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 A B S T R A C T

Channel pruning, known for its hardware-friendly characteristics of structural pruning, has been widely 
adopted to slim deep neural networks. However, the increasingly complex coupled structures in neural 
networks pose new challenges to channel pruning methods. First, most existing channel pruning approaches 
exhibit customized characteristics, making them difficult to adapt to the multiple new neural networks 
derived from coupled structures embedded in neural networks. Second, the intricate inter-layer dependencies 
within coupled structures are crucial for enhancing model performance, requiring careful pruning to prevent 
severe performance degradation in the pruned model. Meanwhile, continuously evolving coupled structures 
further exacerbate these challenges. To achieve high-ratio pruning of deep neural networks while preserving 
model performance and ensuring the scalability of the pruning method, this paper proposes a computation-
adaptive artificial bee colony approach for scalable channel pruning. First, this paper proposes a structure 
mapping strategy to construct a scalable search space, which decouples complex networks by establishing 
different mapping relationships between network architectures and search structures. Then, this paper designs 
a computation-adaptive artificial bee colony algorithm that reduces fitness estimation bias by utilizing local 
evaluation consistency among sampling networks. Finally, a cell-level search space construction method is 
introduced to exponentially reduce the search space. Experimental results demonstrate the superiority of 
the proposed method on computer vision tasks. Additionally, ablation studies and visualizations verify the 
effectiveness of the proposed approach.
1. Introduction

Channel pruning has emerged as a highly effective technology 
to accelerate the inference speed of deep neural networks (DNNs) 
in engineering applications [1]. It removes redundant channels from 
a DNN to meet the requirements of limited model parameters and 
computation in a resource-constrained environment. Existing channel 
pruning methods can be divided into channel importance based pruning 
methods [2] and structure importance based pruning methods [3]. 
The former removes unimportant channels through channel importance 
discrimination, while the latter converts the pruning problem into a 
structure search problem, selecting important structural components 
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to identify lightweight subnets. These methods can effectively prune 
classic neural network models such as MobileNet and ResNet, but they 
require specialized design for each model, making it difficult to quickly 
extend the pruning methods to new neural network models.

The outstanding performance of deep neural networks in vision 
and language tasks has driven progress across various industries. To 
better apply DNNs, researchers study different network components [4] 
and continuously iterate new versions of neural networks. Neural net-
work components consist of various fundamental modules—such as 
the convolutional layer (CONV), the batch normalization layer (BN), 
the activation functions—combined in different network topologies and 
integrated into classic neural networks to enhance model performance. 
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Fig. 1. The model correlation between the fitness and the final accuracy of 
pruned models. All models are marked different colors according to their 
FLOPs reduction. The fitness is the subnetwork’s score in the search process. 
The final accuracy is subnetwork’s performance after fine-tuning.

The intricate dependencies within these modules are often highly sen-
sitive to the performance of neural network models, requiring careful 
handling during channel pruning to prevent model degradation. In or-
der to prune the coupling structures of DNNs with varying complexity, 
Fang et al. [5] proposed DepGraph, which constructs a dependency 
graph for a DNN and groups the coupled structures into distinct sets. 
Then it applies sparsity training to emphasize channel importance 
within these coupled structures, calculating channel importance using 
the 𝐿2-norm of the grouped parameters. These methods prune based on 
local parameter magnitude comparisons, and their multi-stage nature 
hinders scalability to other models.

Compared to channel importance-based pruning methods, structure 
importance based pruning methods prune DNN automatically, which 
search for a lightweight structure from the search space constructed 
by the original model. ABCPruner [6] adopts the artificial bee colony 
(ABC) algorithm to search only for plain structures. DAIS [7] proposes 
a differentiable search of annealing indicators to prune simple coupling 
structures, which sets the channel indicator to prune simple coupling 
structures in ResNet and MobileNet. This type of channel pruning 
method addresses the pruning of model parameters at the channel 
level from a structural perspective, offering inherent scalability advan-
tages for continuously evolving model architectures. However, existing 
methods fail to address the scalability issue in channel pruning and 
only handle localized coupled structures. The underlying reason is that 
current approaches lack a unified representation for diverse structures, 
making it difficult for them to prune complex coupled relationships 
from a global perspective.

Besides, channel pruning methods based on architecture search 
suffer from fitness estimation bias, leading to suboptimal search results. 
This manifests as a weak correlation between the importance scores 
(termed fitness) of substructures and their ultimate performance. To 
illustrate this issue, we randomly sampled several architectures from 
the search space of VGG-16 and recorded the floating-point operations 
(FLOPs) range for each architecture. As shown in Fig.  1, the correla-
tion between fitness and final performance is chaotic for the sampled 
structures, which results in inefficient architecture search. Fortunately, 
as can be observed from the figure, the fitness of sampled structures 
with similar FLOPs tends to cluster together. This phenomenon suggests 
that for the sampled subnetworks, both fitness and final performance 
may be influenced by the model’s scale (i.e., parameter count and 
computational cost). This phenomenon describes the absence of the 
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local evaluation consistency during search process: for two subnetworks 
with identical fitness scores, the larger model is more likely to achieve 
higher final performance due to its expanded parameter space. Given 
that computational cost is a critical metric in channel pruning, this 
paper incorporates FLOPs as a constraint in the architecture search 
process.

To sum up, to achieve high-ratio pruning of neural networks while 
maintaining their performance, this paper proposes a scalable
computation-adaptive structure search framework. First, a structure 
mapping method is proposed to achieve the scalability among different 
DNNs. Then, a novel computation-adaptive Artificial Bee Colony (FC-
ABC) algorithm is presented to search for the optimal pruned structure. 
Finally, a search space reduction method is proposed to minimize the 
resources required for the search process. The contributions of this 
work can be summarized as follows:

• A structure mapping method is proposed to flexibly define the 
search space, which enables mutual conversion between the 
model structure and the search structure by establishing different 
mapping relationships.

• A novel computation-adaptive artificial bee colony algorithm is 
designed to utilize local evaluation consistency and reduce fitness 
estimation bias by incorporating FLOPs constraints.

• A cell-level search space method is proposed to control the prun-
ing granularity and reduce the search space, effectively address-
ing the issue of potential layer over-pruning during channel prun-
ing by defining cell size.

2. Related work

2.1. Importance-based pruning

The channel importance based pruning methods remove relatively 
unimportant channels by comparing the channels’ importance in a 
layer-level way or global way. The metrics for evaluating the chan-
nel importance include weight norm [8], L𝑝 regularization [9], Tay-
lor expansion of cross-entropy [10], the difference of final response 
layer [11], feature-maps relevant information [12], KL-divergence [13],
kernel similarity [2]. Typically, these methods involve at least three 
stages: importance enhancement, model pruning, and fine-tuning. To 
prune the increasingly complex coupled structures, Fang et al. [5] 
presented a group-level pruning approach, dubbed DepGraph, whose 
process consists of model grouping, sparsity training, model prun-
ing, and fine-tuning. The complexity of the process poses significant 
challenges to prune a new deep neural network. Moreover, their 
reliance on local importance signals often overlooks global topological 
dependencies, leading to substructures that are efficient in isolation 
but suboptimal when considering the holistic architectural integrity 
required for effective fine-tuning.

2.2. Automatic structure search

The automatic structure search applies neural architecture search 
[14] to the field of channel pruning. Structure search typically consists 
of three main components: the definition of the search space, the 
structure search process itself, and the performance evaluation strategy 
for subnetworks. A subnetwork’s structural definition is derived from a 
combination of various channel numbers [15] or channel indicators [7]. 
These methods essentially use 0–1 vectors to construct channel-wise 
pruning masks for arbitrary convolutional layers, where 0 indicates 
removal of the corresponding channel and 1 indicates retention. To 
obtain a good pruning model, Guo et al. [16] presented differen-
tiable Markov channel pruning to search the optimal sub-structure. Gao 
et al. [3] proposed a bi-level optimization-based model for channel 
pruning, which searches for the optimal pruned structure by leverag-
ing short-term gradient changes. Hu et al. [17] conducted a training 
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framework (BNSC) to slim DNN automatically based on online channel 
pruning. Lu et al. [18] presented a strategy of Growing-before-Pruning 
(GbP) to explore space within architecture search for pruning DNNs. 
Existing methods search for the optimal solution in the search space 
in a global search manner during the search process, neglecting the 
fitness estimation bias caused by the computational complexity scale 
of sub-networks. This often leads to the optimal solution not satisfying 
the target computational complexity constraint.

