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Abstract

The recently proposed Vision transformers (ViTs) have
shown very impressive empirical performance in various
computer vision tasks, and they are viewed as an impor-
tant type of foundation model. However, ViTs are typically
constructed with large-scale sizes, which then severely hin-
der their potential deployment in many practical resources-
constrained applications. To mitigate this challenging prob-
lem, structured pruning is a promising solution to compress
model size and enable practical efficiency. However, unlike
its current popularity for CNNs and RNNs, structured prun-
ing for ViT models is little explored.
In this paper, we propose GOHSP, a unified framework of
Graph and Optimization-based Structured Pruning for ViT
models. We first develop a graph-based ranking for measur-
ing the importance of attention heads, and the extracted im-
portance information is further integrated to an optimization-
based procedure to impose the heterogeneous structured spar-
sity patterns on the ViT models. Experimental results show
that our proposed GOHSP demonstrates excellent compres-
sion performance. On CIFAR-10 dataset, our approach can
bring 40% parameters reduction with no accuracy loss for
ViT-Small model. On ImageNet dataset, with 30% and 35%
sparsity ratio for DeiT-Tiny and DeiT-Small models, our ap-
proach achieves 1.65% and 0.76% accuracy increase over the
existing structured pruning methods, respectively.

Introduction
Recently applying transformer architecture to computer vi-
sion has emerged as an important forefront of foundation
model design (Dosovitskiy et al. 2020). Thanks to the del-
icate vision-specific self-attention, inherent minimal induc-
tive biases and high scalability and parallelism, vision trans-
formers (ViTs) (Dosovitskiy et al. 2020; Touvron et al.
2021; Zhou et al. 2021) have shown very outstanding and
even state-of-the-art performance in many fundamental and
downstream image and video processing tasks, such as im-
age classification, object detection, super-resolution, video
classification etc.

Motivated by the scaling success of the giant natural lan-
guage processing (NLP) transformers (e.g., BERT (Devlin
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et al. 2018) and GPT-3 (Brown et al. 2020)), the existing
ViTs are also constructed with large model sizes to adapt for
massive data training (Zhai et al. 2021). Consequently, they
are suffering from huge memory footprints and extensive
computational costs. These limitations, if not being properly
addressed, could severely hinder the widespread adoption of
ViTs in many practical scenarios, especially on the resource-
constrained mobile platforms and Internet-of-things (IoT)
devices.

To mitigate this challenging problem, one attractive solu-
tion is to perform model compression (Yu et al. 2017; Kim
et al. 2016; Pan et al. 2019) to reduce the network costs with-
out affecting task performance. However, unlike the current
popularity of compressing convolutional and recurrent neu-
ral networks (CNNs and RNNs), ViT-oriented model com-
pression has not been systematically studied yet. In partic-
ular, structured pruning, as an important hardware-friendly
compression strategy that can bring practical efficiency on
the off-the-shelf hardware, is little explored for ViT models.

To date, a rich set of structured pruning approaches have
been proposed and investigated in the existing literatures,
and most of them focus on sparsifying the CNNs at the chan-
nel level (He, Zhang, and Sun 2017; Ye et al. 2018). On the
other hand, as will be analyzed and elaborated in Section ,
because of the difference of the underlying architecture, the
structured sparse ViT models can exhibit multi-granularity
sparsity (i.e., head-level and column-level) in the different
component modules (i.e., attention head and multi-layer per-
ception (MLP)). The co-existence of such heterogeneous
sparse patterns raises a series of new research challenges and
questions when we consider the efficient structured pruning
strategy for ViT models. For instance, for each component
module what is the corresponding suitable pruning criterion
to obtain its specific sparse pattern? Also, how should we
perform the entire pruning process across different modules
with different levels of granularity sparsity to optimize the
overall compression and task performance?

