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Abstract

Text-Based Person Retrieval (TBPR) aims to accurately re-
trieve target individuals from large-scale image databases us-
ing only textual descriptions. Existing methods typically as-
sume a ground-truth correspondence between text and images
(i.e., strongly correlated). However, in real-world scenarios,
this assumption may not be able to hold for the cross-modal
matching due to weak or even corrupted correlations between
textual descriptions and visual content, referred to as noisy
correspondence (NC). Such NC largely disrupts the corre-
spondence learning between visual and semantic modali-
ties. Though prior works have improved single-modal robust-
ness against noisy labels, systematic modeling of both cross-
modal and intra-modal geometric structures in TBPR remains
limited attention. In this paper, we propose Geometric Struc-
ture Consistency Alignment (GSCA) to TBPR, which lever-
ages cross-modal cosine similarity and intra-modal nearest-
neighbor affinity to learn visual-semantic consistency under
noisy correspondence. To mitigate the structural corruption
caused by noisy pairs, we introduce the Structure Refine-
ment and Mining (SRAM) module. By partitioning training
data into clean, ambiguous, and noisy subsets, SRAM enables
the model to strategically refine the cross-modal correspon-
dence by mining reliable pairs, thus enhancing the reliability
of positive or negative samples discrimination and preserv-
ing structural consistency across modalities. Extensive exper-
iments demonstrate that our method achieves state-of-the-art
performance across three public datasets. On CUHK-PEDES,
it boosts Rank-1 by 1.42% in noise-free conditions, sustain-
ing a robust 74.25% Rank-1 under a 50% noise ratio.

Introduction
Text-Based Person Retrieval (TBPR) (Liu et al. 2025b; Jiang
and Ye 2023) aims to retrieve the target individual from a
large-scale image gallery based on a given natural language
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(b) Earlier work used soft labels  to handle noisy correspondence

(c) Our method  leverages spatial-structure alignment

A man with a short 
sleeved white shirt and 
blue jeans. He is also 
wearing green shoes. 
The man is wearing a 
white top and blue jeans.  
His tennis shoes are 
gray .  His hair is short 
and he wears glasses.

This woman is wearing a 
short sleeved blue shirt 
with pink capris and 
tennis shoes. She is 
wearing sunglasses, a 
messanger bag, and a 
blue umbrella.

(a) Prior methods assumed noise-free  image-text correspondence

A woman is carrying her 
umbrella in her left hand 
and her jacket and 
person in her right. She 
is wearing a white shirts 
and blue pants. 

Text space

Image space

Soft Label

Aligning

Aligning

Assume true 

correspondence

Figure 1: (a) Existing methods assume clean text–image
pairs. (b) Noisy-correspondence methods use soft labels for
mismatches. (c) Our GSCA exploits cross- and intra-modal
geometry to separate clean and noisy samples.

description. It has garnered increasing attention from both
academia and industry due to its practical value in surveil-
lance scenarios such as suspect tracking and missing person
retrieval (Sun et al. 2025; Liu et al. 2025b; Yu, Wen, and
Zheng 2025; Park et al. 2024; Liu et al. 2024). However,
TBPR inherently faces the modality gap and significant ap-
pearance variations between visual and textual modalities.

Early attempts can be broadly categorized into global and
local matching strategies for learning cross-modal similar-
ity. Global methods (Qin, Pu, and Wu 2023; Shu et al. 2022;
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Wu et al. 2021; Zhang et al. 2025) use modality-specific
encoders with contrastive learning to enforce holistic vi-
sual–semantic alignment, while local approaches (Shao et al.
2022) explicitly align body parts with textual entities to en-
hance fine-grained discrimination. Recent works (Han et al.
2021; Jiang and Ye 2023; Yan et al. 2023b) further introduce
pretrained models such as BERT (Devlin et al. 2019), ViT
(Dosovitskiy et al. 2020), and CLIP (Radford et al. 2021)
to exploit richer visual and semantic knowledge for either
global alignment or fine-grained correspondence discovery.
However, as illustrated in Figure 1(a), these methods typi-
cally and implicitly assume that all training image–text pairs
are strictly and perfectly aligned, and thus inevitably over-
look noisy correspondence in real-world applications.

