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Abstract

Text-based Person Search (TBPS) faces two
critical and intertwined challenges: the seman-
tic gap caused by noisy image-text correspon-
dences, and the modality gap stemming from
the structural heterogeneity between dense
visual features and sparse textual attributes.
Crucially, we identify that this heterogeneity
leads to intra-modal disorganization, where
embeddings—particularly sparse text represen-
tations—lack internal structure, hindering ro-
bust alignment. To address these limitations,
we propose Dual-Gaps Robust Aligned Gen-
eral Embedding (DRAGE) , a unified frame-
work comprising two synergistic mechanisms.
First, Semantic Embedding Reliability Divi-
sion (SERD) dynamically partitions training
data into reliable and noisy subsets using a Beta
Mixture Model, providing clean supervision to
mitigate the semantic gap. Second, Semantic
Intra-Modality Regularization (SIMR) explic-
itly addresses intra-modal disorganization by
enforcing semantic-aware distance constraints
within each modality before cross-modal align-
ment. This transforms disorganized embed-
dings into coherent semantic clusters, establish-
ing a stable geometric foundation for match-
ing. Extensive experiments on CUHK-PEDES,
ICFG-PEDES, and RSTPReid demonstrate that
DRAGE significantly outperforms state-of-the-
art methods, achieving 78.58 % Rank-1 accu-
racy on CUHK-PEDES and exhibiting superior
robustness in cross-domain settings.

1 Introduction

Text-based Person Search (TBPS) aims to retrieve
a specific person from a large image gallery us-
ing natural language descriptions (Lei et al., 2022;
Miech et al., 2021; Sun et al., 2021). This task
has critical applications ranging from video surveil-
lance to social media analysis (Li et al., 2025; Zhao
et al., 2024). Despite significant progress, deploy-
ing TBPS models in real-world scenarios remains
constrained by two fundamental and intertwined
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Figure 1: Illustration of the semantic gap and modality
gap in Text-based Person Search. (a) Semantic gap:
training image-text pairs often exhibit content inconsis-
tencies due to annotation biases or visual ambiguities,
resulting in noisy supervision. (b) Modality gap: the
fundamental heterogeneity between dense visual fea-
tures and sparse textual features, exacerbated by disor-
ganized internal embedding spaces that hinder robust
cross-modal alignment.

challenges: the semantic gap and the modality gap,
as illustrated in Figure 1.

Recent research makes significant progress in
TBPS. Many methods explore both global (Jiang
and Ye, 2023b; Xie et al., 2025a) and local match-
ing (Zuo et al., 2024; Park et al., 2024) strate-
gies. Studies leverage large pre-trained mod-
els (Li et al., 2025; Liu et al., 2025b) by adapt-
ing vision-language models such as CLIP (Rad-
ford et al., 2021), or employ generative models for
data augmentation through diffusion-based image
synthesis (Song et al., 2024) and language-model-
driven text enrichment (Tan et al., 2024; Xie et al.,
2025b).Despite these advancements, existing TBPS
methods remain fundamentally constrained by two
critical yet rarely co-addressed challenges.

The first is the semantic gap, which arises
from noisy and inconsistent image-text correspon-
dences caused by real-world data variability such
as pose variations, camera angles, and illumination
changes.The second is the modality gap, stem-
ming from a deeper structural disparity operating
on two levels: (1) cross-modal heterogeneity—the
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fundamental difference between dense visual fea-
tures (characterized by redundant spatial informa-
tion) and sparse textual attributes (composed of
discrete, abstract tokens); and (2) intra-modal dis-
organization—the lack of structural organization
within each modality’s embedding space. Existing
methods focus exclusively on cross-modal align-
ment while neglecting this internal organization.
As a result, embeddings within a single modal-
ity (especially the sparse text modality) tend to be
distributed chaotically, where semantically similar
samples scatter and dissimilar ones cluster together.
This internal disorder sets a low upper bound for
the subsequent cross-modal alignment.

To address these limitations, we propose
Dual-Gaps Robust Aligned General Embedding
(DRAGE), a unified framework that systematically
tackles both challenges through two synergistic
mechanisms.

First, to address the semantic gap, we propose
Semantic Embedding Reliability Division (SERD).
Leveraging a Beta Mixture Model, SERD dynami-
cally separates reliable image-text pairs from noisy
ones. By prioritizing high-confidence data and sup-
pressing noise, it ensures the model focuses on
valid semantic correspondences.

Second, to bridge the modality gap, DRAGE
employs Semantic Intra-Modality Regularization
(SIMR). This module addresses the overlooked is-
sue of internal disorganization. Rather than im-
mediately forcing cross-modal alignment, SIMR
first organizes each modality’s internal embedding
structure by enforcing semantic-aware distance
constraints: pulling similar samples closer while
pushing dissimilar ones apart. This intra-modal
organization is particularly crucial for sparse text
representations, transforming disorganized embed-
dings into coherent semantic clusters and com-
pensating for their inherent lack of structure. By
establishing stable, well-organized foundations
within each modality before cross-modal alignment,
SIMR enables more effective and robust mapping
into a unified space.

