
Spatially-Regularized Entropy for Discriminative Token Merging in
Fine-Grained Re-Identification

Shangze Li 1 Yifan Xu 1 Jingmiao Liang 1 Yongfei Zhang 1 2 Yuzhuo Ma 1 Yingbo Qu 1

Abstract
While Vision Transformers (ViTs) offer strong
global modeling, their quadratic computational
cost limits utility in latency-sensitive applica-
tions like person re-identification (ReID). Existing
compression strategies, such as token pruning or
generic merging, typically rely on coarse-grained
criteria tailored for image classification. In fine-
grained retrieval, these approaches often discard
or smooth out subtle but discriminative local de-
tails. To resolve this, we propose SRE-Merge, a
training-free framework designed for discrimina-
tive token compression. SRE-Merge injects spa-
tial priors into the merging process through three
mechanisms: (i) Spatial-Entropy Saliency Assess-
ment (SES-Assess), which quantifies token impor-
tance as Spatial-Entropic Mass (SE-Mass) by cou-
pling spatial structure with local attention entropy;
(ii) Hybrid Context-Affinity Matching (HCA-
Match), which guides precise pair selection by
combining feature similarity with mass-derived
context; and (iii) Energy-Preserving Weighted Fu-
sion (EPW-Fuse), which incorporates SE-Mass
weighting to counteract feature variance reduc-
tion. Extensive experiments on standard bench-
marks show that SRE-Merge reduces GFLOPs of
the base ViT model by about 24% while retain-
ing competitive retrieval accuracy, establishing a
superior accuracy-efficiency trade-off.

1. Introduction
Person re-identification (ReID) (Ye et al., 2021; Wu et al.,
2023a; Yuan et al., 2025c; Liu et al., 2025) has emerged as a
key problem in computer vision, aiming to retrieve individ-
uals across multiple non-overlapping cameras. This task is

1School of Computer Science and Engineering, Beihang Uni-
versity, Beijing, China 2State Key Laboratory of Virtual Reality
Technology and Systems, Beihang University, Beijing, China. Cor-
respondence to: Yongfei Zhang <yfzhang@buaa.edu.cn>.

Proceedings of the 43 rd International Conference on Machine
Learning, Seoul, South Korea. PMLR 306, 2026. Copyright 2026
by the author(s).

widely applied in public security and intelligent surveillance
where real-time response is often required. Recent progress
in Vision Transformers (ViTs) has brought significant ad-
vances to ReID via strong global modeling (He et al., 2021;
Wang et al., 2022a; Zhu et al., 2022; 2024; Li et al., 2022;
Yuan et al., 2025b;d). However, ViTs are computation-
ally expensive: multi-head self-attention incurs quadratic
complexity with respect to the number of tokens, while
feed-forward networks scale linearly with the token count
but still account for substantial computation since they are
applied to every token with high-dimensional projections.
In practice, numerous tokens originate from background
regions with minimal discriminative contributions or seman-
tically homogeneous foreground areas, leading to redundant
computation and slow inference. These limitations hinder
the deployment of ViTs in real-world scenarios.

To reduce this overhead, recent lightweight ReID studies
have mainly adopted model pruning techniques (Wu et al.,
2023b; Cao et al., 2024; Wang et al., 2024). The key idea is
to discard background or redundant tokens that contribute
little to discrimination, as seen in RCCReID (Wang et al.,
2023) and SUReID (Song & Liu, 2024). Despite their effi-
ciency, pruning permanently removes tokens, disrupting the
spatial and contextual continuity essential for fine-grained
retrieval. For ReID, identity matching depends not only on
global appearance but also on the contextual consistency
among local regions. When tokens are discarded based
on coarse criteria, the continuity of such context is broken,
making it difficult for the model to capture discriminative
patterns. Therefore, an ideal strategy should reduce redun-
dancy without sacrificing the contextual integrity of the
feature map.

A moderate alternative to pruning is token merging, which
compresses the sequence by aggregating similar tokens
rather than discarding them (Bolya et al., 2023; Feng &
Zhang, 2023; Yoo et al., 2024; Choi et al., 2024; Yuan et al.,
2025a). Because merging retains relationships among to-
kens, it better preserves spatial and contextual information
and is, in principle, more compatible with ReID. However,
most existing merging strategies are primarily designed for
image classification and rely on coarse-grained criteria (e.g.,
class-token similarity), where preserving category-level se-
mantics is often sufficient. When applied to fine-grained
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Figure 1. Directly applying generic token merging techniques results in an apparent performance drop for ReID, due to their inability
to retain critical retrieval cues, as highlighted by the red boxes. In contrast, SRE-Merge effectively preserves this crucial information,
thereby maintaining high accuracy. Note that SRE-Merge reduces GFLOPs to 15.53, which is 23.9% lower than TransReID (20.41).

retrieval, however, such approaches fail to distinguish subtle
details: First, regarding token assessment, current methods
ignore spatial structure and varying information density,
leading to the underestimation of critical local cues. Sec-
ond, regarding token matching and fusion, operations driven
purely by feature similarity can mistakenly merge crucial
tokens (e.g., face, logos) with background or cause feature
variance reduction during averaging, leading to representa-
tion collapse. As Figure 1 implies, operations harmless for
classification may remove the very signals ReID requires.

To resolve this, we propose SRE-Merge, a training-free
framework designed for discriminative token compression.
SRE-Merge injects spatial priors into the merging pipeline
to preserve local details through three mechanisms. First,
Spatial-Entropy Saliency Assessment (SES-Assess) is
proposed to overcome assessment bias, which quantifies
token importance as Spatial-Entropic Mass (SE-Mass)
by coupling spatial structure with local attention entropy.
Second, we design Hybrid Context-Affinity Matching
(HCA-Match), which guides precise pair selection by com-
bining feature similarity with mass-derived context. Finally,
Energy-Preserving Weighted Fusion (EPW-Fuse) incor-
porates SE-Mass weighting and variance-preserving con-
straints to counteract feature variance reduction inherent in
averaging operations.

Our main contributions are summarized as follows:

• We introduce SRE-Merge, a novel training-free token
merging framework for ViT-based ReID, which per-
forms spatially-regularized entropy-guided merging
to reduce token redundancy while preserving identity-
discriminative details.

• We design SES-Assess, a strategy that quantifies token
importance as Spatial-Entropic Mass (SE-Mass) by
integrating spatial priors with local entropy, enabling
more reliable evaluation of crucial tokens.

• We develop HCA-Match and EPW-Fuse, which lever-
age mass-derived context and variance-preserving con-
straints to mitigate erroneous fusion of discriminative
tokens and prevent representation collapse.

• Extensive experiments validate that SRE-Merge
achieves a significant reduction in computational cost
while maintaining accuracy comparable to state-of-the-
art methods, yielding a superior accuracy-efficiency
trade-off.

2. Related Work
Token Pruning. The token pruning strategy compresses
the input sequence by removing low-score tokens. For exam-
ple, DynamicViT (Rao et al., 2021) introduces a lightweight
prediction module to estimate token importance scores and
dynamically prune low-score tokens at each layer. SPViT
(Kong et al., 2022) adopts a stage-wise, layer-by-layer train-
ing strategy to progressively prune tokens and optimize
model performance. However, token pruning may discard
useful tokens, leading to information loss.

Token Merging. The token merging strategy achieves se-
quence compression by combining multiple tokens into a
single new token. Unlike the pruning strategy, the merg-
ing strategy retains more information, thus better maintain-
ing recognition accuracy. For instance, EViT (Liang et al.,
2022) progressively reorganizes tokens based on class-token
attention scores, preserving attentive tokens while fusing
inattentive ones into a single token to reduce computational
redundancy. ToMe (Bolya et al., 2023) and Token Pooling
(Marin et al., 2023) merge tokens based on semantic sim-
ilarity, effectively reducing redundant information. BAT
(Long et al., 2023) first distinguishes tokens based on their
importance, and then selectively merges similar tokens to
preserve token diversity. These approaches enhance overall
efficiency while ensuring the model retains key information.
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Figure 2. The overall architecture of the proposed SRE-Merge framework. It operates in a training-free manner through three sequential
stages: (1) SES-Assess first evaluates the information density of each token by coupling spatial priors with local attention entropy,
generating Spatial-Entropic Mass (SE-Mass) scores; (2) HCA-Match then utilizes these mass scores to derive contextual influence,
which is combined with feature similarity to guide the precise matching of redundant tokens; (3) EPW-Fuse finally aggregates the matched
pairs using mass-weighted fusion and performs scale restoration to counteract feature variance reduction, ensuring the preservation of
discriminative representations.

