝑍̃ 

(𝓁+1) )) ≈ 𝑋 

(𝓁+1) 

(4)

Based on our assumption, the information loss caused by the pruning 

of the output feature channels in the 𝓁 

𝑡ℎ layer—which serve as the 

input feature channels of the (𝓁 + 1) 

𝑡ℎ layer—can be compensated by 

reconstructing the feature map in the (𝓁 + 1) 

𝑡ℎ layer. 

3.3. Problem definition

Based on the aforementioned considerations, the delivery matrix

𝑆 𝓁 

and the number of preserved channels 𝑁̂ 

 𝓁 

are crucial for data-free

pruning.

The size of ̂ 𝑁 𝓁 , determined by the pruning ratio, is directly linked 

to the degree of information loss incurred during pruning. Additionally, 

the configuration of 𝑆  

 

plays a crucial role in information reconstruc𝓁  

tion and recovery, where 𝑆 is matrix𝓁  the   

 

form of 𝑠 .𝑝𝑟  Considering the

changes in the quantity of information and redundancy in each layer of 

the convolutional neural  

 network, selecting suitable values of 𝑁̂ 𝓁 

and

𝑆 for every prunable layer are desirable. Thus, for each prunable layer𝓁           

 

𝓁, the problem can be expressed as follows:

-

min
𝑁̂ 𝓁 ,𝑆 𝓁

‖𝑍 

(𝓁+1) − 𝑍̃ 

(𝓁+1) 

‖ (5) 

Our goal, when the pruning rate for the entire network is predeter-

mined, is to determine the best values for 𝑁 

𝓁  

and matrix 𝑆 for𝓁  each

prunable layer. The objective is to minimize the overall loss of informa

tion in the feature maps of the subsequent layer, ultimately leading to a 

reduction in the performance loss of the network. 

̂
-

4. Methodology 

In this section, we elaborate on our approach. Section 4.1 provides

the derivation and proof of layer-wise reconstruction, ultimately mod-

eling it as a multi-objective optimization problem. In Section 4.2, we 

explain how the layer-by-layer pruning-reconstruction process can be 

modeled as a Markov Decision Process (MDP). Then, in Section 4.3, 

we propose using reinforcement learning to solve this Markov Decision 

problem and provide a specific design for the reinforcement learning 

agent.

4.1. Layer-wise reconstruction

For layer-wise reconstruction, we adapt and improve upon the

method from Neuron Merging [22]. Specifically, for the (𝑙 + 1) 

𝑡ℎ layer, 

we consider the scenario where one channel is pruned. When prun-

ing the 𝑝 

𝑡ℎ input channel and compensating with the 𝑟 

𝑡ℎ channel, the

reconstructed feature map for the 𝑖 

𝑡ℎ output channel is:

̃ 𝐙 

(𝓁+1)
𝑖 =

𝑁 𝓁 

∑

𝑗=1,𝑗≠𝑝
𝑋 

(𝓁)
𝑗 ⊛𝑊 

(𝓁+1)
𝑖,𝑗 + 𝑋 

(𝓁)
𝑟 ⊛ 𝑠 𝑝𝑟𝑊 

(𝓁+1)
𝑖,𝑝 (6)

The reconstruction error is defined as: 

𝑒𝑟𝑟𝑜𝑟 =
𝑁 𝓁+1
∑ 

𝑖=1

‖

‖

‖

𝐙(𝓁+1)
𝑖 − ̃ 𝐙 

(𝓁+1)
𝑖

‖

‖

‖

=
𝑁 𝓁+1
∑ 

𝑖=1

‖

‖

‖

‖

(

𝑋 

(𝓁)
𝑝 − 𝑠 𝑝𝑟𝑋 

(𝓁)
𝑟

) 

⊛𝑊 

(𝓁+1)
𝑖,𝑝

‖

‖

‖

‖

(7)

Our objective is to minimize this reconstruction error. By simplifying, 

we reduce this to the following optimization problem: 

min ‖‖
‖

𝑋(𝓁)
𝑝 − 𝑠 𝑝𝑟𝑋 

(𝓁)
𝑟

‖

‖

‖

(8)

When the activation function is given, we consider the following opti-

mization problem:

min 

‖

‖

‖

BN (𝑍 

(𝓁)
𝑝 ) − 𝑠 𝑝𝑟BN (𝑍 

(𝓁)
𝑟 ) 

‖

‖ 

‖ 

(9)

where 

𝑍 −BN (𝑍 𝑗 ) =
 

  𝛾 𝑗 𝜇 𝑗
𝑗 +𝛽𝑗 𝜎 a

 𝑗

(nd  

 𝑍  

 

𝓁) = 𝑋 

(𝓁−1)⊛𝑊 

(𝓁). As we cannot ob-

tain 𝑋 

(𝓁−1) without data, we rely on the model’s pre-trained information

to solve the optimization problem. Therefore, we minimize:

min(‖E‖, ‖B‖) (10)

where E and B are defined as:

⎧

⎪

⎪

⎨

⎪

⎪

⎩

E = 𝑊 

(𝓁)
𝑝 − 𝑠 𝑝𝑟 

𝛾 𝑟
𝜎 𝑟

𝜎 𝑝

𝛾 𝑝
𝑊 

(𝓁)
𝑟

B = 𝑠 𝑝𝑟

(

𝛾 𝑟
𝜎 𝑟

𝜇 𝑟 − 𝛽 𝑟

)