By integrating SERD and SIMR, DRAGE sys-
tematically addresses both gaps to achieve state-
of-the-art performance. The main contributions of
this work are:

* We propose DRAGE, a unified framework that
addresses the semantic and modality gaps in
TBPS. Unlike prior works that treat these chal-
lenges separately, DRAGE integrates SERD

and SIMR to jointly mitigate noisy correspon-
dences and structural heterogeneity.

* We introduce SERD, a dynamic reliability-
aware mechanism. By leveraging a Beta Mix-
ture Model to model per-sample loss distri-
butions, SERD effectively filters noisy super-
vision signals caused by real-world data in-
consistencies, ensuring the model learns from
semantically reliable pairs.

* We propose SIMR to address the overlooked
issue of intra-modal disorganization. By en-
forcing semantic-aware distance constraints,
SIMR structures the embedding spaces of
dense visual and sparse textual features before
cross-modal alignment, providing a stable ge-
ometric foundation for matching.

» Extensive experiments on three benchmarks
demonstrate that DRAGE achieves state-of-
the-art performance. 78.58% Rank-1 accu-
racy on CUHK-PEDES. Furthermore, the
framework exhibits superior robustness in
cross-domain settings, validating the effective-
ness of our dual-gap mitigation strategy.

2 Related Work

Text-based Person Search. TBPS aims to match
textual descriptions with images to identify specific
individuals. Early TBPS approaches focus on ex-
tracting global features by mapping both image and
text data into a shared embedding space (?Ge et al.,
2019). However, these methods struggle to capture
the fine-grained details necessary to differentiate
similar-looking individuals. To improve accuracy,
researchers develop local-matching methods (Chen
et al., 2018; Guo et al., 2019; Ding et al., 2020) that
explicitly associate specific regions in images with
corresponding words in text descriptions. Although
these methods yield more precise alignments, they
incur significantly higher computational costs due
to their complexity. Recent advances using pre-
trained models such as CLIP (Radford et al., 2021)
and ViT (Ge et al., 2019) further advance TBPS by
leveraging large-scale multimodal learning to gen-
erate enhanced representations. Nevertheless, these
models still encounter two key challenges: the se-
mantic gap and the modality gap. Current methods
have not fully resolved these challenges—the se-
mantic gap results in misalignments even when
text and images refer to the same person, while the
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Figure 2: Overview of the DRAGE framework. DRAGE addresses the semantic gap through SERD, which identifies
reliable image-text pairs for robust supervision, and bridges the modality gap through SIMR, which organizes each
modality’s internal embedding structure before cross-modal alignment. The framework integrates Attention-Guided
Selector for discriminative features, Cross-Modal Triplet Loss for robust matching for alignment optimization.

modality gap persists due to fundamental differ-
ences between the two modalities. Consequently,
more sophisticated techniques are required to sys-
tematically address these gaps and enhance TBPS
performance in real-world applications.

Modality Gap. Early work such as
CMPM (Zhang and Lu, 2018a) tackles this
challenge by aligning global features across modal-
ities. More recent efforts enhance this alignment
through local attribute modeling (Yan et al., 2022a;
Zuo et al., 2024) and refined loss functions (Jiang
and Ye, 2023a; Qin et al., 2024), yielding better
semantic correspondence across views. However,
these methods typically treat each modality’s
embedding space as a black box—focusing only
on cross-modal pairing while largely ignoring the
internal structure of each modality. As a result,
embeddings within the same modality can remain
disorganized, leading to unstable representations
that hinder alignment consistency, especially in
challenging or noisy scenarios. In contrast, our
study explicitly addresses this gap by proposing a
dedicated intra-modal regularization strategy that
enforces meaningful distance constraints within
each modality, stabilizing the feature space for
robust cross-modal alignment.

3 Method

3.1 Preliminary

The goal of TBPS is to retrieve pedestrian im-
ages matching a textual description. Let the im-
age set be V = {[L;}¥Y, and the text set be
T = {T;}Y,. We aim to learn a joint embed-
ding space where matched pairs (1;, T;) are close.
We employ CLIP (Radford et al., 2021) as the
backbone, consisting of a visual encoder f¥ and
a textual encoder f!. For an image I;, fV out-
puts features V; = {vl, v},...}", where v} is
the global [CLS] token. For a text T}, f! outputs
T; ={t!,..., t.} T, where t! represents the global
[EOS] feature.