Technical Preview & Contributions. To answer these
questions, in this paper we propose GOHSP, a unified frame-
work of Graph and Optimization-based Structure Prun-
ing for vision transformer. To be specific, we first de-
velop a graph-based ranking approach to measure the im-
portance of attention heads. As a soft-pruning guideline,
such importance information is then integrated to the overall
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optimization-based procedure to impose the different types
of structured sparsity in a joint and global way. Overall, the
contributions of this paper are summarized as follows:

• We propose a graph-based ranking algorithm to mea-
sure and determine the importance of attention heads.
By modeling the inter-head correlation as a converged
Markov chain, the head importance can be interpreted
and calculated as the stationary distribution, which is fur-
ther used as a soft guideline for the overall pruning pro-
cedure.

• We propose a unified framework to jointly optimize dif-
ferent types of structured sparsity in the different mod-
ules. The complicated coordination for different sparse
patterns are automatically learned and optimized in a sys-
tematic way.

• We evaluate the performance of our structured pruning
approach of different ViT models. Particularly, On Ima-
geNet dataset, with 30% and 40% sparsity ratio for DeiT-
Tiny and DeiT-Small models, our approach achieves
1.65% and 0.76% accuracy increase than the existing
structured pruning methods, respectively.

Related Work
Vision Transformer. Inspired by the grand success of trans-
former architecture in NLP domains, deep learning re-
searchers have actively explored the efficient transformer-
based neural networks for computer vision. Most recently,
several vision transformers (ViTs) and their variants have
already shown very impressive performance in several im-
age and video processing tasks (Dosovitskiy et al. 2020;
Touvron et al. 2021; Zhou et al. 2021). However, in order
to achieve competitive performance with the state-of-the-art
CNNs, ViTs typically have to scale up their model sizes and
therefore they suffer from costly computation and storage.

Dynamic Inference with ViTs. To reduce the deploy-
ment costs of ViTs, several works (Wang et al. 2021;
Bakhtiarnia, Zhang, and Iosifidis 2021; Rao et al. 2021;
Meng et al. 2022; Xu et al. 2022; Uzkent, Yeh, and Er-
mon 2020; Uzkent and Ermon 2020) have been proposed to
improve the processing speed via dynamically pruning the
tokens/patches or skipping transformer components adap-
tively. Essentially as dynamic inference approaches, this set
of works do not pursue to reduce the model sizes but focus
on input-aware inference to obtain practical speedup. Our
structured pruning-based solution is orthogonal to them, and
these two different strategies can be potentially combined
together to achieve higher speed and smaller memory foot-
print.

Structured Pruning. Model compression is a promising
strategy to reduce the deployment costs of neural networks.
Among various model compression techniques, structured
pruning is a very popular choice because its hardware-
friendly nature can bring practical efficiency on the real-
world devices. Based on different pruning criterias, various
structured pruning approaches have been extensively studied
in the existing literature (Yu et al. 2018; Zhuang et al. 2018;
Liu et al. 2019; He et al. 2019; Lin et al. 2020; Tiwari et al.
2021; Lou et al. 2022), and most of them focus on pruning

Head-based Sparsity
(Multi-Head Attention)

(a) Conventional Unstructured Sparsity

(b) Unified Structured Sparsity (Ours)

Column-based Sparsity 
(Multi-Head Attention)

Column-based Sparsity 
(MLP)

Unstructured Sparsity 
(MLP)

Unstructured Sparsity
(Multi-Head Attention)

Figure 1: (a) Sparsity pattern of ViT models after un-
structured pruning. Only part of the Multi-Head Attention
and MLP columns are pruned which are not hardware-
friendly.(b) Heterogeneous sparsity patterns of ViT models
after structured pruning. Certain MLP and Multi-Head At-
tention columns are removed which is hardware-friendly.