Learning with noisy correspondence in cross-modal re-
trieval offers a promising way to estimate reliable soft corre-
spondence labels for image-text pairs. As a result, the model
is enhanced to judge true matches. For example, as shown
in Figure 1(b), NCR (Huang et al. 2021) initiates this line
of work by introducing a co-teaching mechanism that filters
out high-loss pairs as noisy samples. Subsequent methods
(Wang et al. 2025; Zha et al. 2025; Yan et al. 2024; Yang
et al. 2023) further improve robustness by leveraging meta-
learning and clean subset optimization. However, these ap-
proaches still essentially follow the paradigm of uni-modal
sample selection (Li, Socher, and Hoi 2020), which strug-
gles to capture deep and complex dependencies in multi-
modal structures and often tends to overfit noisy pairs.

Unimodal label noise is usually restricted to a single-
modality feature space under an assumed homogeneous dis-
tribution (Li, Socher, and Hoi 2020), and can often be allevi-
ated by label smoothing (Lukasik et al. 2020) or noise-robust
losses (Yan et al. 2023a). In contrast, multimodal noise
arises when textual descriptions are partially relevant or en-
tirely irrelevant to the image, breaking the cross-modal geo-
metric structure (Liu et al. 2025a). As shown in Figure 1(c),
noisy correspondences (red edges) incorrectly shrink dis-
tances between mismatched pairs, distorting the similarity
graph in the shared space and potentially collapsing intra-
modal geometry when asymmetrically distributed samples
are forced to align. To tackle this, we propose Geometric
Structure Consistency Alignment (GSCA) for robust corre-
spondence alignment. At the cross-modal level, GSCA flags
low-similarity image–text pairs as potential noisy samples;
at the intra-modal level, it models geometry via similarity
distributions between a query and other samples in the same
modality. The resulting structure-aware soft labels effec-
tively guide alignment, forming a geometry-consistent pos-
itive feedback loop that substantially improves the model’s
overall robustness to noisy correspondence.

Furthermore, to address the sample pairs structure col-
lapse caused by noisy correspondence, we introduce the
Structure Refinement and Mining (SRAM) module, which
jointly models the spatial structures among different sample
pairs. Specifically, SRAM first estimates the matching confi-
dence of each image-text pair by leveraging the memory ef-
fect of deep neural networks (Jiang et al. 2023), then catego-
rizes them into clean, ambiguous, and noisy subsets. Based
on this partitioning, SRAM refines the structural alignment

of positive (clean) pairs and mines potential consistency
from negative (noisy) ones. In the reconstructed structure
space, SRAM introduces a structure-aware contrastive loss
that unifies the structural relationships of clean, ambiguous,
and noisy sample pairs within a joint optimization frame-
work. The main contributions of this work are as follows:

• We propose Geometric Structure Consistency Alignment
(GSCA), which leverages structural differences between
and within modalities to effectively differentiate clean
and noisy samples, thereby rectifying these structural dis-
parities to enhance alignment robustness.

• We introduce the Structure Refinement and Mining
(SRAM) module, which refines the consistency among
positive sample pairs and leverages the latent consistency
of negative samples to adjust the spatial structures be-
tween sample pairs, thereby mitigating the structural col-
lapse induced by noisy correspondence.

• We conducted experiments on the CUHK-PEDES,
ICFG-PEDES ,and RSTPReid datasets, achieving R@1
improvements of 1.42%, 0.58% and 1.22%. Even with
50% noisy correspondence, our method maintains robust
R@1 of 74.25%, 66.47% and 64.28%.

Related Work
Text-Based Person Retrieval
Text-Based Person Retrieval (TBPR) (Li et al. 2017) aims
to retrieve person images with natural language queries. Ex-
isting methods (Chen, Xu, and Luo 2018; Li et al. 2017;
Ji et al. 2023; Zhong et al. 2024) broadly fall into global
and local matching: global approaches learn a shared cross-
modal embedding space but often miss fine-grained interac-
tions, while local approaches explicitly align body regions
with textual entities (Wu et al. 2018a,b) for precise corre-
spondence at higher computational cost. Recent work, in-
spired by vision–language pretraining, leverages large pre-
trained models to capture alignment knowledge. However,
these methods typically assume perfectly aligned training
pairs, an assumption that fails under ubiquitous noisy cor-
respondence. This paper addresses this inevitable and chal-
lenging noisy correspondence problem in TBPR.