3.2 Attention-Guided Selector

Global features often miss fine-grained details. To
address this, we use Attention-Guided Selector to
extract discriminative local tokens. First, we se-
lect the top-R most informative local tokens from
last attention layer, denoted as V? and Tf Then,
we project them into compact vectors, termed
Attention-Guided Embedding (AGE) vectors:

vlye = MaxPool(SE(MLP(V})) + FC(V7;)),

(1
thee = MaxPool(SE(MLP(T})) +FC(T7)). (2)
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Figure 3: Overview of Semantic Intra-Modality Regularization (SIMR) method. This approach is implemented
through vision-to-vision (v2v) and text-to-text (t2t) contrastive losses, adjusting embedding distances within each
modality based on semantic distances between samples. Note: The input embeddings for SIMR are purely intra-

modal (image-to-image or text-to-text).

The AGE similarity S7; is the cosine similarity
between these vectors, complementing the global
similarity Sfj.

3.3 Semantic Embedding Reliability Division

Real-world data often contains noisy image-text
pairs (e.g., mismatched descriptions), causing the
semantic gap. SERD identifies and filters these
pairs to ensure reliable supervision.

We leverage the "small-loss trick" (Arpit et al.,
2017), observing that clean data exhibits lower
loss values during early training. We first compute
the per-sample loss ¢; = Leme(;, T;). To satisfy
the input requirement of the Beta Mixture Model
(BMM), we apply min-max normalization to map
losses to [0, 1]:

7 ¢; — min(¢) 3)

" max(¢) — min(¢)’

We then fit a two-component BMM to /;. Based on
the posterior probability p(clean|¢;) and a thresh-
old 6 = 0.6, we first divide pairs into Reliable and
Unreliable sets for both global and AGE views. By
computing the consensus between these views, we
assign a recalibrated reliability weight w;; to each
pair (I;, T;):

\V)

, if deemed Reliable (Strong Positive),
, if deemed Uncertain (Weak Positive),
0, if deemed Unreliable (Ignored).

—_

Wi =

4

For negative pairs (i # j), we set w;; = 1. This
ensures the model learns only from semantically
valid correspondences.

3.4 Cross-Modal Triplet Loss

To learn robust features against noisy correspon-
dence, we introduce a reliability-aware Cross-
Modal Triplet (CMT) loss. Unlike standard
contrastive losses, we incorporate the reliability
weights w;; to prevent noisy positives from mis-
guiding the gradient optimization.

Formally, the matching probability p;; between
image I; and text 7; is defined as:

wij exp(S(IL;, T;)/7)
S wikexp(S(L, Ty) /1)

where 7 denotes the temperature parameter. Cru-
cially, the inclusion of w;j, in the denominator en-
sures that p;; remains a valid probability distribu-
tion over the batch.

Based on this, the reliability-aware CMT loss
from image to text is formulated as:

Pij = (5

1 & .
Lin=—Y |a—S8+
s ©)
N
T log Zwij exp (S(IZ’ TJ)) ] ,
j=1 T +

where [-]+ = max(-,0) denotes the hinge func-
tion, and « is the margin hyperparameter. The



term S”H = Zj pijS(1;, T;) represents the ex-
pected similarity score of reliable positive pairs.
This formulation encourages the model to maxi-
mize the similarity of reliable positive pairs while
suppressing the scores of negative ones relative to
the margin. The total CMT loss integrates both
image-to-text and text-to-image directions across
both Global and AGE feature views:

Leme = £§rf§t + £2§I‘i' (7)

3.5 Semantic Intra-Modality Regularization

As illustrated in Figure 3, the modality gap is ex-
acerbated by intra-modal disorganization. SIMR
addresses this by enforcing semantic constraints
within each modality to organize the embedding
space before cross-modal alignment.

3.5.1 Target Topology Construction

We employ a pre-trained Sentence Encoder (e.g.,
MPNet) to define the ground-truth semantic topol-
ogy, as shown in the purple blocks of Figure 3. Let
S = [s1,...,8n]" € RV*4s denote the batch of
sentence embeddings derived from the raw descrip-
tions. We compute the target semantic distance
matrix D by performing strictly row-wise normal-
ization to ensure valid cosine distances:

S+ 85

Isilllls;]

S5 =

2

Dij=1-85. (8

3.5.2 Intra-Modal Alignment

Next, we align the internal structure of our trainable
features to this target D. To maintain consistency
with the global features defined in Sec. 3.1, let
I=[v},..., 00" and T =[t},... t}]" denote
the batch matrices of global visual and textual em-
beddings, corresponding to the yellow and orange
blocks in Figure 3, respectively.

We define calibrated logits § by combining the
cross-modal matching confidence (Bias) with intra-

modal topological constraints (Topology):

Jp = s- |diag(S™?) - 1T + 8% o (1-D)|,

Topology Constraint

| Alignment Bias i
] &)
gy = s - |diag(S™?) 1T + S o (1 -D)|,

) (10)

where s is a scaling factor. Here, S2 = JT T and

St2t — TT " represent the intra-modal similarity
matrices (the /-1 and T'- T grids in Figure 3), while
Si2t = IT" is the cross-modal similarity matrix.