CNN models; while the efficient structured pruning of ViTs
is little explored. One of these studies, (Chen et al. 2021),
prunes the vision transformers using structured pruning. (Yu
et al. 2022), on the other hand, focuses on FLOPs reduction
with the vision transformers using pruning, layer skipping,
and knowledge distillation whereas in our study we focus on
structured pruning to mainly reduce the number of parame-
ters for building hardware-friendly compressed models. For
this reason, we compare our method to (Chen et al. 2021).

Structured Pruning of ViTs: Analysis
Notation. Considering an L-block vision transformer,
W

(l)
attn = {W (l)

qkv,W
(l)
proj} and W

(l)
mlp = {W (l)

fc1 ,W
(l)
fc2} rep-

resent the weights of the attention layer and the MLP layer
at l-th block, respectively. For each attention layer, there are
H self-attention heads, namely W

(l)
qkv = {W (l,h)

qkv }Hh=1 and

W
(l)
proj = {W

(l,h)
proj }Hh=1. To simplify the notation, in the fol-

lowing content we take one block as the example and omit
the superscript (layer index).

Heterogeneity of structured sparsity. Because of the
difference of the network architecture, the meaning of
‘structured sparsity’ varies with different model types. As
described and performed in (Wen et al. 2016; Anwar,
Hwang, and Sung 2017; Liu et al. 2018, 2020), the struc-
tured pruning of CNN and RNN typically indicates the re-
moval of the entire channels of the weight tensors and the
entire columns of the weight matrices, respectively. Notice
that here for either of these two cases, only one type of the
structured sparse pattern exist because of the architectural
homogeneity of the CNN and RNN.

On the other hand, a ViT model exhibits inherent archi-
tectural heterogeneity. Within the same block, the front-end
multi-head attention module and the back-end MLP mod-
ule represent two types of design philosophy for information
processing, and thereby leading to huge difference on both
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computing procedures and the available structured sparse
patterns.

To be specific, when we consider performing structured
pruning of ViT model, three types of structured sparse pat-
terns can co-exist with different levels of granularity across
different modules. For the multi-head attention module, be-
cause each attention head is processing the information in-
dividually in a parallel way, the pruning can be performed
at the head-level to sparsify this component. In addition,
consider the weights in the heads are represented in the ma-
trix format; the column-level sparsity can also be introduced
towards structured pruning. Meanwhile, because the MLP
consists of multiple weight matrices as well, the column-
level of granularity sparsity can be imposed on this back-end
module at the same time. Consequently, a structured pruned
ViT model can exhibit heterogeneous structured sparsity
(see Fig. 1).

Problem Definition. Based on the above analysis, the
structured pruning of a vision transformer model with loss
function `(·) can be formulated as the following general op-
timization problem:

min
Wattn,Wmlp

`(Wattn,Wmlp),

s.t. ‖Wattn‖h0 ≤ κhattn,
‖Wattn‖c0 ≤ κcattn,
‖Wmlp‖c0 ≤ κcmlp,

(1)

where κc and κh are the desired number of columns and the
desired number of heads after pruning, respectively. ‖ · ‖c0
and ‖ · ‖h0 are the column-based and head-based group L0-
norm, which denote the number of non-zero columns and
the number of non-zero heads, respectively.

Questions to be Answered. Solving the above opti-
mization problem is non-trivial since it contains the con-
straints involved with multi-granularity sparsity for different
model components. More specifically, two important ques-
tions need to be answered. Question #1: What is the suitable
pruning criterion to obtain head-level sparsity?

Analysis: From the perspective of information process-
ing, multi-head attention shares some interesting similarity
with convolutional layer. Both of them use multiple indi-
vidual computing units, i.e., attention heads and convolu-
tional filters, to perform parallel computations. Therefore, a
naive way to perform head-level pruning is to leverage the
existing criteria developed in the channel pruning of CNNs.
However, such straightforward solution, in principle, may
not be the best choice because of two reasons. First, the re-
ceptive fields and the focused locality of the attention head
and filters are different, and hence simply using the crite-
rion for pruning channels is not a suitable strategy. Second
and more importantly, most of the existing channel pruning
criterias are built on the information of each individual chan-
nel (the corresponding filter weight and/or its feature map).
When adopting this philosophy in the head pruning, the in-
sufficient utilization of inter-head information will probably
cause non-negligible performance loss. Overall, the unique
characteristics of multi-head attention mechanism calls for
attention-specific pruning criterion.