2.3. Evolutionary computation

Evolutionary computation (EC) has been extensively employed to 
solve complex optimization problems in deep learning, where its
population-based search mechanism enables efficient exploration of 
high-dimensional, discrete, and non-differentiable spaces. This property 
aligns well with the challenge of locating effective substructures within 
a large and irregular pruning search space. Consequently, within a 
defined search space for DNNs, numerous EC-based methods have 
been developed to explore optimal model structures, employing algo-
rithms such as genetic algorithms, particle swarm optimization, and 
differential evolution. Zhao et al. introduced differential evolution and 
gradient descent strategies into an improved Hummingbird algorithm 
to counter its susceptibility to local optima [19]. Tang et al. developed 
an evolutionary NAS method that replaced uninformed perturbations 
with distribution-aware structural variation to improve search effi-
ciency [20]. Tong et al. designed a G-EvoNAS, which adopts a gradually 
searching mechanism to search diverse network architectures with dif-
ferent depths and uses evolutionary algorithm to optimize the module 
structure at each stage [21]. Existing studies have devoted efforts to en-
hancing evolutionary computation algorithms for the efficient handling 
of specific tasks. Focus on the artificial bee colony, Ma et al. proposed a 
diversified initialization mechanism within an reinforcement learning-
integrated discrete artificial bee colony (RLDABC) algorithm for solving 
large-scale instances [22]. Lu et al. presented HFABC to mitigate poor 
initial population quality and inefficient search equations of ABC. 
For that, HFABC employs a population initialization strategy and a 
dynamic divide-and-conquer search strategy [23]. The above methods 
improve the ABC algorithm through improved initialization and search 
strategies.

In conclusion, to effectively prune DNNs, this paper builds flexible 
representation for coupled structures in DNNs to implement scalable 
pruning. And then this paper mitigates poor initial population quality 
and inefficient search process of ABC by controlling the FLOPs of 
subnetworks during the search stage.

3. Scalable channel pruning via computation-adaptive structure 
search

This paper presents a scalable channel pruning framework, whose 
workflow is illustrated in Fig.  2. Firstly, structure mapping is presented 
to build search space for DNNs. Then, computation-adaptive artificial 
bee colony is proposed to search for a suitable structure, whose process 
includes initialization, searching, and updating. After the search is 
completed, the best structure in the update set will be mapped back 
to a pruned network for further fine-tune. To shrink the search space, 
a cell-level search space method is proposed in the mapping process.

3.1. Problem statement and formulation

This section formulates the channel pruning problem based on 
structure search. For any pre-trained model 𝑁 , its structure is denoted 
as 𝐵 = (𝑏1, 𝑏2,… , 𝑏𝑙 ,… , 𝑏𝐿), where 𝑏𝑙 is the channel number of the 
𝑙th CONV layer and 𝐿 is the number of CONV layer. Channel pruning 
aims to decrease any 𝑏𝑙 while maintaining the model performance. 
This paper treats the channel pruning problem as a structure searching 
problem to search for an optimal pruned structure. Given the training 
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set 𝑡𝑟𝑎𝑖𝑛 and the testing set 𝑡𝑒𝑠𝑡, the process of structure search consists 
of sampling subnetworks from a DNN, iteratively evaluate and select 
the subnetworks, and output the subnetwork with the best evaluation 
score (fitness). Let  ′ represent any pruned model, with its model 
structure denoted as 𝐵′ = (𝑏′1, 𝑏

′
2,… , 𝑏′𝑙 ,… , 𝑏′𝐿), where 𝑏′𝑙 ≤ 𝑏𝑙 represents 

the remaining channel number in the 𝑙th CONV layer. The structure 
search problem can be formulated as 
(𝐵′)∗ = argmax

𝐵′
𝑎𝑐𝑐( ′(𝐵′,𝑊 ′; 𝑡𝑟𝑎𝑖𝑛); 𝑡𝑒𝑠𝑡), (1)

where 𝑊 ′ is the weights of 𝐵′, which is preserved from the weight of 
𝑁 . And 𝑎𝑐𝑐(⋅) denotes the accuracy on 𝑡𝑒𝑠𝑡.

In initialization process, the model structure 𝐵 can be adopted as 
the search space (𝑏1, 𝑏2,… , 𝑏𝑙 ,… , 𝑏𝐿). However, in a complex DNN, 
dependencies may exist between any two CONV layers, which are 
manifested by the requirement that the number of output channels must 
remain consistent to maintain the network’s functionality. It can be 
dubbed as couple structure. For any DNN with couple structures, the 
structure search problem is formulated as 
(𝐵′)∗ = argmax

𝐵′
𝑎𝑐𝑐( ′(𝐵′,𝑊 ′; 𝑡𝑟𝑎𝑖𝑛); 𝑡𝑒𝑠𝑡)

s.t. ∃ 𝑖 ≠ 𝑗, 𝑏′𝑖 = 𝑏′𝑗 .
, (2)

where 𝑏′𝑖 = 𝑏′𝑗 represents that the channel number of 𝑖th CONV layer 
must be consistent with the channel number of 𝑗th CONV layer during 
the pruning process. Therefore, the coupled structures bring a difficult 
problem for structure search. To solve it, this paper proposes structural 
mapping to simply the coupled dependencies.

3.2. Structure mapping

Structural mapping groups coupled layers and maps them to the 
same search vector. Depending on whether the number of channels 
needs to be consistent between the two convolutional layers, DNNs 
can be divided into two categories: plain structures (Fig.  3) and cou-
pled structures (Fig.  4). Structure mapping eliminates the constraint 
in Eq. (2) and builds a general search space for both plain and 
coupled structures in a DNN. For example, the inter-layer depen-
dency in a DNN can be formulated as a dependency graph 𝐷𝐺 =
[(0, 0), (0, 3), (2, 5), (0, 0), (3, 0),…], where the index represents layer in-
dex, the values greater than 0 represent inter-layer dependencies, 
and values of 0 indicates no inter-layer dependencies. After structure 
mapping, the model architecture 𝐵 = (𝑏1, 𝑏2,… , 𝑏𝐿) is mapped to the 
search structure 𝐵1 = (𝑏11, 𝑏12,… , 𝑏1𝐿1 ), where 𝐿1 ≤ 𝐿 represents the 
length of the search structure.

In plain networks, there are straightforward dependencies only 
between two adjacent layers; pruning such a CONV layer only requires 
considering the change of its input and output. Therefore, for plain 
networks, as there are no intricate connections between their CONV 
layers, a one-to-one mapping between the model architecture and the 
search structure is established. To illustrate this, the key parts from VG-
GNet [24] and GoogLeNet [25] are selected. For example, consider the 
simple plain network shown in Fig.  3 (1), VGGNet’s dependency graph 
𝐷𝐺𝑣𝑔𝑔 = [(0, 0), (0, 0), (0, 0),…] and its architecture can be mapped as 
𝐵1-vgg = (𝒊𝒏, 𝑥1, 𝑥2, 𝑥3,…). Similarly, for the complex plain network 
depicted in Fig.  3 (2), the main structure of GoogLeNet’s architecture 
(Inception) can be mapped as 𝐵1-inet = (𝒊𝒏, 𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7,…). 
As there are no complex dependencies among their model architecture, 
a one-to-one mapping relationship is feasible.

In contrast, multiple CONV layers in coupled networks have in-
tricate connections, which give rise to complex dependencies. For 
instance, in residual blocks, one CONV layer depends on the front two 
CONV layers (Fig.  4 (1)). Among them, the number of output channels 
for both CONV layers needs to keep consistent during channel pruning. 
Therefore, for coupled networks, multiple coupled CONV layers can be 
regarded as a single unit in the search structure by adopts a many-
to-one mapping relationship between model architecture and search 
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Fig. 2. The framework of automatic structure search under FLOPs constraint (1,2) using 2-level search space. Mapping-𝑥 means that the mapping process 
between a model architecture with the corresponding search structure.
Fig. 3. Structure mapping for plain networks between their model architecture 
with search structure.

Fig. 4. Three mapping relationships for coupled network between the model 
architecture and search structures. (1) is two types of residual blocks. (2) is two 
types of multiple residual block connected in series. (3) is the main structure 
of MobileNet.

structure. The key parts from ResNet [26] and MobileNet [27] are 
selected as simple coupled structures. In Fig.  4, the CONV layer with 
dotted rectangle can be removed, and the highlighted directed lines in-
dicate the coupled relationship between the outputs of multiple CONV 
layers. Through treating coupled layers as a single unit, the mapping 
relation of 𝐵1-res1 = (𝒊𝒏, 𝑥2,…) and 𝐵1-res2 = (𝒊𝒏, 𝑥1, 𝑥2,…) for 
two types of residual blocks of the ResNet are conducted, respectively. 
Moreover, for the essential structure in MobileNet with two different 
coupled structure (Fig.  4 (3)), its dependency graph is 𝐷𝐺𝑚𝑛𝑒𝑡 =
[(0, 4), (0, 3), (2, 0), (1, 0),…] and the model structure can be mapped as 
𝐵1-MNet = (𝒊𝒏,𝒙𝟏,…) based on the 𝐷𝐺𝑚𝑛𝑒𝑡, which clearly demonstrates 
a many-to-one mapping relationship. Moreover, for the complex cou-
pled structure as multiple coupled modules connected in series, whose 
coupled layers are also treated as a single unit in the search structure. In 
Fig.  4 (2), the MResBlock structure includes multiple residual blocks in 
series, wherein all ResBlocks’ output are coupled. For that, the mapping 
relationship can be established as 𝐵1-Mres1 = (𝒊𝒏, 𝑥2, 𝑥2, 𝑥2,…) and 
𝐵1-Mres2 = (𝒊𝒏, 𝑥1, 𝑥2, 𝑥1, 𝑥2, 𝑥1, 𝑥2,…), respectively. It is noted that 
4 
Fig. 5. Structure mapping over the encoder module.

for the plain structures within coupled networks, a one-to-one mapping 
relationship is enough.