The term diag(S?*) - 17 involves broadcast-
ing the diagonal elements (scores of positive pairs)
across the rows. This acts as an alignment-aware
bias, ensuring that the intra-modal clustering re-
mains consistent with the cross-modal matching
objective. The second term, S'* ® (1 — D), en-
forces the target topology: features with small se-
mantic distance (D;; ~ 0) are encouraged to have
high similarity scores.

Finally, the SIMR loss is formulated as a classi-
fication task using the standard Cross-Entropy loss
H(.,-):

£simr = H(@vyyid) + H(Qt7Y;d)7 (11)

where Yj4 represents the ground-truth identity la-
bels.

3.6 Overall Optimization Objective

Our framework integrates SERD, CMT, and SIMR
to address the dual gaps systematically. The total
optimization objective is:

Etotal = ['simr + ['cmt' (12)

By jointly optimizing these losses, DRAGE mit-
igates the semantic gap via reliable supervision
(SERD) and bridges the modality gap through struc-
tured intra-modal regularization (SIMR).

4 Experiments

4.1 Datasets and Performance Measurements

Datasets.We evaluate our method on three widely-
used TBPS datasets: CUHK-PEDES (Li et al.,
2017), ICFG-PEDES (Ding et al., 2021a), and RST-
PReid (Zhu et al., 2021a). CUHK-PEDES is a
dataset containing over 40,000 images of 13,003
identities. ICFG-PEDES includes over 54,000 im-
ages of 4,102 identities, and RSTPReid consists of
over 20,000 images of 4,101 identities. A detailed
statistical breakdown of each dataset is provided in
the supplementary material.

Evaluation Metrics. In accordance with stan-
dard practices, search performance is assessed us-
ing the metrics Rank-k (with k set to 1, 5, and 10),
mean Average Precision (mAP), and mean Inverse
Negative Penalty (mINP) (Ye et al., 2022). Higher
values of these metrics signify enhanced search
performance.

4.2 Implementation Details.

Consistent with previous studies (Jiang and Ye,
2023a; Li et al., 2023; Liu et al., 2025a), DRAGE



Table 1: Performance comparisons on the CUHK-PEDES dataset. The best results are in bold.

Methods ‘ Ref. Image Enc. Text Enc. R-1  R5 R-10 mAP mINP
Lapscore (Wu et al., 2021) ICCV’21 RN50 BERT 6340 - 8780 -

AXM-Net (Farooq et al., 2022) | ACMMM’22 RN50 BERT 6444 80.52 86.77 58.73

LGUR (Shao et al., 2022) ACMMM’22 DeiT-Small BERT 6525 83.12 89.00 - -
DCEL (Qin et al., 2022) ACMMM’22 CLIP-ViT CLIP-Xformer | 71.36  88.11 9248 64.25 48.26
CFine (Yan et al., 2022a) TIP’23 CLIP-ViT BERT 69.57 8593 9115 - -
IRRA (Jiang and Ye, 2023b) CVPR23 CLIP-ViT CLIP-Xformer | 73.38 89.93 93.71 66.13 50.24
PBSL (Shen et al., 2023) ACMMM’23 RN50 BERT 6532 8381 8926 -
BEAT(Ma et al., 2023) ACMMM’23 RN101 BERT 0561 8345 8954 -

LCR?S (Yan et al., 2023) ACMMM’23 RN50 TextCNN | 67.36 84.19 89.62 59.24

DCEL (Li et al., 2023) ACMMM’23 CLIP-ViT CLIP-Xformer | 75.02 90.89 9452 -

APTM (Yang et al., 2023) ACMMM’23 Swin-Transformer Bert 76.53  90.04 94.15 66.91

UniPT (Shao et al., 2023) ICCV’23 CLIP-ViT CLIP-Xformer | 68.50 84.67 - -

RaSa (Bai et al., 2023) [JCAI'23 ALBEF ALBEF 7651 9029 9425 69.38
SEN-XL (Liu et al., 2025a) Neural Networks’25 CLIP-ViT CLIP-Xformer | 76.64 9133 94.66 69.19 53.88
TBPS (Cao et al., 2024) AAAT'24 CLIP-ViT CLIP-Xformer | 73.54 88.19 9235 65.38

DP (Song et al., 2024) AAAT24 CLIP-ViT CLIP-Xformer | 75.66 90.59 94.07 66.58
IRRA+IRLT (Liu et al., 2024) AAAT'24 CLIP-ViT CLIP-Xformer | 7446 90.19 9401 -

UASA (Zhao et al., 2024) AAAT'24 CLIP-ViT CLIP-Xformer | 7425 89.83 9358 66.15 -
RDE (Qin et al., 2024) CVPR’24 CLIP-ViT CLIP-Xformer | 75.94 90.14 9412 6756 51.44
CFAM (Zuo et al., 2024) CVPR'24 CLIP-ViT CLIP-Xformer | 75.60 90.53 67.27