Question #2: How should we coordinate the pruning
across different modules with different levels of granularity?

Analysis: As indicated before, three types of structured
sparse pattern can co-exist in the different modules of the
pruned ViT models. A key component of the to-be-explored
structured pruning strategy is to develop a good coordination
scheme that can properly impose these different structured
sparse patterns in a joint and global way. Consider the com-
plicated interaction among different types of structured spar-
sity, the expected pruning strategy should be able to solve
this problem in a systematic and global way.

Structured Pruning of ViTs: Method
Graph-based Head Ranking
To answer Question #1, we propose a graph-based approach
to measure and determine the importance of different at-
tention heads, which can be further used for the follow-up
pruning. Our key idea is to model the inter-head correla-
tion as a graph, and then leverage the graph-based ranking,
a methodology that has been successfully used in many web
search and NLP algorithms, such as PageRank (Page et al.
1999), TextRank (Mihalcea and Tarau 2004) and LexRank
(Erkan and Radev 2004), to select important attention heads.

Graph Construction of Markov Chain. To be specific,
we first construct a graphG = (A,E) to represent the atten-
tion heads and their similarities in the block of a ViT model.
The set of nodes A denote all the attention heads {Ah}Hh=1,
and E is the set of connected edges. For edge E(Ai, Aj),
its weight is defined as the expected cosine similarity be-
tween Ai and Aj . According to (Mihalcea and Tarau 2004),
the graph defined with such cosine similarity can be inter-
preted as a Markov chain, where each node is a state, and
the transition probability P (i, j) between two states is the
edge weight. In such scenario, P (i, j) can be calculated as:

P (i, j) = EX∼D [CosineSim(Ai(X), Aj(X))] , (2)

where Ai(X) is the output of i-th attention head with sam-
pled input X and D is the data set. Built upon this calcula-
tion, the entire transition matrix P of a Markov chain. No-
tice that as indicated in (Erkan and Radev 2004), each col-
umn of P should be further normalized.

Batch estimation. Calculating the transition probability
can be very costly since it needs to be performed across the
entire training dataset D (see Eq. 2). To solve this problem,
we adopt a batch-based estimation strategy to improve com-
putation efficiency without sacrificing ranking performance.
To be specific, as described in Eq. 3, only a batch of training
data is sampled and used to to estimate the transition prob-
ability. As our ablation study in Section will show, using
different batch sizes (B) bring very stable ranking results
for the attention heads, thereby empirically verifying the ef-
fectiveness of this estimation strategy.

P (i, j) = CosineSim

(
B∑
b=1

Ai(Xb),
B∑
b=1

Aj(Xb)

)
.

(3)
Importance Ranking. Mathematically, an irreducible

and aperiodic Markov chain is guaranteed to converge to a
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Figure 2: Procedure of the proposed multi-stage structured pruning approach.

stationary distribution (Seneta 2006). As indicated in (Erkan
and Radev 2004), once converged, the probability of a ran-
dom walker stays in one state can reflect the state impor-
tance. Motivated by this observation, we propose to quantify
the importance of each attention head via calculating the sta-
tionary distribution in our constructed Markov chain. To that
end, the iterative power method (Erkan and Radev 2004) can
be used via setting a uniform distribution for the states as the
initialization. Overall, the entire graph-based head ranking
procedure is described in Algorithm 2.

