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Abstract

In recent years, semantic segmentation has flourished in var-
ious applications. However, the high computational cost re-
mains a significant challenge that hinders its further adop-
tion. The filter pruning method for structured network slim-
ming offers a direct and effective solution for the reduction
of segmentation networks. Nevertheless, we argue that most
existing pruning methods, originally designed for image clas-
sification, overlook the fact that segmentation is a location-
sensitive task, which consequently leads to their suboptimal
performance when applied to segmentation networks. To ad-
dress this issue, this paper proposes a novel approach, de-
noted as Spatial-aware Information Redundancy Filter Prun-
ing (SIRFP), which aims to reduce feature redundancy be-
tween channels. First, we formulate the pruning process as a
maximum edge weight clique problem (MEWCP) in graph
theory, thereby minimizing the redundancy among the re-
maining features after pruning. Within this framework, we
introduce a spatial-aware redundancy metric based on fea-
ture maps, thus endowing the pruning process with location
sensitivity to better adapt to pruning segmentation networks.
Additionally, based on the MEWCP, we propose a low com-
putational complexity greedy strategy to solve this NP-hard
problem, making it feasible and efficient for structured prun-
ing. To validate the effectiveness of our method, we con-
ducted extensive comparative experiments on various chal-
lenging datasets. The results demonstrate the superior perfor-
mance of SIRFP for semantic segmentation tasks.

Code — https://github.com/dywu98/SIRFP.git

Introduction
Semantic segmentation is a classic and challenging task in
the field of computer vision. Its goal is to assign category
labels to each pixel in an image. Recently, with the ad-
vent of Fully Convolutional Networks (FCN) (Long, Shel-
hamer, and Darrell 2015), numerous deep learning-based
methods (Chen et al. 2017a; Ding et al. 2018; Ronneberger,
Fischer, and Brox 2015; Zhao et al. 2017; Pang et al. 2019;
Chen et al. 2018) have been proposed and applied to se-
mantic segmentation. These methods often involve networks
with a large number of parameters and high computational
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Figure 1: Params vs mIOU on Cityscapes dataset. The pro-
posed Spatial-aware Information Redundancy Filter Pruning
(SIRFP) method achieves an outstanding trade-off between
parameter efficiency and accuracy. The pruning methods are
connected with lines while real-time methods are colored in
grey. Best viewed in color.

costs, which enable them to extract high-quality features
for pixel representation. However, the intimidating com-
putational cost also hinders their deployment on resource-
constrained devices widely used on autonomous vehicles,
mobile phones, wearable devices, and robots. Therefore,
there is an urgent need to develop efficient neural network
compression methods for semantic segmentation.

Currently, network compression methods can be broadly
categorized into three types: parameter quantization (Han,
Mao, and Dally 2015; Xu et al. 2018; Esser et al. 2019),
low-rank approximation (Yang et al. 2019; Yu et al. 2017),
and network pruning (Luo, Wu, and Lin 2017; Lin et al.
2020b; Molchanov et al. 2019). Network pruning can be fur-
ther divided into weight pruning (Han et al. 2015; Carreira-
Perpinán and Idelbayev 2018) and filter pruning (Zhuang
et al. 2018; Molchanov et al. 2019; Li et al. 2016). Weight
pruning eliminates individual weight elements to achieve
unstructured sparsity, requiring specialized libraries to ac-
celerate sparse matrix computations. In contrast, filter prun-
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ing directly prunes redundant channels (or filters). The
pruned network retains the same structure as the original,
differing only in the number of channels. Thus, filter prun-
ing can achieve network compression using standard hard-
ware without specially designed libraries. This simplicity
has made filter pruning a widely adopted approach, provok-
ing extensive research in this area.

However, most pruning methods are primarily focused on
image recognition tasks. Although these methods achieve
promising performance in image classification tasks, they
fail to account for the differences between image recognition
and semantic segmentation. Classification focuses on iden-
tifying distinguishing features, whereas segmentation fur-
ther requires precise object localization within images. Rich
spatial information is crucial for high-quality segmentation,
but it plays a lesser role in classification. Consequently, se-
mantic segmentation models exhibit different channel re-
dundancy characteristics compared to classification models.
Identifying redundancy in segmentation requires evaluating
not only the similarity of semantic information but also the
spatial redundancy across channels. The spatial-agnostic im-
portance metric adopted in existing filter pruning methods
limits their effectiveness on semantic segmentation models,
leading to a suboptimal trade-off between compression ra-
tios and accuracy performance.