Learning with Noisy Correspondence
Noisy Correspondence (NC) in multi-modal or multi-view
learning has recently gained increasing attention. Unlike
general noisy-label learning (Hu et al. 2021; Li, Socher, and
Hoi 2020; Liu et al. 2022; Huang et al. 2023; Yao et al. 2023;
Huang et al. 2024; Dang et al. 2025), NC focuses on negative
pairs that are incorrectly annotated as positives. Most NC
methods address this at the loss level by redesigning con-
trastive objectives or re-weighting schemes, such as adapt-
ing DivideMix to separate clean and noisy pairs (Han et al.
2023), using Beta-mixture models for soft correspondence
labels (Yang et al. 2023), or employing meta-learning–based
similarity correction networks and robust contrastive losses
(Chuang et al. 2022; Hong et al. 2024) to improve robustness
under different noise ratios.
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Figure 2: Overview of the proposed GSCA and SRAM. GSCA optimizes cross-modal and intra-modal objectives to main-
tain geometric structure consistency, distinguishing noisy samples and estimating true correspondence indicators y for robust
learning. SRAM partitions data into clean, ambiguous, and noisy subsets, refining positive pair consistency to mitigate NC and
mining latent negative pair consistency to preserve structural integrity.

Proposed Method
In this section, we present two plug-and-play modules,
GSCA and SRAM, whose overall architecture is shown Fig-
ure 2, and detail their designs in the following subsections.

Geometric Structure Consistency Alignment
Geometric Structure Consistency Alignment aims to main-
tain structural consistency both across and within modal-
ities, while leveraging the perceived structural differences
between and within modalities to identify noisy samples.
Previous research (Li et al. 2024) has shown that clean
and noisy samples exhibit distinct structural characteristics:
clean pairs generally achieve higher cross-modal similarity
scores, while noisy pairs tend to distort intra-modal struc-
tures, leading to lower similarity. These insights support the
effectiveness of structure-aware modeling in distinguishing
noisy pairs and enhancing robust alignment.

Cross-Modal Geometric Structure. From the cross-
modal perspective, the geometric structure is defined by the
similarity between representations from different modali-
ties. For a given query image Ii, its cross-modal geometric
structure can be formulated as Qcm

i = {⟨Ii, Tj⟩}Nj=1, where
Tj denotes the j-th text description within the same batch.
To preserve such structure, GSCA minimizes the expected
risk of the cross-modal objective, defined as:

HLcm
(f, g) = min

(I,T,y)∼B
[Lcm (⟨I, T ⟩, y)] , (1)

where Lcm is the cross-modal loss function, which can be
instantiated as a contrastive loss or triplet loss used in tra-
ditional retrieval models. The goal is to align cross-modal
representations based on the correspondence label y, thereby
maximizing the similarity of ⟨Ii, Ti⟩.

Intra-Modal Geometric Structure. Matched text-image
pairs should exhibit consistent intra-modal structures,
whereas unmatched pairs display disordered structures. The
intra-modal structure of the i-th sample is given by Qi

im =
{⟨Ii, Ij⟩, ⟨Ti, Tj⟩}Nj=1, where ⟨Ii, Ij⟩ and ⟨Ti, Tj⟩ repre-
sent image-image and text-text similarities, respectively. To
maintain such structural consistency, GSCA introduces the
intra-modal objective as:

HLim(f, g) = min
(I,T,y)∼B

[Lim (⟨I, I⟩, ⟨T, T ⟩, y)] , (2)

where Lim represents the intra-modal loss function, de-
signed to ensure that matched samples maintain consis-
tent structure within the same modality. Neglecting struc-
tural consistency during optimization leads to a decline
in the model’s text-to-image retrieval performance (Goel
et al. 2022; Jiang et al. 2023), highlighting the depen-
dence of cross-modal alignment on the stability of intra-
modal structure. Consequently, incorporating intra-modal
structural consistency can further significantly enhance the
effectiveness of cross-modal alignment.

Noise Discrimination and Purification. In the early
training phase, deep neural networks (DNNs) preferentially
learn from clean samples before adapting to noisy ones.
Leveraging this behavior, GSCA constructs well-established
structural representations to effectively distinguish clean
samples from noisy ones.