Soft-Pruning Mask. Once the importance score for each
state is obtained via calculating the stationary distribution,
the corresponding attention heads can be ranked. Here we
use a binary mark matrix Mattn = {Mqkv,Mproj} to in-
dicate the weight entries associated with the least important
heads that should be removed. Notice that at this stage the
head pruning is not performed yet. Instead such binary mask
serves as the guideline for the next-stage optimization, and
it is essentially integrated into Eq. 1 as follows:

min
Wattn,Wmlp

`(Wattn,Wmlp)

s.t. ‖(1−Mattn)�Wattn‖0 = 0,

‖Wmlp‖0 ≤ κcmlp,

‖Mattn �Wattn‖c0 ≤ κcattn,

(4)

where � is element-wise product. In general, because the
overall optimization phase coordinates and adjusts the dif-
ferent types of structured sparse pattern from a global per-
spective, this ranking-only ”soft” pruning strategy, instead
of directly pruning the least important heads, can provide
more flexibility and possibility for the next-stage optimiza-
tion procedure to identify better structured sparse models.

Optimization-based Structured Pruning
As pointed out by Question #2, the co-existence of multi-
granularity and multi-location of the sparsity of ViT models
make the entire structured pruning procedure become very
challenging. To solve this, we propose to use advanced op-
timization technique to perform systematic structured prun-
ing. To be specific, considering the complicated interactions

among different types of structured sparsity, we do not prune
the heads or columns immediately, since any direct hard
pruning at the early stage may cause severe accuracy loss.
Instead, we adopt ”soft-pruning” strategy via optimizing the
entire ViT models towards the desired structured sparse for-
mats. In other words, the three types of sparsity pattern are
gradually imposed onto the attention heads and MLPs.

To that end, we first relax the constraints of Eq. 4 and
rewrite it as follows:

min
Wattn,Wmlp

`(Wattn,Wmlp) +
λ

2
‖(1−Mattn)�Wattn‖2F ,

s.t. ‖Wmlp‖c0 ≤ κcmlp,

‖Mattn �Wattn‖c0 ≤ κcattn,
(5)

where λ is the coefficient that controls the influence of
quadratic term.

Optimization-based Soft Pruning. As indicated in
(Boyd, Parikh, and Chu 2011), when the constraints of con-
tinuous non-convex problem are sparsity related (as Eq.
5 shows), Douglas—Rachford splitting method (Eckstein
and Bertsekas 1992) can be a suitable optimization solution
for such types of problem. Following this philosophy, we
first introduce auxiliary variables Zattn,Zmlp and indicator
functions as:

g(Zattn) =

{
0 ‖Mattn �Zattn‖c0 ≤ κcattn,
+∞ otherwise,

(6)

h(Zmlp) =

{
0 ‖Zmlp‖c0 ≤ κcmlp,

+∞ otherwise.
(7)

Then, we can rewrite Eq. 5 as the following equivalent form:

min
W ,Z

`(Wattn,Wmlp) + g(Zattn) + h(Zmlp)+

λ

2
‖(1−Mattn)�Wattn‖2F ,

s.t. Wmlp = Zmlp,

Wattn = Zattn.

(8)
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In such scenario, the corresponding augmented Lagrangian
function of the above optimization objective is:

Lρ(Wattn,Wmlp,Zmlp) = `(Wattn,Wmlp) + g(Zattn)+

h(Zmlp) +
λ

2
‖(1−Mattn)�Wattn‖2F+

ρ

2
‖Wattn −Zattn +Uattn‖2F+

ρ

2
‖Uattn‖2F +

ρ

2
‖Wmlp −Zmlp +Umlp‖2F +

ρ

2
‖Umlp‖2F ,

(9)
where ρ > 0 is the penalty parameter, and Uattn,Umlp are
the Lagrangian multipliers. Then the variables at step t can
be iteratively updated as:

W t
attn = W t−1

attn−η
`(Wattn,W

t−1
mlp )

Wattn
−

λ
[
(1−Mattn)�W t−1

attn

]
−ρ(W t−1

attn −Zt−1
attn +U t−1

attn),
(10)

W t
mlp = W t−1

mlp − η
`(W t

attn,Wmlp)

Wmlp
−

ρ(W t−1
mlp −Zt−1

mlp +U t−1
mlp ),

(11)

Zt
attn = P(W t

attn +U t−1
attn), (12)

Zt
mlp = P(W t

mlp +U t−1
mlp ), (13)

U t
attn = U t−1

attn +W t
attn −Zt

attn, (14)

U t
mlp = U t−1

mlp +W t
mlp −Zt

mlp. (15)

Here η is the optimizer learning rate for training the ViT, and
P is the Euclidean projection for the sparse constraint.