MGRL (Lv et al., 2024) ICASSP’24 CLIP-ViT CLIP-Xformer | 7391 90.68 -  67.28
DM-Adapter (Liu et al., 2025b) | AAAI'25 CLIP-ViT CLIP-Xformer | 72.17 88.74 92.85 64.33

OCDL (Li et al., 2025) ICASSP’25 CLIP-ViT CLIP-Xformer | 75.10 8943 -  68.18
HAM(1.0 M) (Jiang et al., 2025) | CVPR’25 CLIP-ViT CLIP-Xformer | 77.71 9142 9457 69.68
DRAGE (Ours) - CLIP-ViT CLIP-Xformer ‘ 7858 91.68 95.19 70.68 53.89

utilizes CLIP-ViT as the image encoder, the CLIP
text transformer as the text encoder, and in addi-
tion, all-mpnet-base-v2 as the sentence encoder.
Standard data augmentation techniques, including
random horizontal flipping, random cropping, and
random erasing, are applied. An Attention-Guided
Selector with a sampling ratio of 0.4 is employed.
The images are resized to 384 x 128 pixels, and text
sequences are truncated to 77 tokens. Training is
conducted for 60 epochs using the Adam optimizer,
with an initial learning rate of 1 x 10, which de-
cays according to a cosine schedule after a 2-epoch
warm-up. Furthermore, the o parameter in CMT is
set to 0.1, and the temperature 7 is set to 0.015. All
experiments are carried out on a single NVIDIA
RTX 4090 GPU.

4.3 Comparison with State-of-the-Art

In this section, we compare our method with cur-
rent sota approaches on widely-used datasets.

Performance Comparisons on CUHK-PEDES.
Table 1 presents a comprehensive comparison of

different methods on the CUHK-PEDES dataset,
a well-established benchmark for Text-Based Per-
son Search (TBPS). Our method, DRAGE, demon-
strates superior performance across all key metrics,
achieving 78.58 % in Rank-1 accuracy, 91.68% in
Rank-5, and 95.19% in Rank-10. While several
state-of-the-art methods, including DCEL, APTM,
and RaSa, also yield competitive results, DRAGE’s
performance significantly surpasses theirs, under-
scoring its enhanced capability on this benchmark.
Crucially, these results are achieved without em-
ploying post-processing techniques like re-ranking
(e.g., ICL (Qin et al., 2025) and MTI (Xie et al.,
2025b)) or leveraging external data sources, unlike
competing methods such as APTM and HAM.

Performance Comparisons on ICFG-PEDES.
We present the results on the ICFG-PEDES dataset
in Table 4. Our method achieves a Rank-1 accuracy
of 69.63%, a Rank-5 accuracy of 83.40%, and a
mAP of 42.08%. Compared to the existing meth-
ods, our approach outperforms several recent mod-
els, including RaSa and TBPS, which show perfor-



mance gains of up to 4.56% on Rank-1 and 4.67%
on mAP. Despite the relatively low mINP score of
8.97%, which reflects the challenge in identifying
the hardest samples, our method demonstrates solid
retrieval performance.

Performance Comparisons on RSTPReid. We
report results on the RSTPReid dataset in Table 5.
Our method achieves a Rank-1 accuracy of 67.55%,
Rank-5 accuracy of 85.00%, and a mAP of 52.88%,
significantly outperforming other methods, includ-
ing TBPS and CFAM, by a considerable margin.
In comparison to the global-matching method IVT
(Shu et al., 2022), our approach shows an improve-
ment of 13.5% on Rank-1, 11.3% on Rank-5, and
9.4% on Rank-10. Additionally, when compared
to the local-matching method Cfine (Yan et al.,
2022a), we achieve a notable improvement in per-
formance with gains of up to 9.65 on Rank-1.

Table 2: Performance comparisons on the ICFG-PEDES
dataset. The best results are in bold.

Methods ‘ R-1 R-5 R-10 mAP mINP
Dual Path (Zheng et al., 2020) 38.99 59.44 68.41 - -
CMPMY/C (Zhang and Lu, 2018b) 4351 6544 74.26 - -
ViTAA (Wang et al., 2020) 5098 68.79 7578 - -
SSAN (Ding et al., 2021b) 5423 7263 79.53 - -
IVT (Shu et al., 2022) 56.04 73.60 80.22 - -
ISANet (Yan et al., 2022b) 57.73 7542 81.72 - -
CFine (Yan et al., 2022a) 60.83 76.55 8242 - -
IRRA (Jiang and Ye, 2023b) 63.46 80.25 85.82 38.06 7.93

BilLMa (Fujii and Tarashima, 2023) | 63.83 80.15 85.74 38.26 -
PBSL (Shen et al., 2023) 57.84 7546 82.15 -