Cross-Modal Discrimination. Based on the well-formed
cross-modal structures learned in early training, the repre-
sentations of clean data pairs are expected to be more tightly
aligned than those of noisy pairs. GSCA exploits this struc-
tural discrepancy by introducing a function to estimate the
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bidirectional cross-modal correspondence indicator:

ycmi =
1

2

exp(⟨Ij , Tj⟩/T1)∑N
j=1 exp(⟨Ii, Tj⟩/T1)

+
1

2

exp(⟨Ii, Ti⟩/T1)∑N
i=1 exp(⟨Ij , Ti⟩/T1)

,

(3)

where T1 denotes the temperature coefficient, which is set to
0.03 in all experiments. Taking the first term as an example,
it evaluates the ratio of the similarity between the current
pair (Ii, Ti) to the total similarity between Ii and all textual
samples. For clean pairs, the similarity of (Ii, Ti) is expected
to dominate, resulting in an indicator value close to 1. In
contrast, noisy pairs will exhibit lower similarity, and thus
the indicator value approaches 0.

Intra-Modal Discrimination. For matched image-text
pairs, the intra-modal structures are expected to be simi-
lar and mutually aligned, whereas unmatched pairs exhibit
distinct patterns that reflect positional divergence. Specifi-
cally, we compute the cosine similarity between intra-modal
structures to obtain a consistency score, denoted as: Sim

i =

cos (⟨Ii, Ij⟩ , ⟨Ti, Tj⟩)Nj=1. Previous studies (Li et al. 2024)
suggested that clean samples consistently achieve higher co-
sine similarity scores than noisy ones, resulting in a bimodal
score distribution across the entire dataset. This distribu-
tion can be modeled by a two-component Gaussian Mixture
Model (GMM) (Li, Socher, and Hoi 2020), described as:

p(Sim) =

K∑
k=1

αkϕ(S
im | k), yimi =

αkl
ϕ(Sim

i | kl)∑N
k=1 αkϕ(Sim

i | k)
,

(4)
where αk denotes the mixture coefficient for the k-th com-
ponent, and ϕ(Sim | k) is the probability density function
of that component. The second equation estimates the intra-
modal consistency indicator yimi , which reflects the proba-
bility that the observed sample belongs to the cleaner com-
ponent (k = kl). This value approaches 1 for clean samples
and 0 for noisy samples, effectively distinguishing samples
with noisy correspondences.

We have estimated the cross-modal and intra-modal cor-
respondence indicators ycm and yim by exploiting structural
differences. To effectively leverage their complementary re-
liability and accurately identify noisy samples, we define the
final label as the minimum:

yi = min(ycmi , yimi ). (5)
Noise Purification. To address the noisy correspondence

problem, we optimize both cross-modal and intra-modal
objectives. Since the estimated correspondence labels are
soft values within the range [0, 1], reflecting the degree of
ground-truth alignment, they can be seamlessly incorporated
into the loss function for each sample.

We use a contrastive loss for the cross-modal objective:

Lcm = − 1

N

N∑
i=1

yi log
exp (⟨Ii, Ti⟩/T1)∑N
j=1 exp (⟨Ii, Tj⟩/T1)

, (6)

where yi is applied directly to each sample before computing
the loss. For the intra-modal objective, in addition to apply-
ing sample-level purification to the loss itself, it is crucial

to avoid distortion in the geometry computation caused by
noisy correspondences. Specifically, distances between the
query and noisy samples should be excluded. The purified
intra-modal loss is defined as:

Lim = − 1

N

N∑
i=1

log

N∑
z=1

yz⟨Ii, Iz⟩yz⟨Ti, Tz⟩/T1

N∑
j=1

exp

(
N∑

z=1

yz⟨Ii, Iz⟩yz⟨Tj , Tz⟩/T1

) ,

(7)
where the yz terms filter out noisy samples from similarity
aggregation. Similarly, when calculating intra-modal cosine
similarity scores for discrimination, noisy correspondences
can interfere with the detection.

Overall Objective. The total loss for the GSCA module
is formulated as a weighted sum of the two purified losses:

Lgsca = Lcm + α · Lim, (8)

where α is a hyperparameter to balance the optimization of
both objectives. We set α to 0.4 in experiments.