To address these issues, we propose a spatially-aware in-
formation redundancy filter pruning (SIRFP) method for se-
mantic segmentation. To measure the importance of each
channel, we first introduce a spatially-aware redundancy
metric, statistically calculating the redundancy based on the
non-pooled, high-resolution, and spatially informative fea-
tures during training using the exponential moving aver-
age (EMA) mechanism. With this spatial-aware redundancy
metric, we rethink the optimization objective of structured
pruning from the graph theory perspective, finding it anal-
ogous to the classical Maximum Edge Weight Clique Prob-
lem (MEWCP) (Späth 1985). This problem aims to find the
complete subgraph with the maximum sum of all its edge
weights of a given cardinality (the number of nodes). From
this perspective, we construct the graph of filters: each node
represents a filter, and the edge weights are negatively cor-
related with the mutual information redundancy between
filters. With this constructed graph, the filter pruning op-
timization goal that minimizes the mutual information re-
dundancy between channels in the pruned network is ex-
actly equivalent to MEWCP. Unfortunately, MEWCP is an
NP-hard problem, which could not be directly solved in
polynomial time. Although various heuristic methods (Späth
1985; Pullan 2008) and exact methods (Hosseinian, Fontes,
and Butenko 2020) have been proposed for MEWCP, they
still cost unacceptable time in network pruning scenarios
where the number of filter nodes is much larger (more than
1024) than the cardinality of graphs (less than 500) that they
typically focus on. To address this challenge, we propose
an efficient greedy algorithm that significantly reduces the
computational complexity and time cost, providing a prac-
tical solution to our revised pruning optimization problem.
Extensive experiments on popular semantic segmentation
datasets and models demonstrate that our method achieves

outstanding results. For example, Figure 1 shows that the
proposed SIRFP achieves the state-of-the-art trade-off be-
tween the number of parameters and mIoU performance on
the Cityscapes dataset compared with both pruning meth-
ods and recent real-time segmentation methods. Our method
is also evaluated on object detection and image classification
tasks, showing decent generalization ability. In summary, the
contributions of this paper are as follows:
1. We highlight that current channel pruning methods over-

look the spatial redundancy in semantic segmentation
models, leading to limited performance and compression
ratios.

2. To address this issue, we propose a spatially-aware re-
dundancy metric that directly calculates information re-
dundancy based on high-resolution feature maps that re-
tain spatial location information, using a sliding average
during network training to avoid additional inference and
feature storage post-training.

3. We propose to minimize spatial-aware redundancy be-
tween the left channels in the pruned model and frame
the optimization objective as the maximum weight clique
problem (MEWCP). A fast and efficient greedy pruning
process is presented to solve this NP-hard problem.

Related Work
Semantic Segmentation
Since FCN (Long, Shelhamer, and Darrell 2015) introduced
a simple and effective solution for semantic segmentation,
numerous deep learning methods have continuously pushed
the performance boundaries in this field. Compared with
classification methods, segmentation approaches are dedi-
cated to aggregating more contextual information and pre-
serving rich spatial information. For example, PSPNet (Zhao
et al. 2017) and the DeepLab series (Chen et al. 2017a,b,
2014, 2018) maintain a rather large resolution of feature
map for the final prediction. Recent transformer-based meth-
ods like ViT (Dosovitskiy et al. 2020) and Swin (Liu et al.
2021b) also enhance spatial information by adopting posi-
tional encoding to improve the performance.

In the field of real-time segmentation, features with abun-
dant spatial details are even more important given that
the computational cost is under constraints. However, they
manage to preserve rich spatial information by adopting
light-weighted multi-branch networks. For instance, the
BiSeNet (Yu et al. 2018, 2021) series introduces a two-
branch architecture to get rich spatial details and high-
level semantic information, respectively. STDC (Fan et al.
2021) adopts an additional spatial guidance branch to en-
hance spatial information in the extracted features. Recently,
DDRNet (Pan et al. 2022), RTFormer (Wang et al. 2022),
and SeaFormer (Wan et al. 2023) employ a feature-sharing
framework which divides spatial and semantic features at the
deep stages. All these methods demonstrate the importance
of the spatial distribution information for segmentation.

Network Pruning
Network Pruning is a popular and effective technique for
network compression, which aims to eliminate redundant
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parameters in the neural network. Opposed to unstructured
pruning (weight pruning), structural pruning removes pa-
rameters following certain structured sparsity modes. Filter
pruning, which removes the entire filters, is one of the most
popular techniques to get an efficient model without the sup-
port of specially designed hardware or libraries. The key is
how to evaluate the importance of each filter and the corre-
sponding channel. Most of them (He et al. 2019; Liu et al.
2017; Fang et al. 2023; Luo, Wu, and Lin 2017) resort to the
property of filter weights, while there are also methods (Sui
et al. 2021; Lin et al. 2020a) analyze the characteristic of the
corresponding feature maps. As most of the existing pruning
methods focus on image classification, the spatial distribu-
tion in the feature map, which is of significance for location-
sensitive tasks such as segmentation and detection, hardly
attracts the attention of researchers.

