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Abstract—The troublesome model size and quadratic computa-
tional complexity associated with token quantity pose significant
deployment challenges for Vision Transformers (ViTs) in practi-
cal applications. Despite recent advancements in model pruning
and token reduction techniques speed up the inference speed of
ViTs, these approaches either adopt a fixed sparsity ratio or over-
look the meaningful interplay between architectural optimization
and token selection. Consequently, this static and single-dimension
compression often leads to pronounced accuracy degradation
under aggressive compression rates, as they fail to fully explore
redundancies across these two orthogonal dimensions. Therefore,
we introduce PRANCE, a framework which can jointly optimize
activated channels and tokens on a per-sample basis, aiming
to accelerate ViTs’ inference process from a unified data and
architectural perspective. However, the joint framework poses
challenges to both architectural and decision-making aspects.
Firstly, while ViTs inherently support variable-token inference,
they do not facilitate dynamic computations for variable channels.
To overcome this limitation, we propose a meta-network using
weight-sharing techniques to support arbitrary channels of the
Multi-Head Self-Attention (MHSA) and Multi-Layer Perceptron
(MLP) layers, serving as a foundational model for architectural
decision-making. Secondly, simultaneously optimizing the model
structure and input data constitutes a combinatorial optimization
problem with an extremely large decision space, reaching up to
around 1014, making supervised learning infeasible. To this end,
we design a lightweight selector employing Proximal Policy Opti-
mization algorithm (PPO) for efficient decision-making. Further-
more, we introduce a novel “Result-to-Go” training mechanism
that models ViTs’ inference process as a Markov decision process,
significantly reducing action space and mitigating delayed-reward
issues during training. Additionally, our framework simulta-
neously supports different kinds of token optimization meth-
ods such as pruning, merging, and sequential pruning-merging
strategies. Extensive experiments demonstrate the effectiveness of
PRANCE in reducing FLOPs by approximately 50%, retaining
only about 10% of tokens while achieving lossless Top-1 accuracy.
The code is available at https://github.com/ChildTang/PRANCE.

Index Terms—Vision Transformer, Token Optimization, Structure
Optimization, Model Lightweight.

I. INTRODUCTION

V ISION Transformers [1] have emerged as cutting-edge
architectures across various fields of machine learning,

including classification [2], detection [3], [4], segmentation
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Fig. 1. Comparison of PRANCE with SOTA methods. PRANCE achieves
both higher Top-1 accuracy and lower complexity (FLOPs) in ImageNet.

[5], [6], multi-modal modeling [6]–[8], etc. Multi-Head Self-
Attention, the core of the Transformers, empowers global
representation modeling by dynamically weighting each token
within the input sequence. However, the quadratic increased
complexity of MHSA with respect to the number of tokens,
coupled with the model size, significantly exacerbates deploy-
ment challenges.
The computational overheads of ViTs are primarily concen-
trated in (i) the number of embedding dimensions C and (ii)
the quadratic complexity with the number of tokens N . There-
fore, there have been two concurrent research directions that
aim to improve the efficiency of ViTs including (i) structure
compression and (ii) token optimization. As one of the most
direct ways, the former one leverages the conventional deep
model compression techniques, i.e., model pruning [9], [10],
weight quantization [11]–[13], and lightweight model design
[14]–[16], to remove the redundant components of ViTs. For
example, NViT [17] adopts structural pruning in the fields
of CNNs compression to prune the channels with Hessian
information. ElasticViT [15] and AutoFormer [14] automate
the design process of ViTs with the help of two-stage neural
architecture search [16], [18]. On the other hand, token opti-
mization methods work on directly manipulating the number
of tokens with a predefined token keep ratio, which is a kind
of Transformer-specific technique in contrast to model com-
pression due to the support of variable token length in MHSA.
Specifically, token optimization methods can be divided into
pruning-based methods and merging-based methods. Pruning-
based methods [19], [20] remove the uninformative tokens
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Fig. 2. Illustration of the inference process of PRANCE. PRANCE is a lightweight framework for ViTs that jointly optimizes model structure and data.
First of all, the framework divides the ViT model into four groups according to the inference sequence, each containing multiple ViT blocks. During inference,
the selector utilizes the features of each group step by step to decide the model channel dimensions and token numbers for them, aiming to minimize FLOPs
while ensuring accuracy. Moreover, PRANCE supports three main token optimization methods: pruning, merging, and pruning-then-merging.

progressively during inference according to the calculated
importance score. For example, DynamicViT [19] incorporates
a lightweight MLP layer [21], [22] for evaluating and pruning
token values. Merging-based methods [23], [24] reduce token
quantity by progressively merging tokens with high similarities
during inference, e.g., ToMe [23] measures token correlations
based on the cosine similarity of their K matrices and merges
them by calculating mean values. Based on the above methods,
several advanced evaluation mechanisms and fusion methods
[25]–[27] have been proposed to achieve higher compression
rates while maintaining accuracy.
While significant reductions in complexity (e.g., FLOPs, la-
tency, model size, etc.) have been achieved, the above methods
still have some limitations. From the perspective of structural
reduction, they typically search for several independent low-
complexity models for various downstream tasks by resorting
to data-agnostic methods, therefore remaining significant re-
dundancies in the model structures when applied to different
data samples. In other words, they ignore that samples with
varying recognition difficulties often carry different amounts
of useful information. For example, consider two images of the
same size: one is an apple against a white wall, and the other is
a vibrant cityscape at night. Clearly, the second image contains
significantly more information than the first, and thus the unin-
formative input should be applied more simplified architecture
for efficiency. That is to say, the number of channels utilized
by ViTs should dynamically adjust when processing images of
varying complexity. From the perspective of data optimization,
as the Transformer natively supports variable input lengths,
recent studies tend to progressively evict the uninformative
tokens during the inference process for the inputs, and the
eviction tokens will be directly removed [19] or merged into
other tokens [23]. However, token optimization typically faces

significant performance degradation in the high compression
ratio, this makes recent studies employ rather sophisticated
token matching and reduction techniques (e.g., NAS-based
search [25]) to retain performance but inevitably compromise
the runtime efficiency and implementation simplicity. What’s
more, whether optimizing the model architecture or the data,
the essence lies in eliminating redundant data and preserving
effective data to achieve the optimal trade-off between model
accuracy and FLOPs. Therefore, they are not entirely orthog-
onal and cannot be simply combined. Based on these works,
we would like to ask a question:
How to adaptively optimize both the model architecture and
tokens for each sample simultaneously to achieve the optimal
accuracy-FLOPs trade-off?
To answer this question, two challenges need to be resolved: (i)
although ViTs inherently support a variable number of tokens,
they do not support a variable dimension of channels, and
(ii) the optimization space created by combined optimization
is excessively large, making it difficult to find the optimal
solution. It is non-trivial to search for an optimal compression
ratio for both architectural and token-level optimization by
naively combining the existing methods in these two fields, as
the resulting decision space can reach up to around 1012. In
this paper, we propose the PRANCE framework to address the
above challenges. By optimizing both the channels and tokens
from the perspectives of model architecture and data, we aim
to minimize FLOPs while ensuring accuracy across different
samples, the overall inference process is shown in Fig. 2.
PRANCE starts with a meta-network training process to
support arbitrary channels of the MHSA and MLP layer.
We adopt the weight-sharing technique to allow the smaller
channels to be a subset of the large channels [14], [15], then
the weights of different channel candidates can be coupled
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and learned together. To simulate the architectural decision
made by the selector we introduced after, we perform random
sampling to select different architectures at each step of
meta-network training, and the resulting model could receive
variable channels after convergence. It is noteworthy that
the training of meta-network is only performed once and
uses all tokens by default (as in conventional ViTs training),
which aims to improve the training stability. Then, to solve
the combinatorial optimization problem in the mixed-decision
space, where the decision values are divided into channel
dimension selection and token optimization ratio decisions,
we consider leveraging PPO to conduct efficiency learning.
By modeling the decision-making process of architecture and
tokens as a Markov process, along with a newly designed
“Result-to-Go” mechanism, we achieve accurate decision es-
timation for each action taken by the selector. Moreover,
we further experiment with three primary token optimization
strategies: pruning, merging, and pruning-then-merging, and
show that our frameworks can seamlessly be compatible with
them. Surprisingly, we have observed even the simplest token
optimization strategy can surpass previous advanced methods,
which further demonstrates the effectiveness of our framework.
For example, PRANCE achieved Top-1 accuracies of 72.38%,
79.98%, and 81.77% on ViT-tiny, ViT-small, and ViT-base
models, respectively, while requiring only 0.87 GFLOPs, 2.38
GFLOPs, and 10.59 GFLOPs and saving up to 53% FLOPs.
We build up a new Pareto front of the Vision Transformer
compressions, which sheds light on the importance of joint
optimization for both architectural and data aspects.
To summarize, our contributions are as follows:

(1) We propose a high-accuracy, low-FLOPs framework,
PRANCE, for ViTs compression, which allows sample-
wise joint optimization of token numbers N and channel
dimensions C during inference. This framework opti-
mizes both model architecture and data dimensions while
being compatible with pruning, merging, and pruning-
then-merging token optimization methods. For samples
with different complexities, PRANCE dynamically se-
lects the channels and tokens with more information to
achieve the optimal efficiency-accuracy trade-off.