Structure Refining and Mining
Given N image-text pairs {(Ii, Ti, yi)}Ni=1, where yi ∈
{0, 1} indicates whether the image and text refer to the same
identity, we consider a challenging scenario where some
negative pairs (yi = 0) are incorrectly labeled as positive
(yi = 1), resulting in noisy supervision. To mitigate this is-
sue, SRAM first identifies potential noisy pairs by measuring
cosine similarity s(Ii, Ti) between features extracted from
image and text encoders. To enhance representation discrim-
inability, we adopt the InfoNCE loss:

Linfo = − log
exp(s(Ii, Tj)/T2)∑N
j=1 exp(s(Ii, Tj)/T2)

− log
exp(s(Ij , Ti)/T2)∑N
j=1 exp(s(Ij , Ti)/T2)

,

(9)

where T2 = 0.07 is a fixed temperature parameter in all ex-
periments. We then design a cooperative data partition strat-
egy that assigns each sample pair to one of three subsets:
clean (Dp), noisy (Dn), and ambiguous (Dv), based on the
bidirectional similarities pi2ti and pt2ii :

(Ii, Ti) ∈


Dp if pi2ti > γ and pt2ii > γ,

Dn if pi2ti < γ and pt2ii < γ,

Dv otherwise,

(10)

where pi2ti = s(Ii, Ti) and pt2ii = s(Ti, Ii) . The confidence
threshold is set to γ = 0.5 in our experiments.

Consistency Refining. For clean samples Dp, the original
labels are likely reliable. We slightly adjust their correspon-
dence strength using pi2ti and pt2ii :

ypi
= [pt2ii yi + (1− yi)p

i2t
i ] exp(−θ2/2σ2), (11)

where exp
(
−θ2/2σ2

)
serves as an angle correction factor,

σ is a hyperparameter controlling the sensitivity of correc-
tion, set to 0.1 in this study. Detailed experimental results
are provided in the appendix. The angle is computed as
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Method Ref Image Enc. Text Enc. R@1 R@5 R@10 mAP mINP
ViTAA (Wang et al. 2020) ECCV20 RN50 LSTM 54.92 75.18 82.90 51.60 -
DSSL (Zhu et al. 2021) MM21 RN50 BERT 59.98 80.41 87.56 - -
LapsCore (Wu et al. 2021) ICCV21 RN50 BERT 63.40 - 87.80 - -
LBUL (Wang et al. 2022b) MM22 RN50 BERT 64.04 82.66 87.22 - -
Han et al. (Han et al. 2021) BMVC21 CLIP-RN101 CLIP-Xformer 64.08 81.73 88.19 60.08 -
SAF (Li, Cao, and Zhang 2022) ICASSP22 ViT-Base BERT 64.13 82.62 88.40 - -
TIPCB (Chen et al. 2022) Neuro22 RN50 BERT 64.26 83.19 89.10 - -
CAIBC (Wang et al. 2022a) MM22 RN50 BERT 64.43 82.87 88.37 - -
AXM-Net (Farooq et al. 2022) MM22 RN50 BERT 64.44 80.52 86.77 58.73 -
LGUR (Shao et al. 2022) MM22 DeiT-Small BERT 65.25 83.12 89.00 - -
IVT (Shu et al. 2022) ECCV22 ViT-Base BERT 65.59 83.11 89.21 - -
CFine (Yan et al. 2023b) TIP22 CLIP-ViT BERT 69.57 85.93 91.15 - -
IRRA (Jiang and Ye 2023) CVPR23 CLIP-ViT CLIP-Xformer 73.38 89.93 93.71 66.13 50.24
LAIP (Wu et al. 2024) ICME24 CLIP-ViT CLIP-Xformer 76.72 90.42 93.60 66.05 -
PLOT (Park et al. 2024) ECCV24 CLIP-ViT CLIP-Xformer 75.28 90.42 94.12 - -
RDE (Qin et al. 2024) CVPR24 CLIP-ViT CLIP-Xformer 75.94 90.14 94.12 67.56 51.44
IRLT (Liu et al. 2024) AAAI24 CLIP-ViT CLIP-Xformer 74.46 90.19 94.01 - -
WoRA (Sun et al. 2025) WWW25 CLIP-ViT CLIP-Xformer 76.38 89.72 93.49 67.22 -
DM-Adapter (Liu et al. 2025b) AAAI25 CLIP-ViT CLIP-Transformer 72.17 88.74 92.85 64.33 -
VFE-TPS (Shen et al. 2025) KBS25 CLIP-ViT CLIP-Transformer 72.47 88.24 93.24 64.26 -

IRRA+GSCA+SRAM(Ours) - CLIP-ViT CLIP-Xformer 75.67 91.03 94.28 67.63 51.35
RDE+GSCA+SRAM(Ours) - CLIP-ViT CLIP-Xformer 77.36 91.62 94.47 68.37 51.69

Table 1: Comparison of different methods on CUHK-PEDES. Bold and underline denote the best and second-best results.