Some recent works are designed specifically for semantic
segmentation. CAP (He et al. 2021) first proposes to quan-
tify the contextual information using pooled features. The
quantified context is utilized as a regularization term. It pe-
nalizes the scaling factors of channels with less contextual
information and encourages those with more contextual in-
formation. Chen et al. (Chen, Zhang, and Wang 2022) em-
ploy a multi-task channel pruning framework where the im-
portance of each channel is simultaneously determined by
both the classification and segmentation tasks. DCFP (Wang
et al. 2024) pointed out that the long-tail distribution of sam-
ples hinders the performance of pruned networks. Thus, a
gradient-based importance criterion along with the powerful
Geometric-Semantic Re-balanced Loss (GSRL) is proposed
to avoid performance loss and boost the learning on those
tail classes during fine-tuning. These methods significantly
improve the efficiency-accuracy trade-off of pruned segmen-
tation models, but still ignore the great disparity between
image classification and semantic segmentation: segmenta-
tion requires abundant spatial information to locate objects
while classification only needs class-related information for
categorizing. Therefore, without rich spatial information, the
utilization of only parameters of filters (or channels) or the
pooled features prevents them from achieving superb seg-
mentation performance of pruned models.

Methodology
In this section, we first introduce the optimization problem
of most pruning methods. Then, our motivation to address
the network pruning issue based on the graph theory is elab-
orated. After that, we introduce the details of the optimiza-
tion problem of structural pruning as maximum edge weight
clique problem (MEWCP), the proposed spatial-aware in-
formation redundancy metric, and our efficient heuristic
greedy pruning (EHGP) method to efficiently address the
NP-hard MEWCP.

Preliminary
For clarity, we first define the denotations. Suppose a neu-
ral network contains L layers. The set of network param-
eters {W1, · · · ,WL} contains all the learnable weights.
Wl ∈ RCl×Cl−1

denotes the weight matrix of l-th convolu-

tion or linear layer, where Cl and Cl−1 denoting the number
of output and input channels, respectively. The i-th column
in Wl, namely the weight vector of the i-th output channel,
in the l-th layer is represented by wl

i,:.
For the l-th layer with channel sparsity κl, channel prun-

ing methods identify and retain the set of channels T l con-
taining the most important information to form an efficient
light-weighted pruned model. The optimization problem can
be formulated as follows:

max
ml

Cl∑
i=1

ml
iΦ(l, i), s.t .

Cl∑
j=1

ml
i = κlCl, (1)

where Φ(l, i) denotes the importance score of the i-th filter
in the l-th layer, ml = [ml

1,m
l
2, ...,m

l
Cl ] is the mask vector

of pruning decision for the l-th layer. ml
i is set to 0 if the i-th

output channel will be pruned or 1 if it will be kept.

Motivation
From the redundancy perspective, the channel (or filter) set
T l should contain those channels whose output features
are the most informative ones. In other words, if the out-
put feature distribution of a channel is similar to those of
other channels, the information it contains is redundant.
In this case, even if this redundant channel is pruned, the
next layer can still incorporate similar important informa-
tion from those channels that survived. Intuitively, channels
with high redundancy should be removed, while those less
redundant ought to be kept since they contain discrimina-
tive information which is difficult to reconstruct from other
channels.

Some existing methods like FPGM (He et al. 2019) have
explored this idea in image recognition tasks. However,
the redundancy (or channel similarity) is calculated based
solely on the weights of channels. Despite that these meth-
ods achieve promising progress on the image classification
task, we find that they fail to achieve satisfactory results on
the task of location-sensitive tasks such as semantic seg-
mentation and object detection. This defect can be attributed
to the overlook of spatial information. Evaluating the class-
related semantic information using the weight of filters has
been proven to be effective in image classification models.
However, these discrepancies can never capture the varia-
tions of spatial distribution between different feature maps,
which will lead to poorly located objects for semantic seg-
mentation. The reason for such a performance difference
between the pruned classification and segmentation mod-
els lies in that classification models typically pool feature
maps into vectors, while segmentation models deeply rely
on the feature maps with rich spatial information. There-
fore, the pruned classification models can still make correct
classification predictions based on these spatially misaligned
feature maps. Nevertheless, for semantic segmentation, the
misaligned feature maps directly divert the attention of suc-
ceeding layers from the correct position, which eventually
results in poor performance.