Lightweight Person Re-Identification. Token compres-
sion methods in lightweight ReID can be divided into two
categories. The first category of methods relies on human
structural priors. For instance, RCCReID (Wang et al., 2023)
utilizes an edge detection network (Xie & Tu, 2015) to
extract image edge maps, and filters background regions
by selecting valid tokens, while maintaining recognition
accuracy and reducing computational cost. The other cat-
egory of methods requires no external human structural
priors. SUReID (Song & Liu, 2024) proposes a hierarchi-
cal token sparsification strategy that predicts token-keeping
probabilities, makes differentiable binary decisions, and pro-
gressively eliminates redundant tokens. PAPReID (Nday-
ishimiye et al., 2025) introduces a dynamic token selection
module, which evaluates importance scores to filter tokens
and retains only key tokens for computation. These methods
reduce computational overhead while maintaining accuracy,
promoting the development of lightweight ReID.

3. Methodology
In this section, we formally present our SRE-Merge frame-
work, as illustrated in Figure 2. We begin by briefly revisit-
ing TransReID (He et al., 2021), which provides the infras-
tructure of our approach (Section 3.1). Then, we elaborate
on the Spatial-Entropy Saliency Assessment (SES-Assess)
strategy (Section 3.2), which quantifies token importance

as Spatial-Entropic Mass (SE-Mass). Next, we introduce
the Hybrid Context-Affinity Matching (HCA-Match)
scheme (Section 3.3), which guides precise pair selection by
combining feature similarity with mass-derived context. Fi-
nally, we propose the Energy-Preserving Weighted Fusion
(EPW-Fuse) paradigm (Section 3.4), which counteracts fea-
ture variance reduction.

3.1. Revisit TransReID

Given an image x ∈ RH×W×C , where H , W , and C repre-
sent its height, width, and number of channels, respectively,
it is split into N fixed-sized patches through a sliding win-
dow. A learnable class token [cls] of dimension D, denoted
as zcls ∈ RD, is added at the beginning of the sequence. Po-
sition embeddings and side information embeddings are then
incorporated to form the token sequence Z0 ∈ R(N+1)×D,
which is passed through L transformer layers.

Within each transformer layer, the computational process
can be formulated as follows:

Z ′
l = MHSA(LN(Zl−1)) + Zl−1, l ∈ [1, L], (1)

Zl = FFN(LN(Z ′
l)) + Z ′

l , l ∈ [1, L], (2)

where MHSA(·) represents multi-head self-attention
(Vaswani et al., 2017), FFN(·) denotes feed-forward net-
work, and LN is layer normalization. Let Q,K, V ∈
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R(N+1)×D denote the query, key, and value matrices,
MHSA performs parallel attention computation on the input:

Attention(Q,K, V ) = A×V, A = Softmax

(
QKT

√
Dh

)
,

(3)
where Dh = D/H denotes the output dimension of a single
head among H attention heads. Similarly, the class-token
attention scores are given by:

A(zcls, :) = Softmax

(
QclsK

T

√
Dh

)
. (4)

Current token assessment approaches typically average out-
puts across all attention heads, while neglecting spatial and
contextual relations between tokens. This often leads to the
underestimation of discriminative tokens in critical local
regions, thereby losing crucial retrieval cues.

3.2. Spatial-Entropy Saliency Assessment

To mitigate information loss caused by naive head averaging,
we propose SES-Assess, which computes an entropy mea-
sure for each spatial location and uses local neighborhood
entropy to differentiate the saliency of each attention head
dynamically. Attention heads that exhibit lower entropy,
which indicate more concentrated distributions (higher con-
fidence), receive higher weights. This approach relies only
on MHSA outputs and requires no extra supervision, en-
abling a training-free assessment mechanism (more details
are in the Appendix).

TransReID uses the sliding window to generate patches, and
subsequent merging may change the number and arrange-
ment of tokens across layers. Traditional approaches based
on fixed dimensions or positions are rendered inapplicable,
as they cannot predetermine the variable token configura-
tions (quantity and sequence) at each layer. To establish
spatial location relationships, we introduce Dynamic Vir-
tual Coordinates (DVC) that map an arbitrary number of
tokens onto a virtual grid. Given N image tokens at the
current layer (excluding the class token), we arrange them
sequentially into a virtual Hv×Wv grid with Hv = ⌈

√
N⌉,

Wv = ⌈N/Hv⌉, and index tokens by i ∈ {0, . . . , N − 1}.
The normalized coordinates of token i are xi =

⌊i/Wv⌋+0.5
Hv

,
yi =

i%Wv+0.5
Wv

, so that (xi, yi) ∈ (0, 1)2 and token layout
reflects the virtual spatial arrangement. After each merging
operation, DVC is recomputed for the current token se-
quence, where each fused token is treated as a single token
in the next layer; thus, DVC provides a layer-adaptive coarse
spatial layout rather than fixed pixel-level coordinates.

In ReID datasets, images are constructed by cropping in-
dividual pedestrian silhouettes based on object detectors
or manual annotations. Due to the high precision of mod-
ern detectors, foreground pedestrians critical for identity

recognition are typically centered, meaning central regions
contain more salient information. To encode this prior, we
define Adaptive Gaussian Spatial Template (AdaptGST) that
emphasizes central regions. For a layer with N tokens, we
employ the Gaussian scale σ = α

√
N (with α convention-

ally set to 0.1), and the spatial prior for token i is

Wspace(xi, yi) = exp

(
− (xi − 0.5)2 + (yi − 0.5)2

2σ2

)
.

(5)
This template dynamically and adaptively adjusts the central
prior intensity according to the token density at the current
layer, enabling adaptation to varying spatial distributions of
salient information.

To eliminate dependency on fixed grids and flexibly perceive
spatial and contextual relations, we form for each token zi a
neighborhood N (i) consisting of its k nearest tokens under
Euclidean distance in the virtual coordinates (xi, yi). Let
A(h)(zcls, zj) denote the attention from the class token zcls
to neighboring token zj in head h. Since attention weights
are originally normalized over the entire token set, we first
re-normalize them within the local neighborhood N (i) to
obtain a valid local probability distribution:

p
(h)
i,j =

A(h)(zcls, zj)∑
u∈N (i) A

(h)(zcls, zu)
, j ∈ N (i). (6)

Then, the local neighborhood entropy for head h at token zi
is computed as

H(h)(zi) = −
1

log |N (i)|
∑

j∈N (i)

p
(h)
i,j log p

(h)
i,j . (7)

When |N (i)| = 1, the local distribution degenerates to a
deterministic one, and we setH(h)(zi) = 0 to avoid the un-
defined normalization factor log |N (i)|. This normalization
ensures that H(h)(zi) is computed on a valid probability
distribution and remains comparable across neighborhoods
with different sizes. A lower entropy indicates a more con-
centrated and confident attention distribution of head h on
the corresponding neighborhood. Subsequently, we derive
the entropy-aware attention weight of head h for token zi
through a normalized exponential function:

R(h)(zi) =
exp

(
−H(h)(zi)

)∑H
h′=1 exp

(
−H(h′)(zi)

) . (8)

This formulation dynamically allocates the contribution of
each attention head according to its local neighborhood en-
tropy. Compared to conventional averaging approaches, our
method amplifies contributions from heads with more con-
centrated and confident local responses, thereby achieving
enhanced focus on crucial details.