(2) We construct a meta-network with variable channels.
Specifically, we train a high-performing meta-network
using weight-sharing techniques under multiple selectable
MHSA channels and MLP expansion ratios, providing
PRANCE with a foundational model capable of dynam-
ically adjusting channel dimensions and token numbers.

(3) We propose a lightweight PPO-based selector for ViTs
and introducing a new training mechanism “Result-to-
Go”, which significantly reduces the selection space of
combinatorial optimization problems. This selector can
progressively optimize the data and model structures
while maintaining the compact action space dimensions.

(4) We conduct extensive experiments and demonstrate that
PRANCE exhibits excellent performance. It achieves
higher Top-1 accuracy with lower FLOPs across Tiny,
Small, and Base scales, surpassing various state-of-the-
art methods.

II. RELATED WORK

Vision Transformers Compression. To deploy ViTs on
resource-limited devices, recent advances lean upon the con-
ventional model compression techniques to lessen the archi-
tectural redundancies of these over-parameterized models, in-
cluding model pruning [9], [10], [17], [28], quantization [11],
[12], [29], [30], and lightweight architecture design [14], [15],
[31]. They explore effective solutions for lightweight ViTs
from three aspects: reducing the number of model channels,
lowering the precision of model storage, and finding more
optimal lightweight structures. Specifically, NViT [17] con-
structs the final model by establishing a global importance
score ranking, observing the trend of dimension changes in
the pruned network structure, and reallocating parameters. FQ-
ViT [29] adaptively quantizes all structures of the ViTs model
while maintaining results similar to those of the full precision
model. Autoformer [14] introduces the weight-sharing mech-
anism into the ViTs and obtains a multi-scale high-precision
super network through supervised training. Then ElasticViT
[15] improves the sampling strategies for the supernet train-
ing, designing a high-precision, lightweight ViTs model that
supports a wide range of mobile devices with varying compu-
tational power. The above methods explore the possibilities
of architectural optimization for ViTs in various domains
and achieve excellent results at the task level. However, it
is evident that the requirements for model parameters and
quantization bit-width should differ when processing simple
and complex images with ViTs. Additionally, these methods
overlook optimization in the data dimension: ViTs can achieve
accurate results by focusing only on the important parts of
different samples, while the unimportant parts lead to redun-
dant computations. Therefore, there is tremendous potential
for optimization by jointly optimizing the structure dimension
and the data dimension at the sample level.
Token Optimization for Vision Transformers. From the
perspective of data optimization, reducing the less informative
parts of the data can effectively lower computational complex-
ity while maintaining model performance. Unlike CNN-based
models, which extract image features through convolution,
transformer-based models encode data into tokens and get
the semantics of them through attention mechanism. Conse-
quently, their computational complexity grows quadratically
with the number of tokens. Therefore, extensive efforts have
been made to reduce the token number, and these efforts
can be divided into two primary paradigms: token pruning
[19], [32]–[34] and token merging [23]–[25], [35]–[37]. E-ViT
[20] believes that the importance of tokens is reflected in the
<CLS> token. Therefore, it sorts the tokens based on the value
of the <CLS> token, retaining the important tokens based
on the manually defined rate and merging the less important
ones into a single token. DynamicViT [19] removes the
tokens by inserting an additional MLP layer in adjacent ViTs
blocks to learn the pruning decision, and achieves sample-
wise token pruning. A-ViT [33] achieves dynamic sample-
wise token pruning by adopting a single neuron in the MLP
layer to compute the stopping score for each token. On the
other hands, the merging-based approach posits that directly
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discarding tokens results in information loss. By merging
similar tokens, we can also reduce the number of tokens
while preserving more information. ToMe [23], [24] utilize
the Bipartite Soft Matching to calculate the distance between
tokens and then merge the similar tokens. Besides, recent
methods typically require more complex token assessment
and matching techniques. For example, Diffrate [25] utilizes
pruning followed by merging to further improve compression
rates while maintaining good accuracy. BAT [26] needs a
matching-then-clustering strategy to identify the importance
and diversity of tokens, and Zero-TPrune [27] develops a
graph-based matching to calculate the similarity of tokens.
However, the above methods only consider data optimization,
ignoring the model structural redundancy and the coupling be-
tween data and structure. Therefore, there remains significant
optimization space for ViTs.
In this paper, we have demonstrated that by using only basic
pruning, merging, and combinatorial methods, complemented
by joint architectural optimization, we can also achieve su-
perior performance-efficiency trade-offs compared to previous
methods. Our approach further eschews the intricate token-to-
token matching mechanisms required by merging techniques,
which could slow down the inference on real hardware.

III. METHOD

Fig. 3 illustrates the framework of the proposed PRANCE,
which involves two steps: firstly, pretraining a meta-network
of ViTs with variable channels through simulated channel
selection decisions, secondly, segmenting every three blocks
of the ViTs into distinct groups, and integrating a PPO-based
lightweight selector between groups for conducting sample-
wise architectural decisions and token selections, and training
the selector through Reinforcement Learning (RL). After that,
we also fine-tune the ViTs backbone to align the representation
of ViTs and the selector for optimal performance.

A. Preliminary of Computation Complexity

The computation of the Transformer-based models mainly
consists of two parts: MHSA and Feed-Forward Network
(FFN). Suppose the input dimension is (N,C), where N is the
token number and C is the embedding dimension of the token.
Then the computational complexity of MHSA is O(4NC2 +
2N2C), the computational complexity of FFN is O(8NC2),
and the total computational complexity is O(12NC2+2N2C).
Reducing the computational complexity of such models re-
quires attention to two aspects: from the perspective of model
architecture, we can optimize the token length C, and from the
perspective of data, we can optimize the number of tokens N .
Additionally, considering that the effective number of tokens
and the required model architecture may vary for different
samples, performing sample-wise optimization on these two
aspects can ideally yield optimal results.

B. Channel-elastic Meta-network Training

To support channel selection on different-sized ViTs models
(e.g., ViT-tiny, ViT-small, ViT-base, etc), we train several meta

ViTs with variable channel and MLP ratio by making the ViTs
perceive the architectural changes. Specifically, we use a set
of pre-defined embedding dimensions and MLP ratios of the
model, as shown in Tab. I. To support the variable channel, we
enable the MHSA layers can be assigned a specific embedding
dimension ϕ:

MHSA(x;ϕ) = Softmax

(
Qϕ(Kϕ)

T

√
ϕ

)
Vϕ, (1)

where Qϕ ∈ R(N+1)×ϕ, Kϕ ∈ R(N+1)×ϕ and Vϕ ∈
R(N+1)×ϕ are projected matrices with a given embedding
dimension of ϕ and the input x ∈ R(N+1)×Cin :

Qϕ = x(W
q
ϕ)

T Kϕ = x(Wk
ϕ)

T Vϕ = x(Wv
ϕ)

T, (2)

where the projection weights Wq
ϕ ∈ Rϕ×C

in , Wk
ϕ ∈ Rϕ×C

in ,
Wv

ϕ ∈ Rϕ×C
in are sliced from their full weights using first ϕ

channels [15], [16]:

W
q
ϕ = Wq [: ϕ, : Cin] Wk

ϕ = Wk [: ϕ, : Cin] Wv
ϕ = Wv [: ϕ, : Cin] .

(3)
In the meta-network training stage, to simulate channel selec-
tion decisions, an embedding dimension ϕ = E is randomly
sampled at each training step and adopted to the MHSA layer.
Similarly, the channel-variable MLP consists of two linear
projections and one non-linear activation function, where the
first linear projection is used to expand the channels by a
factor of γ [2], [38], and the second linear projection is used
to restore the channels, which can be represented as:

MLP(x; γ) = GeLU
(
x
(
WUP

γ

)T)(
WDOWN

γ

)T
. (4)

Similar to Eq. 3, we slice the first γ times input channels from
the full weights WUP and WDOWN to obtain WUP

γ and WDOWN
γ .

