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Abstract

Text-Based Pedestrian Retrieval (TBPR) aims to match pedestrian images with corre-
sponding text descriptions. Although notable advancements have been made in this field,
most existing methods assume that training samples are clean. However, the neglect of
noisy samples can degrade model performance. To address this issue, we propose an
effective framework called CSNR from the perspective of dynamic dataset reconstruc-
tion, incorporating three key innovations. The Clean Sample Selection Module (CSSM)
exploits the differences in the loss values of clean and noisy samples, filtering out noisy
samples to improve the quality of training samples. The Noisy Sample Rematching Mod-
ule (NSRM) replaces the text descriptions of some noisy samples with better-matching
descriptions to create new clean samples, thereby increasing the set of usable clean data.
The Weighted topK Contrastive Loss (WKCL) uses more negative samples and priori-
tizes harder negatives to fully leverage the information from negative samples and ensure
the efficiency of model training under noisy description circumstances. Experimental
results demonstrate that our approach achieves state-of-the-art performance.

1 Introduction
Text-Based Pedestrian Retrieval (TBPR) aims to match a given text description with the cor-
responding image [27, 30]. In recent years, deep learning-based TBPR methods have shown
remarkable progress. Some of them [12, 14] are dedicated to addressing cross-modal align-
ment to overcome significant intra-class variations. Several methods [5, 15, 29] focus on the
identity-level matching. Other works [10, 11, 26] are committed to resolving the occlusion
problem. A recent study [20] indicates that most methods assume that all samples used for
model training are clean. However, the noisy description problem, i.e., the misalignment
† Corresponding author
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A man in his 
twenties with 
medium-length
straight black hair 
is wearing a brown
blouson jacket. He 
is also wearing a 
pair of faded blue 
jeans and gray 
sneakers with 
white soles over 
white socks 

A woman with 
short black hair is 
wearing a long 
black coat and  
black gloves . He is 
carrying a brown 
handbag in one 
hand and a white 
shopping bag with 
red detailing in the 
other

A young man in his 
late twenties with 
medium length 
straight black hair 
is wearing black
insulated jacket. 
He is also wearing 
a pair of blue 
regular fit  
denimjeans and 
grey sneakers with 
white soles

A man in his 
twenties with
medium-length
straight black hair 
is wearing a brown
blouson jacket. He 
is also wearing a 
pair of faded blue 
jeans and gray 
sneakers with 
white soles over 
white socks 

A man in his 
thirties with short 
black hair is 
wearing a black 
bomber jacket. he 
is also wearing a 
pair of blue 
denimjeans
and blue color
sneakers

. . .

Clean Sample Clean Sample Clean Sample New Clean Sample！Noisy Sample

Figure 1: The corresponding image and text descriptions of the same person from the ICFG-
PEDES [4] dataset. The second image I2 does not align with its corresponding description
T2,1 and can thus be considered a noisy sample. Notably, the third description T3,1 perfectly
matches the second image. Therefore, we can create a new clean sample (I2,T3,1) by replac-
ing the noisy sample’s description.

between text descriptions and images, as shown in Figure 1, exists in the training dataset.
This misalignment in noisy samples can seriously undermine model performance [8], but it
is often overlooked in TBPR.

To address the noisy description problem in TBPR, we propose an effective framework,
consisting of the Clean Sample Selection Module (CSSM), the Noisy Sample Rematching
Module (NSRM), and the Weighted topK Contrastive Loss (WKCL), collectively referred to
as CSNR. According to the memorization effect of DNNs [1], the average loss value for clean
samples tends to be lower than that for noisy samples. Based on this effect, CSSM is pro-
posed to divide the dataset into clean and noisy subsets through a loss comparison method.
Besides, as shown in Figure 1, datasets for TBPR generally contain multiple images per indi-
vidual, and each image is associated with one or two descriptions. It is worth mentioning that
a single description can describe multiple images of the same individual, beyond its original
match. Taking advantage of this characteristic of the dataset, the NSRM converts some noisy
samples to clean ones by rematching other text descriptions to the images of the noisy sam-
ples from the same person, thus expanding the set of usable clean samples. Additionally, we
propose the WKCL, which considers more negative samples and prioritizes harder negatives,
compared to the traditional Triplet loss [22] and E-loss [25]. WKCL effectively leverages
the information from negative samples and improves the efficiency of model training under
noisy description circumstances.

To conclude, the key contributions of our work can be summarized as follows:

• To address the noisy description problem in TBPR, we propose an effective framework
from the perspective of dynamic dataset reconstruction in the training process, includ-
ing CSSM, NSRM, and WKCL. Extensive experiments demonstrate the effectiveness
of our framework.

• The CSSM filters out noisy samples by leveraging the differences in loss values be-
tween clean and noisy samples, thereby improving the quality of the training samples.

• The NSRM, designed based on the characteristics of the dataset, aims to transform
some noisy samples into clean samples by replacing their descriptions with more ap-
propriate ones from the same person. This effectively expands the set of usable train-
ing samples.
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• The WKCL leverages more negative samples while emphasizing harder negatives dur-
ing training, effectively utilizing the information from negative samples and improving
the efficiency of model training under noisy description circumstances.