Ultimately, the importance of token zi is defined as
the entropy-weighted aggregation of class-token attention
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across all heads, further modulated by the spatial prior. We
define this quantity as the Spatial-Entropic Mass (SE-
Mass), denoted as S(zi) (i ∈ [1, N ]), which serves as
the fundamental physical quantity guiding the subsequent
matching and fusion processes:

S(zi) = Wspace(xi, yi)

H∑
h=1

R(h)(zi) ·A(h)(zcls, zi). (9)

Here, Wspace(xi, yi) injects the pedestrian-centered spatial
prior at the token-saliency level, whileR(h)(zi) adaptively
emphasizes attention heads with more confident local re-
sponses for each token.

3.3. Hybrid Context-Affinity Matching

SE-Mass-Based Grouping. After computing the SE-
Mass for each image token, we keep the class token zcls
separate and consider the set of image tokens indexed by
I = {1, . . . , N}. Let S = {S(zi)}i∈I be the SE-Mass
values for these tokens, we form a descending permuta-
tion Index = (p1, . . . , pN ) by sorting S in decreasing or-
der, i.e., S(zp1) ≥ S(zp2) ≥ · · · ≥ S(zpN

). Then we
split this ordered list into two subsequences by alternat-
ing positions: IndexA = {0, p1, p3, p5, . . . }, IndexB =
{p2, p4, p6, . . . }, where the class-token index 0 is explicitly
inserted into IndexA to help preserve core features dur-
ing matching. Based on this partitioning, we extract the
corresponding tokens from Z ∈ R(N+1)×D and form two
subsequences ZA = Z[IndexA] and ZB = Z[IndexB ].
The traditional fixed odd-even grouping may lead to seman-
tically similar or redundant tokens being clustered within
the same group, thereby hindering cross-group pairing (as
matching occurs exclusively between groups). Our SE-Mass
metric reflects task-specific priority of tokens. This priority-
ordered grouping strategy effectively disrupts fixed token
distributions and enhances semantically correlated merging.

Hybrid Context-Affinity Function. Given Z ∈
R(N+1)×D, the goal at each layer is to merge r pairs
of redundant tokens and produce a compressed sequence
Ẑ ∈ R(N+1−r)×D. To guide matching while protect-
ing identity-relevant crucial tokens, we define a Hybrid
Context-Affinity Function (HCA-Function) that com-
bines feature similarity with mass-derived context to evalu-
ate inter-group token relationships.

Since the K matrix has distilled critical information of each
token through self-attention, we use the K vectors (rows of
the K matrix) as compact semantic descriptors for feature
similarity. For tokens zi and zj with K vectors ki, kj ∈ RD,
the cosine-based similarity is defined as

Fsim(ki, kj) =
1

2

(
ki · kTj

∥ ki ∥2 · ∥ kj ∥2
+ 1

)
, (10)

where || · ||2 represents the L2 norm. The final results are
normalized and shifted to the [0,1] interval.

However, relying solely on inter-token similarity as the
merging criterion entails potential risks. Semantically sim-
ilar tokens in feature space are not necessarily redundant,
particularly when they are located in critical local regions
essential for identity modeling. Erroneous merging of such
tokens may lead to irreversible loss of discriminative de-
tails, ultimately degrading model performance. Therefore,
we design the Contextual Influence metric as an auxiliary
matching criterion to evaluate each token’s contribution to
the identity representation. The aforementioned SE-Mass is
leveraged to formulate the contextual influence score Fres.
Specifically, a higher SE-Mass signifies that the token pos-
sesses stronger semantics for identity discrimination, thus
should be preserved from merging so as to mitigate the risk
of losing crucial details. Conversely, a token with a lower
SE-Mass indicates diminished global influence and is likely
a semantically redundant token. The contextual influence
score between token pairs is expressed as follows:

Fres(zi, zj) = Ŝ(zi)· Ŝ(zj), (11)

Ŝ(zi) =
1/S(zi)

maxk (1/S(zk))
, k ∈ [1, N ]. (12)

The rationale behind this product form is to enforce a “criti-
cality preservation” constraint: if even one token in a pair is
critical (high SE-Mass→ low Ŝ), the product Fres remains
low. This effectively reduces the matching priority of pairs
containing critical tokens, avoiding the misintegration of
discriminative cues into redundant ones. The final HCA-
Function value is denoted as the product of the similarity
and contextual influence with tunable coefficients:

F (zi, zj) = (Fsim(ki, kj))
δ1 · (Fres(zi, zj))

δ2 , (13)

where δ1, δ2 > 0 control the relative emphasis on semantic
similarity and contextual influence. A higher HCA-Function
value indicates a greater probability of token fusion between
the corresponding pair.

Bipartite Soft Matching with HCA-Function. We per-
form bipartite soft matching (Bolya et al., 2023) between
tokens in ZA and ZB using the HCA-Function. First, we
compute the matrix of correlation scores F (zi, zj) for all
zi ∈ ZA and zj ∈ ZB . Then, we identify the candidate
pairs by selecting the highest-scoring matches. Finally, all
candidate pairs are sorted in descending order of scores,
and the top-r highest-scoring token pairs are selected as the
ultimate fusion targets, which are then passed to the fusion
module (EPW-Fuse). For more details of the algorithm,
please refer to the Appendix.
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Table 1. Comparison of GFLOPs, inference time (s), throughput (img/s), Rank-1 (%), and mAP (%) with state-of-the-art token compression
methods on MSMT17 and Market-1501.

Methods GFLOPs ↓ Inference Time ↓ Throughput ↑ MSMT17 Market-1501

Rank-1 ↑ mAP ↑ Rank-1 ↑ mAP ↑
Specific Compression Methods for ReID

RCCReID (Wang et al., 2023) 17.18 - - 82.2 63.0 94.9 88.0
SUReID (Song & Liu, 2024) - - - - - 94.5 87.2

PAPReID (Ndayishimiye et al., 2025) 16.86 - - - - 79.1 77.3

Generic Compression Methods for ViTs

DPC-KNN (Du et al., 2016) 17.24 54.79 351.89 84.5 65.7 94.7 87.9
DynamicViT (Rao et al., 2021) 19.30 58.31 330.68 84.5 66.6 94.7 87.5

EViT (Liang et al., 2022) 17.50 54.27 355.27 84.9 67.0 94.8 88.0
ATS (Fayyaz et al., 2022) 17.39 55.34 348.43 81.2 58.8 93.4 84.7
ToMe (Bolya et al., 2023) 15.53 45.99 419.25 85.0 67.1 94.9 88.6

TransReID (He et al., 2021) 20.41 57.43 335.73 85.3 68.1 95.6 89.3
SRE-Merge (Ours) 15.53 ↓23.9% 46.28 ↓19.4% 416.62 ↑24.1% 85.3 67.8 95.8 ↑0.2% 89.2

3.4. Energy-Preserving Weighted Fusion

Traditional token-size-based fusion commonly uses
weighted averaging to obtain a fused token. Such aver-
aging, however, ignores differences in token importance:
semantically important tokens can be overly smoothed by
redundant ones, degrading feature discriminability.

To this end, we introduce Energy-Preserving Weighted
Fusion (EPW-Fuse), which incorporates SE-Mass into the
weighting strategies to mitigate the shortcomings of token-
size-based methods and counteract feature variance reduc-
tion. For T tokens to be merged, the fused feature represen-
tation is defined as

zavg =

T∑
i=1

wizi, wi =
S(zi)∑T

k=1 S(zk)
,

T∑
i=1

wi = 1.