The trained meta-network provides the basis our method to
adjust the embedding dimension. In the following parts, we
will describe how to optimize token number and token length
through PPO selector and achieve the best trade-off between
sample-wise accuracy and computational complexity.

C. Sample-wise Joint Optimization with Lightweight PPO
Agent

After obtaining the meta-network, we consider building the
sample-wise selector capable of jointly optimizing token
number N and model channels C. This selector, integral
to the framework, should meet two paramount criteria: (1)
lightweight and (2) sample-effective. The former necessitates
minimal consumption of storage overheads and computational
resources to circumvent parity with direct classification. Con-
versely, the latter indicates effective learning of decision-
making processes to maximize the utilization of valid infor-
mation in both the model parameters and the data, while
minimizing resource consumption. In this paper, we model
the token and channel reduction process as a Markov decision
process and employ PPO accordingly.
Formulation of Joint Token and Architecture Optimiza-
tion. To reduce the decision cost, we apply the selector within
each Transformer group, consisting of every three Transformer
blocks, to determine the token optimization (i.e., pruning,
merging, or pruning-merging) ratio and the network structures
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Fig. 3. The framework of PRANCE. Left: The training of PRANCE consists of two stages: (1) Meta-model Pretraining. The meta-network is trained using
the weight-sharing mechanism, where the smaller channels are subsets of the large channels, to support the variable channels. To simulate the variable channel
decisions, a configuration is randomly selected for the MHSA layer and MLP layer in each training step. In this stage, we do not perform token optimization.
(2) Sample-wise architecture-data joint optimization. After convergence of the meta-network, we freeze the meta-network and train the PPO selector using
the “Result-to-Go” mechanism. In this stage, the PPO selector will jointly make the decisions for channel reduction of the MHSA layer and MLP layer,
along with the decision of token reduction. Right: We adopt a sample-wise masking mechanism for supporting batched training of the selector, where the
decisions are generated in the form of 0-1 mask and applied on the corresponding inputs (e.g., tokens, channels) using Hadamard product accordingly, to
ensure dimensional consistency. During inference, the sample-wise mask can be replaced by averaging the decisions of each batch.

for the subsequent blocks, tailored to each sample. Therefore,
the selector is formulated as:

s(l), t(l) = FSelector

(
O(l−1)

)
, (5)

where l is the group index, t(l) represents the token keep ratio
for l-th Transformer group, s(l) denotes the structures decision
of l-th Transformer group, and the O(l−1) is the feature
extracted by the (i − 1)-th Transformer group, representing
the abstracted data information up to the current block in the
ViTs. According to previous works [19], [20], [23], <CLS>
token, Q (query), K (key), V (value), and the output of Self-
Attention X can be used. For simplicity, we omit the notations
of dimensions for these matrices.
Token optimization consists of two steps: (1) token importance
ranking and (2) token optimization. In the first step, tokens are
sorted by their contributions to the task, so that a specific
token optimization method can be applied in the second
step according to the token keep ratio. For token importance
ranking, as <CLS> progressively aggregates the task-specific
(e.g., classification) global information, the inner product of
class token <CLS> and other tokens reflect the importance of
different tokens. Hence, we leverage this mechanism for token
ranking to measure whether a token is important to the input
samples. To get accurate informative information, we directly

use the first MHSA layer MHSA(l)
1 in the l-th Transformer

group to extract the importance vector a(l)
cls for the output of

last Transformer group Y(l−1) to avoid an additional matrix
multiplication:

X(l) = Sort
(
MHSA(l)

1

(
Y(l−1); s(l)

)
, α

(l)
cls

)
where

α
(l)
cls = Softmax

(
q
(l)
cls ·

(
K(l)

)T
√
C(l)

)
V(l), (6)

where q
(l)
cls is the query of the class tokens. Therefore, α(l)

cls

of Eq. (6) is actually a vector of the output MHSA(l)
1 (Y(l−1)).

Sort(·) is the sorting function that can arrange tokens in
descending order based on Al

cls.
After preprocessing the tokens, we consider three represen-
tative token reduction strategies to obtain the tokens for the
remaining MHSA layers and MLP layers in l-th group: (i)
pruning, (ii) merging, and (iii) pruning-then-merging. For
token pruning, unimportant tokens will be discarded for each
sample according to t(l) [20]:

X(l) = X(l)
[
: round

(
N (l) × t(l)

)
, :
]
. (7)

For token merging, the sorted tokens will be divided into two
categories based on the token keep ratio t(l): important tokens
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X
(l)
im and unimportant tokens X

(l)
un :

X
(l)
im = X(l)

[
: round

(
N (l) × t(l)

)
, :
]
, and (8)

X
(l)
un = X(l)

[
round

(
N (l) × t(l)

)
:, :
]
. (9)

Subsequently, each unimportant token Xi
un will be merged into

an optimal important token Xj ∗

im that is most similar to it, to
formulate a new X(l) for next layers:

X(l) = {Xm}Mm=0, where Xm
im = Xm

im +Xn
un, (10)

where M = round
(
N (l) × t(l)

)
represents the number of

kept tokens, m,n are the indexes which achieve maximal
cosine similarity cos(θmn), which is calculated by:

cos(θmn) =
Xm

un ·Xn
im

||Xm
un|| · ||Xn

im||
. (11)

For pruning and merging, we adopt the pruning-then-merging
[25] scheme. Specifically, the token keep ratio is divided into
a token pruning ratio t(l)prune along with a token merging ratio
t(l)merge, i.e., t(l) =

{
t(l)prune, t(l)merge

}
.

After the token optimization, the remaining tokens will go
through the latter Transformer blocks within this group, with
the architectural decisions based on s(l).
Lightweight Selector Modeling. For the proposed PRANCE,
it is crucial to construct a lightweight yet high-performing
selector capable of sample-aware optimization for both model
structure and tokens, ensuring accuracy and FLOPs within a
large optimization space. However, it is non-trivial to learn the
solution via conventional supervised learning, as it is difficult
to collect substantial labeled data. Considering the outstanding
performance of RL in various decision-making tasks such
as gaming [39], [40], control [41], [42], combinatorial op-
timization [43], and data augmentation [44], we decided to
use the PPO algorithm to effectively optimize the selector
in such a large decision space. Among serious RL methods,
PPO [45] is one of the on-policy algorithms with relatively
stable performance and wide applicability, which has even
been applied to many popular language models to improve
their effectiveness [46].
In this paper, we adopt a continuous output strategy instead of
the hybrid output strategy. This approach treats both network
structure optimization and token optimization as continuous
action optimization problems. Through preliminary experi-
ments, we found that the continuous output strategy provides
more stable training and achieves better performance than the
hybrid output strategy, even with a lighter network structure.
The training of PPO consists of two components: an actor
network for generating the decisions for architectural opti-
mization and token reduction, and a value network V for
predicting the value of the current state. During the training
process, the value network will evaluate value of the current
state O(l) first, then the actor network will generate the
corresponding policy {s(l), t(l)} based on the evaluation to
reach the states with higher value. During inference, only the
actor network is used to serve as the selector FSelector.
The training process involves limiting the magnitude of each
policy update to prevent drastic changes, by adopting a clipped

loss function to control the difference between the new and
old policies and optimizing this loss function to improve policy
performance. Specifically, for the l-th Transformer group, we
use GAE (Generalized Advantage Estimation) [47] to calculate
the advantage function, and the objective of the value network
V is to predict the state value with utmost accuracy, thus
we employ a loss function derived from Temporal-difference
methods: L(l)

V =
(
r(l) + γV(O(l+1))− V(O(l))

)2/
B

Â
(l)

GAE(γ,λ) =
∞∑
i=0

(γλ)
iL(l+i)

V
, (12)

where B is batch size, γ is the discount factor, r(l) is the
reward of l-th Transformer group, and O(l) is the state infor-
mation (the input of selector in Eq. (5)) of the l-th Transformer
group, Â

(l)
denotes the estimation of the advantage function.