Final Hard-Pruning and Fine-Tuning. After the above
described optimization procedure, the structured sparse pat-
terns have been gradually imposed onto the ViT model.
In other words, the weight values of the masked attention
heads, as well as some columns of MLPs and attention
heads, become extremely small. At this stage, we can now
prune those small weights and then perform a few rounds of
fine-tuning to achieve higher performance.

Algorithm 1: Overall Procedure of GOHSP Framework
Input: Dense weight {Wattn,Wmlp}, desired model size
{κattn, κmlp}, training data D, number of epochs E;
Output: Structured sparse weight {W̃attn, W̃mlp};

1: Sample a batch of data {Xb}Bb=1 from D;
2: Calculate importance score s via Alg. 2;
3: Obtain structured mask Mattn according to s;
4: Zattn := Wattn, Zmlp := Wmlp; // Initialize auxiliary

variables
5: Uattn := 0, Umlp := 0; // Initialize Lagrangian multi-

pliers
6: for e = 1 to E do
7: Update Wattn,Wattn via Eq. 10 and Eq. 11;
8: Update Zattn,Zmlp via Eq. 12 and Eq. 13;
9: Update Uattn,Umlp via Eq. 14 and Eq. 15;

10: Fine-tune pruned weight {W̃attn, W̃mlp}.

Algorithm 2: Graph-based Attention Head Ranking
Input: Sampled batch {Xb}Bb=1, attention heads {Ah}Hh=1;
Output: Importance score s = [s1, · · · , sH ].

1: Initialize transition matrix: P := zeros(H,H);
2: for i = 1 to H do
3: for j = 1 to H do
4: Calculate P (i, j) via Eq. 3;
5: Normalize each column of P ;
6: Initialize s := ones(H)/H;
7: repeat
8: s′ := s;
9: s := P s;

10: δ := ‖s− s′‖;
11: until δ ≤ ε

Method Sparsity # Paramters Top-1 (%)
Baseline - 48.0M 97.85

SOMP 40% 28.8M 96.07
SGMP 40% 28.8M 96.93
GOHSP (Ours) 40% 28.8M 97.89
GOHSP (Ours) 80% 9.6M 97.40

Table 1: Performance comparison between our GOHSP
and structured one-shot/gradually magnitude-based pruning
(SOMP/SGMP) of ViT-Small model on CIFAR-10 dataset.

Overall, by using graph-based head ranking and
optimization-based structured pruning, the previously raised
Question #1 and #2 can be properly addressed. The overall
GOHSP framework is summarized in Fig. 2.

Experiments

Experimental Settings
Dataset and Baseline. We evaluate the performance of
our proposed GOHSP approach on CIFAR-10 and Ima-
geNet datasets (Deng et al. 2009). For experiments on
the CIFAR-10 dataset, the original dense model is ViT-
Small1(Dosovitskiy et al. 2020) with 48M parameters. For
experiments on the ImageNet dataset, the original dense
models are DeiT-Tiny and DeiT-Small (Touvron et al. 2021)
with 5.7M and 22.1M parameters, respectively.