−
𝛾 𝑝

𝜎 𝑝 

𝜇 𝑝 + 𝛽 𝑝

(11)

To minimize ‖E‖, we calculate the scalar 𝑠 𝑝𝑟 as:

𝑠 𝑝𝑟 =
‖𝑊 (𝓁)

𝑝 ‖

‖𝑊 (𝓁)
𝑟 ‖

⋅ 

𝜎 𝑟
𝛾 𝑟

⋅ 

𝛾 𝑝

𝜎 𝑝 

(12)

This reduces E to 𝑊 

(𝓁) 

𝑝 −
‖𝑊 (𝓁)

𝑝 ‖

‖𝑊 (𝓁)
𝑟 ‖

𝑊 

(𝓁)
𝑟 , linking error minimization to

cosine distance: 

min
𝑟

( 

CosineDis
(

𝑊 

(𝓁)
𝑝 ,𝑊 

(𝓁)
𝑟

) 

, ‖B‖ 

)

. (13)

The framework extends to multi-channel pruning by iteratively applying

this compensation strategy, maintaining computational efficiency while

preserving layer-wise structural integrity.

4.2. Markov decision process

Given the diverse characteristics of redundancy and weight similar-

ity across different layers in a neural network, it is crucial to determine 

the optimal pruning ratio and reconstruction channel selection for each 

layer individually. However, the search space for selecting these pa-

rameters can be extensive, making manual selection labor-intensive and 

prone to suboptimal outcomes. Hence, we propose to utilize reinforce-

ment learning algorithms to address this issue. 

The premise for addressing the aforementioned issues using rein-

forcement learning methods is that our proposed layer-wise pruning-

reconstruction optimization problem (as described in Eq. (5)) can be

Neurocomputing 661 (2026) 131885 

4 



S. Li, J. Chen, J. Xiang et al.

modeled as a Markov decision process. In the automatic channel pruning 

and reconstruction process, we leverage the features of each prunable 

layer 𝐿𝑎𝑦𝑒𝑟 𝓁 

to define the state 𝑠 .𝓁  The state 𝑠𝓁  

  

of each layer is solely de

termined by the information within that layer. The action 𝑎 is𝓁  defined 

as the selection of sparsity and the reconstruction coefficient for layer 

𝐿𝑎𝑦𝑒𝑟 𝓁 

. Once layer 𝐿𝑎𝑦𝑒𝑟 has been pruned and reconstructed with ,𝓁       

 

𝑎 𝓁  

the agent moves on to the next layer 𝐿𝑎𝑦𝑒𝑟 𝓁+1 

and obtains the subse

quent state 𝑠 +1. The determine𝓁  validation set is used to   

 

the reward 𝑟 

after all layers 𝐿𝑎𝑦𝑒𝑟  

 

have been pruned. It that𝐿  can be observed  the 

future behavior of the process is dependent only on its current state and 

does not rely on its past states. This characteristic aligns with the Markov 

property. It can be inferred that the transition probability for an arbi-

trary sequence of states 𝑠 0 

, 𝑎 0 

, 𝑠 1 

, 𝑎 1 

,… , 𝑠 𝑡−1 

, 𝑎 𝑡−1 

, 𝑠 𝑡 

satisfies the Markov 

property:

-

-

𝑃 (𝑠 𝑡 

|𝑠 0, 𝑎 0 

, 𝑠 1 

, 𝑎 1 

,… , 𝑠 𝑡−1 

, 𝑎 𝑡−1 

) = 𝑃 (𝑠 𝑡 

|𝑠 𝑡−1 

, 𝑎 𝑡−1 

) (14)

As a result, the layer-by-layer pruning and reconstruction process 

can be represented as a Markov Decision Process (MDP), allowing for a 

reinforcement learning-based solution to the problem.

4.3. Solution via reinforcement learning

As the layer-by-layer pruning and reconstruction process adheres 

to the Markov property, we utilize a reinforcement learning agent to 

automatically obtain the pruning strategy and channel reconstruction 

strategy for each layer. The approach we propose employs a Soft Actor-

Critic [26] agent to facilitate the exploration of the extensive search 

space. As an extension of the Actor-Critic method, SAC merges the con-

cepts of maximum entropy reinforcement learning with the traditional 

Actor-Critic structure. By incorporating an entropy-based component 

into the reward function, SAC leverages maximum entropy reinforce-

ment learning principles to promote exploration. The update and search 

process of our reinforcement learning algorithm is shown in Algorithm 1. 

Additionally, we design the reward function, action space, and state 

space for reinforcement learning.

4.3.1. Reward function

The reward function is defined as 𝑟 = 𝑎𝑐𝑐, where the 𝑎𝑐𝑐 denotes the 

accuracy evaluated on the validation set after the network has been fully 

pruned and reconstructed.

4.3.2. Action space

Consider two factors that need to be determined for each layer, 

namely the number of preserved channels 𝑁̂ 

      𝓁 

after pruning and the de-

livery matrix 𝑆 

 

used during reconstruction. Following this, the action𝓁  

taken by our reinforcement learning agent is represented by a vector 𝑎𝓁  

, 

with a defined as 𝑎𝓁  

= [𝑝𝓁 , 𝜆 , which includes the aforementioned two𝓁]      

 

factors respectively.