Then the optimal policies can be obtained by maximizing the
rewards of the sequence:

LCLIP (θ) =− Ê(l)
[
min

(
r(l)(θ)Â

(l)
,Φ
)

−δEa(l)∼π

[
− log

(
π(a(l)|O(l))

)]]
,

where Φ =Clip
(
r(l)(θ), 1− ε, 1 + ε

)
Â

(l)
,

(13)

π is the policy of the actor network A, δ is the policy entropy
ratio, which will facilitate PPO’s exploration of the action
space, r(l)(θ) is the import sampling ratio of current policy
and old policy:

r(l)(θ) =
πθ(a(l)|O(l))

πθold(a(l)|O(l))
. (14)

Besides, to achieve better results, we optimized PPO with
techniques such as Advantage Normalization [48], Gradient
Clip, and Orthogonal Initialization.
Sequence model of “Result-to-Go”. In general, it is crucial
for RL algorithm to capture the impact of each decision on the
final result during training [22], [49]. However, the ViTs model
encounters a delayed-return scenario where the final result
becomes available only after passing through all the ViTs
blocks during the sequence decision process, while it requires
multiple selector decisions throughout this process. Inspired by
[50], [51], we conduct a timely return model named “Result-
to-Go”, which is shown in Fig 4. First of all, the maximum
structural parameters and 100% token keep ratio are assigned
to the model. During the forward propagation process, the
PPO selector will optimize the activated channels and useful
tokens in the current ViTs group, and the model will continue
to the end to acquire the classification result without changing
the parameters of other groups. Following this paradigm, the
activated channels and the useful token numbers of each ViTs
group will be modified gradually and progressively. It is worth
mentioning that the changes of model structures and token
numbers are tailored to specific samples, rather than being
applied at a coarse-grained task level.
In this way, although obtaining the result of a single layer-by-
layer decision requires multiple rounds of forward propaga-
tion, we can get timely effects for each decision. During the
training process, the parameters of ViTs are held constant, and
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Fig. 4. The workflow of “Result-to-Go”. This mechanism is only used for training the selector. To receive immediate feedback for each decision, the
meta-network is divided into multiple groups. Initially, the meta-network is set to the maximum channel number for all groups. The selector then optimizes
the model channels and tokens numbers for a single group at a time, allowing the meta-network to run to the end and obtain immediate feedback. Since the
meta-network is fixed, its inference process can be viewed as a Markov decision process, allowing the selector to modify the structure of the meta-network
groups one by one.

the paradigm of ”Result-to-Go” is utilized to train the PPO.
However, it will be disabled during inference to ensure model
efficiency.
Reward function. During PPO training, the reward function
varies for each sample to achieve a sample-wise selector.
Specifically, it consists of three parts: (1) Top-1 accuracy
reward racc, (2) FLOPs penalty rf and (3) token optimization
penalty rt. Although we have obtained the meta-network with
high accuracy on the dataset, the classification results of
individual samples still vary between correct and incorrect.
Providing feedback to the selector based on it may introduce
some disturbance: even if PPO generates optimal structural
parameters and token optimization rates, incorrect feedback
may still occur due to limitations of model’s classification
level. In order to overcome it, we maintain two sets of results
during training: the classification result yt of the supernet and
the dynamically optimized classification result y involving the
selector. If y is the same as yt, then y is set to 1. In this
way, the selector can obtain smooth and accurate feedback.
The total reward function is:

r = racc−af f−attr where racc =

{
1, if y = yt
racc, otherwise

,

(15)
where af and at represent the punishment factor of FLOPs
ratio and token number ratio, respectively. They are utilized
to control the trade-off between accuracy and FLOPs, and
encourage token optimization. f is the FLOPs of the model, tr
represents the token keep ratio, rf = −af f and rt = −attr. It
is worth noting that rt is important. Due to the minor impact
of modifying the network structure on accuracy, while token
reduction has a greater impact on the result, PPO may tend
to retain tokens, thereby falling into a local optimum. This
phenomenon has also been observed in our experiments.
Actor function. The actor function is constructed from the
perspective of RL environment modeling. In terms of architec-
tural optimization, the selector has a limited set of selections,
namely the channels of MHSA and MLP layer, to choose
from, making it a discrete decision problem. In terms of data
optimization, the selector has to generate a token optimization
ratio t ∈ [0, 1], which leads to a continuous decision problem.
Such a mixed-decision problem is hard to optimize because
it significantly improves the complexity of PPO action space,

we therefore transform the architectural optimization problem
into a continuous decision problem.
For l-th Transformer group, with each Transformer group
has K MHSA layers and K MLP layers, the architectural
decision involves s(l) = {s(l)MLP, s

(l)
MHSA}. Specifically, s

(l)
MLP =

{s(l)MLP,k}Kk=0 denotes the decided MLP ratios for the K MLP
layers in this Transformer group, where ∀k ∈ K, s

(l)
MLP,k ∈

[0, 1], and s
(l)
MHSA = {s(l)MHSA,k}Kk=0 denotes the decided em-

bedding dimension ratios for the K MHSA layers in this
Transformer group, ∀k ∈ K, s

(l)
MHSA,k ∈ [0, 1]. Suppose EMHSA

and EMLP represent the number of architectural candidates
of the MHSA and MLP layer, the index of the architectural
parameters of this group can be calculated by:

i
(l)
MHSA =

{
round

(
s
(l)
MHSA,k ∗ EMHSA

)}K

k=0
, (16)

i
(l)
MLP =

{
round

(
s
(l)
MLP,k ∗ EMLP

)}K

k=0
. (17)

Accordingly, we can obtain the architectural parameters based
on these indexes.
The token t(l) represents the token pruning keep ratio, token
merging keep ratio, or a combination of both, denoted as
t(l) =

{
t(l)prune, t(l)merge

}
. Depending on the selected token

optimization policies, it serves as a basis for conducting
sample-specific token optimization.
Masked Selector Training. It is infeasible to train the selector
on GPUs, due to diverse token numbers and embedding
dimensions across different samples make the ViTs cannot
perform batched parallel computations. Therefore, we lever-
age masking to enable parallel computation within existing
frameworks for training the selector.
Specifically, suppose B, N , and C represent the batch size,
maximum token number, and maximum embedding dimen-
sion, respectively, therefore i ∈ [0, B], j ∈ [0, N ], and
k ∈ [0, C] denote the indices of batch size, number of tokens,
and number of channels. The MLP Mask ML

ijk is applied to
the MLP layers by padding zero to the channels beyond the
selected embedding dimension for different samples to align
the dimension, and Token Mask MT

ijk add masks to tokens of
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different samples:

ML
ijk =

{
1, if k < de[i]

0, otherwise
, X = X⊙ ML

ijk, (18)

MT
ijk =

{
1, if j < dt[i]

0, otherwise
, X = X⊙ MT

ijk, (19)

where de and dt represent vectors containing selected embed-
ding dimensions and token numbers of samples, respectively,
and i denotes the sample number. ⊙ represents the element-
wise multiplication.
When it comes to Token Merging, the matrices Xim and Xun,
containing important and unimportant tokens respectively, can
be constructed through Token Mask, where the masked tokens
are set to ∞ instead of 0. Then the cosine similarity matrix
is S = Xun ⊙ XT

im. After setting ∞ to −∞, the useful
information will be concentrated in the lower-left corner of
matrix S, enabling sample-wise token merging based on it.
This approach also relaxes the restriction of merging up to
50% of the tokens by ToMe [23].
For LayerNorm which requires the computations of mean and
standard deviation, we suppose the mask token matrix is X
and the mask matrix is ML

ijk. Initially, we perform mean filling
for the parts of the token matrix that are masked, to mitigate
the potential impact of mean calculation on the performance of
the LayerNorm function. The valid sum value and the number
of them can be calculated as follows:

Xmask[i, j] =

C∑
k=1

Xijk, SX [i, j] =

C∑
k=1

ML
ijk. (20)

The mean value will be filled into the token matrix:

Xfill = X+ (1− ML) ·Xmean where Xmean =
Xmask[i, j]

SX [i, j]
.

(21)

Next, the token matrix filled with mean value can be used to
do sample-wise Layernorm:

X = Layernorm(Xfill) ·
√
N√
SX

. (22)

IV. EXPERIMENTAL RESULT

In this section, we conduct extensive experiments to demon-
strate the effectiveness of PRANCE. All the experiments
are conducted on ImageNet, and we report results for three
different-sized models: ViT-Tiny, ViT-Small, and ViT-Base.
Specifically, these models have roughly 1.2 GFLOPS, 5G
FLOPs, and 20 GFLOPs, respectively. All experiments besides
the selector training are performed on NVIDIA A100 GPUs
with 40G memory with PyTorch training system, whereas we
train the selector using a single NVIDIA RTX3090 GPU.

A. Experimental Settings.

Meta-network. The meta-networks are conducted based on
the architecture of DeiT [52], which consists of a total of
12 Transformer blocks. The embedding dimension and MLP

TABLE I
SETTING OF THE META-NETWORK.