θ = arccos(s(Ii, Ti)). The objective of angle optimization
is to significantly reduce the angles of positive pairs, enlarge
those of negative pairs, and maintain moderate angles for
ambiguous pairs, thereby enhancing the model’s discrimi-
native ability in image-text matching tasks. For ambiguous
pairs Dv , we average the confidences to soften the label:

yvi =
yi(p

t2i
i + pi2ti ) exp(−θ2/2σ2)

2 · (1 + |pi2ti − pt2ii |)
. (12)

For noisy pairs Dn, we adopt the average of the predictions:

yni =
(pi2ti + pt2ii ) exp(−θ2/2σ2)

2
yi. (13)

Consistency Mining. We further mine latent consistency

Noise Method R@1 R@5 R@10 mAP mINP

0%

IRRA 73.38 89.93 93.71 66.13 50.24
IRRA+GSCA+SRAM 75.67 91.03 94.28 67.63 51.35

RDE 75.94 90.14 94.12 67.56 51.44
RDE+GSC+SRAM 77.36 91.62 94.47 68.37 51.69

20%

IRRA 69.44 87.09 92.20 62.16 45.70
IRRA+GSCA+SRAM 72.56 88.92 92.97 64.80 48.61

RDE 74.53 89.23 93.55 66.13 49.63
RDE+GSC+SRAM 76.37 90.72 93.88 68.03 50.40

50%

IRRA 62.41 82.23 88.40 55.52 38.48
IRRA+GSCA+SRAM 70.46 88.21 91.83 63.51 48.10

RDE 71.25 87.39 91.76 63.59 47.50
RDE+GSCA+SRAM 74.25 89.07 93.36 67.57 49.36

Table 2: Performance comparison of various methods under
different noise ratios on the CUHK-PEDES dataset, where
noise ratio indicates the proportion of noisy samples.

Noise Method R@1 R@5 R@10 mAP mINP

0%

IRRA 63.46 80.25 85.82 38.06 7.93
IRRA+GSCA+SRAM 65.52 81.43 85.12 39.30 8.06

RDE 67.68 82.47 87.36 40.06 7.87
RDE+GSCA+SRAM 68.26 82.76 88.12 40.67 8.30

20%

IRRA 60.58 78.14 84.20 35.92 6.91
IRRA+GSCA+SRAM 64.20 80.18 84.43 37.58 7.50

RDE 66.51 81.70 86.71 39.09 7.56
RDE+GSCA+SRAM 66.92 81.90 87.30 39.40 7.74

50%

IRRA 52.53 71.99 79.41 29.05 4.43
IRRA+GSCA+SRAM 62.80 74.76 79.13 25.47 3.47

RDE 63.76 79.53 84.91 37.38 6.80
RDE+GSCA+SRAM 66.47 81.29 86.30 39.20 7.31

Table 3: Performance comparison under different noise ra-
tios on the ICFG-PEDES dataset.

from noisy samples. For a given pair (Ii, Tj), we compute
directional matching strengths using corrected labels:

ωi2t
i,j =

(1− yni
)s(Ii, Tj)∑N

k ̸=i s(Ii, Tk)
. (14)

Similarly, the computation of ωt2i
i,j aligns with ωi2t

i,j . Instead
of using all noisy pairs, we filter training pairs based on a
learned, adaptive, data-driven threshold:

β =
1

N
(ypi

Nc + yvi
Nv + yni

Nn) . (15)

where Nc, Nv and Nn denote the number of pairs in the
clean, vague and noisy split. Pairs with ωi2t

i,j < β are dis-
carded, and similarly for ω̂t2i

i,j :

ω̂i2t
i,j =

{
0 if ωi2t

i,j < β,

ωi2t
i,j otherwise.

(16)
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Noise Method R@1 R@5 R@10 mAP mINP

0%

IRRA 60.20 81.30 88.20 47.17 25.28
IRRA+GSCA+SRAM 62.74 83.50 90.33 48.52 25.43

RDE 65.35 83.95 89.90 50.88 28.08
RDE+GSCA+SRAM 66.57 86.20 90.82 51.69 28.47

20%

IRRA 54.00 77.15 85.55 43.20 22.53
IRRA+GSCA+SRAM 61.35 83.18 89.23 48.10 24.75

RDE 63.85 83.85 89.45 50.27 27.75
RDE+GSCA+SRAM 64.68 84.25 90.30 50.29 27.88

50%

IRRA 56.65 78.40 86.55 42.41 21.05
IRRA+GSCA+SRAM 59.72 81.20 87.80 47.00 24.37

RDE 62.85 83.20 89.15 47.67 23.97
RDE+GSCA+SRAM 64.28 83.26 89.64 48.68 24.40

Table 4: Performance comparison under different noise ra-
tios on the RSTPReid dataset.