This paper aims to achieve structured pruning of deep neural net-
works, which hinges on how to better group the complex coupled 
components within DNNs. To this end, we decompose DNNs into 
their constituent components. Recently, with the growing popularity 
of Transformer-series models, our method has also been extended to 
ViT models. Taking ViT-base as an example, besides plain networks, its 
most critical components are the MSA module and the MLP module. 
Inspired by existing work, we treat the attention heads in MSA as basic 
units and search for the header count, while simultaneously taking the 
channel dimension between the two Linear layers in the MLP as another 
search objective (as shown in Fig.  5). Moreover, our method can be 
extended to ConvNeXt and Swin Transformer models, due to the core 
components of ConvNeXt primarily include residual connections and 
depthwise separable convolutions, while Swin Transformer still centers 
on MSA and MLP modules. Since our method has already addressed the 
adaptation of such fundamental components, it is applicable to both 
model types in principle.

Structure mapping is utilized in three stages within the proposed 
framework. The dependency graph 𝐷𝐺 of a DNN maintains mapping 
consistency across networks with varying coupling patterns. As shown 
in Fig.  2, before the initialization process, the model architecture is 
mapped to the search structure (Mapping-1). During the search process, 
the sampled subnetwork structures need to be mapped back to the 
original model architectures (Mapping-2). After the searching process 
is concluded, the unique search structure of the optimal subnetwork 
that is obtained needs to be mapped back to the model architecture 
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(Mapping-3). The Mapping-2 and Mapping-3 perform similar work, 
mapping the obtained search structure to a new model architecture. 
The search structure is mapped back to a model structure composed 
of channel arrays for each layer. The corresponding channel param-
eters are selected from the original model parameters for parameter 
initialization. Filter assignment is adopted, where all channels in a 
convolutional layer are sorted by their 𝐿1-norm, and the top-ranked 
channel parameters are selected according to the new architecture.

Based on structure mapping, the network structure 𝐵 = (𝑏1, 𝑏2,… ,
𝑏𝐿) is transformed into a search structure 𝐵1 = (𝑏11, 𝑏12,… , 𝑏1𝐿1 ), where 
𝐿1 ≤ 𝐿 represents the length of the search structure. The original 
network structure pruning problem is equivalent to finding a suitable 
search structure within the search space: randomly selecting any sub-
network from 𝐵1, which retains 𝐿1 layers but has different random 
channel numbers in various layers. The number of potential combi-
nations that can be obtained from the search structure 𝐵1 is ∏𝐿1

𝑖=1 𝑏
1
𝑖, 

which can be extremely large. Moreover, the number of combinations 
grows by a factor of 𝑏1𝑖 as the number of layers increases, where 
𝑏1𝑖 ∈ {16, 32,… , 1024, 2048,…}. Searching such a vast search space is 
computationally expensive, and exhaustive search using a computer is 
clearly infeasible. Additionally, to reduce manual intervention during 
the search process, intelligent optimization algorithms are required for 
the automatic search of structures.

3.3. Computation-adaptive artificial bee colony

The ABCPruner [6] only searches for plain structures within the 
DNN and fails to consider the impact of local evaluation consistency 
on fitness estimation. Different with ABCPruner, this paper presents the 
novel computation-adaptive artificial bee colony algorithm FC-ABC. FC-
ABC optimizes search efficiency by pre-setting a search starting point, 
recording any searched structure, and shrinking the search space. Then 
this paper dynamic control the FLOPs of sub-networks to mitigate the 
intrinsic fitness estimation bias (as described in Fig.  1). The structure 
search problem (Eq. (1)) can be further formulated as follows: 
(𝐵1′)∗ = argmax

𝐵1
𝑎𝑐𝑐( ′(𝐵1′,𝑊 ′; 𝑡𝑟𝑎𝑖𝑛); 𝑡𝑒𝑠𝑡)

s.t. FLOPs ≤ 1
, (3)

where 1 represents the upper limit of the FLOPs, which is obtained 
by pruning ratio 𝑝𝑟 and is used to control the maximum FLOPs of any 
search structure during the search process. FC-ABC aims to find a suit-
able structure within the search space, which consists of initialization 
stage and searching stage.

Algorithm 1 summarize the initialization process. Firstly, we ini-
tialize a candidate set  with 𝑛 structures, denoted as {𝐵1′

𝑗 }𝑛𝑗=1. To 
reduce the fitness evaluation bias, FC-ABC constrains the initialization 
of individuals within the population by presetting the search starting 
point (the FLOPs of candidate structures) according to two FLOPs 
thresholds {1,2}. Each structure must obey the FLOPs constraint as 
𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) ∈ [1,2]. 1 is applied to the phases of initialization and 
searching, which is the upper bound of the computation for adjusting 
the FLOPs of search structures. 2 is used to limit the lower bound of the 
computation of any initial candidate structure, which is applied only to 
the initialization phase. Given a pruning rate of FLOPs 𝑝𝑟, the FLOPs 
𝑓𝑙𝑜𝑝  of   is fixed. The FLOPs thresholds are calculated by 
{

1 = (1 − 𝑝𝑟) × 𝑓𝑙𝑜𝑝
2 = (1 − 𝑝𝑟 − 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡) × 𝑓𝑙𝑜𝑝

, (4)

where 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 ∈ [0.01, 0.1] is an empirical value. The values (1% 
and 10% of the total FLOPs of the pre-trained model) are empirically 
derived from the architectural characteristics of the target network.

For generating a structure 𝐵1′
𝑗 = (𝑥1, 𝑥2,… , 𝑥𝐿1 ), its 𝑖th element 𝑥𝑖

is randomly sampled from {1, 2,… , 𝑏1𝑖 }. To ensure that each candidate 
structure 𝐵1′

𝑗  obeys 𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) ∈ [1,2] constraint, FC-ABC adaptively 
adjusts the generated structures during the search process: when the 
5 
Algorithm 1 Initialization
Input: The number of candidates:𝑛, Pruning Ratio:𝑝𝑟, FLOPs 
constraints:{1,2}, Searched Set :, Candidate Set:
Output: , 
1: 𝑗 ← 1
2: while 𝑗 < 𝑛 do 
3: Random sampling generates candidate 𝐵1′

𝑗 . 
4: while True do 
5: Calculate the FLOPs 𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) of 𝐵1′

𝑗 . 
6: if 𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) > 1 then 
7: Decrease the values in 𝐵1′

𝑗 .
8: else if 𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) ≤ 2 then 
9: Increase the values in 𝐵1′

𝑗 .
10: else 
11: break.
12: end if
13: end while
14: if 𝐵1′

𝑗 ∉  then 
15: Calculate the fitness of 𝐵1′

𝑗 . 
16: Add 𝐵1′

𝑗 into  ,. 
17: 𝑗 ← 𝑗 + 1
18: end if
19: end while

𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) value is greater than 1, a number of values (default is 3) 
are randomly selected from 𝐵1′

𝑗  and decreased sequentially. When the 
𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) value is less than 2, similarly, a number of values (default 
is 3) are randomly selected from 𝐵1′

𝑗  and increased sequentially. This 
process is repeated iteratively until the 𝑓𝑙𝑜𝑝𝑠(𝐵1′𝑗 ) satisfies the [1,2]
constraint. Then this structure is mapped back to its model structures 
to obtain its fitness and it will be added to a searched structure set 
, that is, structural records. The structures in  will not be searched 
again, improving the search efficiency. The above sampling process is 
repeated until 𝑛 structures are obtained.

After initialization is completed, the search process (Algorithm 2) 
can start. Three types of bees, employed bee, onlooker bee, and scout 
bee are released sequentially in one iteration cycle. More details are 
summarized as follows.
Employed Bee (Line 3-Line 17 in Alg. 2). The employed bee generates 
a new structure 𝐺′

𝑗 for each candidate structure 𝐵1′
𝑗 . The 𝑖th element of 

𝐺′
𝑗 is defined as below: 

𝐺′
𝑗𝑖 = [𝑏1′𝑗𝑖 + 𝑟 ⋅ (𝑏1′𝑗𝑖 − 𝑏1′𝑔𝑖)]

𝑟 ∈

{

[−0.5, 0.0], 𝑓 𝑙𝑜𝑝𝑠(𝐺′𝑗 ) > 1
[−0.5, 0.5], 𝑓 𝑙𝑜𝑝𝑠(𝐺′𝑗 ) ≤ 1

,
(5)

where 𝑔 ≠ 𝑗 represents the 𝑖th element of the 𝑔th candidate structure 
and the 𝑖th element of the 𝑗th candidate structure in , respectively. 
And 𝑟 is a random number used to control the direction of FLOPs 
variation of a search structure during the search process. The generated 
𝐺′
𝑗 must satisfy: (1) it has not been searched; (2) its computational 

cost is less than 1. If its FLOPs is greater than 1, FC-ABC will 
regenerate a new 𝐺′

𝑗 according to Eq. (5). Until 𝐺′
𝑗 satisfies the above 

two constraints, then it will be mapped back to its model structure to 
get its fitness. Subsequently, based on the fitness of 𝐺′

𝑗 and 𝐵1′
𝑗 , it is 

determined whether 𝐺′
𝑗 should replace 𝐵1′

𝑗 .