Model Embedding Dim MLP Ratio Heads Depth

Tiny {176, 192, 216, 240} {2, 4, 6} 3 12
Small {320, 352, 368, 384, 400, 416} {2, 3.5, 5} 7 12
Base {672, 696, 720, 744, 768} {2, 3.5, 5} 12 12

The embedding dimension and MLP dimension of the Attention block are
set as optional structural dimensions, and the structural space is expanded
by setting the MLP dimension option to be the multiple of the embedding
dimension.

dimension of the Attention layer are configurable. Besides, in
order to further provide more selections for the PPO selector,
we increase the structural complexity of the MLP by selecting
multiples of the embedding dimension. The detailed model
information can be found in Tab. I. Specifically, we train the
models for 500 epochs using the AdamW optimizer and adopt
mixed-precision training, and the first 20 epochs are used for
warm-up with the learning rate set to 1 × 10−6. We use the
cosine learning rate scheduler for training. The initial learning
rate is set to 5×10−4, the decay rate is 0.1, and the minimum
learning rate is 1× 10−5. The training process will use about
1.5 GPU days.
PPO Selector. To obtain accurate information for support
decisions, we enable the selector after the first Transformer
group. In other words, the token and architecture will not be
changed during the inference of the first Transformer group.
For each Transformer group l ∈ {2, ..., L} that is to be
decided, the outputs of the selector include the token keep ratio
t(l), and the architectural decision s(l) = {s(l)MLP, s(l)MSA}, where
s(l)MLP represents the MLP expansion ratios and s(l)MSA represents
the embedding dimension of MSA layer. The t(l) ∈ [0, 1] will
be directly used to optimize the tokens of the current group.
The actor network and critic network of the PPO selector each
consist of 3 fully connected layers, with a state dimension
of 197 and a hidden dimension of 256. The actor dimension
depends on token optimization strategies: it is set to 7 for
pruning and merging, 8 for pruning-then-merging. The learn-
ing rate of actor network and critic network are 1× 10−4 and
5 × 10−3, respectively. The token punish ratio at is 0.2. The
FLOPs punish ratio af is determined by the peak FLOPs of
the meta-network, with a punishment range of [0.2, 0.6]. For
different model scales, the specific ranges are set as follows:
[0.02, 0.04] for tiny models, [0.008, 0.015] for small models,
and [0.002, 0.006] for base models. The interval is 0.005 for
both the tiny and base models, and 0.002 for the small model.
Besides, the selector is trained for 1 epoch using 50000 images
sampled from the training dataset within 30 minutes. During
inference, decisions can be averaged directly over the batch
dimension without performance degradation.
Finetuning. We follow the fine-tuning settings of Dynam-
icViT [19]. Specifically, we finetune the meta-network with
30 epochs using the cosine learning rate scheduler and do not
perform warm-up, we use an external CNN teacher to further
improve the performance. During fine-tuning, we freeze the
PPO selector. The initial learning rate is set to 2 × 10−5,
the minimize learning rate is 2 × 10−6, the weight decay is
1× 10−6. The mixup is disabled to improve the convergence.
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TABLE II
THE MAIN RESULTS OF PRANCE.

Model Method Top-1 Acc. (%) FLOPs (G) Token Keep Rate Architectural
Optimization

Token Optimization
Strategy

Tiny

DeiT-Tiny 72.20% 1.20 100% - N/A

SAViT [53] 70.72% (↓1.48) 0.90 (↓25%) N/A ✓ N/A
UPDP [54] 70.12% (↓2.08) 0.90 (↓25%) N/A ✓ N/A
A-ViT [33] 71.00% (↓1.20) 0.80 (↓33%) - × Token Pruning

DynamicViT [19] 70.90% (↓1.30) 0.90 (↓25%) 70.00% (Fixed) × Token Pruning
S2ViTE [55] 70.12% (↓2.08) 0.90 (↓25%) 30.00% (Fixed) × Token Pruning
SPViT [56] 72.10% (↓0.10) 0.90 (↓25%) 34.30% (Fixed) × Token Pruning

Evo-ViT [34] 72.00% (↓0.20) 0.73 (↓39%) 25.00% (Fixed) × Token Pruning
ToMe [23] 71.27% (↓0.93) 0.90 (↓25%) 70.00% (Fixed) × Token Merging

Ours 72.38% (↑0.18) 0.87 (↓28%) 25.00% (Learned) ✓ Token Pruning
Ours 72.81% (↑0.61) 0.96 (↓20%) 53.00% (Learned) ✓ Token Merging
Ours 73.31% (↑1.11) 0.87 (↓28%) 33.00% (Learned) ✓ Token P + M

Small

DeiT-Small 79.90% 4.70 100% - N/A

A-ViT [33] 78.60% (↓1.30) 3.60 (↓23%) - × Token Pruning
DynamicViT [19] 79.32% (↓0.58) 2.90 (↓38%) 34.30% (Fixed) × Token Pruning

Evo-ViT [34] 79.40% (↓0.50) 3.00 (↓36%) 25.00% (Fixed) × Token Pruning
SPViT [56] 79.80% (↓0.10) 3.86 (↓18%) 34.30% (Fixed) × Token Pruning
EViT [20] 79.50% (↓0.40) 3.00 (↓36%) 34.30% (Fixed) × Token Pruning

S2ViTE [55] 79.22% (↓0.68) 3.20 (↓32%) 40.00% (Fixed) × Token Pruning
GTP-ViT [57] 78.80% (↓1.10) 2.90 (↓38%) 14.29% (Fixed) × Token Merging

ToMe [23] 78.85% (↓1.05) 2.67 (↓43%) 27.00% (Fixed) × Token Merging
DiffRate [25] 79.47% (↓0.43) 2.85 (↓39%) 48.73% (Learned) × Token P + M
LTMP [58] 79.30% (↓0.60) 2.70 (↓43%) - × Token P + M

Ours 80.02% (↑0.12) 2.75 (↓41%) 36.00% (Learned) ✓ Token Pruning
Ours 80.17% (↑0.27) 2.85 (↓39%) 38.00% (Learned) ✓ Token Merging
Ours 80.19% (↑0.29) 2.96 (↓37%) 33.00% (Learned) ✓ Token P + M

ViT-Slimming [59] 77.90% (↓2.00) 2.30 (↓51%) N/A ✓ N/A
X-Pruner [59] 78.93% (↓0.97) 2.40 (↓49%) N/A ✓ N/A

EViT [20] 78.50% (↓1.40) 2.30 (↓51%) 12.50% (Fixed) × Token Pruning
DynamicViT [19] 77.50% (↓2.40) 2.20 (↓53%) 50.00% (Fixed) × Token Pruning

GTP-ViT [57] 78.30% (↓1.60) 2.60 (↓45%) 14.29% (Fixed) × Token Merging
Diffrate [25] 78.81% (↓1.09) 2.40 (↓49%) 33.50% (Learned) × Token P + M

Ours 79.40% (↓0.50) 2.28 (↓53%) 13.00% (Learned) ✓ Token Pruning
Ours 79.98% (↑0.08) 2.38 (↓49%) 18.00% (Learned) ✓ Token Merging
Ours 79.98% (↑0.08) 2.55 (↓46%) 33.00% (Learned) ✓ Token P + M

Base

DeiT-Base 81.80% 18.00 100% - N/A

AS-DeiT-B [60] 81.40% (↓0.40) 11.20 (↓38%) 34.30% (Fixed) × Token Pruning
DynamicViT [19] 81.43% (↓0.37) 11.40 (↓37%) 34.30% (Fixed) × Token Pruning

EViT [20] 80.00% (↓1.80) 8.70 (↓52%) 12.50% (Fixed) × Token Pruning
EViT [20] 81.30% (↓0.50) 11.50 (↓36%) 34.30% (Fixed) × Token Pruning

Evo-ViT [34] 81.30% (↓0.50) 11.31 (↓37%) 25.00% (Fixed) × Token Pruning
GTP-ViT [57] 80.70% (↓1.10) 11.00 (↓38%) 32.65% (Fixed) × Token Merging

ToMe [23] 80.29% (↓1.51) 10.57 (↓41%) 27.00% (Fixed) × Token Merging
Diffrate [25] 79.73% (↓2.07) 9.42 (↓48%) 30.46% (Learned) × Token P + M
Diffrate [25] 81.27% (↓0.53) 11.61 (↓36%) 47.72% (Learned) × Token P + M
LTMP [58] 78.80% (↓3.00) 9.00 (↓50%) - × Token P + M

Ours 81.49% (↓0.31) 10.90 (↓39%) 51.00% (Learned) ✓ Token Pruning
Ours 81.77% (↓0.03) 10.59 (↓41%) 65.00% (Learned) ✓ Token Merging
Ours 81.52% (↓0.28) 9.54 (↓47%) 67.00% (Learned) ✓ Token P + M

We present the performance comparison of PRANCE with various SOTA methods across three model sizes: Tiny, Small, and Base, with the results of
three different token optimization methods: Pruning, Merging, and Pruning-then-Merging (Token P+M).