The first component of the action is the pruning rate 𝑝 𝓁 

for each 

layer, which symbolizes the degree of information loss. We utilize 𝑝𝓁  

as a continuous value in the range of (0, 1] and apply the 𝑙2-norm for

pruning. For the 𝓁 

𝑡ℎ layer, 𝑁 

 the number of preserved channels 

̂
𝓁 can be

obtained through the 𝑝 𝓁 

:

𝑁̂ 𝓁 = round(𝑝 𝓁 × 𝑁 𝓁) (15)

Another component is the coefficient 𝜆 𝓁 

, which plays a role in

channel selection for reconstruction. Since the optimization problem in

Eq. (13) constitutes a multi-objective optimization problem and is dif-

ficult to solve directly, we aim to find a coefficient 𝜆 𝓁 ∈ [0, 1] for each

layer such that Eq. (13) can be transformed into:

min
𝑟

𝜆 𝓁 

× CosineDis(𝑊 

(𝓁)
𝑝 ,𝑊 

(𝓁)
𝑟 ) + (1 − 𝜆 𝓁 

) × ̄
‖B‖ (16)

where ̄ 

‖B‖ is the result of ‖B‖ in Eq. (11) being normalized in the range 

of (0, 1]. The coefficient 𝜆 𝓁 

allows us to find the optimal balance between

Algorithm 1 AutoDFP.

Input: The preservation ratio 𝑝𝑟  

, a CNN prepared for pruning with the

prunable layers 𝓁 = {1, … , 𝐿}, the left bound 𝑝𝑚𝑖𝑛 and the  

 

right bound

𝑝 𝑚𝑎𝑥 

of the preservation ratio of each layer.

Initial: Initialize the pruning environment, Soft Actor-Critic agent with 

the policy parameters 𝜃, Q-function parameters 𝜙 1, 𝜙 

 2,  

 

target network 

parameters 𝜙′ , 𝜙 

′ and1  an empty replay buffer 𝐷 

 

.2 𝜏  

for 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 = 1, … ,𝑀 do

for the prunable layer 𝓁 = 1, … , 𝐿 do

Observe state 𝑠 and select action 𝑎 ∼ 𝜋 𝜃 

(⋅|𝑠), which 𝑎 = [𝑝𝓁 , 𝜆 𝓁 

].
∑ ∑

𝑊𝑜𝑡ℎ𝑒𝑟 ← 

𝐿 𝑝 𝓁−1 

𝑘=𝓁+1  𝑚𝑖𝑛 

𝑊𝑘 − 𝑘=1 𝑝𝑘  

 
 

𝑊𝑘
(

 

)

𝑝𝓁 ← min
 

 𝑝𝓁 , (𝑝𝑟  

 

𝑊𝑎𝑙𝑙 − 𝑊 𝑜𝑡ℎ𝑒𝑟)∕𝑊 

 𝓁 

Prune output  

 channels of 𝓁 

𝑡ℎ layer and the unprunable layers 

𝑡ℎbetween 𝓁 

𝑡ℎ and (𝓁 + 1)  

 layer with the preserve ratio 𝑝 𝓁 

Prune input channels  

 of (𝓁 + 1) 

𝑡ℎ layer with the preserve ratio 

𝑝𝓁 .

. 

𝑡ℎReconstruct the weights of the (𝓁 + 1) layer with the 𝜆 𝓁 

.

if 𝓁 = 𝐿 then

Observe next state 𝑠 

′ , where  

 𝑠 

′ = 𝑠 𝓁 

is terminal. 

Receive the reward 𝑟 = 𝑎𝑐𝑐 and observe done signal 𝑑 = 1. 

else
′Observe next state 𝑠  

 , where 

𝑠′ = 𝑠 𝓁+1           

 

= (𝓁+1, 𝑡𝑦𝑝𝑒,𝑁𝓁 

, 𝑁𝓁+1 

, 𝐵𝑚𝑒𝑎𝑛 

,P𝐵<𝑡 

, 𝐶𝑛𝑢𝑚 

, 𝐶𝑛𝑜𝑖𝑠𝑒 

, 𝐶𝑠𝑐𝑜𝑟𝑒)

Receive the reward 𝑟 = 0 and observe done signal 𝑑 = 0. 

end if 

′Store  

 transition(𝑠, 𝑎, 𝑟, 𝑠 , 𝑑) in 𝐷 𝜏 

.
′if 𝑠 is terminal then 

Reset environment state. 

end if 

if 𝑢𝑝𝑑𝑎𝑡𝑒 then

Sample a batch of transitions 𝐵  

 = {(𝑠, 𝑎, 𝑟, 𝑠′ , 𝑑)} ∼ 𝐷 𝜏
Update Q-function parameters 𝜙 ←𝑖  

 

𝜙 𝑖 

−𝜆 

̂𝑄∇𝜙 𝐽 𝑄(𝑖
𝜙 𝑖    

 

), 𝑖 = 1, 2.

Update policy parameters 𝜃 ← 𝜃 −  

 𝜆 𝜋 

∇̂𝜃  

𝐽 𝜋(𝜃). 