Onlooker Bee (Line 18-Line 24 in Alg. 2). The onlooker bee further up-
dates the set of candidate structure . Randomly, a search structure in 
the set is chosen with a probability related to its fitness, the probability 
is given by: 

𝑃𝑗 = 0.9 ⋅
𝑓𝑖𝑡𝐵1′

𝑗

𝑚𝑎𝑥({𝑓𝑖𝑡 1′}𝑛 )
+ 0.1. (6)
𝐵𝑗 𝑗=1
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Algorithm 2 FC-ABC
Input: Cycles: , FLOPs constraint:1, Pruning Ratio:𝑝𝑟, Searched set:, 
Candidate Set:, Max update times: , Candidates number:𝑛
Output: (𝐵1′)∗

1: Initialize  via Algorithm 1
2: for ℎ = 1 →   do 
3: for 𝑗 = 1 → 𝑛 do 
4: while True do 
5: Generate candidate 𝐺′

𝑗 via Eq. (5). 
6: Calculate the FLOPs 𝑓𝑙𝑜𝑝𝑠(𝐺′𝑗 ) of 𝐺′

𝑗 . 
7: if 𝑓𝑙𝑜𝑝𝑠(𝐺′𝑗 ) < 1 and 𝐺′

𝑗 ∉  then 
8: break;
9: end if
10: end while
11: Calculate the fitness of 𝐺′

𝑗 and add it into . 
12: if 𝑓𝑖𝑡𝐵1′𝑗

< 𝑓𝑖𝑡𝐺′𝑗
 then 

13: 𝐵1′
𝑗 = 𝐺′

𝑗 ; 𝑓𝑖𝑡𝐵1′𝑗
= 𝑓𝑖𝑡𝐺′𝑗

; 𝑡𝑗 = 0.
14: else 
15: 𝑡𝑗 = 𝑡𝑗 + 1.
16: end if
17: end for
18: for 𝑗 = 1 → 𝑛 do 
19: Calculate the probability of 𝑃𝑗 via Eq. (6). 
20: Generate a random number 𝜎𝑗 ∈ [0, 1]; 
21: if 𝜎𝑗 <= 𝑃𝑗 then 
22: Repeat: Line 4-Line 16.
23: end if
24: end for
25: for 𝑗 = 1 → 𝑛 do 
26: if 𝑡𝑗 >  then 
27: while True do 
28: Generate candidate 𝐺′

𝑗 via Eq. (5). 
29: Calculate the FLOPs 𝑓𝑙𝑜𝑝𝑠(𝐺′𝑗 ) of 𝐺′

𝑗 . 
30: if 𝑓𝑙𝑜𝑝𝑠(𝐺′𝑗 ) < 1 and 𝐺′

𝑗 ∉  then 
31: break.
32: else 
33: Decrease the value of 𝐺′

𝑗 .
34: end if
35: end while
36: Repeat: Line 12-Line 16.
37: end if
38: end for
39: end for
40: Output the optimal structure (𝐺′)∗. 
41: Prune model and fine-tune the pruned model.

The update process of the chosen structure is the same as that in 
employed bee (Line 4-Line 16). For 𝐵1′

𝑗 , the better its fitness, the higher 
the probability of it being selected, making it easier to be updated 
following the rule of Eq. (5). Through this iterative process, the set of 
candidate structures will be progressively updated, ultimately finding 
the optimal search structure.
Scout Bee (Line 24-Line 38 in Alg. 2). If a candidate structure 𝐵1′

𝑗  has 
not been updated after exceeding  (default:5) iterations, the scout 
bee will reinitialize it to generate a new candidate structure. Similar 
to the initialization phase, FC-ABC adaptively adjusts the values in 
the generated structures to meet the computational constraints. In this 
phase, the generated structures are only required to have their FLOPs 
below the 1 value, which enables FC-ABC to explore lighter network 
architectures.

Fitness Calculation. Fitness indicates the structure importance for 
selecting better candidate structures in FC-ABC. Each search structure 
6 
is mapped back to the model architecture to get its fitness, which is 
given by 
𝑓𝑖𝑡(𝐵1′

𝑗 ) = 𝑎𝑐𝑐( ′
𝑗 (𝐵

1′
𝑗 ,𝑊 ′

𝑗 ; 𝑡𝑟𝑎𝑖𝑛); 𝑡𝑒𝑠𝑡), (7)

where 𝑊 ′
𝑗  represents the weights retained from the original weights 𝑊

of the pre-trained model  . Inspired by [28], for a new CONV layer 
with remaining 𝑘 channels, we retain the top-𝑘 channels’ weights from 
the original CONV layer during the process of weight assignment. The 
rank is derived from sorting the 𝐿1 norms of all channels in the CONV 
layer. For each CONV layer, the 𝐿1 norms are sorted in descending 
order. After weight assignment is completed, any sampled model  ′

𝑗  is 
trained  (default:2) epochs on 𝑡𝑟𝑎𝑖𝑛. Then the average of the accuracy 
tested on 𝑡𝑒𝑠𝑡 is obtained as its fitness.

During the whole process, a value in the search structure may fall 
outside the defined range of the search space. When this value is less 
than 0, set it to 1, which is also the minimum pruning unit (𝑐𝑒𝑙𝑙 men-
tioned in Section 3.4); when the value exceeds the defined maximum, 
set it to the specified maximum value. To enhance search efficiency, 
the proposed algorithm treats candidate structures that have undergone 
fitness calculation as compliant with computational constraints and 
marked for search. All searched subnetwork structures are recorded 
in the set  of searched structures. During the search process, only 
structures that have not been searched before are explored. After the 
entire search phase, an optimal structure (𝐵1′)∗ is selected from the 
candidate set . Then (𝐵1′)∗ is mapped back to the model structure 
and subjected to further fine-tuning.

3.4. Cell-level search space

This section defines a cell-level search space to scale search space. 
For search structure 𝐵1,its search space is the number of potential 
combinations. The sizes of the DNN’s search space can be calculated 
by ∏𝐿1

𝑖=1 𝑏
1
𝑖. Moreover, the number of combinations grows by a factor 

of 𝑏1𝑖 as the number of layers increases, where 𝑏1𝑖 ∈ {16, 32,… , 1024,
2048,…}. Searching for the optimal structure in such a vast search 
space is computationally expensive, and exhaustive search is clearly 
infeasible in a computer. To reduce the size of the search space while 
preserving its integrity, we adopt a cell-level search space to make a 
rule that each cell in the search space consists of one or more channels.

Whether in 𝐵 or 𝐵1, 1 represents one channel. Let a basic unit 
contain 𝑐𝑒𝑙𝑙 channels, whose value is a real number within [1, 𝑏1

𝐿1 ]. The 
search range of each CONV layer is represented as 𝑏2𝑖 ∈ {1, 2,… , ⌊

𝑏1𝑖
𝑐𝑒𝑙𝑙 ⌋}, 

where ⌊⌋ denotes the floor function to ensure that the maximum 
search value for each CONV layer is an integer. That is, 1 in 𝑏2𝑖
represents 𝑐𝑒𝑙𝑙 channels. The final search structure can be denoted as 
𝐵2 = (𝑏21, 𝑏22,… , 𝑏2𝐿1 ), whose combination amounts to ∏𝐿1

𝑖=1 ⌊
𝑏1𝑖
𝑐𝑒𝑙𝑙 ⌋. For 

example, as shown in Fig.  2, the model structure 𝐵 = {4, 6, 8, 4, 8}
is mapped to a search structure 𝐵2 = {2, 3, 4, 4} to establish the 
search space. Using the 𝑐𝑒𝑙𝑙-level search space definition approach, the 
combination for the new search structure 𝐵2 amounts to ∏𝐿1

𝑖=1 ⌊
𝑏1𝑖
𝑐𝑒𝑙𝑙 ⌋, 

which reduces the search space formed by the search structure 𝐵1

nearly (𝑐𝑒𝑙𝑙)𝐿1  times.
In this paper, empirically, the cell size depends on the subset of the 

minimum number of channels in each layer of the deep neural network. 
Taking MobileNet-V2 as an example, its minimum channel number is 
24, and the corresponding subset is 1, 2, 3, 4, 6, 8, 12, 24. A typical 
choice for its cell is any value in 2, 3, 4, 6, 8, 12, which both reduces 
the search space and ensures the search coverage.

4. Experiments

This section conducts extensive experiments across image recogni-
tion and object detection tasks to demonstrate the pruning efficiency of 
FC-ABC. We evaluate image recognition on CIFAR-10, CIFAR-100 and 
ILSVRC-2012 [29] datasets and object detection on COCO-2017 [30]. 
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For plain networks, we evaluate VGG-16 [24] and GoogLeNet [25]. 
For coupled networks, we evaluate ResNet-50, ResNet-56/110 [26], 
DenseNet [31], MobileNet-V2 [27], and ViT-base.