Noise Method R@1 R@5 R@10 mAP mINP

0%
Baseline(RDE) 75.94 90.14 94.12 67.56 51.44

GSCA 76.63 90.37 94.10 67.71 51.43
SRAM 76.47 90.25 94.33 67.50 51.17

GSCA+SRAM 77.36 91.62 94.47 68.37 51.69

20%
Baseline(RDE) 74.53 89.23 93.55 66.13 49.63

GSCA 75.60 90.14 93.85 67.47 50.10
SRAM 76.10 90.20 93.50 67.50 50.24

GSCA+SRAM 76.37 90.72 93.88 68.03 50.40

50%
Baseline(RDE) 71.25 87.39 91.76 63.59 47.50

GSCA 73.46 88.54 92.70 66.52 49.03
SRAM 73.62 88.65 92.96 66.69 49.19

GSCA+SRAM 74.25 89.07 93.36 67.57 49.36

Table 5: Ablation study of GSCA and SRAM on the RDE
baseline under different noise levels.

At low noise levels, most sample pairs are clean, and a
higher rigid filtering threshold inhibits consistency learning
from negative pairs; conversely, a lower threshold, indicat-
ing fewer clean samples, requires mining potential consis-
tency from a large set of negative pairs.

Refining and Mining Loss. Finally, we define the joint
objective combining refined clean sample pairs and mined
negative sample pairs:

Lsram =
1

N

N∑
i=1

yiLinfo +
1

2

(
Li2t
n + Lt2i

n

)
, (17)

where

Li2t
n =

∑
j ̸=i

ω̂t2i
i,j log

exp(s(Ii, Tk)/T2)∑N
k=1 exp(s(Ii, Tk)/T2)

. (18)

Lt2i
n is defined similarly for the reverse direction. Together,

they ensure robust training against noisy correspondences.

Experiment
Evaluation Protocol
We use Rank-k (k = 1, 5, 10) as our primary evaluation met-
ric, which measures the probability that at least one correct
person image appears in the top-k results for a text query. For
a more comprehensive evaluation, we also report mean Av-
erage Precision (mAP) and mean Inverse Negative Penalty

(mINP), where higher values of Rank-k, mAP, and mINP
indicate better retrieval performance.

Implementation Details
We employ the pretrained CLIP (Radford et al. 2021) as
our modality-specific encoder. During training, we apply
extensive data augmentation to enhance sample diversity.
Specifically, for images we perform random horizontal flip-
ping, random cropping with padding, and random erasing;
for textual descriptions we adopt random token masking,
substitution, and deletion. The input images are resized to
384 × 128 pixels, and the maximum token length of input
captions is set to 77. The model is optimized with Adam
for 60 epochs using a cosine learning-rate scheduler, where
the initial learning rate for the original CLIP parameters is
1 × 10−5. We meticulously conduct all our experiments on
a single RTX 3090 24GB GPU.

Comparison with State-of-the-Art Methods
To validate GSCA and SRAM, we conducted experi-
ments on the CUHK-PEDES, ICFG-PEDES, and RSTPReid
datasets, using IRRA and RDE as baseline methods.

Results on CUHK-PEDES. As shown in Table 1, the
proposed GSCA and SRAM modules significantly enhance
model performance under clean settings. Specifically, on
the CUHK-PEDES dataset, our modules enhance the R@1
score by 2.29% for the IRRA baseline and by 1.42% for the
RDE baseline, demonstrating the effectiveness of the pro-
posed modules in optimizing cross-modal retrieval perfor-
mance. Furthermore, Table 2 highlights the robustness of our
method under noisy conditions. In particular, under a 50%
synthetic noise scenario, GSCA and SRAM boost R@1 by
8.05% for IRRA and by 3% for RDE, illustrating their abil-
ity to effectively distinguish clean from noisy samples.