BEAT(Ma et al., 2023) 5825 7592 81.96 - -
LCR?S (Yan et al., 2023) 5793 76.08 82.40 3821 -
DCEL (Li et al., 2023) 64.88 81.34 86.72 - -
UniPT (Shao et al., 2023) 60.09 76.19 - - -
RaSa (Bai et al., 2023) 6528 80.40 85.12 41.29 -
TBPS (Cao et al., 2024) 65.05 80.34 8547 39.83 -
CFAM (Zuo et al., 2024) 65.38 81.17 - 39.42 -
MGRL (Lv et al., 2024) 67.28 63.87 - 82.34 -
OCDL (Li et al., 2025) 64.53  80.23 - 40.76 -
DRAGE (Ours) ‘ 69.63 83.40 88.04 42.08 8.97

Table 3: Performance comparisons on the RSTPReid
dataset. The best results are in bold.

Methods ‘ R-1 R-5 R-10 mAP mINP
DSSL (Zhu et al., 2021b) 39.05 62.60 73.95 - -
SSAN (Ding et al., 2021b) 43.50 67.80 77.15 - -
LBUL (Wang et al., 2022) 4555 68.20 77.85 - -
IVT (Shu et al., 2022) 46.70  70.00 78.80 - -
CFine (Yan et al., 2022a) 50.55 7250 81.60 - -
IRRA (Jiang and Ye, 2023b) 60.20 81.30 8820 47.17 25.28
BiLMA (Fujii and Tarashima, 2023) | 61.20 81.50 88.80 48.51 -
PBSL (Shen et al., 2023) 47.80 71.40 79.90 - -
BEAT(Ma et al., 2023) 48.10 73.10 81.30 - -
LCR?S (Yan et al., 2023) 5495 76.65 8470 40.92 -
DCEL (Li et al., 2023) 61.35 8395 90.45 - -
RaSa (Bai et al., 2023) 66.90 86.50 91.35 5231 -
TBPS (Cao et al., 2024) 61.95 8355 8875 48.26 -
CFAM (Zuo et al., 2024) 62.45 83.55 - 49.50 -
OCDL (Li et al., 2025) 61.60 82.35 - 49.71 -
DRAGE (Ours) 67.55 85.00 9090 52.88 30.05

Rank 1(5) / mAP

Figure 4: Performance variation with different values of
the margin parameter a.
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Figure 5: Performance variation with different values of
the temperature parameter 7.

4.4 Ablation Study

We conduct ablation experiments on the CUHK-
PEDES dataset to evaluate the contribution of each
component in DRAGE. As shown in Table 5, re-
moving any module leads to significant perfor-
mance degradation, demonstrating that each com-
ponent is essential. Specifically, removing SERD
causes the largest drop (—6.40%), confirming its
critical role in mitigating the semantic gap by iden-
tifying noisy pairs and providing reliable supervi-
sion. Without SIMR, performance decreases by
3.16%, validating its effectiveness in bridging the
modality gap by organizing internal structures be-
fore cross-modal alignment. Eliminating AGE re-
sults in a 2.48% decline, showing that local fea-
tures effectively complement global representa-
tions. The loss L.y also contributes to robust
alignment. When removing both SERD and SIMR,
performance drops sharply to 68.45%, exceeding
the sum of their individual effects. This demon-
strates strong complementarity: SERD provides
reliable supervision that helps SIMR build stable
internal structures, while SIMR’s organized spaces
help SERD better identify noisy pairs.



Table 4: Performance of methods and components in cross-domain tests. CUHK-PEDES is abbreviated as CUHK,
ICFG-PEDES as ICFG, and RSTPReid as RSTP. The arrow — indicates that the method was trained on the dataset
on the left and tested on the dataset on the right. The best results are in bold.

Method |  Domain | Rl R5 mAP|  Domain Rl RS mAP
CUHK — RSTP | 5330 77.15 39.63 | CUHK — ICFG | 4242 62.11 21.77

IRRA (Jiang and Ye, 2023a) | ICFG — RSTP | 4530 69.35 36.83 | ICFG — CUHK | 33.46 56.30 31.56
RSTP — ICFG | 3230 49.69 20.54 | RSTP — CUHK | 32.80 5525 30.29

CUHK — RSTP | 55.50 77.85 4529 | CUHK — ICFG | 4534 63.45 2326

SEN (Liuetal,2025a) | ICFG —RSTP | 4745 7195 39.86 | ICFG — CUHK | 37.88 60.48 35.07
RSTP — ICFG | 36.23 5331 22.32 | RSTP — CUHK | 3540 57.71 33.41

CUHK — RSTP | 62.10 81.40 47.31 | CUHK — ICFG | 5245 69.61 28.46

DRAGE (Ours) ICFG — RSTP | 5440 76.00 42.55 | ICFG — CUHK | 45.27 66.72 41.26
RSTP — ICFG | 4331 5894 27.18 | RSTP — CUHK | 42.58 63.35 38.84

wlo SIM R CUHK — RSTP | 58.65 81.05 45.55 | CUHK — ICFG | 49.03 67.04 25.90

wlo SERD CUHK — RSTP | 50.25 7240 3844 | CUHK — ICFG | 39.15 5692 21.57

Table 5: Ablation studies on the CUHK-PEDES dataset.