4.1. Implementation details

All experiments are implemented with PyTorch deep learning
framework. To improve reproducibility, we follow the data augmen-
tation of PyTorch official example, including random cropping and 
flipping. We compare Top-1 accuracy, Top-5 accuracy and FLOPs 
reduction with the existing SOTA methods.
Training Stage: All the networks are trained under SGD with a mo-
mentum of 0.9. On CIFAR-10 dataset, for VGG-16 and ResNet-56/110, 
we set weight decay of 0.0001 and the initial learning rate of 0.1, then 
it is divided by 10 at 50% and 75% of the total training epochs. For 
GoogLeNet and MobileNet-V2, we set the weight decay of 0.005 and 
the initial learning rate of 0.01, then it is divided by 10 at 50% and 
75% of the total training epochs. For all these networks on CIFAR-10, 
we set mini-batch size of 256 and a training epoch of 160. On ImageNet 
dataset, ResNet-50 is trained for 90 epochs and the learning rate is set 
0.01. The batch size is 256. 
Searching Stage: During the searching phase, on CIFAR-10, we set the 
cycles as 5 and the number of candidate structures as 10. On ImageNet 
and COCO-2017, we set the cycles as 5 and the number of candidate 
structures as 2. The 𝑐𝑒𝑙𝑙 settings for each experiment are displayed in 
the corresponding tables.
Fine-tuning Stage: The momentum is set to 0.9 for all experiments. 
On CIFAR-10, we iterate 520 epochs with an initial learning rate of 
0.1 for VGG-16 and ResNet-56/110. The learning rate is divided by 10 
at the 250th and 390th epochs. We iterate 300 epochs with an initial 
learning rate of 0.01 for GoogLeNet and MobileNet-V2, the learning 
rate is divided by 10 at the 150th and 225th epochs. On ILSVRC-2012, 
we train the pruned model 90 epochs with a step scheduler learning 
rate, which begins at 0.1 and is divided by 10 at 30, 60, and 80 epochs, 
respectively. On COCO-2017, we train the pruned model 150 epochs.

4.2. Pruning results on ImageNet

ResNet-50: We evaluate its performance on ImageNet and present the 
results in Table  1. Compared with White-Box and TSGCP, our method 
achieves the Top-1 accuracy of 75.50% under FLOPs reductions of 
50.2%. Compared with DAIS and GAL, our method achieves the Top-
1 accuracy of 74.95% under a FLOP reduction of 55.9%. In addition, 
compared to the ABCPruner, our method results in a more considerable 
reduction in FLOPs (55.9% versus 54.3%) while maintaining a higher 
Top-1 accuracy (74.95% versus 73.86%). These results show that the 
outstanding pruning effectiveness of the proposed method.
MobileNet-V2: Table  1 displays the experimental data, under a 31.7% 
reduction in FLOPs, our method achieves a Top-1 accuracy of 72.12%. 
It is noteworthy that compared to the original MobileNet-V2 [27], the 
Top-1 accuracy has improved by 0.24%. Compared with the several 
SOTA methods (FSM [38] and UDSP [3]), the pruned model obtained 
by FC-ABC has the best Top-5 accuracy of 90.29, which is lossless 
pruning.

ViT-base: Under a 45.5% reduction in FLOPs, our method achieves 
a Top-1 accuracy of 76.95%. Regarding the selection of 0.4 as the 
initial pruning ratio, 0.4 represents the median value of the commonly 
adopted range in prior ViT pruning literature, ensuring comparability.

In sum, on the large-scale dataset, our method demonstrates ex-
cellent search effectiveness only on the MobileNet architecture. For 
ResNet50, it achieves merely satisfactory search performance. This 
indicates that our approach exhibits certain scalability limitations when 
dealing with large datasets.
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4.3. Pruning results on CIFAR-100

GoogLeNet: As shown in Table  2, for GoogLeNet, compared with 
the original model [25] and the DepGraph [5], our method achieves 
the best Top-1 accuracy of 79.13% under FLOP reductions of 15.8%. 
Additionally, our method results in a more substantial reduction in 
FLOPs of 65.0% while maintaining a higher Top-1 accuracy of 79.13%.
DenseNet-40: Table  2 displays the experimental data, under a 33.3% 
reduction in FLOPs, our method achieves a significant pruning ratio for 
DenseNet-40, resulting in a Top-1 accuracy of 74.37%. Compared with 
the VCNNP [41], our method results in a more considerable reduction 
in FLOPs (50.7% versus 37.7%) while maintaining a higher Top-1 
accuracy (73.40% versus 72.19%).

In sum, the pruning results on CIFAR-100 dataset can show that 
FC-ABC has significant pruning efficiency, which demonstrates out-
standing search performance on medium-sized datasets. The pruning 
experiments on models with varying complexities further indicate that 
our approach maintains strong scalability.

4.4. Pruning results on CIFAR-10

VGG-16: Table  3 shows that, compared with several SOTAs, FC-ABC 
achieves the best Top-1 accuracy of 93.72% under FLOPs reductions of 
80.9%. Moreover, compared to the ABCPruner, which slims networks 
using an ABC algorithm, FC-ABC results in a more substantial reduction 
in FLOPs (80.9% versus 73.68%) while maintaining a higher Top-1 
accuracy (93.72% versus 93.08%).
GoogLeNet: As shown in Table  3, compared with the SOTA method 
APIB [45], FC-ABC achieves the Top-1 accuracy of 95.15% and im-
proves the FLOP reductions from 63.0% to 80.07%. Moreover, com-
pared to the ABCPruner, our method results in a more substantial 
reduction in FLOPs (80.1% versus 66.6%) while maintaining a higher 
Top-1 accuracy (95.15% versus 94.84%).
ResNet-56/110: Table  3 presents that, for ResNet-56, compared with 
the original model [26] and the several SOTA methods (DCFF and 
DepGraph), our method achieves the best Top-1 accuracy of 93.98% 
under FLOP reductions of 55.21%. Additionally, compared to the 
ABCPruner, our method results in a more substantial reduction in 
FLOPs (55.21% versus 54.68%) while maintaining a higher Top-1 
accuracy (93.98% versus 93.23%). For ResNet-110, compared with 
the original model [26] and the several SOTA methods (DCFF [13] 
and White-Box [32]), our method achieves the best Top-1 accuracy 
of 94.14% under FLOP reductions of 70.14%. Additionally, compared 
to the ABCPruner, our method results in a more substantial reduction 
in FLOPs (70.14% versus 65.04%) while maintaining a higher Top-1 
accuracy (94.14% versus 94.12%).
MobileNet-V2: Table  3 displays that, under a 66.3% reduction in 
FLOPs, our method achieves a significant pruning ratio for MobileNet-
V2, resulting in only 0.58M remaining parameters and a Top-1 accuracy 
of 95.37%. It is noteworthy that compared to the original MobileNet-
V2 [27], the Top-1 accuracy has improved by 0.35%. Compared with 
the several SOTA methods (DDNP [48] and White-Box [32]). Addition-
ally, as can be seen from Table  4, it can be observed that when the 
pruning ratio is 0.66, the models discovered by our method outperform 
the baseline significantly. The Top-1 accuracy increases by 0.50% with 
a 35.6% reduction in FLOPs and a 52.60% reduction of parameter.

In sum, VGG is a plain network in which the convolutional layers 
are not coupled with dependencies. Therefore, the experimental results 
on VGG-16 can demonstrate the superiority of the proposed FC-ABC 
over ABCPruner. Meanwhile, the favorable performance of FC-ABC 
on models such as ResNet, GoogleNet, DenseNet, and ViT can verify 
that the proposed structural mapping strategy effectively addresses the 
application of FC-ABC to networks with coupled structures.
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Table 1
Pruning results of ResNet50 and MobileNet-V2 on ImageNet.
 Model Method 𝑐𝑒𝑙𝑙 𝑝𝑟 Top-1 Acc. (%) Top-1 Acc↑ Top-5 Acc (%) Top-5 Acc↑ FLOPs↓ 
 LP [9] – – 76.15→75.17 −0.98% 92.96→92.35 −0.61% 44.4%  
 White-Box [32] – – 76.15→75.32 −0.83% 92.96→92.43 −0.53% 45.6%  
 TSGCP [33] – – 76.15→75.60 −0.55% 92.96→92.58 −0.38% 45.9%  
 REAF [34] – – 76.15→75.17 −0.98% 92.87→92.44 −0.43% 47.6%  
 FC-ABC 1 0.5 76.15→75.50 −0.65% 92.96→92.78 −0.18% 50.2%  
 ResNet-50 MFP [35] – – 76.15→74.86 −1.29% 92.87→92.43 −0.44% 53.5%  
 ABCPruner [6] – – 76.01→73.86 −2.15% 92.96→91.69 −1.27% 54.3%  
 S2R2Net[36] – – 76.40→75.16 −1.24% – – 54.9%  
 DAIS [7] – – 76.15→74.45 −1.70% 92.87→92.21 −0.66% 55.3%  
 BNSC [17] – – 76.15→75.30 −0.85% 92.87→92.40 −0.47% 55.7%  
 FC-ABC 6.4 0.55 76.15→74.95 −1.20% 92.96→92.38 −0.58% 55.9%  
 SANP [37] – – 71.91→72.05 0.14% 90.30→90.37 0.07% 29.1%  
 FSM [38] – – 71.88→71.18 −0.70% 90.29→89.81 −0.48% 30.6%  
 MobileNet-V2 ATO [39] – – 71.88→72.02 0.14% 90.29→90.19 −0.10% 30.1%  
 UDSP [3] – – 71.88→71.72 −0.16% – – 36.6%  
 FC-ABC 1 0.3 71.88→72.12 0.24% 90.29→90.29 0.0% 31.7%  
 CP-ViT [40] – – 77.91→77.36 0.55% – – 33.5%  
 ViT-base DepGraph [5] – – 81.07→79.17 1.90% – – 40.9%  
 FC-ABC 1 0.4 80.84→76.95 −3.89% 96.02→88.28 −7.74% 45.5%  
Table 2
Pruning results of the GoogLeNet and the DenseNet on CIFAR-100.
 Method 𝑐𝑒𝑙𝑙 𝑝𝑟 Top-1 Acc. (%) Acc.↑ FLOPs↓ 
 GoogLeNet – – 78.51 0.00% 0.0%  
 FC-ABC 6.4 0.1 78.51→79.91 1.40% 15.8%  
 DepGraph – – 77.56→77.91 0.35% 33.3%  
 FC-ABC 6.4 0.6 78.51→79.13 0.62% 65.0%  
 DepGraph – – 77.56→77.00 0.56% 66.6%  
 DenseNet-40 – – 74.64 0.00% 0.00%  
 FC-ABC 1 0.3 74.64→74.37 −0.27% 33.3%  
 VCNNP [41] – – 74.64→72.19 −2.45% 37.7%  
 FC-ABC 1 0.5 74.64→73.40 −1.24% 50.7%  