Hyper-parameters and Sparsity Ratio. For our experi-
ments on the CIFAR-10 dataset, the batch size, learning rate
and ρ are set as 256, 0.1 and 0.001, respectively. For Ima-
geNet dataset, the batch size, learning rate and ρ are set as
256, 0.01 and 0.001, respectively. For both of these two ex-
periments, SGD is selected as the training optimizer with-
out using weight decay, and we apply Erdős-Rényi (Mo-
canu et al. 2018) to determine the sparsity distribution of
each layer given an overall sparsity ratio. In particular, soft-
pruning maintains high accuracy at the high sparsity ratios.

1We take this model from open source library timm.
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Model Method Sparsity # Parameters FLOPs ↓ Run-time ↓ Top-1 (%)

DeiT-Tiny

Baseline - 5.7M - - 72.20

OMP (Unstructured) 30% 4.02M 25.56% - 68.35
GMP (Unstructured) 30% 4.02M 25.56% - 69.56
TP (Unstructured) 30% 4.02M 25.56% - 68.38
SSP (Structured) 30% 4.2M 23.69% - 68.59
S2ViTE (Structured) 30% 4.2M 23.69% 10.57 % 70.12
GOHSP (Structured) 30% 4.0M 30% 13.41% 70.24

DeiT-Small

Baseline - 22.1M - - 79.90

SSP (Structured) 40% 14.6M 31.63% - 77.74
S2ViTE (Structured) 40% 14.6M 31.63% 22.65% 79.22
GOHSP (Structured) 40% 14.4M 35% 24.61% 79.98
GOHSP (Structured) 50% 11.1M 39% 26.57% 79.86

Table 2: Comparison results of our method, GOHSP, with other structured and unstructured pruning methods on ImageNet.

Performance Evaluation
CIFAR-10 Dataset. Table 1 shows performance compari-
son on CIFAR-10 dataset between our proposed GOHSP
and other structured pruning method (structured one-shot
magnitude pruning (SOMP) (Han, Mao, and Dally 2015)
and structured gradually magnitude pruning (SGMP) (Zhu
and Gupta 2017)) for ViT-Small model. It is seen that
with the same sparsity ratio, our approach brings significant
performance improvement. Compared to SGMP approach,
GOHSP achieves 0.96% accuracy increase with the same
pruned model size. Even compared with the baseline, the
structured sparse model pruned by GOHSP can outperform
the uncompressed model with 40% fewer parameters while
80% compressed model achieves only 0.45% worse than the
full ViT-Small model.

ImageNet Dataset. Table 2 summarizes the performance
on ImageNet dataset between GOHSP and other structured
pruning approaches (SOMP, SGMP, Talyer pruning (TP),
Salience-based Structured Pruning (SSP) and S2ViTE(Chen
et al. 2021)) for DeiT-Tiny and DeiT-Small models. It is seen
that due to the limited redundancy in such small-size model,
the existing pruning approaches suffer from more than 2.5%
accuracy loss when compressing DeiT-Tiny. Instead, with
the even fewer parameters and more FLOPs reduction, our
GOHSP approach can achieve at least 0.68% accuracy in-
crease over the unstructured pruning approaches. Compared
to the structured pruning approach (SSP), our method enjoys
1.65% accuracy improvement with lower storage cost and
computational cost. In addition, when compressing DeiT-
Small model, with fewer parameters and more FLOPs re-
duction, our GOHSP approach can achieve 0.76% accuracy
increase as compared to the state-of-the-art structured prun-
ing method S2ViTE (Chen et al. 2021) and can even outper-
form the original DeiT-Small. With 50% pruned DeiT-Small
we achieve similar accuracy to the full DeiT-Small. Finally,
we report 26.57% improvement in run-time efficiency with
our 50% pruned DeiT-Small.

Ablation Study, Visualization and Discussion
To obtain the deep understanding of the effect of our pro-
posed approach, we perform several ablation studies and a
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Figure 3: Results on the effect of soft-pruning (ours) and
hard-pruning for ViT-Small model on CIFAR-10 dataset.

detailed analysis. Here the experiments conducted in the ab-
lation study focus on compressing ViT-Small on CIFAR-10.