To address this issue, we propose a spatial-aware chan-
nel redundancy pruning method for semantic segmentation.
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In contrast to most existing methods that evaluate the impor-
tance of channels, some pioneering works such as CHIP (Sui
et al. 2021) and HRank (Lin et al. 2020a) propose to com-
pute the importance score in a data-driven manner: the pre-
trained network inference on a set of training data to get
real feature maps which are then utilized for the calculation
of importance score. Inspired by them, we propose to min-
imize the feature map information redundancy among the
remained channels in the pruned network in a spatial-aware
manner.

Structural Pruning as Maximum Edge Weight
Clique Problem
From the perspective of redundancy, each remained channel
should produce exclusive discriminate information to main-
tain low redundancy in the pruned model. In other words,
all κlCl channels are selected and kept from all the Cl ones
such that their information redundancy (or similarity) be-
tween them is minimized. With this goal, the channel prun-
ing problem can be naturally represented as the Maximum
Edge Weight Clique Problem (MEWCP) with a cardinal-
ity bound. This provides us with a new guideline to design
pruning methods in a principled way based on the overall
perspective of all the remained channels and graph theory
knowledge.
Definition 1 (Maximum Edge Weight Clique Problem). Let
G = (V,E) be a simple, complete, undirected, and edge-
weighted graph, where V = {1, 2, ..., C l} is the set of chan-
nel vertices (nodes) and E is the set of edges between chan-
nel vertices. The clique is defined as a subset of vertices
C ⊆ V which is an induced subgraph of G that is complete,
i.e. for all vertices i, j ∈ C, edge {i, j} exist in the cor-
responding subgraph G[C]. The weight of the edge {i, j}
is denoted as aij , which is negatively correlated with the
proposed spatial-aware information redundancy metric. The
summation of edge weights of clique C is noted as W edge

C .
The maximum edge weight clique of G is a clique C in G

which maximizes W edge
C . The MEWCP with a cardinality

bound constraint aims to find the maximum edge weight
clique with no larger than b vertices, which be formulated
as the follows:

max
ml

∑
i∈V

∑
j∈V \{i}

ml
im

l
jaij , s.t .

∑
i∈V

ml
i = b. (2)

When b = κlCl, taking channels as vertices, and set
Φ(l, i) =

∑
j∈V \{i} m

l
jaij , this problem has the same for-

mat with that of channel pruning. The details of edge weight
aij are introduced in the next subsection.

Spatial-aware Information Redundancy Metric
To evaluate the information redundancy and keep the spatial
information, we utilize the un-pooled feature map for calcu-
lation. We have to point out that previous data-driven prun-
ing methods, like HRank and CHIP, only use the pooled vec-
tor for importance score calculation, which completely elim-
inates the spatial information. For semantic segmentation,
spatial information in the feature map is vital, but not taken
into consideration by existing pruning methods. Thus, we

keep each element in the feature map, preserving the abun-
dant location information for redundancy metric to enable
the spatial-aware ability. Here, we propose the redundancy
metrics which can be formulated as:

rij = log2− 1

2
Dkl(F

l
i||

Fl
i + Fl

j

2
)− 1

2
Dkl(F

l
j ||

Fl
i + Fl

j

2
),

(3)
where Dkl(·) denotes the KL Divergence, Fl

i,F
l
j ∈

RCl×H×W denote the un-pooled output feature map of the
i-th and j-th filter with resolution H ×W , respectively.

As our optimization goal is to maximize the summation
of edge weights, the edge weight should be negatively cor-
related with the redundancy. Moreover, if the calculation is
conducted after pre-training, it would cost a huge memory
and time to inference on real training data and collect the
feature maps. Thus, we adopt the Exponential Moving Aver-
age (EMA) mechanism to accumulate the edge weight since
the calculation of rij requires high-resolution feature maps
of each layer. Finally, the edge weight aij can be defined as
the follows:

atij = at−1
ij α+ (1− rij)(1− α), (4)

where α is the hyper-parameter of EMA, which is set to
0.99. Hence, with this redundancy metric and edge weight,
we can leverage the rich theoretical foundations of MEWCP
to derive a spatial-aware pruning method.