4.5. Pruning results on COCO

We use ResNet50 as the backbone network and adopt SSD300 as 
the detection head for experiments on the COCO2017 dataset. Table 
5 shows that compared to existing methods DMCP and REPrune, the 
proposed FC-ABC can find the best pruned model, achieving a 50.5% re-
duction in FLOPs and a 61.5% reduction in parameters, with an mAP of 
25.1%. From the experimental results, our model performs well because 
the discovered network demonstrates optimal performance in detecting 
small objects, even surpassing the original model. This indicates that 
our method can uncover superior architectures. Additionally, the search 
performance in the field of object detection further demonstrates the 
outstanding generalizability of our method.

4.6. The impact of the computational adaptation under FLOPs constraints

(1) Reducing Fitness Estimation Bias via Local Evaluation Consis-
tency.

FC-ABC leverages local evaluation consistency by grouping sim-
ilarly structured individuals for evaluation, thereby reducing fitness 
estimation bias and improving search performance. To verify the local 
evaluation consistency, we conducted 90 search experiments for struc-
ture search using the VGG-16 pre-trained model on CIFAR-10. Among 
these experiments, we varied the pruning ratio across nine different 
values ranging from 0.1 to 0.9.

In Fig.  6, the experimental results present the computational cost, 
fitness value, and final performance of the optimal subnetwork found 
in each search. The horizontal axis represents the actual computational 
cost of the pre-trained model, with intervals set at a decay step of 
10%. It is evident from the figure that as the computational cost of 
the sampled subnetwork decreases, the discrepancy between its fitness 
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Table 3
Pruning results of the plain networks (VGG-16 and GoogLeNet) and the 
coupled networks (ResNet-56/110 and MobileNet-V2) on CIFAR-10.
 Method 𝑐𝑒𝑙𝑙 𝑝𝑟 Top-1 Acc. (%) Acc.↑ FLOPs↓ 
 VGG-16 – – 93.02 0.00% 0.00%  
 ABCPruner [6] – – 93.02→93.08 0.06% 73.7%  
 ELC [42] – – 93.56→93.11 −0.45% 74.0%  
 White-Box [32] – – 93.02→93.47 0.45% 76.4%  
 DCFF [13] – – 93.02→93.47 0.45% 76.8%  
 ACPPO [43] – – 93.62→93.47 −0.15% 76.8%  
 TSGCP [33] – – 93.66→93.61 −0.05% 77.3%  
 FC-ABC 4 0.8 93.47→93.72 0.25% 80.9%  
 GoogLeNet – – 95.05 0.00% 0.00%  
 CFDP [44] – – 95.05→95.25 0.20% 57.2%  
 APIB [45] – – 95.05→95.29 0.24% 63.0%  
 ABCPruner [6] – – 95.05→94.84 −0.21% 66.6%  
 ACPPO [43] – – 94.74→94.87 0.13% 75.3%  
 GA [46] – – 95.05→95.01 −0.04% 74.4%  
 FC-ABC 8 0.8 95.05→95.15 0.10% 80.1%  
 ResNet-56 [26] – – 93.26 0.00% 0.0%  
 REAF [34] – – 93.16→93.78 0.62% 38.0%  
 DepGraph [5] – – 93.53→93.64 0.11% 52.6%  
 ABCPruner [6] – – 93.26→93.23 −0.03% 54.1%  
 ACPPO [43] – – 93.17→93.33 0.16% 61.4%  
 DCFF [13] – – 93.26→93.26 0.00% 55.9%  
 FC-ABC 6.4 0.5 93.26→93.98 0.72% 55.2%  
 ResNet-110 [26] – – 93.50 0.00% 0.00%  
 ABCPruner [6] – – 93.50→93.58 0.08% 65.0%  
 Gbp [18] – – 93.82→93.71 −0.11% 62.3%  
 ResPrune [47] – – 93.17→93.68 0.51% 63.4%  
 White-Box [32] – – 93.50→94.12 0.62% 66.0%  
 DCFF [13] – – 93.50→93.80 0.30% 66.6%  
 FC-ABC – 0.7 93.50→94.14 0.64% 70.1%  
 MobileNet-V2 [27] – – 95.02 0.00% 0.00%  
 White-Box [32] – – 95.02→95.28 0.26% 29.2%  
 Adapt-DCP [12] – – 94.47→94.72 0.25% 34.3%  
 FC-ABC 1 0.3 95.02→95.52 0.50% 35.6%  
 DDNP [48] – – 94.58→94.81 0.23% 43.0%  
 FC-ABC 1 0.6 95.02→95.37 0.35% 66.3%  

value and its final performance increases markedly. Notably, sampling 
subnetworks within the same computational cost interval exhibit sim-
ilar fitness estimation biases. This observation directly supports the 
rationale behind the local evaluation consistency strategy: by confining 
the search to a constrained computational cost interval, the sampling 
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Fig. 6. The parameters and FLOPs of sampled sub-networks during the searching process in ABCPruner and FC-ABC.
Table 4
Pruning results of the MobileNet-V2 on CIFAR-10, with a reduction factor of 
𝑐𝑒𝑙𝑙 = 3.2, which corresponds to a minimum layer search range of [1, 2, 3, 4,
5].
 𝑝𝑟 Top-1 Acc. (%) Acc.↑ (%) FLOPs (M) Parameters (M) 
 0.0 95.02 0 321.68 2.30  
 0.1 95.37 0.35 275.09 1.73  
 0.2 95.32 0.30 240.85 1.36  
 0.3 95.52 0.50 206.92 1.09  
 0.4 95.33 0.31 172.77 1.00  
 0.5 95.24 0.22 143.71 0.77  
 0.6 95.37 0.35 108.49 0.58  
 0.7 94.56 −0.46 96.34 0.44  
 0.8 94.10 −0.92 61.63 0.40  
 0.9 91.75 −3.27 30.89 0.17  

Table 5
Pruning result of SSD300 with ResNet-50 (the backbone) on COCO-2017. 
Performance is evaluated using bounding box AP. FLOPs reduction only refers 
to the ResNet-50 backbone. For FC-ABC, the 𝑐𝑒𝑙𝑙 is set as 3, and the 𝑝𝑟 is set 
as 0.5.
 Method FLOPs↓ mAP 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑆 𝐴𝑃𝑀 𝐴𝑃𝐿  
 Baseline 0.0% 25.2 42.7 25.8 7.3 27.1 40.8 
 DMCP [16] 50.0% 24.1 41.2 24.7 6.7 25.6 39.1 
 REPrune [2] 50.0% 25.0 42.3 25.9 7.4 26.8 40.4 
 FC-ABC 50.5% 25.1 42.4 26.0 7.6 26.7 40.3 

individuals exhibit similar structural characteristics and thereby share 
comparable estimation biases.
(2) Empirical Analysis of Sampling Strategies on Fitness–
Accuracy Correlation.

To explain why FC-ABC achieves lower fitness-estimation bias than 
ABCPruner, we analyze the correlation between search-time fitness 
and post-fine-tuning accuracy under two sampling strategies. The first 
strategy randomly samples candidates across the entire FLOPs spec-
trum, mirroring ABCPruner’s unconstrained global search. The second 
strategy samples candidates from contiguous FLOPs regions, mirroring 
FC-ABC’s FLOPs-constrained local search. By comparing these strate-
gies, we aim to demonstrate that the FLOPs constraint reduces bias 
by confining the search to the region where fitness and accuracy are 
naturally well-aligned.