Adjust entropy coefficient 𝛼 ← 𝛼 − 𝜆 ∇̂ 𝛼 𝐽 (𝛼)
 

′Update target network parameters 𝜙 ← 𝜏𝜙 𝑖 

+(1−𝜏)𝜙′, 𝑖 = 1, 2.𝑖 𝑖
end if 

end for 

end for

the cosine distance and the bias, enabling us to effectively manage the 

trade-off between these two values. For each pruned channel 𝑊 

(𝓁) 

𝑝 in the 

current layer, if selecting a channel 𝑊 

(𝓁) 

𝑟 from the preserved channels

satisfies the optimization problem described in Eq. (16), it implies that 

the optimization problem defined in Eq. (5) is also fulfilled.

4.3.3. State space

We use 9 features to describe the state 𝑠 𝓁 

for every layer 𝓁:

𝑠 𝓁 

= (𝓁, 𝑡𝑦𝑝𝑒, 𝑁 𝓁−1 

, 𝑁 𝓁 

, 𝐵 𝑚𝑒𝑎𝑛 

,P 𝐵<𝑡 

, 𝐶 𝑛𝑢𝑚 

, 𝐶 𝑛𝑜𝑖𝑠𝑒 

, 𝐶 𝑠𝑐𝑜𝑟𝑒) (17)

where 𝓁 is the index of the layer, 𝑡𝑦𝑝𝑒 is the layer type (the convolutional 

layer or the fully-connected layer), 𝑁 𝓁−1 

is the number of input channels 

and 𝑁 is𝓁  the number of output channels. 𝐵 represents the mean𝑚𝑒𝑎𝑛    

 

value of all elements within matrix 𝐵, while P𝐵 <𝑡 

denotes the proportion

of 

×elements in 𝐵 that are less than the threshold 𝑡.  

 𝐵 ⊂ R 

𝑛 𝑛 is the bias 

matrix in which each element 𝑏 𝑖𝑗 

is determined according to Eq. (11) 

and Eq. (12):

𝑏 𝑖𝑗 

=
⎛

⎜

⎜

⎝

‖𝑊 (𝓁)
𝑖 ‖

‖𝑊 (𝓁)
𝑗 ‖

𝜎 𝑗

𝛾 𝑗

𝛾 𝑖
𝜎 𝑖

⎞

⎟

⎟

⎠

⋅ 

( 𝛾 𝑗

𝜎 𝑗
𝜇 𝑗 − 𝛽 𝑗

)

− 

𝛾 𝑖
𝜎 𝑖
𝜇 𝑖 

+ 𝛽 𝑖 (18)

Furthermore, we employ the DBSCAN [25] algorithm to perform 

clustering on the output channels of the weights based on the cosine
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distance. DBSCAN is a density-based spatial clustering algorithm used 

to identify clusters of arbitrary shapes in a dataset, as well as noise data.

𝐶 𝑛𝑢𝑚 is the number of clusters (excluding noise points), 𝐶 𝑛𝑜𝑖𝑠𝑒 

represents 

the proportion of noise present in the clustering results, and 𝐶 𝑠𝑐𝑜𝑟𝑒 

is 

the silhouette score of the clustering results, which is employed to eval-

uate the effectiveness of the clustering. Due to its ability to handle an 

unspecified number of clusters and accommodate noise points that do 

not belong to any cluster, the DBSCAN algorithm is well-suited for our 

objective of gauging the similarity of channels within each layer of the 

network.

4.3.4. SAC agent

During our pruning process, the SAC agent underwent a warm-up 

phase of 200 episodes, followed by a search phase of 4800 episodes. 

The agent consists of both two Actor networks and two Critic networks, 

each with two hidden layers of 256 neurons each. The learning rates 

for both networks are set to 1e-3, and the Adam optimizer is used. The 

learning rate for the entropy coefficient, Alpha, is set to 3e-4.

To avoid prioritizing short-term rewards excessively, a discount fac-

tor of 1 is utilized. Soft updates for the target networks are carried out 

using the value of 𝜏 set to 0.01, allowing for a gradual and stable update 

process. The batch size for the agent is set to 128. The size of the replay 

buffer, which stores past experiences, is determined based on the depth 

of the network being pruned, ensuring sufficient memory capacity for 

effective learning and exploration. The replay buffer size is defined as 

100 × 𝐿, where 𝐿 is the total number of layers.

By utilizing the reinforcement learning agent, we explore the opti-

mal pruning ratio 𝑝 𝓁 

and reconstruction channel selection parameter 𝜆 𝓁 

for every layer in the network. This approach enables us to tackle the 

optimization problem presented in Eq. (5).

5. Experiments

In this section, we present a detailed experimental evaluation of our 

method. Section 5.1 provides ablation studies. Then, Section 5.2 ana-

lyzes the pruning and reconstruction strategies. Sections 5.3 and 5.5 

present the performance of our method on classification and detec-

tion tasks, respectively. Section 5.4 compares the Accuracy-Preserved 

Ratio Pareto curves of various methods. Finally, Section 5.7 demon-

strates the search time required by the AutoDFP method and discusses 

the efficiency of the approach.