Efficient Heuristic Greedy Pruning
Unfortunately, an practical issue arises when it comes to
address this problem in such a channel pruning scenario:
MEWCP is apparently NP-hard (Hosseinian et al. 2017),
which requires a huge amount of time to get the exact so-
lution. The large number of channels and layers makes it
even more time-consuming, since we have to consider all the(

b
Cl

)
possibilities for each layer. Although there researchers

attempt to reduce the computational complexity, acquiring
an exact solution is still too expensive compared to exist-
ing channel pruning methods whose complexity is usually
only O(Cl + Cllog(Cl)). In addition, the heuristic meth-
ods for MEWCP is also not robust enough. Studies shows
that the computational complexity of some heuristic meth-
ods (Macambira and De Souza 2000) could reach O(n4) or
even O(n5) (Hosseinian et al. 2017). Therefore, it is imper-
ative to design a computational efficient algorithm for our
MEWCP pruning method.

Although the cost for exactly solving MEWCP is unac-
ceptable for most case, the solution for b = Cl − 1 can
be explicitly given (Späth 1985). Putting {k} := V \C, the
edge weight of clique C can be formulated as :

W edge
C =

∑
i∈C

∑
j∈C\{i}

aij =
∑
i∈V

∑
j∈V \{i}

ml
im

l
jaij

=
∑
i∈V

∑
j∈V \{i}

aij −
∑

h∈V \{k}

ahk.
(5)

Thus, C can be found by only excluding k out of V such that
the vertices k has the minimum summation of edge weights:

min
k

∑
h∈V \{k}

ahk. (6)
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Algorithm 1: Efficient Heuristic Greedy Pruning

Input : Weight of the l-th layer Wl ∈ RCl×Cl−1

where wl
i,: is the weight of i-th channel, the

graph G = (V,E), and the channel vertices
set V = {1, 2, ..., C l}

Output: The weight Wl
p ∈ RCl

p×Cl−1

after pruning

1 Get the edge weight matrix Al

2 Set the vertices set Vr to be removed as empty set
3 Set the pruning index k = 1, counter t = 1

// Calculate sum of edge weight:
4 for i ∈ V do
5 si ←

∑
j∈V \{i} aij

6 if sk>si then
7 k ← i // Get the least sum

// Start iterative pruning:
8 for each prune iteration tp ∈ [b] do
9 Vr ← Vr + {k} // Prune the selected k

10 q ← random(V − Vr)
11 for i ∈ V − Vr do

// Update sum for next iteration
12 si ← si − aik
13 if sq>si then
14 q ← i // Get the least sum

15 k ← q; t← t+ 1

16 Wl
p ← Concate( [wl

i:, for i ∈ V − Vr] )
17 return Wl

p

Hence, if we prune only one channel out of the l-th layer, the
original optimization problem is equivalent to selecting the
node k with the minimum sum of all its edge weights.

Therefore, we propose a greedy algorithm called efficient
heuristic greedy pruning (EHGP) to reduce the complexity
of solving MEWCP, as shown in Algorithm 1. We decom-
pose the original problem of pruning Cl−b channels(nodes)
at once into the task of iteratively deleting a single channel
for Cl − b times. First, we calculate the summation of edge
weights for each vertices. Then, during each iteration in the
EHGP, we prune the single channel vertices with the least
sum of edge weights for all layers and update the sum of left
edge weights of those still remaining vertices for the next it-
eration. In this greedy way, our proposed method only needs
b iterations to solve the MEWCP in such a network prun-
ing scenario. Thus, the average complexity of the proposed
pruning procedure is reduced to O(n2). We also compare
the runtime of our method and other MEWCP solutions to
prune a Deeplabv3-ResNet50 model. The results in Table 6
demonstrate the efficiency of EHGP.

Pruning Pipeline
As we utilize the feature maps to acquire the information re-
dundancy, a simple way to achieve this is to infer on a set
of selected data after the pre-training stage to collect feature
maps, which will lead to undesired additional computation

Algorithm 2: Overall Pruning Pipeline
Input : An L-layer model with all the weights

Θ = {W1, · · · ,WL}, and the training
dataset D

Output: The pruned and finetuned model Θ′
p

1 for each pre-training iteration t ∈ [T pre
total] do

2 Sample a mini-batch (X,Y) from D
3 Calculate spatial-aware redundancy based on

feature maps // Equation 3

4 Update edge weight matrix Al
t of each layer

using EMA // Equation 4
5 Update the unpruned model Θ
6 Θprev ← Θ
7 for each progressive pruning step ts ∈ [Tstep] do
8 Prune Θprev by EHGP in Algorithm 1 and get

pruned model Θts
p = {W1

p, · · · ,WL
p }ts

9 for each fine-tuning iteration t ∈ [T fine
total ] do

10 Sample a mini-batch (X,Y) from D
11 Update the weight of pruned model Θts

p

12 Set the pruned and finetuned model Θts
f as the

initial model for the next step: Θprev = Θts
f

13 return the final pruned and finetuned model ΘTstep

f .