The analysis is conducted on the pool of 90 candidate subnetworks 
of VGG-16/Cifar10. To investigate the relationship between search-
space coverage and fitness-estimation bias, we design a comparative 
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Table 6
PCC comparison between global random sampling (ABCPruner-style) and local 
continuous sampling across different FLOPs regions and sample sizes.
 Sample size Global random High FLOPs Mid FLOPs Low FLOPs 
 Mean ± Std  
 10 0.737 ± 0.112 0.921 0.987 0.811  
 20 0.853 ± 0.085 0.940 0.991 0.853  
 30 0.879 ± 0.069 0.940 0.987 0.866  
 40 0.896 ± 0.060 0.940 0.990 0.876  
 50 0.908 ± 0.051 0.923 0.980 0.851  

experiment that simulates two distinct search behaviors: global random 
sampling, which randomly selects candidates from the entire FLOPs 
spectrum and mirrors the unconstrained search strategy of ABCPruner, 
and local continuous sampling, which selects consecutive candidates 
from a contiguous FLOPs region and mirrors the FLOPs-constrained 
search of FC-ABC. To ensure robustness, we evaluate five sample sizes 
(k = 10, 20, 30, 40, 50); for global random sampling, we repeat the 
random draw 1000 times for each k and report the mean Pearson 
Correlation Coefficient (PCC) along with the standard deviation to 
account for sampling variability, while for local continuous sampling, 
we report the deterministic PCC computed from three distinct FLOPs 
regions (high, mid, and low) to reveal which region yields the strongest 
fitness–accuracy alignment. The experimental results are shown in 
Table  6.

The experimental results reveal three key observations. (i) local con-
tinuous sampling from the middle FLOPs region consistently achieves 
PCC values above 0.98 across all sample sizes 𝑘 = 10, 20, 30, 40, 50, 
indicating a near-perfect alignment between search-time fitness and 
post-fine-tuning accuracy with exceptional stability. (ii) global random 
sampling yields substantially lower PCC values ranging from 0.737 to 
0.908, with large standard deviations (𝜎 = 0.051–0.112), demonstrating 
that the fitness–accuracy correlation under global search is not only 
weaker but also highly unstable and dependent on which candidates 
are sampled. (iii) not all continuous regions exhibit equally strong 
correlations: the high FLOPs and low FLOPs regions yield PCC values of 
approximately 0.92–0.94 and 0.81–0.88, respectively, indicating that 
even continuous sampling fails if the region falls outside the well-
aligned FLOPs interval. These findings lead to two conclusions: (i) 
the FLOPs constraint in FC-ABC reduces fitness-estimation bias not 
merely by narrowing the search range, but by confining the search to 
the specific FLOPs region where fitness and true accuracy are natu-
rally well-aligned; and (ii) ABCPruner’s global random sampling forces 
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Fig. 7. The parameters and FLOPs of sampled sub-networks during the search-
ing process in ABCPruner and FC-ABC.

the search to traverse incomparable FLOPs levels, introducing system-
atic bias that results in unreliable fitness evaluations and suboptimal 
pruning decisions.
(3) The Computation-adaptive Strategy Uses the Local Evaluation 
Consistency.

To clearly describe the local evaluation consistency for the sub-
network’s computation adaptive strategy, we adopted ABCPruner and 
FC-ABC to prune the ResNet-50 model pretrained in ImageNet dataset 
and the pruning ratio is set as 0.5. And we analyze the distribution of 
searched sub-networks’ FLOPs and Parameters as shown in Fig.  7. It 
is clear that compared with ABCPruner’s global search, every sampled 
sub-network in FC-ABC meets the real FLOPs’ pruning ratio of 0.5 (The 
FLOPs of ResNet-50 on ImageNet is 4.13 G and the FLOPs threshold for 
this pruning experiment is 2.065 G). The FLOPs constraint employed 
in FC-ABC confines the sampled individuals to two concentrated local 
regions during the search process. This clustering effect enables the 
search to fully leverage local evaluation consistency, as structurally 
similar individuals within the same region share comparable fitness 
estimation biases.

As a result, the negative impact of fitness estimation bias on the 
final selected subnetwork can be effectively alleviated. Moreover, the 
sampling network of FC-ABC has a lower actual Parameters count, 
supported by its computation-adaptive strategy.

4.7. Scalability to diverse network architectures

(1) Handling Coupled Structures via Structural Mapping Strategy.
To describe the structural mapping strategy, we adopted two meth-

ods to prune the ResNet-50 model pretrained in ImageNet dataset and 
the pruning ratio is set as 0.5. As shown in Fig.  8, after pruning with 
ABCPruner, the channel counts of several convolutional layers remain 
unchanged from the original model and display a periodic pattern, 
which can be attributed to the long-distance dependencies among 
coupled layers. By contrast, the FC-ABC-pruned model also exhibits pe-
riodicity, yet with considerably lower peaks. These features that appear 
periodic in terms of channel numbers are actually coupled structures 
within the model. Any such structure must ensure equal numbers of 
channels during the pruning process. It is clear that ours method can 
reduce the channels in couple structures compared with ABCPruner. 
This improvement is achieved because the structural mapping strategy 
integrates the coupled structures into the search space, allowing these 
previously untouchable layers to be effectively pruned.
10 
Fig. 8. Comparison of the number of channels of the convolutional layers in 
ResNet-50 and two pruned models.

Fig. 9. Searching results of VGG-16 with different 𝑐𝑒𝑙𝑙. Each experimental re-
sult is the average of three runs under different FLOPs constraints (0.1,… , 0.9). 
The horizontal dashed line represents the baseline.

(2) Search Space Shrinking via Cell-Level Scaling.
To explore the impact of cell-level search space method on the 

completeness of search space, we conducted search experiments on 
a VGG-16 pre-trained model on CIFAR-10. We selected 7 different 
cell values and performed search experiments with 9 different pruning 
ratios ranging from 0.1 to 0.9. As shown in Fig.  9, across searches 
with different pruning granularities, when the cell value is 4, relatively 
better results are obtained at pruning ratios between 0.1 and 0.4. 
Between 0.4 and 0.8, the seven different cell settings yield comparable 
results. At a pruning ratio of 0.9, the setting with cell = 32 achieves the 
best search result. Furthermore, from the overall pruning perspective, 
all different settings of cell value achieve better results than the pre-
trained model across the pruning ratio range of 0.1 to 0.8. The above 
experiments demonstrate that the proposed FC-ABC can effectively 
preserve the integrity of the search space. Moreover, compared with 
the baseline, FC-ABC can remove 80% FLOPs of VGG-16 without a 
decrease of performance under different cell sizes. The experimental 
results prove that the cell-level search space definition method does 
not harm the search space, while significantly reduce the search space 
and improve search efficiency. Finally, the experiments with different 
cell values on VGG-16 validate that the proposed cell-level search space 
reduction method can effectively reduce the search space size without 
compromising search performance.
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Fig. 10. The model correlation between the fitness and the final accuracy 
under different pruning ratios of FLOPs.

4.8. The impact of 𝐶1

This section provides an analysis from both theoretical and experi-
mental perspectives. Given search structure 𝐵2, the FLOPs constraints 
reduce the search space during search phases. For convenience, assume 
each channel has the same FLOPs, the reduction ratio of FLOPs can be 
approximated as the reduction ratio of the combination number of 𝐵2. 
Given pruning ratio 𝑝𝑟, the FLOPs constraints shrink the size of 𝐵2 to 
its 1

𝑝𝑟 . Since the main time and computation costs are used to obtain 
models’ fitness during the search process, restricting the entire search 
space can effectively reduce resource waste, such as the models with 
wrong FLOPs. Moreover, the FLOPs constraints divides the entire search 
space into two halves, reducing the ABC’s effective search cost by at 
least 𝑝𝑟, significantly enhancing search efficiency.

The correlation experiments are conducted to show the effectiveness 
of FLOPs in FC-ABC. Some architectures are randomly sampled from 
VGG-16’s search space to get their fitness and final accuracy. The 2-
dimensional model correlation is shown in Fig.  1 (Section 1). The ABC 
performs a global search across the entire search space, whose chaotic 
correlations makes it difficult to obtain the optimal pruned structure. 
After inducing the FLOPs constraints, the 3-dimensional model corre-
lation is depicted in Fig.  10. It is obvious that pruned models with 
similar pruning rates tend to cluster in accuracy, and the pruning ratio 
of FLOPs separates these different clusters for the searching process. 
Therefore, FLOPs constraints can effectively reduce the fitness estima-
tion bias and FC-ABC can search the better pruned structure than the 
original ABC.

4.9. Parameter selection for model fine-tune

In this section, we conduct experiments to illustrate how to se-
lect network parameters for pruned models. The baseline model uses 
ResNet50 as the backbone, combined with an SSD model as the object 
detection network. The parameters of ResNet50 are pretrained on the 
ImageNet-1K dataset, while the SSD model parameters are initialized 
using the Xavier initialization method. For any pruned model, we 
explored three different parameter selection methods.