In our experiments, the reinforcement learning settings are provided 

in Section 4.3.4. For the DBSCAN clustering algorithm, we set the dis-

tance threshold 𝑒𝑝𝑠 to 1 and the minimum number of points within a 

neighborhood to 5 on the ResNet-56 model; 𝑒𝑝𝑠 to 0.3 and the mini-

mum number of points to 5 on the VGG series models; and 𝑒𝑝𝑠 to 0.5 

and the minimum number of points to 5 for the remaining models. 

Clustering is performed using the cosine similarity between channels. 

Regarding the preserved strategy range during the search process, we 

set the left bound 𝑝 𝑚𝑖𝑛 

to 0.2 and the right bound 𝑝 𝑚𝑎𝑥 

to 1 for all 

models.

To ensure experimental fairness, our comparative evaluation was 

strictly confined to data-free pruning methodologies, explicitly exclud-

ing comparisons with non-data-free pruning approaches. This compar-

ison includes two distinct categories of data-free pruning methods: (1) 

Data-free pruning reconstruction methods (e.g., Neuron Merging [22] 

and DFPC [24]), and (2) Generative-based data-free pruning approaches 

(exemplified by DFNP [21]).

5.1. Ablation study

Table 1 shows the pruning results of MobileNet-V2 [29] under dif-

ferent pruning strategies and reconstruction methods on the CIFAR-10 

dataset, with a baseline accuracy of 85.48 %. “P-R” represents the 

preserved ratios of network parameters. “RL Pruning” denotes our uti-

lization of the SAC agent solely for exploring network pruning strategies, 

wherein the state definition for each layer follows the same approach as

Table 1 

The ablation experiments of MobileNet-V2 under different pruning 

strategies and reconstruction methods on the CIFAR-10 dataset.

P-R RL Pruning Reconstruction AutoDFP Acc(%)

50 % ✘ ✘ ✘ 47.18

✘ ✓ ✘ 26.81

✓ ✘ ✘ 61.33

✓ ✓ ✘ 78.22

Ours ✓ 84.14

40 % ✘ ✘ ✘ 30.40

✘ ✓ ✘ 20.40

✓ ✘ ✘ 41.76

✓ ✓ ✘ 56.80

Ours ✓ 77.71

30 % ✘ ✘ ✘ 11.76

✘ ✓ ✘ 11.75

✓ ✘ ✘ 13.02

✓ ✓ ✘ 53.57

Ours ✓ 60.49

defined in AMC [16]. In contrast, a uniform pruning strategy is imple-

mented in instances where the “RL pruning” process is not employed. 

“Reconstruction” signifies the process of compensating the network after 

determining the pruning strategy, without the guidance of reinforcement 

learning, similar to the Neuron Merging [22] method. “Ours” represents 

our proposed AutoDFP method, which employs a reinforcement learn-

ing agent to holistically guide both pruning and reconstruction processes 

concurrently.

Due to its lightweight structure and the inverted residual module, 

MobileNet-V2 is highly sensitive to pruning strategies. Table 1 shows 

that using the reconstruction method under a uniform pruning strat-

egy results in a greater accuracy loss than without reconstruction. This 

can be attributed to the inflexibility of reconstruction without reinforce-

ment learning guidance, leading to unacceptable results. Additionally, 

the accuracy obtained by solely employing reinforcement learning 

pruning methods or solely relying on reconstruction methods is also 

unsatisfactory.

Despite the notable improvement in network accuracy achieved by 

employing both the searched strategy and the reconstruction, pruned 

networks still exhibit considerable losses. Our approach significantly 

outperforms the standalone reinforcement learning pruning combined 

with reconstruction, indicating that the efficacy of our approach is not 

solely attributed to either the search strategy or the reconstruction, but 

rather to the overall effectiveness of our methodology.

5.2. Strategy

Our attention is not limited solely to accuracy, but also to exploring 

pruning and reconstruction strategies.

Fig. 4. The value of P and the reconstruction strategy of ResNet-50 on the𝐵<𝑡   

ImageNet dataset. The purple line represents the reconstruction strategy 𝜆 𝓁 

of each layer given by the reinforcement learning agent, and the green line 

represents a component P in𝐵<𝑡  the state 𝑠 given𝓁  to the agent.
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Fig. 4 showcases the reconstruction strategy of ResNet-50 on the 

ImageNet dataset. We observed that in the first half of the network, the 

value of P 𝐵<𝑡 

, representing the proportion of the bias matrix 𝐵 being less 

than the threshold 𝑡, fluctuates within a relatively narrow range. During 

this period, the reconstruction strategy provided by the network remains 

relatively stable. In the latter part of the network, the value of P 𝐵<𝑡 

un-

dergoes drastic changes. Simultaneously, the reconstruction strategy 𝜆 𝓁 

also exhibits significant changes consistent with the trend of P 𝐵<𝑡 

. It is 

evident that during this period, the trends of both variables are perfectly 

aligned. This indicates that our reconstruction method tends to consider 

the cosine distance more as a reference for channel selection when the 

proportion of small values in the bias matrix is relatively high. During

this time, the majority of bias values ‖ 

̄ B‖ are very small, there is less

need to focus on minimizing them. This is consistent with our under-

standing as it can effectively address the optimization problem defined 

in Eq. (13).