costs. Some recent works (Lin et al. 2020a; Sui et al. 2021)
adopt this pretrain-collect-prune-finetune pipeline. Accord-
ingly, they suffer from extremely large time costs (more than
an hour on ImageNet (Deng et al. 2009)) to perform the col-
lect&prune. Inspire by previous works (Ioffe and Szegedy
2015) we adopt the Exponential Moving Average (EMA)
mechanism to accumulate the edge weight matrix Al dur-
ing training, as shown in Equation 4. In order to mitigate
the large performance drop after pruning, we progressively
remove channels in Tstep iterations. We prune the model
and finetune it for a few iterations to restore the perfor-
mance, which makes the pruning less destructive. This can
also reduce the duration of accumulating edge weight matrix
and lead to an accurate reflection of the feature redundancy
between channels. The detailed overall pruning process is
shown in the Algorithm 2.

Experiments and Analysis
Although this paper mainly focuses on semantic segmenta-
tion, to comprehensively evaluate the efficacy and general-
ity of our method, we also conduct experiments on a vari-
ety of computer vision tasks, including image classification
and object detection. The experiments run on the Pytorch
framework using NVIDIA RTX 3090 GPUs. More imple-
mentation details, ablation studies, and visualization results
are presented in the Appendix.

Datasets
In this work, we conduct experiments on three tasks: se-
mantic segmentation, image classification, and object detec-
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Method mIoU(%) Params(%↓) FLOPs(%↓)

Unpruned 81.6 41.27M 1418.29G

Random 78.7 16.60M (59.78%↓) 558.72G (60.61%↓)
NS 79.9 15.57M (62.27%↓) 575.20G (59.44%↓)
Taylor 80.3 14.99M (63.68%↓) 564.88G (60.17%↓)
DepGraph 80.0 16.84M (59.20%↓) 561.92G (60.38%↓)
FPGM-60% 80.2 14.68M (64.43%↓) 550.75G (61.17%↓)
DCFP-60% 80.9 14.78M (64.19%↓) 553.74G (60.96%↓)
Ours-60% 81.3 14.52M (64.82%↓) 549.84G (61.23%↓)

FPGM-70% 79.3 10.51M (74.82%↓) 411.26G (71.00%↓)
DCFP-70% 79.8 10.60M (74.32%↓) 418.08G (70.52%↓)
Ours-70% 80.9 10.45M (74.44%↓) 398.56G (71.90%↓)

FPGM-80% 77.9 6.27M (84.81%↓) 274.18G (80.67%↓)
DCFP-80% 78.8 6.65M (83.89%↓) 280.96G (80.19%↓)
Ours-80% 79.4 5.88M (85.75%↓) 260.99G (81.60%↓)

Table 1: Comparison with other pruning methods on
Cityscapes validation set using Deeplabv3-ResNet50.

Method Deeplabv3+ PSPNet

mIoU(%) FLOPs(%↓) mIoU(%) FLOPs

Unpruned 81.9 1608.99G 81.3 1476.54G

Random 76.4 666.40G 76.8 582.08G
DCFP-60% 80.6 652.08G 79.1 595.04G
Ours-60% 81.6 614.81G 81.1 573.96G

DCFP-70% 79.5 502.32G 78.1 444.16G
Ours-70% 81.2 460.02G 80.2 412.52G

DCFP-80% 78.4 330.96G 76.0 314.40G
Ours-80% 80.3 306.01G 79.6 286.93G

Table 2: Ablation studies on Deeplabv3+ and PSPNet. All
models are trained on Cityscapes.

tion. Following DCFP, aside from the popular but rather easy
Cityscapes (Cordts et al. 2016) dataset (19 categories), we
also evaluate our method on the challenging ADE20k (Zhou
et al. 2017) (150 categories) and COCO stuff-10K (Caesar,
Uijlings, and Ferrari 2018) (171 categories). For image clas-
sification and object detection, we compare the proposed
method with other state-of-the-art pruning methods on Ima-
geNet (Deng et al. 2009) and COCO2017 dataset (Lin et al.
2014), respectively.