(14)
The weighted summation is essentially a linear combi-
nation. According to the norm inequality ∥zavg∥ =∥∥∥∑T

i=1 wizi

∥∥∥ ≤ max ∥zi∥ (i ∈ [1, T ]), the fused norm
is inevitably bounded by the maximum norm of the original
tokens. From the perspective of representation learning,
the L2 norm of a feature vector correlates with its variance
or “energy”. A decrease in norm implies a contraction of
features towards the origin in the hyperspace, which can
damage the decision boundaries in softmax-based classifica-
tion (feature variance reduction). Notably, as the network
depth increases, this norm diminishment becomes more pro-
nounced (more analysis can be found in the Appendix).
Therefore, we employ max-norm linear interpolation for
token merging. Building upon SE-Mass weighted fusion,
we compute the L2 norm of the fused feature and perform
normalization. By selecting the maximum L2 norm from
the original features of each token pair, we apply scaling
to the normalized fused feature, thereby restoring the scale

information of the feature representation:

ẑavg =
zavg
∥zavg∥2

× max
1≤i≤T

∥zi∥2 . (15)

This operation acts as a variance-preserving constraint, en-
suring that the compressed tokens remain distributed on
the high-energy surface of the feature hyperspace, thereby
maintaining discriminability.

4. Experiments
4.1. Datasets and Evaluation Metrics

Datasets. We evaluate our method on three public ReID
benchmarks: Market-1501 (Zheng et al., 2015) and
MSMT17 (Wei et al., 2018), and Occluded-Duke (Miao
et al., 2019). The Market-1501 contains 32,668 images of
1,501 identities acquired from 6 surveillance cameras, while
the MSMT17 consists of 126,441 images of 4,101 identities
captured by 15 cameras. The Occluded-Duke includes 1,812
identities, particularly designed to evaluate model robust-
ness in complex real-world scenarios with heavy occlusion
challenges. To further validate the generalization ability of
our proposed method on the image classification task, we
also conduct comparative experiments between SRE-Merge
and token compression methods on the ImageNet-1k (Deng
et al., 2009) dataset.

Evaluation Metrics. We employ Giga Floating-point Op-
erations (GFLOPs) as the metric to quantify the computa-
tional complexity of the model. Besides, we also employ
inference time and throughput to evaluate the computational
efficiency, which refer to the time required for the model
to complete inference on a dataset and the number of im-
ages processed per second respectively. Furthermore, we
utilize the cumulative matching characteristic (CMC) curve
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Table 2. Comparison of GFLOPs and Rank-1 (%) with ToMe on Market-1501 (MK), MSMT17 (MS), and Occluded-Duke (OD).
SRE-Merge merges r=17 tokens per layer, while ToMe adopts different merging numbers r.

(a) ToMe r=17

Methods GFLOPs MK MS OD

ToMe 10.31 94.4 83.5 64.2
SRE-Merge 10.31 95.2 84.8 67.1
Comparison ↓0% ↑0.8% ↑1.3% ↑2.9%

(b) ToMe r=11

Method GFLOPs MK MS OD

ToMe 13.78 94.9 84.5 65.6
SRE-Merge 10.31 95.2 84.8 67.1
Comparison ↓25.2% ↑0.3% ↑0.3% ↑1.5%

(c) ToMe r=6

Method GFLOPs MK MS OD

ToMe 16.69 95.1 84.9 66.5
SRE-Merge 10.31 95.2 84.8 67.1
Comparison ↓38.2% ↑0.1% ↓0.1% ↑0.6%

Table 3. Comparison with recent VLM/MLLM-oriented training-free visual token reduction methods on ReID benchmarks. Results are
reported as Rank-1 / mAP (%).

Methods Venue GFLOPs ↓ Market-1501 MSMT17 Occluded-Duke

VisionZip (Yang et al., 2025) CVPR 2025 18.75 93.0 / 81.8 82.2 / 60.6 58.9 / 44.9
DivPrune (Alvar et al., 2025) CVPR 2025 17.84 94.5 / 88.5 84.8 / 67.2 66.2 / 58.4
VisionTrim (Yu et al., 2026) ICLR 2026 18.79 93.0 / 81.2 81.7 / 60.6 52.4 / 39.8

ApET (Ma et al., 2026) CVPR 2026 18.79 94.3 / 86.4 83.4 / 62.7 60.3 / 51.1
OTPrune (Chen et al., 2026) CVPR 2026 18.79 93.0 / 81.0 81.9 / 60.4 56.3 / 42.7

SRE-Merge (Ours) - 15.53 95.8 / 89.2 85.3 / 67.8 67.5 / 59.4

and mean average precision (mAP) as metrics to evaluate
the retrieval accuracy. Rank-k in the CMC curve measures
the probability of finding a correct match within the top-k
results, while mAP evaluates average retrieval performance
across all queries.

4.2. Implementation Details

The proposed SRE-Merge is implemented in PyTorch fol-
lowing TransReID, with all experiments conducted on a
single A100 GPU. We employ TransReID as our backbone
network, where the image encoder is initialized with ViT-
B/16 on ReID datasets. On ImageNet-1k, we adopt three
different backbone networks for fair comparison with other
methods, namely DeiT-T, DeiT-S, and DeiT-B. All images
are resized to 256×128. The batch size is set to 64, with
each mini-batch containing 16 identities and 4 images per
identity. We select k=9 nearest tokens as the neighborhood
(see the Appendix for parameter selection). Unless other-
wise specified, our token merging is applied to layers 1 to
10 of the model, with the number of merged tokens per layer
set to r=8.

4.3. Comparison with State-of-the-Art Methods

To verify the effectiveness of the proposed method, we
first conduct experiments on computational complexity and
retrieval accuracy using the MSMT17 and Market-1501
datasets. We comprehensively compare SRE-Merge with
previous state-of-the-art token compression methods, and all
results are reported without re-ranking. For fair comparison,
we adopt the same settings as ToMe, i.e., merging r=8 to-
kens per layer, resulting in the same GFLOPs. As shown in
Table 1, SRE-Merge’s inference efficiency is slightly lower
than that of ToMe. This is because ToMe does not evaluate

the semantic importance of tokens and instead directly per-
forms grouping and merging operations. In contrast, we first
employ SES-Assess to ensure crucial tokens are retained,
thus outperforming ToMe significantly across all four accu-
racy metrics on both datasets, yet the increased inference
overhead is almost negligible. Compared to TransReID,
SRE-Merge reduces GFLOPs by 23.9%, shortens inference
time by 19.4%, and increases throughput by 24.1%, while
achieving comparable accuracy. This indicates that SRE-
Merge establishes a favorable balance between recognition
accuracy and computational efficiency for lightweight ReID.

For an intuitive and comprehensive comparison with ToMe,
we fix the merging number of SRE-Merge as r=17 and
evaluate ToMe under different merging numbers across
three representative ReID benchmarks. As illustrated in
Table 2, SRE-Merge reduces the computational cost to
10.31 GFLOPs, which is nearly half of the original Tran-
sReID, while still achieving strong Rank-1 on Market-1501,
MSMT17, and Occluded-Duke. (a) When ToMe also adopts
r=17, both methods have the same computational cost,
but SRE-Merge consistently achieves higher Rank-1, im-
proving ToMe by 0.8%, 1.3%, and 2.9% on Market-1501,
MSMT17, and Occluded-Duke, respectively. This indicates
that under the same compression ratio, the proposed ReID-
oriented merging strategy preserves identity-discriminative
cues more effectively than generic token merging. (b) When
ToMe uses a smaller merging number, i.e., r=11, SRE-
Merge requires only 74.8% of ToMe’s GFLOPs and still
obtains higher Rank-1 on all three datasets, with improve-
ments of 0.3%, 0.3%, and 1.5%, respectively. This shows
that SRE-Merge can achieve better accuracy even under a
much lower computational budget. (c) When ToMe further
reduces the compression strength to r=6 to pursue higher
accuracy, SRE-Merge still requires only 61.8% of ToMe’s
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Table 4. Comparison of Rank-1 (%) and mAP (%) with state-of-the-art ReID methods on Market-1501 and MSMT17. Note that
SRE-Merge reduces approximately 24% of GFLOPs, while other methods DO NOT perform compression here.