No. | Method | R1  R-5 R-10 mAP mINP
0 ‘ DRAGE (Full) ‘ 78.58 91.68 95.19 70.68 53.89
Single component ablation:
1 | w/o Leme 7724 91.11 9496 6898 52.67
2 | w/o SIMR 7542 89.86 9351 6735 51.22
3 | w/o SERD 72.18 87.94 9236 64.82 4891
4 | w/o AGE 76.10 90.81 9440 6791 51.60
Joint component ablation:
5 | w/o AGE + L 75.94 90.69 9454 67.87 51.51
6 | w/oSIMR + SERD | 6845 84.72 90.18 61.29 46.08
7 | w/o AGE + SERD | 70.82 86.53 91.44 63.15 47.36

4.5 Parametric Analysis

To investigate the impact of hyperparameter se-
lection on model performance, we conduct a sys-
tematic sensitivity analysis on the CUHK-PEDES
dataset, focusing on two critical hyperparameters:
the margin parameter o and the temperature param-
eter 7. The results are illustrated in Figure 4 and
Figure 5. First, regarding the margin parameter o,
Figure 4 reveals a clear optimal range. Setting « to
excessively large values leads to significant perfor-
mance degradation, particularly across the Rank-1,
Rank-5, and mAP metrics. Based on these empiri-
cal observations, we set a = 0.1 for all subsequent
experiments. Second, for the temperature param-
eter 7 (see Figure 5), we observe that extremely
low values result in training instability. Conversely,
while increasing 7 initially improves Rank-1 and
Rank-5 accuracy, excessively high values cause a
gradual decline in performance, especially in mAP.
Consequently, we determine that 7 = 0.015 yields
the optimal trade-off between training stability and
discriminative capability, achieving the best results.

4.6 Robustness Analysis

To evaluate our method’s robustness, we conduct
cross-domain tests by training the model on one
dataset and testing it on another. As presented in
Table 4, DRAGE demonstrates superior generaliza-
tion capabilities, consistently outperforming prior
state-of-the-art methods across all six settings. No-
tably, the improvements in Rank-1 accuracy reach
up to 7.39% . This robust performance suggests
that our strategy of addressing the fundamental se-
mantic and modality gaps enables the model to
learn more transferable representations. This con-
clusion is further validated by cross-domain ab-
lation studies, where removing either the SERD
or the SIMR module leads to a significant perfor-
mance drop, confirming their crucial role in en-
hancing the model’s robustness.

5 Conclusion

In this paper, we propose DRAGE, a unified frame-
work that systematically addresses the semantic
and modality gaps in TBPS. DRAGE introduces
two synergistic mechanisms: SERD mitigates the
semantic gap by identifying noisy pairs to provide
robust supervision, while SIMR bridges the modal-
ity gap by organizing internal embedding struc-
tures. Notably, DRAGE consistently achieves supe-
rior performance, demonstrating a state-of-the-art
78.58% Rank-1 accuracy on CUHK-PEDES and
significantly enhancing cross-domain generaliza-
tion. By improving both internal organization and
supervision reliability, DRAGE offers a robust so-
lution for real-world person search applications.



6 Limitations

While DRAGE achieves state-of-the-art perfor-
mance in TBPS, several limitations merit acknowl-
edgment. First, the effectiveness of SIMR de-
pends on the quality of the pre-trained sentence
encoder used to construct semantic distance matri-
ces. We adopt all-mpnet-base-v2, whose capabil-
ity to capture fine-grained nuances in pedestrian
descriptions inherently constrains SIMR’s perfor-
mance. Future work could explore domain-specific
fine-tuning or alternative encoders for improved
semantic structure modeling.Although DRAGE
demonstrates strong cross-domain generalization,
our evaluation is limited to standard TBPS bench-
marks. These datasets may not fully capture real-
world complexities such as extreme weather, heavy
occlusion, or out-of-distribution language descrip-
tions. Additionally, all experiments use English-
language data; DRAGE’s performance in multilin-
gual or low-resource settings remains unexplored.
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A Supplementary Material

In this supplementary material, we provide addi-
tional information for DRAGE.

A.1 Datasets

To comprehensively evaluate the performance of
our proposed method under both clean and noisy su-
pervision, we conduct experiments on three widely
adopted benchmarks for text-to-image person re-
trieval: CUHK-PEDES (Zhang et al., 2022), ICFG-
PEDES (Han et al., 2018), and RSTPReid (Zhu
et al., 2021b). Each dataset presents unique char-
acteristics in terms of scale, annotation style, and
visual diversity.