This process will be completed within 0.5 GPU days.

B. Main results

Tab. II shows the results of the PRANCE across three
different-sized models. The Top-1 accuracy, FLOPs, and to-
ken keep rate are reported, along with comparative analyses
against other methods. Note that the token keep rate refers
to the percentage of tokens retained after three rounds of
optimization. One can see that PRANCE significantly reduces
the FLOPs while maintaining exceptionally high accuracy.

Under the same FLOPs constraints, PRANCE outperforms
existing lightweight SOTA models. Notably, for ViT-Tiny and
ViT-Small, our models even slightly surpass the accuracy of
original models, showcasing that reducing the redundancies
of ViTs can improve their generalization. Specifically, for
ViT-Tiny, our model achieves approximately 1% higher Top-1
accuracy than the base model while reducing FLOPs by about
30%. For ViT-Small, with FLOPs reductions of approximately
40% and 50%, the Top-1 accuracy surpasses the base model
by about 0.3% and 0.1%, respectively. For ViT-Base, with a
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reduction of approximately 40% in FLOPs, the Top-1 accuracy
is only 0.03% lower than that of the base model.
Overall, PRANCE is an efficient sample-wise inference
method that optimizes both model structural dimensions and
data dimensions simultaneously, enabling optimal results with
minimal FLOPs. Moreover, by adaptively optimizing each
sample through data optimization methods such as token
pruning, token merging, token pruning-then-merging, and
structural optimization methods such as channel selection, we
can significantly reduce the model size while maintaining or
even improving the model’s accuracy. On the one hand, the
optimization of both the model structure and data dimensions
by PRANCE contributes significantly. On the other hand,
the powerful adaptive decision-making capability of the PPO
selector ensures that even the simplest optimization methods
can be effectively applied to each sample, thus avoiding to use
more complex lightweight techniques such as token clustering.
Tab. III presents the results of PRANCE employing different
token optimization strategies across various model settings.
The results of each token optimization strategy at different
optimization levels are reported. First of all, for models
of various scales, PRANCE employing pruning, merging,
and pruning-then-merging optimization strategies can maintain
high accuracy with significantly reduced FLOPs. These results
significantly surpass various lightweight SOTA models and
even meet or exceed the performance of DeiT, demonstrating
the powerful lightweight capability of our model and its
excellent performance across different compression levels.
Moreover, the results show that the three token optimization
methods—pruning, merging, and pruning-then-merging—can
all achieve excellent performance. This is different from the
conclusions of more complex token optimization methods.
With the help of the PPO selector, our model achieves a more
reasonable token optimization ratio for different samples, even
though it only uses sample token optimization methods.
Meanwhile, token merging outperforms pruning at extremely
low FLOPs. For instance, for ViT-Small with 1.96G FLOPs,
the accuracy can still reach 79.29%, for ViT-Base with 7.09G
FLOPs, the accuracy can still reach 81.29%. From the per-
spective of joint optimization of data and model structure, the
token keep rate is the result of data dimension optimization,
while the model channels represent the structural dimension
optimization. For models of the same scale, the effect of data
optimization and model optimization are coupled: increasing
data or enhancing channel dimensions both improve accuracy,
and there is a complementary relationship between them. For
example, PRANCE at the Base scale can achieve an accuracy
of 81.51% by retaining only 8% of the tokens, or it can also
achieve a similar accuracy of 81.49% by retaining 56% of the
tokens. What’s more, although PRANCE can surpass DeiT
in accuracy, the margin by which PRANCE exceeds DeiT de-
creases as the scale of DeiT increases. And PRANCE struggles
to surpass DeiT in accuracy at the base scale. This indicates
that for ImageNet, the model’s scale transitions from being
insufficient to becoming overly large. At the Base scale, the
training data is insufficient for the model to learn more.

TABLE III
THE DETAILS OF PRANCE

Model Top-1 Acc. (%) FLOPs(G) Token Keep
Rate Type

DeiT-Tiny 72.20% 1.20 100%

Tiny

72.38% (↑0.18) 0.87 (↓28%) 25% Pruning
73.07% (↑0.87) 0.97 (↓19%) 25% Pruning
73.55% (↑1.35) 1.07 (↓11%) 60% Pruning

71.39% (↓0.81) 0.87 (↓28%) 51% Merging
72.81% (↑0.61) 0.96 (↓20%) 53% Merging
73.05% (↑0.85) 1.03 (↓14%) 53% Merging

72.36% (↑0.16) 0.71 (↓41%) 8% P + M
73.31% (↑1.11) 0.87 (↓28%) 33% P + M
73.77% (↑1.57) 0.94 (↓22%) 41% P + M
74.41% (↑2.21) 1.03 (↓14%) 33% P + M

DeiT-Small 79.90% 4.70 100%

Small

78.93% (↓0.97) 2.07 (↓56%) 11% Pruning
79.40% (↓0.50) 2.28 (↓51%) 13% Pruning
79.59% (↓0.31) 2.59 (↓45%) 30% Pruning
80.12% (↑0.22) 2.84 (↓40%) 36% Pruning
80.25% (↑0.35) 3.17 (↓33%) 36% Pruning

79.29% (↓0.61) 1.96 (↓58%) 18% Merging
79.98% (↑0.08) 2.38 (↓49%) 18% Merging
80.01% (↑0.11) 2.40 (↓49%) 18% Merging
80.05% (↑0.15) 2.58 (↓45%) 38% Merging
80.17% (↑0.27) 2.85 (↓39%) 38% Merging
80.21% (↑0.31) 3.05 (↓35%) 38% Merging

79.42% (↓0.48) 2.10 (↓55%) 29% P + M
79.71% (↓0.19) 2.30 (↓51%) 29% P + M
79.98% (↑0.08) 2.55 (↓46%) 33% P + M
80.06% (↑0.16) 2.61 (↓44%) 33% P + M
80.15% (↑0.25) 3.25 (↓31%) 33% P + M

DeiT-Base 81.80% 18.00 100%

Base

81.29% (↓0.51) 9.60 (↓47%) 51% Pruning
81.43% (↓0.37) 10.41 (↓42%) 51% Pruning
81.49% (↓0.31) 11.34 (↓37%) 56% Pruning

81.29% (↓0.51) 7.09 (↓61%) 36% Merging
81.42% (↓0.38) 7.64 (↓58%) 36% Merging
81.51% (↓0.29) 9.30 (↓48%) 7% Merging
81.77% (↓0.03) 10.59 (↓41%) 65% Merging

80.24% (↓1.56) 7.43 (↓59%) 27% P + M
81.23% (↓0.57) 8.20 (↓54%) 47% P + M
81.52% (↓0.28) 9.54 (↓47%) 67% P + M
81.62% (↓0.18) 11.66 (↓35%) 73% P + M

The results of PRANCE in jointly optimizing the model structure with
three token optimization strategies: Pruning, Merging, and pruning-then-
merging, across three different-sized models, including ViT-Tiny, ViT-
Small, and ViT-Base. Besides, for each optimization scheme, results under
multiple FLOPs constraints are reported to demonstrate the effectiveness
of PRANCE.

C. Analysis

One-step selection VS multi-step selection. For the sample-
wise joint optimization problem of data and model structure,
the most intuitive approach is to generate all necessary pa-
rameters for lightweight inference at once, based on the initial
samples. However, this approach treats ViTs as a black box
and constructs a substantially large decision space with up
to around 1014 combinations. Another way is to follow the
paradigm of RL by modeling the problem as a Markov process.
PRANCE divides ViTs into multiple groups and allowing the
PPO selector to make decisions in stages. In this way, the
action space is reduced to just 7 or 8 dimensions, which not
only significantly reduces the difficulty of joint optimization
but also helps the selector grasp the token features at different
stages of the inference process.

This article has been accepted for publication in IEEE Transactions on Pattern Analysis and Machine Intelligence. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TPAMI.2025.3605239

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Tsinghua University. Downloaded on September 21,2025 at 12:18:58 UTC from IEEE Xplore.  Restrictions apply. 



11

Fig. 5. Visualization of token pruning in different transformer groups. PRANCE effectively identifies and retains important tokens while removing
unimportant ones to reduce the complexity of ViTs. Besides, our framrwork prefers to retain tokens in the early stages and optimize a large number of
low-information tokens in the later stages.

Fig. 6. Visualization of token merging in different transformer groups. PRANCE can merge similar tokens based on their importance, retaining tokens
with higher information.