Backbone Methods Market-1501 MSMT17

Rank-1 ↑ mAP ↑ Rank-1 ↑ mAP ↑

CNN

AGW (Ye et al., 2021) 95.1 87.8 68.3 49.3
DRL-Net (Jia et al., 2022) 94.7 86.9 78.4 55.3
MSINet (Gu et al., 2023) 95.3 89.6 81.0 59.6

HashReID (Nikhal et al., 2024) 94.2 84.9 76.8 51.4
DCR (Yang & Xu, 2025) 95.3 88.3 81.0 56.4

ViT

PFD (Wang et al., 2022a) 95.5 89.7 - -
DCAL (Zhu et al., 2022) 94.7 87.5 83.1 64.0

AAformer (Zhu et al., 2024) 95.4 87.7 83.6 63.2
ProFD (Cui et al., 2024) 95.1 90.0 - -

MV-3DSReID (Yu et al., 2024) 95.7 90.2 - -
DPEFormer (Zhang et al., 2025) 95.4 88.1 - -

TransReID (He et al., 2021) 95.6 89.3 85.3 68.1
SRE-Merge (Ours) 95.8 89.2 85.3 67.8

Table 5. Comparison of Rank-1 (%) and mAP (%) with state-
of-the-art methods on Occluded-Duke. Note that SRE-Merge
reduces approximately 24% of GFLOPs, while other methods
DO NOT perform compression here.

Methods Rank-1 mAP

FED (Wang et al., 2022b) 68.1 56.4
RTGAT (Huang et al., 2023) 61.0 50.1

PRE (Yan et al., 2023) 68.3 55.2
ETND (Dong et al., 2024) 68.1 57.6

MTIPE (Yuan et al., 2025e) 66.4 57.8

SRE-Merge (Ours) 67.5 59.4

Table 6. Comparison of Rank-1 (%) with state-of-the-art token
compression methods using multiple backbones on ImageNet-1k.

Methods DeiT-S DeiT-T DeiT-B

DPC-KNN (Du et al., 2016) 78.85 71.10 79.06
DynamicViT (Rao et al., 2021) 79.17 67.40 80.68

EViT (Liang et al., 2022) 79.30 71.06 80.99
ATS (Fayyaz et al., 2022) 79.09 70.77 80.78
ToMe (Bolya et al., 2023) 79.39 71.10 81.05

SRE-Merge (Ours) 79.41 71.43 81.32

GFLOPs. Despite this substantial reduction in computation,
SRE-Merge achieves slightly higher Rank-1 on Market-
1501 and Occluded-Duke, and remains almost on par with
ToMe on MSMT17 with only a marginal 0.1% difference.
These results demonstrate that SRE-Merge achieves a more
favorable accuracy-efficiency trade-off than ToMe across
multiple ReID scenarios. The superiority mainly comes
from the ReID-specific designs of SES-Assess, HCA-Match,
and EPW-Fuse, which jointly avoid over-merging discrimi-
native pedestrian tokens and preserve fine-grained identity
information during token compression.

To further evaluate the practical effectiveness of SRE-Merge
against recent advances in training-free token reduction, we
compare it with five representative VLM/MLLM-oriented
visual token pruning or merging methods. For a fair com-
parison, we port their core token reduction strategies into
the same ViT-B-based TransReID backbone and evaluate
all methods without additional training. Since SRE-Merge
adopts the default setting of r = 8, leading to an approxi-
mate token reduction ratio of 38%, we configure all com-
pared methods to use the same token reduction ratio, so
that their accuracy and computational overhead can be di-
rectly compared under aligned compression constraints. As
shown in Table 3, SRE-Merge achieves the best retrieval
accuracy on all three ReID benchmarks while requiring the
lowest GFLOPs. These results suggest that generic token
reduction methods designed for preserving global seman-
tics in VLMs/MLLMs may overlook subtle identity-related
cues in fine-grained retrieval, whereas SRE-Merge better
preserves discriminative local details through task-aware
spatial-entropic token merging.

To more comprehensively validate the advantages of SRE-
Merge, we perform comparative experiments between SRE-
Merge and state-of-the-art ReID methods on Market-1501
and MSMT17. SRE-Merge uses the default setting (r=8)
and reduces GFLOPs by 23.9% compared to TransReID,
while other methods do not perform compression. As shown
in Table 4, SRE-Merge achieves competitive performance
on both datasets. This is attributed to the fact that SES-
Assess fully considers the semantic importance of tokens,
thus retaining the crucial retrieval cues for ReID. We also
conduct experiments on Occluded-Duke. As shown in Ta-
ble 5, SRE-Merge achieves the best mAP and competitive
Rank-1 among the compared methods, demonstrating its
effectiveness in learning discriminative identity-related re-
gions under occlusion.
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Table 7. Ablation studies on Market-1501 to evaluate the effectiveness of proposed components.

Index Components Market-1501

Baseline SES-Assess HCA-Match EPW-Fuse Rank-1 ↑ mAP ↑
1 ✓ - - - 94.9 88.6
2 ✓ ✓ ✓ - 95.4 88.9
3 ✓ ✓ - ✓ 95.5 89.1
4 ✓ ✓ ✓ ✓ 95.8 89.2

Table 8. Sensitivity analysis of balancing coefficients δ1 and δ2 in HCA-Function on Market-1501.

(a) Balancing coefficient - δ1

δ1 1 1/5 1/10 1/20 1/40

Rank-1 95.8 95.5 95.2 95.2 94.8
mAP 89.2 88.7 88.5 88.1 87.7

(b) Balancing coefficient - δ2

δ2 1 1/5 1/10 1/20 1/40

Rank-1 95.2 95.5 95.5 95.8 95.6
mAP 88.1 88.8 89.0 89.2 89.0

To demonstrate the generalization ability of SRE-Merge, we
also conduct experiments on the ImageNet-1k dataset. Ta-
ble 6 compares the Rank-1 of various state-of-the-art token
compression methods. When using the same backbone net-
works as other methods (i.e., DeiT-S, DeiT-T, and DeiT-B),
SRE-Merge achieves the highest accuracy in all cases. This
indicates that our method is not only applicable to the ReID
task but also able to achieve favorable performance in the
classification task.

4.4. Ablation Study

To evaluate the effectiveness of key components in our SRE-
Merge, we conduct a series of ablation studies on the Market-
1501 dataset. ToMe is adopted as the baseline method. The
evaluated components include the SES-Assess strategy, the
HCA-Match scheme, and the EPW-Fuse paradigm, with
results summarized in Table 7. Progressive component addi-
tions yield consistent metric gains, validating each module’s
contribution to feature representation and retrieval accuracy.
The full model (Index 4) achieves optimal performance,
demonstrating the cumulative effectiveness of integrating
SES-Assess, HCA-Match, and EPW-Fuse.

The balancing coefficients are designed to regulate the rel-
ative importance of semantic similarity and contextual in-
fluence in the HCA-Function. To investigate their impact
on model performance, we conduct comparative experi-
ments on the Market-1501 dataset under two distinct set-
tings. As shown in Table 8, decreasing δ1 consistently
leads to performance degradation, suggesting that semantic
similarity should maintain a sufficiently strong role in the
HCA-Function. For δ2, the performance first improves as
δ2 decreases from 1 to 1/20, and then slightly drops when it
further decreases to 1/40. The best performance is achieved
with δ1 = 1 and δ2 = 1/20.

5. Conclusion
This paper presents SRE-Merge, a novel training-free
framework that introduces spatially-regularized entropy into
token merging for fine-grained ReID. By leveraging SES-
Assess, we quantify token importance as SE-Mass to pre-
cisely identify discriminative regions. Furthermore, the
HCA-Match and EPW-Fuse strategies utilize mass-derived
context and variance-preserving constraints to prevent se-
mantic aliasing and counteract feature variance reduction.
Our method achieves a 24% reduction in GFLOPs while
retaining competitive accuracy against state-of-the-art meth-
ods, establishing an effective accuracy-efficiency trade-off
for lightweight ReID.