Semantic Segmentation
Comparison on Cityscapes To compare our method with
other popular pruning algorithms including NS (Liu et al.
2017), Taylor (Molchanov et al. 2019), Depgraph (Fang
et al. 2023), FPGM (He et al. 2019), and DCFP (Wang
et al. 2024), we reproduce these methods and prune the
DeeplabV3-resnet50 model on Cityscapes. The results are
shown in Table 1. Following DCFP, all our experiments
adopt the GSRL to improve performance. Our method at-
tains a significant performance advantage over the other
pruning methods. Moreover, we also include recent real-
time segmentation methods and more pruning methods for
segmentation like CAP (He et al. 2021) and MTP (Chen,
Zhang, and Wang 2022) in Figure 1 to compare the num-
ber of parameters and mIoU performance. According to the
results, SIRFP achieves the best parameter-mIoU trade-off

Method ADE20K COCO stuff-10k

mIoU(%) FLOPs mIoU(%) FLOPs

Unpruned 45.3 177.42G 38.1 177.45G

Random 40.2 71.29G 28.3 70.59G
NS 40.6 72.33G 31.1 71.61G
Taylor 40.8 73.83G 32.0 70.89G
DepGraph 41.0 70.31G 32.0 70.89G
FPGM 39.8 72.44G 30.3 72.44G
DCFP-60% 44.8 71.10G 34.3 70.45G
Ours-60% 44.9 67.82G 34.8 69.65G

DCFP-70% 44.4 55.93G 33.1 51.92G
Ours-70% 44.6 51.40G 33.9 50.74G

DCFP-80% 41.4 35.96G 30.3 35.83G
Ours-80% 41.8 32.39G 30.7 33.25G

Table 3: Results comparison with other pruning methods of
Deeplabv3-ResNet50 on ADE20K and COCO stuff-10K.

Method FLOPs
AP AP50 AP75 APS APM APLReduction

Baseline 0% 25.2 42.7 25.8 7.3 27.1 40.8

DMCP 50% 24.1 41.2 24.7 6.7 25.6 39.2
FPGM* 50% 25.2 42.4 25.9 7.0 27.2 41.3
CHEX-1 50% 25.9 43.0 26.8 7.8 27.8 41.7
Ours 50% 26.6 44.2 27.3 8.1 28.8 43.4

CHEX-2 75% 24.3 41.0 24.9 7.1 25.6 40.1
Ours 75% 24.6 41.8 25.1 7.3 26.0 41.2

Table 4: Object detection pruning results on COCO2017 val-
idation set using SSD-ResNet50. * denotes our reproduc-
tion.

among all the other pruning methods and real-time methods.
Comparison on ADE20K and COCO stuff-10k The com-
parison with existing pruning methods on ADE20K and
COCO stuff-10K are reported in Table 3, showing consistent
effectiveness on these challenging datasets. Specifically, our
method exceeds the FPGM by 1.1%, 5.0%, and 4.5% mIoU
under 60% FLOPs reduction on Cityscapes, ADE20K, and
COCO stuff-10k, respectively. We attribute this significant
performance advantage to the proposed spatial-aware redun-
dancy metric, which enables our method to capture the over-
lap of spatial distribution between different features.
Comparison with DCFP As DCFP (Wang et al. 2024) also
calculates the importance score using the EMA mechanism,
the performance advantage of our method over DCFP indi-
cates that the adoption of the EMA mechanism is obviously
not the main reason for performance advantage. We believe
that this corroborates our argument that the spatial-aware
metric is more suitable for semantic segmentation than tra-
ditional spatial-agnostic metrics, like the grad-based impor-
tance score of DCFP.

Object Detection
Object detection is also a location-sensitive computer vi-
sion task. We also conduct experiments on the classic SSD-
ResNet50 and compare the results with DMCP (Guo et al.
2020), FPGM (He et al. 2019), CHEX (Hou et al. 2022) to
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Method Top-1 Top-5 FLOPs

SSS (Huang and Wang 2018) 74.18 91.91 2.8G
GReg-2 (Wang et al. 2020) 75.36 - 2.8G
AOFP-C1 (Ding et al. 2019) 75.63 92.69 2.6G
ThiNet (Luo, Wu, and Lin 2017) 72.04 90.67 2.4G
SFP (He et al. 2018) 74.61 92.87 2.4G
FPGM (He et al. 2019) 75.50 92.63 2.4G
BNFI (Oh et al. 2022) 75.47 - 2.3G
TAS (Dong and Yang 2019) 76.20 - 2.3G
HRank (Lin et al. 2020a) 74.98 92.33 2.3G
Taylor (Molchanov et al. 2019) 74.50 - 2.3G
CCP (Peng et al. 2019) 75.50 92.62 2.1G
GFP (Liu et al. 2021a) 76.42 - 2.0G
DepGraph (Fang et al. 2023) 75.28 - 2.0G
DSA (Ning et al. 2020) 74.69 92.06 2.0G
CafeNet (Su et al. 2021) 76.90 93.30 2.0G
Ours 77.35 93.60 2.0G