Soft Pruning vs Hard Pruning. As described in Opti-
mization section, after ranking the attention heads, we use
the ranking information as a soft-pruning mask to guide
the next-phase optimization. The optimization itself is also
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Figure 4: The effect of batch sizes for ranking results. Dif-
ferent colors represent different ranking scores. We can see
that our head ranking algorithm is not sensitive to batch size.
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a soft-pruning procedure that does not directly zero the
weights but gradually impose the structured sparsity. To ana-
lyze the effect of this strategy, we conduct an ablation exper-
iment via performing the direct hard pruning. In this ablation
study, the least important attention heads are removed ac-
cording to their ranks, and the columns of MLPs with least
group L1 norm are also pruned. Such hard pruned models
are still trained with the same hyper-parameters settings that
are used for soft pruning method. Fig. 3 shows the curves
of top-1 test accuracy with different target sparsity settings.
The soft-pruning strategy brings very significant accuracy
improvement over the direct hard pruning with the same
sparsity ratio.

Effect of Batch Size on Head Ranking. As shown in Eq.
3, the importance scores of attention head is calculated on
a batch of data. To investigate the potential impact of batch
sizes for the ranking results, we observe the change of rank-
ing with different batch sizes. As shown in Fig. 4, the rank-
ing results are very stable (almost the same) when the batch
size varies. Therefore we can conclude that using batches of
data can already achieve very good estimation of head rank-
ing. In other words, our ranking approach has low sensitivity
to the distribution of input data.

Sensitivity of Penalty Parameter ρ. We also explore the
effect of hyperparameter ρ on the structured pruning proce-
dure. Fig. 5 (a) shows the convergence of training process
with respect to different ρ. It is seen that the convergence
speed is always fast, and hence it demonstrates the promis-
ing convergence property of our approach in practice. Fig. 5
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Figure 5: Effect of ρ on the structured pruning procedure. ρ
controls the trade-off between the speed of imposing sparsity
and task performance.

(b) illustrates the L2-norm of the masked entries. It is seen
that the larger ρmakes the model exhibit more sparsity at the
earlier stage, thereby indicating that larger ρ can bring fewer
epochs in the final fine-tuning stage. However, as shown in
Fig. 5 (c), too large ρ brings accuracy degradation, so ρ can
be considered as a parameter that controls the trade-off be-
tween the speed of imposing sparsity and task performance.

Visualization. Fig. 6 illustrates the sparsity patterns in
the pruned ViT models after performing our GOHSP ap-
proach. It is seen that three types of structured sparsity pat-
terns (head-level sparsity, column-level sparsity in the head
and column-level sparsity in the MLP) are imposed on the
pruned models. Such pruning can be more effective on hard-
ware than the unstructured pruning methods.
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Figure 6: Visualization of the imposed structured sparsity on
the DeiT-Small model. The columns and heads with lighter
color are pruned. Our method can prune columns (Block9,
Block10, and Block11), and heads (Block10, Block11) of
the Multi-Head Attention layer. On the other hand, we can
prune columns of MLP layers in all the blocks.

Why Douglas—Rachford splitting method?
1) Convergence: According to (Boyd, Parikh, and Chu
2011), within a few iterations it can provide satisfied
solution for large-scale problems – particularly attractive
for DNN applications. More specifically for this work,
the fast convergence of Douglas—Rachford splitting
method can avoid gradient explosion problem introduced
by the additional sparsity loss in Eq. 9. 2) Flexibility:
Douglas—Rachford splitting method, by its nature, divides
the original difficult optimization problem into several
less complicated sub-problems, each of which can be then
addressed independently.

Conclusion
In this paper we propose GOHSP, a unified framework to
perform graph and optimization-based heterogeneous struc-
tured pruning for vision transformers. By using graph-based
ranking and leveraging the advanced optimization tech-
nique, our approach can efficiently impose different types
of structured sparse patterns on the vision transformers with
high compression rate and task performance.
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