Acknowledgements
This work was partially supported by the National Natu-
ral Science Foundation of China (No. 62472016) and the
Fundamental Research Funds for the Central Universities.

Impact Statement
This paper presents work whose goal is to advance the effi-
ciency of Vision Transformers in fine-grained retrieval tasks.
The proposed method, SRE-Merge, is evaluated on public
academic datasets (e.g., Market-1501, MSMT17) that are
widely used in the research community. While our work
focuses on algorithmic acceleration and does not directly
involve the collection of new data, we acknowledge that
person re-identification technologies have potential societal
implications regarding privacy and surveillance. We advo-
cate for the responsible deployment of such technologies in
strict compliance with local laws and privacy regulations.
There are no other specific ethical issues that must be high-
lighted here.

9



Spatially-Regularized Entropy for Discriminative Token Merging in Fine-Grained Re-Identification

References
Alvar, S. R., Singh, G., Akbari, M., and Zhang, Y. Divprune:

Diversity-based visual token pruning for large multimodal
models. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 9392–
9401, 2025.

Bolya, D., Fu, C., Dai, X., Zhang, P., Feichtenhofer, C.,
and Hoffman, J. Token merging: Your vit but faster.
In The Eleventh International Conference on Learning
Representations, ICLR 2023, Kigali, Rwanda, May 1-5,
2023, 2023.

Cao, J., Ye, P., Li, S., Yu, C., Tang, Y., Lu, J., and Chen,
T. Madtp: Multimodal alignment-guided dynamic token
pruning for accelerating vision-language transformer. In
Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 15710–15719, 2024.

Chen, X., Zhu, W., Li, G., Dong, X., Xiong, Y., Wang, H.,
Qiu, P., Song, Q., Wang, Z., Tang, S., et al. Otprune:
Distribution-aligned visual token pruning via optimal
transport. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2026.

Choi, J., Lee, S., Chu, J., Choi, M., and Kim, H. J. vid-
tldr: Training free token merging for light-weight video
transformer. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 18771–
18781, 2024.

Cui, C., Huang, S., Song, W., Ding, P., Zhang, M., and
Wang, D. Profd: Prompt-guided feature disentangling for
occluded person re-identification. In Proceedings of the
32nd ACM International Conference on Multimedia, pp.
1583–1592, 2024.

Deng, J., Dong, W., Socher, R., Li, L.-J., Li, K., and Fei-Fei,
L. Imagenet: A large-scale hierarchical image database.
In 2009 IEEE conference on computer vision and pattern
recognition, pp. 248–255. Ieee, 2009.

Dong, N., Zhang, L., Yan, S., Tang, H., and Tang, J. Erasing,
transforming, and noising defense network for occluded
person re-identification. IEEE Trans. Circuits Syst. Video
Technol., 34(6):4458–4472, 2024.

Du, M., Ding, S., and Jia, H. Study on density peaks clus-
tering based on k-nearest neighbors and principal compo-
nent analysis. Knowledge-Based Systems, 99:135–145,
2016.

Fayyaz, M., Koohpayegani, S. A., Jafari, F. R., Sengupta, S.,
Joze, H. R. V., Sommerlade, E., Pirsiavash, H., and Gall, J.
Adaptive token sampling for efficient vision transformers.
In European conference on computer vision, pp. 396–414,
2022.

Feng, Z. and Zhang, S. Efficient vision transformer via
token merger. IEEE Transactions on Image Processing,
32:4156–4169, 2023.

Gu, J., Wang, K., Luo, H., Chen, C., Jiang, W., Fang, Y.,
Zhang, S., You, Y., and Zhao, J. Msinet: Twins con-
trastive search of multi-scale interaction for object reid.
In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 19243–19253, 2023.

He, S., Luo, H., Wang, P., Wang, F., Li, H., and Jiang, W.
Transreid: Transformer-based object re-identification. In
Proceedings of the IEEE/CVF international conference
on computer vision, pp. 15013–15022, 2021.

Huang, M., Hou, C., Yang, Q., and Wang, Z. Reasoning
and tuning: Graph attention network for occluded person
re-identification. IEEE Trans. Image Process., 32:1568–
1582, 2023.

Jia, M., Cheng, X., Lu, S., and Zhang, J. Learning dis-
entangled representation implicitly via transformer for
occluded person re-identification. IEEE Transactions on
Multimedia, 25:1294–1305, 2022.

Kong, Z., Dong, P., Ma, X., Meng, X., Niu, W., Sun, M.,
Shen, X., Yuan, G., Ren, B., Tang, H., et al. Spvit:
Enabling faster vision transformers via latency-aware
soft token pruning. In European conference on computer
vision, pp. 620–640, 2022.

Li, S., Lu, A., Huang, Y., Li, C., and Wang, L. Joint token
and feature alignment framework for text-based person
search. IEEE Signal Processing Letters, 29:2238–2242,
2022.

Liang, Y., Ge, C., Tong, Z., Song, Y., Wang, J., and Xie,
P. Not all patches are what you need: Expediting vision
transformers via token reorganizations. In International
Conference on Learning Representations, pp. 7585–7605,
2022.

Liu, Z., Yuan, C., Li, B., Zhang, X., and Niu, G. Looking
alike from far to near: Enhancing cross-resolution re-
identification via feature vector panning. arXiv preprint
arXiv:2510.00936, 2025.

Long, S., Zhao, Z., Pi, J., Wang, S., and Wang, J. Beyond
attentive tokens: Incorporating token importance and
diversity for efficient vision transformers. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 10334–10343, 2023.

Ma, Q., Zhang, Z., Wang, H., Chen, J., Song, Z., and Zheng,
H. Apet: Approximation-error guided token compres-
sion for efficient vlms. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
2026.

10



Spatially-Regularized Entropy for Discriminative Token Merging in Fine-Grained Re-Identification

Marin, D., Chang, J.-H. R., Ranjan, A., Prabhu, A., Raste-
gari, M., and Tuzel, O. Token pooling in vision trans-
formers for image classification. In Proceedings of the
IEEE/CVF winter conference on applications of computer
vision, pp. 12–21, 2023.

Miao, J., Wu, Y., Liu, P., Ding, Y., and Yang, Y. Pose-guided
feature alignment for occluded person re-identification.
In Proceedings of the IEEE/CVF international conference
on computer vision, pp. 542–551, 2019.

Ndayishimiye, F., Yoon, G.-J., Lee, J., and Yoon, S. M.
Person re-identification transformer with patch attention
and pruning. Journal of Visual Communication and Image
Representation, 106:104348, 2025.

Nikhal, K., Ma, Y., Bhattacharyya, S. S., and Riggan, B. S.
Hashreid: Dynamic network with binary codes for ef-
ficient person re-identification. In Proceedings of the
IEEE/CVF winter conference on applications of com-
puter vision, pp. 6046–6055, 2024.

Rao, Y., Zhao, W., Liu, B., Lu, J., Zhou, J., and Hsieh, C.
Dynamicvit: Efficient vision transformers with dynamic
token sparsification. In Advances in Neural Information
Processing Systems 34: Annual Conference on Neural
Information Processing Systems 2021, NeurIPS 2021,
December 6-14, 2021, virtual, pp. 13937–13949, 2021.

Song, Y. and Liu, S. A deep hierarchical feature sparse
framework for occluded person re-identification. arXiv
preprint arXiv:2401.07469, 2024.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser, L., and Polosukhin, I. Atten-
tion is all you need. In Advances in Neural Information
Processing Systems 30: Annual Conference on Neural In-
formation Processing Systems 2017, December 4-9, 2017,
Long Beach, CA, USA, pp. 5998–6008, 2017.

Wang, H., Dedhia, B., and Jha, N. K. Zero-tprune: Zero-shot
token pruning through leveraging of the attention graph
in pre-trained transformers. In IEEE/CVF Conference on
Computer Vision and Pattern Recognition, CVPR 2024,
Seattle, WA, USA, June 16-22, 2024, pp. 16070–16079,
2024.