CUHK-PEDES. CUHK-PEDES (Zhang et al.,
2022) is the first and most well-established bench-
mark for the text-based person re-identification
(RelID) task. It comprises a total of 40,206 pedes-
trian images corresponding to 13,003 unique identi-
ties. Each image is annotated with two independent
natural language descriptions, collected via crowd-
sourcing, providing rich semantic diversity. Fol-
lowing the standard evaluation protocol, the dataset
is divided into three subsets: a training set with
34,054 images from 11,003 identities, a validation
set containing 3,078 images from 1,000 identities,
and a testing set with 3,074 images from another
1,000 identities. The average caption length is ap-
proximately 23 words, encompassing a variety of
appearance-related cues such as clothing, acces-
sories, and actions.

ICFG-PEDES. ICFG-PEDES (Han et al., 2018)
is a relatively newer but larger-scale dataset de-
signed to reflect more complex and fine-grained
textual descriptions. It contains 54,522 images
corresponding to 4,102 person identities. Unlike
CUHK-PEDES, each image in ICFG-PEDES is
annotated with a single sentence, which on aver-
age contains around 37 words—making the de-
scriptions more elaborate and detailed. The official
data split consists of 34,674 image-text pairs from
3,102 identities for training, and 19,848 image-text
pairs from the remaining 1,000 identities for test-
ing. This dataset presents greater challenges due to
longer and potentially more ambiguous captions.

RSTPReid. RSTPReid (Zhu et al., 2021b) is a
large-scale and challenging benchmark constructed
under real-world surveillance scenarios. It contains
20,505 images from 4,104 identities captured by
15 different cameras, introducing substantial vari-
ations in pose, lighting, and background. Each

identity is associated with five images taken from
distinct camera views. Importantly, each image is
paired with two distinct textual descriptions, which
significantly increases the textual diversity. Accord-
ing to the official splitting protocol, the training
set includes image-text pairs from 3,701 identities.
Both the validation and testing sets are composed
of 200 identities each, ensuring consistent and reli-
able benchmarking. Compared to CUHK-PEDES
and ICFG-PEDES, RSTPReid reflects more real-
istic retrieval conditions with strong cross-view
challenges.

B Training Process

Algorithm 1 The training process of our model

1: Input: The training data P with [V image-text
pairs, maximal epoch N, the model M(O),
and the hyper-parameters R, o, 7

2: Initialize the backbones with the weights of
the pretrained model CLIP;

3: Initialize the Pre-trained Sentence En-
coder: sbert = SBERT(sentence —
transformers/all — mpnet — base — v2);

4: fore=1,2,--- /N do

5: Calculate the per-sample loss ¢(M,P)
with Equation (3) ;

6: Divide the training data with the predic-
tions of GFE and AGE using BMM;

7: SERD: Deriving and Recalibrating the La-
bels {¢;} ¥ ;

8: for each z in mini-batches {x,, }}_, of z
do
9: Extract the GFE & AGE features of x;
10 Compute the similarities between K
image-text pairs in  with above features;
11: Calculate the L9, for vision-to-vision
and Lo for text-to-text using SIMR,;
12: Calculate L. with Equation (17);
13: © = Optimizer(O, Liota1);
14: end for
15: end for

16: Output: The optimized parameters O;

C Visualization of Modality Gap
Reduction

To visualize the modality gap reduction, we project
the learned image and text embeddings from
CUHK-PEDES into a 2D space using Principal
Component Analysis. Figure 6 illustrates the pro-
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Figure 6: Visualization of modality gap reduction be-
tween image and text embeddings in CUHK-PEDES
dataset .

gressive alignment throughout the training process.
At epoch 1, the embeddings form distinct clusters.
These clusters merge by epoch 30 and become in-
distinguishable by epoch 60, demonstrating the
effective bridging of the modality gap.

D Qualitative Results

To illustrate the advantages of our DRAGE, some
retrieved examples for TBPS are presented in Fig-
ure 7.
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A woman with long
hair is holding a small
wood table. She wears
a white dress.

The woman has short
dark hair, a black short
sleeved t-shirt and
denim pants. She is
leaning on a green rail
with one leg raised.

The lady wears a black
and white shirt a pink
towel wrapped around
her neck blue jean
pants with pink
flipflops carries she
carries a black shoulder
bag holding a black
book in her hand.

The woman is wearing

- — I
> .
- ‘4)
a tan long coat, a scarf, s

gray jeans, and brown Ei '{ y

boots.

Figure 7: Qualitative comparison of the top-10 retrieved results on the CUHK-PEDES dataset. For each text query,
we compare the baseline IRRA (first row) with our DRAGE (second row). The matched and mismatched person
images are highlighted with green and red rectangles, respectively. The first column of each row represents the
ground truth.
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