TABLE IV
THE RESULT OF ONE-STEP DECISION AND MULTI-STEP DECISION.

Decision Type Model Top-1 Acc. (%) FLOPs(G) Token Keep
Rate

Once
Tiny 62.44% 1.02 30% ([0.5, 1])
Small 64.00% 3.18 36% ([0.5, 1])
Base 75.05% 10.9 42% ([0.5, 1])

Step by step
Tiny 73.07% 0.97 25% ([0, 1])
Small 80.12% 2.84 36% ([0, 1])
Base 81.43% 10.41 51% ([0, 1])

The intervals marked in blue indicate the range of token keep ratios for
single-step decisions. Compared with one-step solution, the multi-step
apporach can better capture the trade-off between accuracy with model
structure and tokens.

Tab. IV shows the results of the above two model ways. The
one-step selector fails to effectively learn the importance of to-
kens and model structure, resulting in poor performance. Con-
versely, the multi-step selector, modeled based on PRANCE,
can better capture the trade-off between accuracy with model
structure and tokens, leading to better accuracy. Specifically,
to avoid performance collapse, the token keep ratio for single-
step decisions is set to [0.5, 1], while the PRANCE ranges
from [0, 1].
Impact of penalization on token optimization strategies.
An interesting phenomenon was observed during training the
PRANCE: without penalizing the token optimization terms,
the selector tends to retain all tokens, and obtain a high-
precision lightweight model by optimizing the model structure.

The results of the comparative experiments are shown in
Tab. V. As the model scale increases, the selector tends to
keep more tokens. In the Tiny scale, a good balance can be
achieved even without adding the penalty factor at. However,
in the Small and Base scales, the proportion of retained tokens
is around 80% or higher, sometimes even reaching 100%. The
reason may be that adjusting the structure of the meta-network
has a smaller impact on accuracy compared to optimizing
tokens. Besides, this phenomenon becomes more pronounced
as the model scale increases, which demonstrates that the
model has learned effective information from the data. As the
scale increases, the less information is required from the data.
Unfortunately, merely optimizing the model structure while
retaining a large number of tokens results in a suboptimal
state. Although the Top-1 accuracy of the model is maintained,
the computational complexity remains high. By adding penalty
terms to the reward function, PRANCE effectively achieves a
balance between the number of tokens and the model structure,
reducing FLOPs to a lower level while maintaining Top-1
accuracy.
The effect of different features on Selector. Inspired by
existing lightweighting efforts, we believe that the interme-
diate features of the trained ViTs can effectively reflect data
characteristics. Therefore, we attempted to optimize the model
structure and tokens on a sample-wise basis, separately utiliz-
ing the Class Token X, Q, K, V and QKV feature matrices
in each ViTs’ block. The experiments are conducted on three
models of different scales, and the results are presented in Tab.
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Fig. 7. Visualization of token pruning-then-merging (P+M) in different transformer groups. The light, translucent parts represent the pruned tokens,
while the colored blocks represent the merged tokens. PRANCE can prune the least informative background tokens based on the complexity of the image,
then merge tokens with less information, and retain tokens with higher information content.

(a) Dimensional Distribution of Em-
bedding Channels of the Model for the
”Bird” Category.

(b) Dimensional Distribution of MLP
of the Model for the ”Bird” Category.

(c) Dimensional Distribution of Em-
bedding Channels of the Model for the
”Church” Category.

(d) Dimensional Distribution of MLP
of the Model for the ”Church” Cate-
gory.

Fig. 8. Dimensional distributions of different categories on ImageNet. The category “Church” contains complex architectural information with high
information, while the category “Bird” is a photograph with a simple background and less information. One can see that PRANCE can dynamically select
model channels based on the complexity of the image, achieving the highest possible Top-1 accuracy with the lowest possible FLOPs.

TABLE V
THE EFFECT OF PENALIZATION ON TOKEN OPTIMIZATION.

Model Reward State Type Top-1 Acc. (%) FLOPs(G) Token Keep
Rate

Tiny

Penalty
Pruning 66.39% 0.99 38%
Merging 68.85% 1.18 32%
P + M 71.59% 1.18 60%

Raw
Pruning 71.92% 1.18 60%
Merging 70.51% 0.92 53%
P + M 71.15% 0.89 46%

Small

Penalty
Pruning 74.10% 2.72 13%
Merging 76.97% 1.98 9%
P + M 75.28% 2.36 29%

Raw
Pruning 77.57% 3.78 96%
Merging 78.44% 4.17 97%
P + M 76.92% 3.92 73%

Base

Penalty
Pruning 78.33% 9.18 59%
Merging 74.61% 8.31 51%
P + M 79.99% 10.7 30%

Raw
Pruning 81.40% 15.18 100%
Merging 79.90% 13.79 88%
P + M 80.90% 14.18 93%

The impact of token penalties on various ViTs models and token
optimization strategies. Due to the significant impact of optimizing tokens
on accuracy, the selector tends to optimize the model structure and
retain tokens. This situation is significantly mitigated after adding token
penalties.

VI. Due to the maximum embedding dimensions of 240, 416,
and 768 for the three model scales, which result in excessive
training costs and suboptimal accuracy, the Class Token X was
not adopted. The Q, K, V, QKV matrices perform well on

TABLE VI
THE EFFECT OF DIFFERENT FEATURES ON SELECTOR.

Model Input Top-1 Acc. (%) FLOPs(G) Token Keep Rate

Tiny
Q 72.01% 0.91 42%
K 72.38% 0.87 25%
V 70.09% 0.95 53%

QKV 72.62% 0.93 23%

Small
Q 79.63% 2.72 30%
K 80.12% 2.84 36%
V 77.97% 3.11 32%

QKV 80.27% 3.02 29%

Base
Q 81.32% 10.59 64%
K 81.29% 9.60 51%
V 80.90% 11.36 89%

QKV 81.24% 10.34 31%

The results of different features as inputs for the selector on ViT-Tiny,
Small, and Base models. The < CLS > token is discarded due to its
high dimensionality and excessive computational overhead. The K matrix
performs relatively the best across models of different scales.

different model scales, with the K matrix showing the most
significant effect. QKV and K achieve similar results, but the
selector’s computation cost is 3 times higher when using the
QKV matrix. Therefore, we believe that using the K matrix is
the best choice.
The impact of different features on token merging. To
improve computational efficiency, we draw on token merging
methods from ToMe [23] and Diffrate [25], exploring the
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TABLE VII
THE IMPACT OF DIFFERENT FEATURES ON TOKEN MERGING.

Model Input Type Top-1 Acc. (%) FLOPs(G) Token Keep
Rate

Tiny
K

Merging 71.90% 0.92 62%
P + M 73.58% 0.99 40%

X
Merging 72.81% 0.96 53%
P + M 74.36% 1.00 33%

Small
K

Merging 78.72% 2.64 28%
P + M 78.82% 2.90 44%

X
Merging 80.17% 2.85 38%
P + M 80.19% 2.96 33%

Base
K

Merging 79.70% 9.12 54%
P + M 79.37% 8.22 56%

X
Merging 81.57% 9.64 65%
P + M 77.02% 11.85 74%

The impact of various selector inputs on token merging and pruning-
then-merging across ViT models (before fine-tuning). The performance
of adopting X is significantly better than that of matrix K, and this
difference becomes more pronounced as the model size increases.

effects of feature matrices K and X in token importance
ranking and merging. The results are shown in Tab. VII.
To intuitively demonstrate the impact of the two evaluation
metrics on token optimization, the results before fine-tuning
are presented. Overall, matrix X has a more favorable impact
on the results compared to matrix K, and this effect becomes
increasingly pronounced as the model size grows. Besides,
for both token merging and token pruning-then-merging, the
impact of the two matrices is similar. A possible reason is
that, compared to matrix K, matrix X not only includes
information about token optimization, but also provides more
intuitive information about model channel optimization. From
the training perspective, obtaining a high-performance PPO
selector based on the X matrix is much easier than using the
K matrix, which often requires a very challenging parameter
tuning process.
The effect of smooth accuracy. The Top-1 accuracy is
modified by Eq. (15) to avoid the influence of meta-network
performance. Tab. VIII shows the comparison results. Note
that these results are obtained before fine-tuning, which can
more clearly demonstrate the impact of the smoothing func-
tion. Overall, the performance of using the smoothing function
is superior to not using it, and this effect becomes increasingly
pronounced as the model scale increases. At the Tiny scale,
smooth function has no significant impact. While at the Small
scale, the impact is only evident in the pruning strategy,
causing both the pruning and pruning-then-merging strategies
to maintain high Top-1 accuracy, but at the cost of increased
FLOPs. Ultimately, at the Base scale, this impact extends to
all token optimization strategies.
The inference efficiency. To ensure inference efficiency, we
evaluate the inference latency under full load conditions (max-
imum batch size) and the throughput of PRANCE. Two sce-
narois is considered: (1) Resource-limited edge-device with a
NVIDIA GTX 970 GPU (only 4GB memory), and (2) routine
device with a NVIDIA RTX 2080Ti GPU (11GB memory).
The results are shown in Tab. IX and Tab. X. PRANCE show
remarkable efficiency and becomes increasingly pronounced

TABLE VIII
THE EFFECT OF SMOOTH ACCURACY.