Wang, T., Liu, H., Song, P., Guo, T., and Shi, W. Pose-
guided feature disentangling for occluded person re-
identification based on transformer. In Proceedings of the
AAAI conference on artificial intelligence, volume 36, pp.
2540–2549, 2022a.

Wang, W., Lin, Z., Ji, S., Li, T., Gu, J., Wan, M., and Zhang,
C. Reducing the computational cost of transformers for
person re-identification. In 2023 IEEE International Con-
ference on Robotics and Biomimetics (ROBIO), pp. 1–6,
2023.

Wang, Z., Zhu, F., Tang, S., Zhao, R., He, L., and Song,
J. Feature erasing and diffusion network for occluded
person re-identification. In IEEE/CVF Conference on
Computer Vision and Pattern Recognition, CVPR 2022,
New Orleans, LA, USA, June 18-24, 2022, pp. 4744–4753,
2022b.

Wei, L., Zhang, S., Gao, W., and Tian, Q. Person transfer
gan to bridge domain gap for person re-identification. In
Proceedings of the IEEE conference on computer vision
and pattern recognition, pp. 79–88, 2018.

Wu, A., Ge, W., and Zheng, W.-S. Rewarded semi-
supervised re-identification on identities rarely crossing
camera views. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 45(12):15512–15529, 2023a.

Wu, Z., Chen, J., and Wang, Y. Samp: Sub-task aware model
pruning with layer-wise channel balancing for person
search. In Chinese Conference on Pattern Recognition
and Computer Vision (PRCV), pp. 199–211, 2023b.

Xie, S. and Tu, Z. Holistically-nested edge detection. In
Proceedings of the IEEE international conference on com-
puter vision, pp. 1395–1403, 2015.

Yan, G., Wang, Z., Geng, S., Yu, Y., and Guo, Y. Part-
based representation enhancement for occluded person re-
identification. IEEE Trans. Circuits Syst. Video Technol.,
33(8):4217–4231, 2023.

Yang, S., Chen, Y., Tian, Z., Wang, C., Li, J., Yu, B., and
Jia, J. Visionzip: Longer is better but not necessary in
vision language models. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pp. 19792–19802, 2025.

Yang, W. and Xu, P. Learning differentiable categorical
regions with gumbel-softmax for person re-identification.
Neurocomputing, 613:128723, 2025.

Ye, M., Shen, J., Lin, G., Xiang, T., Shao, L., and Hoi,
S. C. Deep learning for person re-identification: A survey
and outlook. IEEE transactions on pattern analysis and
machine intelligence, 44(6):2872–2893, 2021.

Yoo, S., Kim, H., and Kim, J.-Y. Adaptiv: Sign-similarity
based image-adaptive token merging for vision trans-
former acceleration. In 2024 57th IEEE/ACM Interna-
tional Symposium on Microarchitecture (MICRO), pp.
64–77. IEEE, 2024.

Yu, H., Li, W., Qu, X., Wang, S., Chen, J., and Zhu, J.
Visiontrim: Unified vision token compression for training-
free mllm acceleration. In ICLR, 2026.

Yu, Z., Li, L., Xie, J., Wang, C., Li, W., and Ning, X. Pedes-
trian 3d shape understanding for person re-identification

11



Spatially-Regularized Entropy for Discriminative Token Merging in Fine-Grained Re-Identification

via multi-view learning. IEEE Transactions on Circuits
and Systems for Video Technology, 34(7):5589–5602,
2024.

Yuan, C., Chen, S., Lin, M., Qiao, L., Wan, G., and Ma, L.
Unicomp: Rethinking video compression through infor-
mational uniqueness. arXiv preprint arXiv:2512.03575,
2025a.

Yuan, C., Liu, Z., Zhang, G., Xu, H., Zhao, Y., Niu, G.,
and Li, B. Modality-transition representation learning for
visible-infrared person re-identification. arXiv preprint
arXiv:2511.02685, 2025b.

Yuan, C., Zhang, G., Ma, C., Zhang, T., and Niu, G. From
poses to identity: Training-free person re-identification
via feature centralization. In Proceedings of the Computer
Vision and Pattern Recognition Conference, pp. 24409–
24418, 2025c.

Yuan, C., Zhang, T., and Niu, G. Neighbor-based feature
and index enhancement for person re-identification. In
Proceedings of the Computer Vision and Pattern Recog-
nition Conference, pp. 5762–5769, 2025d.

Yuan, T., Shu, Q., Chen, S., Huang, L., and Luo, B. Instant
pose extraction based on mask transformer for occluded
person re-identification. Pattern Recognit., 159:111082,
2025e.

Zhang, X., Fu, K., and Zhao, Q. Dynamic patch-
aware enrichment transformer for occluded person re-
identification. Knowledge-Based Systems, pp. 114193,
2025.

Zheng, L., Shen, L., Tian, L., Wang, S., Wang, J., and
Tian, Q. Scalable person re-identification: A benchmark.
In Proceedings of the IEEE international conference on
computer vision, pp. 1116–1124, 2015.

Zhu, H., Ke, W., Li, D., Liu, J., Tian, L., and Shan, Y. Dual
cross-attention learning for fine-grained visual categoriza-
tion and object re-identification. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pp. 4692–4702, 2022.

Zhu, K., Guo, H., Zhang, S., Wang, Y., Liu, J., Wang, J.,
and Tang, M. Aaformer: Auto-aligned transformer for
person re-identification. IEEE Trans. Neural Networks
Learn. Syst., 35(12):17307–17317, 2024.

12



Spatially-Regularized Entropy for Discriminative Token Merging in Fine-Grained Re-Identification

Figure 3. Spatial distribution of attentional foci across distinct attention heads. Each row corresponds to an individual image sample, with
the left-to-right sequence demonstrating the 12 attention heads in the fourth transformer layer of TransReID.

A. Analysis
A.1. Rationale for differential weighting across attention heads

Existing token assessment methods typically compute either similarity scores with the class token or the sum of attention
weights allocated by other query tokens when serving as a key. Then they average the outputs of these attention heads as
the importance of the current token. However, individual heads usually exhibit differential responses towards different
patterns. The simple averaging operation causes the loss of this diversity, leading to systemic underestimation of crucial
tokens located in critical local regions.

To illustrate this issue, we visualize the spatial distributions of attentional foci across distinct attention heads. As can be seen
in Figure 3, it demonstrates divergent spatial foci across heads: selective focus on foreground anatomical regions (e.g., head
and limbs), appendages (e.g., backpack), and incidental background elements. This visualization conclusively validates the
suboptimal nature of direct averaging across attention heads. Therefore, we propose the dynamic spatial-aware entropy
weighted token assessment (SES-Assess) strategy to assign higher importance to tokens in critical local regions beneficial
for identity discrimination.

A.2. Rationale for utilizing SE-Mass during token merging

Traditional token size-based methods adopt weighted averaging strategies to accomplish token merging. We point out that
these strategies induce feature attenuation by neglecting contribution disparity among different tokens in identity matching.
This problem becomes particularly pronounced when merging multiple tokens simultaneously.

To substantiate this claim, Figure 4 quantitatively illustrates the inverse correlation between average cosine similarity and
token merging quantity. It demonstrates that the average cosine similarity progressively declines as the number of tokens to
be merged increases. This downward trend indicates that merging an excessive number of tokens in a single operation may
force the fusion of semantically divergent tokens, thereby obscuring the salient expression of critical information. Therefore,
we incorporate SE-Mass into the weighting strategy to mitigate the shortcomings of token size-based methods and preserve
feature discriminability.

A.3. Rationality analysis of SES-Assess

As formalized in Equation (9), our token assessment strategy (SES-Assess) employs SE-Mass to quantify the importance
of each token. This dual-gating mechanism requires both high class-token attention score and attention head weight to
assign significance to a token. Even if some attention heads exhibit high activations on redundant regions in terms of
class-token attention scores, such tokens are suppressed during SE-Mass computation when they are associated with high
local neighborhood entropy or low spatial prior. This composite mechanism relies solely on the outputs of multi-head
self-attention and requires no additional supervision, yet effectively identifies identity-discriminative tokens to enhance the
retrieval ability of the ReID model.
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Figure 4. The relationship between average cosine similarity and token merging quantity.