Results on ICFG-PEDES. The results in Table 3 demon-
strate that both GSCA and SRAM modules consistently
enhance cross-modal retrieval performance on the ICFG-
PEDES dataset. Under clean conditions, the R@1 score
rises steadily by 2.06%, effectively confirming our modules’
generalizability. Under noisy conditions with 50% synthetic
noise, the proposed modules yield a notable 10.27% R@1
increase for IRRA and 2.71% for RDE, and significantly en-
hance retrieval robustness under noisy conditions.

Results on RSTPReid. As shown in Table 4, our modules
deliver significant performance gains under clean conditions
on the RSTPReid dataset. Specifically, GSCA and SRAM
enhance the R@1 score by 4.22% for IRRA and 1.87% for
RDE. Under the 50% noise condition, our method boosts
R@1 by 5.42% for IRRA and 2.28% for RDE, demonstrat-
ing robust performance across varying noise conditions.

Ablation Study
To validate the effectiveness and synergy of GSCA and
SRAM, we performed ablation studies on the CUHK-
PEDES dataset using RDE as the baseline, testing noise ra-
tios of 0%, 20%, and 50%. Results from Table 5 show that
each module can independently enhance performance, and
their combination yields the best outcomes. At 0% noise,
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Figure 3: Evaluation of GSCA (T1, α) and SRAM (T2, γ)
hyper-parameters on retrieval performance under 50% noisy
correspondence on CUHK-PEDES.
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Figure 4: Evidence distribution of clean and noisy sample
pairs at the start and end of training under 20% synthetic
noise on the CUHK-PEDES dataset.

GSCA achieves 76.63% R@1, SRAM 76.47%, and together
they reach 77.36%. Under 50% noise, GSCA scores 73.46%,
SRAM 73.62%, and their synergy reaches 74.25%. GSCA
models geometric structures cross-modal and intra-modal
to accurately distinguish clean from noisy samples, effec-
tively resolving noisy correspondence issues. SRAM refines
consistency in positive pairs and extracts latent consistency
from negative pairs, significantly alleviating structural col-
lapse. Demonstrated that our proposed method effectively
enhances model robustness across various noise ratios.

Parametric Analysis and Visualization
To evaluate key hyper-parameters, we conducted an ablation
study on CUHK-PEDES for GSCA cross-modal tempera-
ture τ1, intra-modal weight α, SRAM temperature τ2 and
margin γ. As shown in Figure 3, the optimal settings are
τ1 = 0.03, α = 0.4 for GSCA, and τ2 = 0.07, γ = 0.5
for SRAM. A moderate τ1 = 0.03 enhances cross-modal
discrimination without feature space collapse, and α = 0.4
balances intra-modal and cross-modal objectives, avoiding
retrieval degradation. For SRAM, τ2 = 0.07 ensures ro-
bustness to noisy samples, and γ = 0.5 optimizes sam-
ples pair classification boundaries. As shown in Figure 4,

Query Text

This man is wearing an
orange coat with a grey-
orange backpack. He has
light blue jeans and black-
white sneakers.

This woman wears a white
sweater with furred hood,
black pants with brown
shoes. She carries a light
colored bag on one arm.
She also wears glasses.

He is wearing white tennis
shoes, long blue jeans, and
a white hooded sweatshirt.
He is wearing glasses and
is carrying a black bag.

Image A B C D

A:IRRA B:IRRA+GSCA+SRAM C:RDE D:RDE+GSCA+SRAM

Figure 5: Grad-CAM visualization of IRRA and RDE base-
line models before and after incorporating our method.

our proposed method effectively distinguishes clean samples
from noisy ones under a 20% noise condition. Grad-CAM
effectively visualizes word-level localization in image-text
pairs. Figure 5 clearly and convincingly demonstrates that
our method outperforms IRRA and RDE, achieving notably
more accurate entity localization.

Conclusion
To address the challenge of noisy correspondence in text-
based person Retrieval (TBPR), this paper proposes to inte-
grate geometric structure consistency with structure refine-
ment and mining. By introducing two plug-and-play mod-
ules GSCA and SRAM, we effectively mitigate both cross-
modal and intra-modal structure inconsistency caused by
noisy correspondence in TBPR. GSCA leverages structural
differences across and within modalities to accurately dis-
tinguish clean and noisy samples, and SRAM refines the
structural consistency of positive pairs and mines potential
consistency among negative pairs to alleviate representation
collapse. Experimental results on three widely used bench-
marks demonstrate the superior performance of our method,
which maintains strong robustness under noisy conditions.
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