Model Reward State Type Top-1 Acc. (%) FLOPs(G) Token Keep
Rate

Tiny

Raw
Pruning 67.67% 1.01 59%
Merging 71.91% 0.96 26%
P + M 73.40% 1.18 31%

Smooth
Pruning 70.62% 1.07 60%
Merging 71.07% 0.92 35%
P + M 72.67% 1.01 42%

Small

Raw
Pruning 72.99% 3.26 76%
Merging 75.38% 2.15 35%
P + M 68.74% 2.97 56%

Smooth
Pruning 74.10% 2.70 13%
Merging 75.48% 2.07 24%
P + M 75.28% 2.36 29%

Base

Raw
Pruning 81.04% 14.50 55%
Merging 79.46% 12.65 75%
P + M 79.62% 12.52 94%

Smooth
Pruning 81.08% 11.50 51%
Merging 79.22% 10.45 71%
P + M 79.99% 10.69 30%

The impact of the smoothing function on model performance across
various ViTs models and various token optimization strategies before
fine-tuning. The smoothing function has little impact on the Tiny model
but significantly affects the Small and Base models. On the other hand,
its impact is more pronounced on the pruning strategy compared to the
merging strategy.

with larger model sizes and larger batch size. On resource-
limited device GTX 970, PRANCE demonstrates significant
efficiency improvement across models of three different scales,
reducing latency by over 25%, with a peak reduction of
38%, all without any loss in accuracy. On RTX 2080ti GPU,
PRANCE achieves about 1.3∼1.7 times throughout improve-
ments across model and token optimization strategies. Besides,
the PPO selector almost has no effect on the inference time.
In a single inference process, the selector will be called 3
times, taking a total of about 1∼2 ms. The added delay
is significantly smaller than the time saved from inference
acceleration.
What’s more, we can also find that different hardware requires
different token optimization strategies. For example, on the
NVIDIA GTX 970 GPU, Token Pruning-then-Merging strat-
egy consistently achieves the best latency reduction across
all models (up to 38%). Meanwhile, on the NVIDIA RTX
2080ti GPU, Token Pruning strategy excels in throughput
for smaller models (1.72×), while Token Merging is more
effective for larger models like the Base model (1.57×). This
highlights that the advantage of PRANCE that supporting flex-
ible token optimization strategies for various hardware-model
combinations, with pruning favoring lightweight models on
high-performance GPUs and merging or combined approaches
better for larger models.
Visualization. In this part, some visualization results will
be shown. First of all, Fig. 5, Fig. 6, Fig. 7 present the
step-by-step visualization results of PRANCE on different
samples using the pruning, merging, and pruning-then-merging
strategies, respectively. All three strategies can dynamically
optimize different numbers of tokens based on the complexity
of the sample at various stages of model inference, retaining
important tokens and removing unimportant ones. While there
are still some differences between them. The pruning strategy
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(a) ViT-Tiny (b) ViT-Small (c) ViT-Base

Fig. 9. Accuracy-FLOPs performance. Across different model scales, PRANCE achieves higher Top-1 accuracy with lower FLOPs, surpassing various
SOTA methods and even exceeding DeiT at the Tiny and Small scales. On the other hand, as the model scale increases, the margin by which PRANCE surpasses
DeiT becomes smaller. This indicates that the model is learning more, and the amount of data becomes insufficient at the Base scale.

TABLE IX
THE INFERENCE LATENCY OF THE PRANCE.

Model Uncompressed (ms) Type Compressed (ms) Selector (ms)

Tiny 121.25 ± 5.26
Pruning 86.63 ± 5.26 (↓29%) 1.58 ± 0.23
Merging 87.62 ± 5.72 (↓28%) 1.67 ± 0.58
P + M 84.90 ± 4.53 (↓30%) 1.68 ± 0.30

Small 131.89 ± 7.44
Pruning 85.63 ± 4.34 (↓35%) 1.57 ± 0.22
Merging 84.94 ± 5.31 (↓36%) 1.78 ± 0.43
P + M 82.37 ± 4.78 (↓38%) 1.55 ± 0.19

Base 111.15 ± 4.24
Pruning 81.64 ± 4.35 (↓27%) 1.64 ± 0.24
Merging 82.16 ± 4.23 (↓26%) 1.65 ± 0.25
P + M 68.44 ± 4.91 (↓38%) 1.70 ± 0.28

As the model size and batch size increases, the acceleration effect of
PRANCE becomes increasingly pronounced. The latency of all models
are reduced by over 25%, with a peak reduction of up to 38%. Besides,
the selector adds almost no overhead to inference time.

TABLE X
THROUGHPUT MEASUREMENT (IMG/SEC) OF PRANCE.

Model Uncompressed
(img/sec) Type Compressed (img/sec)

Tiny 1002.58
Pruning 1469.57 (×1.46)
Merging 1333.67 (×1.33)
P + M 1403.97 (×1.40)

Small 485.16
Pruning 836.18 (×1.72)
Merging 688.47 (×1.41)
P + M 638.55 (×1.31)

Base 197.36
Pruning 259.22 (×1.31)
Merging 310.38 (×1.57)
P + M 286.60 (×1.45)

PRANCE achieves substantial improvements in model throughput, deliv-
ering over 1.3× speedup across models of different scales, with a peak
improvement of 1.7×. This highlights its ability to support flexible token
optimization strategies across diverse hardware-model combinations.

primarily optimizes tokens in the later stages, specifically at
the 6th and 9th blocks, while retaining more tokens at the 3rd
block. The pruning-then-merging strategy, on the other hand,
tends to optimize tokens in the early stages, with the lightest
optimization at the 9th layer. In contrast, the merging strategy
has a more balanced optimization process. This phenomenon
is closely related to the optimization of the model structure.
When the model has acquired sufficient information, it tends
to optimize more tokens. Conversely, the model prefer to use

as many tokens as possible to capture sample information.
Fig. 8 shows the distribution of channels in the embedding
layers and MLP layers. To ensure a fair comparison, we fixed
the first three layers to their maximum structure, while the
remaining nine layers were optimized. Samples in the ”Bird”
category are relatively simple: the main subject of the image
is complex, but the background is very simple. In contrast,
samples in the ”Church” category are more complex, with
the entire image filled with intricate architectural details. It
can be observed that for complex samples, PRANCE tends
to use more channels, while for simple samples, the number
of activated channels is significantly reduced. It demonstrates
that PRANCE can dynamically adjust the model’s complexity
based on different samples. What’s more, the dynamic ad-
justment of the model structure by PRANCE is more evident
in samples of varying complexity rather than in samples of
different categories. This is because samples from different
categories can contain both simple and complex images.
Fig. 9 illustrates the correlation curves between FLOPs and
Top-1 accuracy under three different scales. The models closer
to the top-left corner in the figure exhibit better performance.
Overall, PRANCE achieves excellent results across differ-
ent model scales by employing various token optimization
methods. It not only surpasses the vast majority of SOTA
lightweight algorithms but also matches or exceeds the per-
formance of the baseline model DeiT with significantly lower
FLOPs. On the other hand, the different token optimization
methods can all achieve good results, with no significant dif-
ferences in their effectiveness. This is related to the selector’s
collaborative optimization of the model structure and tokens,
as well as the complementary information in different token
optimization modes.

V. CONCLUSION

In this paper, we propose the PRANCE framework for ViTs
compression that optimizes both the architecture (model chan-
nels) and data (number of tokens). To this end, we pre-train a
meta-network that supports variable channels and then model
the inference process of ViTs as a Markov decision process,
using PPO as the selector, and propose a matching “Result-
to-Go” training mechanism. PRANCE supports the joint opti-
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mization of the model structure and three different token op-
timization methods: pruning, merging, and pruning-merging,
all of which yield good results. Extensive experiments have
demonstrated the outstanding performance of this framework,
surpassing existing SOTA methods and showcasing significant
potential for widespread applications.
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