Additionally, Fig. 5 demonstrates the pruning strategy of VGG-16 

on the CIFAR-10 dataset. It can be observed that the pruning ratios 𝑝 𝓁 

provided by the reinforcement learning agent for each layer correspond 

to the trend of noise ratio 𝐶 𝑛𝑜𝑖𝑠𝑒 observed in the clustering outcomes. 

A lower noise rate indicates a higher similarity rate among channels, 

making reconstruction easier, and thus resulting in a lower propor-

tion of channels being preserved. This supports our hypothesis that if 

there is significant channel similarity within a particular layer, we are 

more likely to prune a higher number of channels. Furthermore, this 

demonstrates that the reinforcement learning method can address the 

limitations of the channel similarity assumption. This assumption relies 

on the premise that channels within a given layer exhibit high simi-

larity. However, when the similarity between channels in the layer is 

low, the assumption becomes less reliable. The reinforcement learning

Fig. 5. The value of 𝐶 and the pruning strategy of VGG-16 on the𝑛𝑜𝑖𝑠𝑒   CIFAR-10 

dataset. The purple broken line represents the pruning strategy 𝑝 𝓁 

of each layer 

given by the agent, and the yellow broken line represents a component 𝐶 𝑛𝑜𝑖𝑠𝑒 

in

the state 𝑠𝓁 given to the agent.

Table 2

Pruning results of VGG-16, ResNet-56 and MobileNet-V1 on CIFAR-10 datasets. “P-R” represents 

the preserved ratios of network parameters.

Model P-R Prune Neuron Merging [22] Ours

Acc.(%) Acc.(%) ΔAcc.(%) Acc.(%) ΔAcc.(%)

VGG-16 (Acc. 93.70 %) 40 % 89.14 93.16 +4.02 94.34 +5.20

30 % 35.83 65.77 +29.94 92.94 +57.11

20 % 18.15 40.26 +22.11 90.00 +71.85

ResNet-56 (Acc. 93.88 %) 70 % 76.95 85.22 +8.27 88.15 +11.20

60 % 46.44 76.56 +30.12 85.48 +39.04

50 % 24.34 56.18 +31.84 64.29 +39.95

MobileNet-V1 (Acc. 86.49 %) 40 % 56.92 65.78 +8.86 86.49 +29.57

30 % 31.36 49.87 +18.51 86.49 +55.13

20 % 13.90 37.23 +23.33 86.50 +72.60

Table 3 

Pruning results of our method, along with, DFNP [21] and DFPC [24] are 

compared across VGG-16/19, ResNet-50 on CIFAR-10 datasets. * indicates the 

method based on the synthetic data. Note that “P-R” denotes the preserved 

parameter ratio and “F-R” represents the preserved FLOPs ratio.

Model Method P-R F-R Acc.(%) ΔAcc.(%)

VGG-16 DFNP* [21] 21.3 % 67.7 % 93.17 → 92.16 −1.01

Ours 20.9 % 55.4 % 93.70 → 92.88 −0.82

VGG-19 DFPC [24] 31.6 % 59.5 % 93.50 → 90.12 −3.38

DFNP* [21] 23.6 % 65.0 % 93.34 → 92.55 −0.79

Ours 23.2 % 58.1 % 93.90 → 93.39 −0.51

ResNet-50 DFPC [24] 54.9 % 69.4 % 94.99 → 89.95 −5.04

DFPC CP 

[24] 48.3 % 68.4 % 94.99 → 90.25 −4.74

Ours 37.8 % 68.0 % 95.00 → 92.42 −2.58

agent can autonomously assess the similarity between channels within 

the layer and assign a higher preserved rate to layers with low simi-

larity. As a result, fewer or no channels are pruned from these layers, 

effectively avoids the limitations of the similarity-based compensation 

approach.

5.3. Classification task 

5.3.1. CIFAR-10

Tables 2 and 3 show the pruning results of VGG-16/19 [27], ResNet-

56/50 [30] and MobileNet-V1 [28] on the CIFAR-10 datasets. Note 

that the reported experimental results represent the average outcomes 

obtained from 5 separate experiments on one NVIDIA GeForce GTX 

1080 Ti. We contrast our proposed approach with the data-free prun-

ing method Neuron Merging [22], DFPC [24], and a generative-based 

data-free pruning method DFNP [21]. Due to the disparate hardware 

platforms employed in our experiments and those of the compara-

tive study, direct comparison of inference speeds for pruned mod-

els proves challenging. Consequently, we employ the floating point

operations (FLOPs) preserved ratio as a metric to gauge inference 

speed.

As shown in Table 2, in comparison to Neuron Merging [22], 

our method achieves a substantial improvement in accuracy on both

ResNet-56 and MobileNet-V1 models with the same preserved ratios of 

parameters. On the ResNet-56 network, with a parameter preserved ratio

of 60 %, our method outperforms Neuron Merging by 8.92 % in accu-

racy (85.48 % vs. 76.56 %). Meanwhile, on the MobileNet-V1 network,

our experiments tested parameter-preserved ratios ranging from 40 % to 

20 %. It is worth noting that with such low preserved ratios, our method 

does not incur any loss in accuracy.