As shown in Table  7, if the pruned model is initialized solely using 
the Xavier initialization method, it yields suboptimal performance. 
When the parameters pretrained on the ImageNet-1K dataset are com-
bined with the Xavier initialization method for joint initialization, 
a noticeable performance improvement is observed, but the results 
are still inferior. Finally, when we use the parameters of the base 
model, specifically the pretrained model on the COCO-2017 dataset, 
the pruned model demonstrates optimal performance.
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Table 7
The impact of parameter initialization on fine-tuning performance. The pruned 
model is obtained by FC-ABC, whose 𝑐𝑒𝑙𝑙 is set as 3 and the 𝑝𝑟 is set as 0.5.
 Models ResNet-50 SSD FLOPs↓ mAP 𝐴𝑃50 𝐴𝑃75 𝐴𝑃𝑆 𝐴𝑃𝑀 𝐴𝑃𝐿  
 Base ImageNet-1K Xavier 0.0% 25.2 42.7 25.8 7.3 27.1 40.8 
 Pruned Xavier Xavier 50.5% 12.9 24.4 12.3 2.4 12.1 22.3 
 Pruned ImageNet-1K Xavier 50.5% 20.4 35.5 20.6 5.2 21.0 33.5 
 Pruned Base Base 50.5% 25.1 42.4 26.0 7.6 26.7 40.3 

Fig. 11. The comparison of pruning efficiency. Pruning of three models with 
varying FLOPs constraints (0.1, 0.2,… , 0.9) was performed on CIFAR-10. The 
horizontal dashed line represents the baseline of different models.

Table 8
The cost of runtime for different tasks. FOT means that the training time and 
testing time per epoch on the devices. Food and Time denote the food number 
and the time consumed during the search process.
 Method Model Dataset FOT  Food Time Devices 
 FC-ABC ResNet-56 CIFAR-10 26.8 s+1.92 s 10 10 3.2 h 1080Ti  
 FC-ABC GoogLeNet CIFAR-100 36.5 s+5.5 s 10 10 6.2 h 2*A30  
 ABCPruner ResNet-50 ImageNet 0.67 h+45 s 2 2 11.54 h 3090Ti  
 FC-ABC ResNet-50 ImageNet 0.67 h+45 s 2 2 11.09 h 3090Ti  
 FC-ABC MobileNet-V2 ImageNet 0.24 h+13.2 s 5 10 2.4d 4*A30  

4.10. Different computation ranges

To validate the impact of computational constraints 1 on the search 
results, we conduct pruning experiments of VGG-16, GoogleNet, and 
MobileNet-V2 three models on CIFAR-10. Each model is pruned with 
nine different pruning ratios, and the pruning results are shown in 
Table  4 and Fig.  11. Fig.  11 demonstrates that the computational con-
straints are satisfied by the optimal structures, aligning with practical 
requirements. Compared with the baseline, FC-ABC shows significant 
pruning performance under different pruning rates. For VGGNet, the 
optimal structure removes 80.9% of FLOPs with 0.25% improve of Top-
1 accuracy. For GoogleNet, the optimal structure removes 80.1% of 
FLOPs with 0.1% improve of Top-1 accuracy. And for MobileNet-V2, 
the optimal structure removes 66.3% of FLOPs with 0.35% improve 
of Top-1 accuracy. Furthermore, it can be observed from both Table 
4 and Fig.  11 that when the pruning ratio is low, the lightweight 
models obtained by our method significantly outperform the baseline, 
indicating that our approach not only finds lightweight model but also 
implements structural optimization.

4.11. The analysis of runtime and resource requirements

In this section, we analyze the time and resource costs required 
for search tasks of varying scales, with specific data shown in Tables 
8 and 9. The resources required for a searching task depend on the 
model and the training dataset. For the searching task with ResNet56 
on CIFAR-10, we utilize a 1080Ti GPU, with a total search time of 
3.2 h. For the search task with GoogLeNet on CIFAR-100, we utilize 
two A30 GPUs, resulting in a search time of 6.2 h. For the search task 
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Table 9
Comparison of pruning time and memory usage for multiple pruning methods. All runtime and memory consumption results in 
this table were measured directly on the same hardware platform (NVIDIA RTX 3090Ti, CUDA 12.2, PyTorch 2.2) using the 
official code or our own reimplementation.
 Methods Models Dataset Top-1 Pruning time Pruning memory Fine-tuning time Inference time 
 REAF ResNet-56 CIFAR10 93.78% 5.53 h 5.55G 0.9 h 1.3 ms  
 TSGCP ResNet-56 CIFAR10 93.60% 2.81 h 1.12G 0.9 h 1.2 ms  
 FC-ABC ResNet-56 CIFAR10 93.98% 1.61 h 1.02G 0.9 h 1.2 ms  
 TSGCP ResNet-50 ImageNet 75.60% 20.5 h 8.12G 18.3 h 18 ms  
 GA ResNet-50 ImageNet 73.58% 0.95 h 7.98G 18.3 h 17 ms  
 ABCPruner ResNet-50 ImageNet 73.86% 11.54 h 12.6G 18.3 h 20 ms  
 FC-ABC ResNet-50 ImageNet 75.50% 11.09 h 12.6G 18.3 h 14 ms  
on MobileNet-v2, we utilize four A30 GPUs, with a search time of 2.4 
days. Overall, the cost of our search tasks is within an acceptable range. 
For ResNet-50 pretrained on ImageNet, compared with ABCPruner with 
a honey value of 16, FC-ABC can search the honey value of 37. After the 
searching stages, ABCPruner and FC-ABC both search 10 subnetworks, 
but ABCPruner has searched 1 subnetwork twice. It is clear that FC-ABC 
can effectively explore a larger number of sub-networks with compara-
ble search time. This benefits from FC-ABC incorporating a subnetwork 
record set during the search process, which prevents possible redundant 
fitness calculations with only a negligible time loss, thus enhancing 
search efficiency.

Moreover, as shown in Table  9, we compare the pruning time, GPU 
memory consumption, fine-tuning time, and inference time of FC-ABC 
against GA, TSGCP, REAF, and ABCPruner on both ResNet56/CIFAR-
10 and ResNet50/ImageNet. GA is a pruning method based on the 
evaluation of channel importance. TSGCP is also a method based on the 
evaluation of channel importance, but it need a auto-sparsity process 
to enhance the importance of channels. REAF and ABCPruner are 
both the pruning methods based on structure search. On the more 
challenging ImageNet benchmark, FC-ABC requires 11.09 h of pruning 
time—longer than GA (0.95 h) but shorter than TSGCP (20.5 h), and 
comparable to ABCPruner (11.54 h). This moderate search cost is 
well justified by the resulting performance: FC-ABC achieves a Top-
1 accuracy of 75.50%, substantially outperforming GA (73.58%) and 
ABCPruner (73.86%), while matching TSGCP (75.60%) with nearly half 
the pruning time. In terms of GPU memory, FC-ABC consumes 12.6 GB 
peak during search, primarily due to simultaneous dataset loading 
and parallel sub-network evaluation; however, excluding the fitness 
computation, the memory footprint reduces to 4.51 GB, well within the 
capacity of commonly available GPUs. All compared methods share the 
same fine-tuning cost (18.3 h on ImageNet), as they require the same 
number of fine-tuning epochs, but FC-ABC yields the fastest inference 
time (14 ms) among them, outperforming GA (17 ms), TSGCP (18 ms), 
and ABCPruner (20 ms).

To provide a more intuitive basis for comparison, we introduce a 
normalized metric (accuracy gain per unit of search time) relative to 
the fastest but least accurate baseline (GA). FC-ABC achieves 0.173% 
per hour, substantially higher than ABCPruner (0.024% per hour) and 
TSGCP (0.099% per hour), demonstrating that FC-ABC delivers the 
highest accuracy improvement per unit of search time among structure-
search-based methods. In summary, FC-ABC strikes a favorable balance 
between computational cost and performance benefits: it achieves the 
best Top-1 accuracy (75.50%) with moderate pruning time, acceptable 
GPU memory, identical fine-tuning cost to competing methods, and 
the fastest inference speed. These results confirm that the additional 
search overhead of FC-ABC is well justified by its superior accuracy, 
compression, and inference efficiency, reinforcing its practical value for 
real-world deployment scenarios.

5. Conclusion

In this paper, we designed a scalable computation-adaptive chan-
nel pruning method to effectively prune DNNs with different cou-
pled structures. Firstly, structure mapping is proposed to establish 
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different mapping relationship between coupled model structures in a 
DNN with non-coupled search structures of the corresponding search 
space. The proposed structure mapping method can treat the inter-
dependent channels in the coupled structure as a whole and prune 
them simultaneously, thus avoiding the pruning dependency prob-
lem caused by the different local importance of these channels and 
greatly improving the scalability of the pruning method. Secondly, a 
computation-adaptive artificial bee colony algorithm is designed to 
search the optimal pruned structure, which not only reduces the search 
space but also meets practical compression requirements. Finally, a cell-
level search space method is proposed to significantly shrink search 
space. The computation-adaptive artificial bee colony algorithm with 
cell-level search space method exponentially reduces the search space 
of the artificial bee colony algorithm, so that for a given DNN network, 
a good pruning structure can be searched in a short time.

Extensive experiments demonstrate the effectiveness of FC-ABC rel-
ative to existing methods, highlighting its practicality for a limited-
resource environment. However, for the Transformer-series models, the 
method presented in this work still possesses substantial potential for 
theoretical improvement, including aspects such as search space con-
struction, fitness evaluation strategies, and evolutionary search strate-
gies. And the proposed method fails to fully exploit the parallelism 
of computational tasks during the search process, resulting in a large 
amount of redundant waiting during the search process. In future 
work, we will further design algorithms to improve computational 
parallelism, thereby significantly reducing the time required for a single 
search task.
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