BNFI (Oh et al. 2022) 75.02 - 1.9G
FPGM (He et al. 2019) 74.83 92.32 1.9G
Hinge (Li et al. 2020) 74.70 - 1.9G
DCP (Zhuang et al. 2018) 74.95 93.54 1.8G
Ours 75.14 93.12 1.7G

HRank (Lin et al. 2020a) 71.98 91.01 1.6G
DMCP (Guo et al. 2020) 74.10 - 1.1G
CHIP (Sui et al. 2021) 73.30 91.48 1.0G
Ours 74.67 92.19 1.0G

Table 5: Comparison with existing pruning methods on Im-
ageNet validation set using ResNet-50.

evaluate the effectiveness and generalization of our method.
Experimental results conducted on the COCO2017 dataset
are reported in Table 4. Following CHEX, we only prune the
backbone of SSD. Compared with the data-driven method
CHEX which relies on the rank of the feature map, our
method achieves a 0.7% AP improvement over CHEX under
50% FLOPs reduction ratio. The performance advantages
over our reproduced FPGM and CHEX illustrate that our
spatial-aware method is also more powerful than the other
spatial-agnostic pruning methods on object detection task
which also requires excellent localization ability.

Image Classification
Although we focus on location-sensitive tasks, the perfor-
mance on image classification also indicates the ability to
preserve spatial-agnostic semantic information. Hence, we
conduct experiments on the ImageNet dataset and the re-
sults are reported in Table 5. Following the adaptive prun-
ing methods, we prune the model during training progres-
sively. SIRFP obtains a significant performance advantage
over existing pruning methods. As CHIP (Sui et al. 2021)
and HRank (Lin et al. 2020a) also utilize features to cal-
culate importance score, we contend that the spatial-aware
redundancy metric, instead of the data-driven manner, is the
main cause of our performance advantage.

Ablation Studies
Generalization on different models. To evaluate the effec-
tiveness and generalization ability of our pruning method,

Method Type Runtime(sec.) mIoU(%)

(Pullan 2008) Heuristic 3731 81.3
(Macambira et al. 2000) Heuristic 4933 81.1
(Hosseinian et al. 2020) Exact >10800 81.4
EHGP(Ours) Heuristic 285 81.3

Table 6: Runtime comparison between our proposed EHGP
and different methods for the MEWCP. Experiments are
conducted on Deeplabv3-ResNet50.

Method FLOPs Reduction FPS(img/s) mIoU(%)

Unpruned 0% 36.7 79.3

DCFP 60% 61.7 80.7
Ours 60% 62.4 81.3

DCFP 70% 69.9 79.8
Ours 70% 73.9 80.9

DCFP 80% 81.1 78.8
Ours 80% 90.5 79.4

Table 7: Performance and inference speed comparison with
DCFP on Cityscapes dataset using Deeplabv3-ResNet50.

we conduct experiments on various segmentation models.
Aside from Deeplabv3 (Chen et al. 2017a), we also con-
duct experiments on the popular and classic PSPNet (Zhao
et al. 2017) and Deeplabv3+ (Chen et al. 2018), as reported
in the Table 2. The experimental results demonstrate the de-
cent generalization ability of SIRFP on various models.
Ablation on MEWCP solver. In order to show the effi-
ciency of our greedy pruning algorithm, we compare the run-
time with other exact and heuristic methods for MEWCP in
the pruning scenario. The results in Table 6 show that our
greedy algorithm exhibits outstanding efficiency compared
with other solutions. With onlyO(n2) complexity as we dis-
cussed above, the speed of the proposed EHGP significantly
exceeds other methods for MEWCP.
Time efficiency comparison We compare the inference
time efficiency of DCFP and our SIRFP in Table 7. All our
models employ TensorRT, the commonly used SDK for real-
time neural network inference. Compared with DCFP, our
method performs more efficiently with higher mIoU results
and faster inference speed, especially on larger FLOPs re-
duction ratios.

Limitation

Although SIRFP exhibits excellent performance and gener-
alization ability, it relies on the EMA to accumulate edge
weight matrix during training. For a given well-trained net-
work, the SIRFP has to inference on training samples to ac-
quire feature maps, causing extra computational cost. More-
over, the time to calculate redundancy may be huge for
networks whose feature map resolution is extremely large.
Thus, the efficiency of redundancy calculation can be fur-
ther improved.
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