Furthermore, Table 3 presents a comparison of our method with 

the recent data-free pruning method DFPC [24] and generative-based 

data-free pruning method DFNP [21]. Across the VGG-16, VGG-19, and 

ResNet-50 networks, it is evident that under the same or reduced number
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of FLOPs, our pruning outcomes exhibit comparatively minor accuracy 

degradation when contrasted with DFNP and DFPC. On the VGG-16 net-

work, our method achieves higher accuracy (−0.76 % vs. −1.01 %) and 

fewer FLOPs (64.3 % vs. 67.7 %) compared to the DFNP. Meanwhile, 

on the VGG-19 network, our method achieves pruned networks with 

fewer FLOPs and parameters, and higher accuracy compared to DFNP 

and DFPC methods. Notably, particularly on the ResNet-50 network, 

our approach demonstrates exceptional performance when compared to 

the DFPC method, regardless of whether this method involves coupled 

channel pruning (DFPC and DFPC CP 

).

5.3.2. ImageNet

Table 4 shows the pruning results of ResNet-34/50/101 [30] and 

MobileNet-V1 [28] on the ImageNet dataset with parameter preserva-

tion ratios of 90 %, 80 %, and 70 %, respectively. The experiments 

were conducted using one NVIDIA GeForce RTX 2080 Ti and the results 

provided are an average of 5 independent experiments.

Our method demonstrated significant improvement in top-1 accuracy 

compared to the Neuron Merging [22]. Remarkably, when the preserved 

ratio of ResNet-34 is set to 70 %, our method outperforms the standard 

pruning method by 41.41 % and the NM method by 19.19 % in terms 

of top-1 accuracy. Moreover, with the preserved ratio of ResNet-50 set 

to 70 %, our method demonstrates a notable increase in accuracy, sur-

passing the standard pruning method by 37.55 % and the NM method 

by 17.02 %. Likewise, with ResNet-101 maintaining a preserved ratio

of 70 %, our method exhibits an accuracy enhancement of 35.39 % 

compared to the standard pruning method and 8.22 % compared to the 

NM method. Additionally, our method achieves 43.17 % higher top-1 

accuracy than the NM method with the same 80 % preserved ratio on 

MobileNet-V1.

5.4. Pareto curves

Fig. 6 illustrates the Accuracy-Preserved Ratio Pareto curves of com-

mon pruning methods, Neuron Merging [22], and our proposed AutoDFP 

method across various network structures on multiple datasets. The first 

row of Fig. 6 shows the Accuracy-Preserved Ratio Pareto curves for VGG-

16 [27], ResNet-56 [30], MobileNet-V1 [28], and MobileNet-V2 [29] 

on the CIFAR-10 dataset. The second row of Fig. 6 displays the Pareto 

curves of Accuracy-Preserved Ratio for ResNet-34/50/101 [30] on the 

ImageNet dataset.

It is evident that the Pareto curve of AutoDFP strictly dominates 

the curves of the other two methods. Particularly in network struc-

tures without residual modules, such as VGG-16 and MobileNet-V1, 

our method demonstrates substantial improvements over the Neuron 

Merging method.

5.5. Detection task

Besides assessing the AutoDFP method’s performance in the clas-

sification task, we also conducted experiments in the detection task,

Table 4 

Pruning results of ResNet-34, ResNet-50 and ResNet-101 on ImageNet datasets. “P-R” represents the 

preserved ratios of network parameters.

Model P-R Prune Neuron Merging [22] Ours

Acc.(%) Acc.(%) ΔAcc.(%) Acc.(%) ΔAcc.(%)

ResNet-34 (Acc. 73.31 %) 90 % 63.71 66.95 +3.24 70.17 +6.46

80 % 42.80 55.54 +12.47 62.43 +19.63

70 % 17.06 39.28 +22.22 58.47 +41.41

ResNet-50 (Acc. 76.13 %) 90 % 62.17 68.70 +6.53 73.77 +11.60

80 % 31.35 51.99 +20.64 60.30 +28.95

70 % 4.28 24.63 +20.53 41.83 +37.55

ResNet-101 (Acc. 77.31 %) 90 % 68.90 72.29 +3.39 74.17 +5.27

80 % 45.77 61.53 +15.76 65.19 +19.42

70 % 10.34 37.51 +27.17 45.73 +35.39

MobileNet-V1 (Acc. 72.03 %) 90 % 15.69 48.45 +32.76 67.43 +51.74

80 % 1.27 15.56 +14.29 58.73 +57.46

70 % 0.52 1.84 +1.32 44.23 +43.71

Fig. 6. Comparing the accuracy and preserved ratio trade-off among Prune, Neuron Merging, and AutoDFP on multiple networks.
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Table 5 

Pruning results of multiple detection networks on 

COCO2017 dataset when the preserve ratio is set to 90 %.

Model mAP

Baseline AutoDFP

Faster R-CNN [38] 36.9 35.4

RetinaNet [39] 36.3 35.2

Mask R-CNN [40] 37.8 35.9

FCOS [41] 39.1 37.1

as presented in Table 5. We evaluated various networks, including 

Faster Region-based Convolutional Neural Network (Faster R-CNN) 

[38], RetinaNet [39], Mask Region-based Convolutional Neural Network 

(Mask R-CNN) [40], and Fully Convolutional One-Stage Object detec-

tor (FCOS) [41], on the COCO2017 dataset. Note that the reported 

experimental results represent the average outcomes obtained from 

5 separate experiments conducted on a single NVIDIA GeForce RTX 

2080 Ti. For the detection networks, we utilize ResNet-50 [30] as the 

backbone network and apply AutoDFP to prune and reconstruct the 

backbone network without any subsequent fine-tuning. The baseline 

model and pre-training weights used in the experiments are obtained 

from Torchvision [42].