Algorithm 1 HCA-Match

Input: The Key K, SE-Mass S, number of merged tokens r, balancing coefficients δ1 and δ2
Output: Indices of unmatched token pairs Tui, reserved indices of matched token pairs Tsi and Tdi, mass-ordered bipartite

index sets IndexA and IndexB

1: sortScore← argsort(S, order = descending)
2: IndexA ← sortScoreeven
3: IndexB ← sortScoreodd
4: Ŝ ← 1/S

maxk(1/Sk)

5: KA ← K[IndexA], KB ← K[IndexB ]
6: SA ← Ŝ[IndexA], SB ← Ŝ[IndexB ]

7: Fsim ← 1
2

(
KA·KT

B

∥KA∥2·∥KB∥2
+ 1
)

8: Fres ← SA × STB
9: Score← F δ1

sim ⊙ F δ2
res

10: Mv ← max(Score, dim = 1)
11: Mi ← argmax(Score, dim = 1)
12: Mvs ← argsort(Mv, order = descending)
13: Tsi ←Mvs[: r]
14: Tdi ←Mi[Tsi]
15: Tui ←Mvs[r :]

A.4. Explanation of training-free property

In this paper, training-free means all mechanisms of SRE-Merge are implemented based on pre-trained models, without
introducing new learnable parameters or requiring additional training, fine-tuning, or distillation of the models. Token
merging via designed strategies is completed only during the inference phase. The implementation of SES-Assess, HCA-
Match, and EPW-Fuse all rely on existing attention weights (e.g., outputs of multi-head self-attention) and feature vectors
(e.g., K vectors) of the pre-trained models. All operations are parameter-free computations, involving no training updates.
This design allows SRE-Merge to be directly deployed on pre-trained models, avoiding extra training costs, and is particularly
suitable for resource-constrained real-world scenarios.

B. Algorithms
The details of our proposed HCA-Match scheme and EPW-Fuse paradigm (with a regular merge operation) are described in
Algorithms 1, 2, and 3.
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Algorithm 2 Merge

Input: Token sequence T , indices of unmatched token pairs Tui, reserved indices of matched token pairs Tsi and Tdi,
aggregation operation mode, mass-ordered bipartite index sets IndexA and IndexB

Output: Merged token sequence Tm

1: Teven ← T [IndexA], Todd ← T [IndexB ]
2: Tu ← Teven[Tui]
3: Ts ← Teven[Tsi]
4: Td ← Todd. scatter reduce(Tdi, Ts,mode)
5: Tm ← concatenate(Tu, Td, dim = 0)

Algorithm 3 EPW-Fuse

Input: Token sequence Z, SE-Mass S, size of token sequence Size
Output: Merged token sequence Zm

1: Zscore ← Merge(Z × S,mode = sum)
2: S ← Merge(S,mode = sum)
3: Size← Merge(Size,mode = sum)
4: Zscore ← Zscore/S
5: Znorm ← ∥Z∥2
6: Zscore norm ← ∥Zscore∥2
7: Znorm max ← Merge(Znorm,mode = amax)
8: Zm ← Zscore

Zscore norm
× Znorm max

Table 9. Rank-1 (%) and mAP (%) under varying k values on Market-1501.

k 1 4 9 16 25

Rank-1 95.3 95.4 95.8 95.4 95.2
mAP 88.8 89.0 89.2 89.1 89.0

C. Experiments
C.1. The relationship between GFLOPs and token merging quantity

Our experiments demonstrate the quantitative relationship between the number of merged tokens per layer (r) and GFLOPs
(with merging applied only to the first 10 layers to preserve performance), as shown in Figure 5. Increasing r progressively
reduces GFLOPs, exhibiting an approximately linear correlation. This confirms that the token merging quantity directly
dictates computational complexity. Such parametric control enables effective trade-offs between model performance and
computational costs, providing theoretical foundations for optimizing inference efficiency across deployment scenarios.

C.2. Test of the number of nearest tokens within a neighborhood

We further investigate the effect of the number of nearest neighbor tokens k within each local neighborhood, as reported in
Table 9. When k is relatively small, the model may only capture limited local contextual information, which restricts the
effectiveness of neighborhood-aware token matching. As k increases, both Rank-1 and mAP show consistent improvements,
indicating that incorporating more neighboring tokens helps the model better estimate contextual relevance. However, when
k becomes too large, the performance starts to decline, probably because excessive neighbors may introduce redundant
or less relevant tokens and weaken the locality of the matching process. The best performance is achieved when k=9.
Therefore, we set k=9 across all experimental configurations.

C.3. Comparison with ToMe under varying GFLOPs on Market-1501

We conduct comparative experiments with ToMe on the Market-1501 dataset to analyze performance disparities under
varying GFLOPs. As illustrated in Figure 6, SRE-Merge demonstrates consistent performance superiority across different
computational budgets, attributable to our method’s refined perception of critical local regions.
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Figure 5. The relationship between GFLOPs and number of merged tokens r.

(a) Comparison of Rank-1. (b) Comparison of mAP.

Figure 6. Comparison with ToMe under varying GFLOPs on Market-1501.

Figure 7. The L2 norm distributions of features before and after fusion using different strategies on Market-1501. Strategy 1 denotes token
fusion through token size-based weighted averaging, while strategy 2 denotes our SE-Mass weighted token fusion with norm interpolation.
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Figure 8. Visualization of retrieval results. Red boxes indicate incorrect retrieval results, while green boxes highlight correct matches.

D. Visualization
D.1. Visualization of L2 norm distributions under different strategies

Taking the fourth layer of the model as an example, Figure 7 illustrates the L2 norm distributions of features using different
strategies on Market-1501. “Original” refers to the norm distribution of raw features before fusion, shown in blue. “Strategy1”
corresponds to the result of traditional token size-based weighted averaging, and “Strategy2” corresponds to our EPW-Fuse.
Both Strategy1 and Strategy2 are shown in light red in both subfigures (areas overlaid on the blue background of the
original distribution appear dark red). “Density” here refers to the probability density of feature norms, quantifying the
proportion of samples with different norm values. High-norm regions (right side of each subfigure) usually correspond to
highly discriminative key features (e.g., clothing patterns, limb details), while low-norm regions (left side) mostly represent
background or redundant information. Notably, compared with the original norm distribution, Strategy1 exhibits marked
contraction in high-norm regions post-fusion. The global downward shift of feature norms indicates energy dissipation in
original features, potentially compromising identity discriminability. The distribution shows that the density of high-norm
regions in Strategy1 decreases significantly, indicating that traditional fusion causes norm diminishment of key features; in
contrast, the distribution of Strategy2 is closer to Original, especially with high-norm regions preserved, confirming the
effectiveness of EPW-Fuse in alleviating norm diminishment.

D.2. Visualization of retrieval results on Market-1501

To provide an intuitive evaluation of our method, we conduct visualization experiments comparing ToMe and SRE-Merge
on the Market-1501 dataset, as illustrated in Figure 8. Specifically, given a query image, we retrieve the top-5 gallery images
ranked by similarity scores. The visual results demonstrate that our SRE-Merge exhibits superior robustness compared to
ToMe across diverse scenarios. With the proposed token merging mechanism, SRE-Merge effectively focuses on critical
local regions and achieves good retrieval results.
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Figure 9. Visualization of token merging results. SRE-Merge progressively merges background or semantically homogeneous regions
across layers while preserving identity-sensitive foreground details.

D.3. Visualization of token merging results on Market-1501

We conduct visualization experiments demonstrating the compression effects across the first 10 layers, as shown in Figure 9.
The number of merged tokens progressively increases as the layers deepen. Notably, our strategy predominantly merges
tokens in background regions while effectively preserving foreground critical information.

18