5.6. Search time

We evaluate the efficiency of our proposed AutoDFP method. 

Specifically, we measure the time and resource consumption for the 

exploration carried out by the reinforcement learning agent.

Fig. 7 showcases the best reward curves obtained during the search 

process. The left part of Fig. 7 displays the best reward curves of the 

MobileNet-V2 network on the CIFAR-10 dataset under different total 

pruning rates. It can be observed that when the total pruning rate is 

set to 50 %, the reinforcement learning agent achieves the best rewards 

around 3000 episodes. For a total pruning rate of 40 %, the agent reaches 

optimal rewards in just 1215 episodes. The right part of Fig. 7 illustrates 

the best reward curves of a series of ResNet networks on the ImageNet 

dataset, with a total preserved ratio set to 70 %. It can be observed 

that for ResNet-34, ResNet-50, and ResNet-101 networks, the reinforce-

ment learning agent achieves optimal rewards at 1179, 1965, and 2623 

episodes, respectively. The results reveal that our reinforcement learning 

agent is capable of identifying the optimal strategy within 3000 episodes 

despite the extensive search space.

Furthermore, we measured the GPU hours required for 3000 episodes 

of search on a single NVIDIA GeForce RTX 2080 Ti, as depicted 

in Table 6. We compared our time and hardware consumption with 

the generative-based data-free pruning method DeepInversion [20]. 

Notably, our time requirements are significantly lower than those of 

the generative approach, as well as the costs of finetuning ResNet-50 

on the ImageNet dataset. For instance, fine-tuning a ResNet-50 model

Table 6 

Comparison of GPU hours for ResNet-50 on the ImageNet dataset among 

data-driven pruning with fine-tuning, generative-based data-free pruning 

(DeepInversion [20]), and our AutoDFP method.

Methods Hardware GPU hours

DeepInversion NVIDIA V100 2800

Data-driven pruning (fine-tuning, 50 epochs) NVIDIA 2080 Ti 50.6

Ours NVIDIA 2080 Ti 10.2

Table 7 

Inference time (ms) comparison of VGG-16, ResNet-56 and 

MobileNet-V1 on CIFAR-10 datasets. “P-R” represents the pre-

served ratios of network parameters. All experiments are con-

ducted on a single NVIDIA GeForce 1080 Ti GPU.

Model P-R Prune Ours

Times(ms) Times(ms)

VGG-16 40 % 1.53 1.44

30 % 1.65 1.67

20 % 1.61 1.54

ResNet-56 70 % 5.92 5.62

60 % 5.82 5.26

50 % 5.97 5.65

MobileNet-V1 40 % 2.42 2.54

30 % 2.49 2.47

20 % 2.53 2.64

on ImageNet typically requires about 50 GPU hours, while AutoDFP 

only requires 10.2 GPU hours without fine-tuning, demonstrating a clear 

advantage in recovery efficiency.

5.7. Inference time.

We further evaluate the inference latency of the pruned models on 

a single NVIDIA GeForce 1080Ti GPU, as shown in Table 7. The results 

indicate that our AutoDFP generally achieves comparable or lower infer-

ence time than the baseline pruning method. For example, on VGG-16 

and ResNet-56, AutoDFP consistently reduces latency across most pre-

served ratios (e.g., 1.44ms vs. 1.53ms on VGG-16 with 40 % P-R, 5.26ms 

vs. 5.82ms on ResNet-56 with 60 % P-R). Although on MobileNet-V1 

our method shows slightly higher latency in some cases, the difference 

remains minor. Considering that AutoDFP also achieves significantly 

higher accuracy under the same preserved ratios (Table 2), these results 

demonstrate that AutoDFP offers a better accuracy–efficiency trade-off 

than competing pruning methods.

6. Conclusion

In this paper, we propose Automatic Data-Free Pruning (AutoDFP), 

a data-free pruning method designed to automatically provide suitable

Fig. 7. Left: The best reward curve achieved by the SAC agent on the CIFAR-10 dataset while employing different pruning rates for the MobileNet-V2 network. Right: 

The best reward curve achieved by the SAC agent on the ImageNet dataset for the ResNet-34/50/101 networks when the preserve ratio is set to 70 %.
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pruning and reconstruction guidance for each layer to achieve improved 

accuracy. We formulate the network pruning and reconstruction task as 

an optimization problem that can be addressed using a reinforcement 

learning algorithm. By employing a Soft Actor-Critic agent, we guide the 

pruning and reconstruction processes in a data-free setting. AutoDFP au-

tomatically assesses channel similarity and redundancy at each network 

layer, facilitating efficient compression and reconstruction. AutoDFP has 

shown substantial improvements across a wide range of networks and 

datasets, outperforming the current SOTA method while requiring ac-

ceptable search time and computational resources. AutoDFP provides 

faster recovery than both data-driven pruning (requiring fine-tuning) 

and generative-based data-free pruning, enabling practical deployment. 

Furthermore, the pruning and reconstruction strategies derived by 

AutoDFP are not only reasonable but also explainable, which further 

supports our approach.
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