2 Related Work

2.1 Text-Based Pedestrian Retrieval
Text-based pedestrian retrieval aims to match the image of a person to the natural-language
description. The technique has become increasingly important in criminal case investigation
and security applications. Early works typically rely on separately pretrained unimodal en-
coders, such as ResNet-50/101 [6] for vision and BERT [3] for language, to extract visual
and textual features. However, handling the two modalities in isolation inevitably leaves an
alignment gap that hinders precise cross-modal matching. Recently, VLP (Vision-Language
Pre-training) largely improves model performance in cross-modal alignment. In particular,
CLIP [21] has become the mainstream backbone for TBPR by jointly learning visual and
textual representations and thus overcoming the limitations of single-modality pre-training.
Nonetheless, most existing TBPR methods ignore the pervasive noisy samples in datasets,
which markedly degrade retrieval performance.

2.2 Methods for Noisy Description Problem
In the image-text matching field, there is also the problem of noisy description, and several
methods have been proposed to tackle this issue. Based on the memorization effect of DNNs,
many approaches [8, 13] first compute the per-sample loss, then model these losses using a
Gaussian Mixture Model (GMM) [19] to estimate the probability of each sample belonging
to the clean set, followed by subsequent processing steps. Recently, the Beta Mixture Model
[31] is proposed, demonstrating superior performance in categorization. To mitigate the
selection bias of clean samples, Co-teaching methods [33] are proposed to train the different
networks with small loss values. These existing methods for the noisy description problem
in the image-text matching field can provide some reference. However, they fail to leverage
the characteristics of datasets in the TBPR reasonably. Additionally, the commonly used
contrastive loss functions, such as the Triplet loss and the E-loss, are not suitable for the
processing strategy of negative samples under noisy description circumstances, resulting in
performance degradation. Thus, it is significant to address the noisy description problem in
TBPR.

3 Method
We assume that

(
In
i ,T

n
i, j
)

represents one sample pair of person n, where n ∈ {1,2,3, . . . ,N},
and N is the total number of individuals in the training dataset. i ∈ {1,2,3, . . . ,Nn}, where Nn
denotes the total number of image samples for person n. j ∈ {1,2}, as each image may have
one or two corresponding descriptions, depending on the specific dataset. For convenience,
we omit the superscript n when distinguishing individuals is unnecessary in some subsequent
cases. Figure 1 shows some samples presented in this manner.

The presence of noisy samples degrades model performance. To address this problem,
we propose a framework called CSNR, as illustrated in Figure 2. Firstly, we extract the vision
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Feature
Extractor NSRM

WKCL

Clean Reference SampleClean SampleNoisy Sample

CSSM

STEP 1 STEP 2

GMM

New Clean Sample

Compare

clean set

noisy set

clean set

noisy set

clean reference set

Figure 2: The overview of our framework. We reconstruct the dataset dynamically through
CSSM and NSRM, improving the quality of training samples and increasing the set of usable
clean samples. The model is trained on the clean samples using WKCL.

and textual features using the Cross-Modal Feature Extractor. Then, WKCL is employed to
calculate the per-sample loss, which will be fed into the GMM. In the first step of CSSM,
we select some samples as clean reference samples by GMM. After that, the remaining
samples are split into the clean set and the noisy set based on the loss comparison with the
corresponding clean reference samples. After that, the NSRM converts some noisy samples
into new clean samples. Finally, the model is trained on clean samples with WKCL.

3.1 Cross-Modal Feature Extractor
We adopt CLIP [21] as the backbone for feature extraction, as shown in Figure 3(a). By
inputting (Ii,Ti, j) into the image encoder gv and the text encoder gt , we obtain the token
sequences

{
vcls

i ,v1
i ,v

2
i , . . . ,v

Nv
i

}
and

{
tsos
i, j , t

1
i, j, t

2
i, j, . . . , t

Nt
i, j , t

eos
i, j

}
, where Nv + 1 and Nt + 2 de-

note the lengths of the image and text token sequence, respectively. V̂i = vcls
i and T̂i, j = teos

i, j
represent the coarse-grained token, while the other tokens represent the fine-grained tokens.
The coarse-grained token is considered the coarse-grained features (CF). As for the fine-
grained features (FF), following the previous work [20], we first select some effective to-
kens that are more informative to represent the fine-grained tokens. It is obvious that the
self-attention map Av ∈ R(Nv+1)(Nv+1) for the image and At ∈ R(Nt+2)(Nt+2) for the text de-
scription comprise the correlation between the fine-grained tokens and the coarse-grained
tokens, i.e., Av[0,1 : Nv + 1] and At [0,1 : Nt + 1]. We select M% tokens with higher corre-
lation to the coarse-grained features as effective tokens which are subsequently input into a
Multilayer Perceptron, followed by a fully connected layer and a max pooling layer to ob-
tain the fine-grained features V̌i and Ťi, j. Coarse-grained features and fine-grained features
represent global information and local information, respectively. They are used to calculate
the similarity and the loss value comprehensively.

3.2 Clean Sample Selection Module (CSSM)
We propose the CSSM, as illustrated in Figure 3(b), to filter out noisy samples from the
dataset during each training epoch. According to the DNNs’ memorization effect [1], the
mean loss value of clean samples is smaller than that of noisy samples. Therefore, we com-
pute the per-sample loss of every sample by the coarse-grained and fine-grained features
using WKCL, which will be introduced in detail later. To obtain the probability of each sam-
ple being clean, we fed all the per-sample losses into the two-component Gaussian Mixture
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Model (GMM), namely

P(u|θ) =
K

∑
k=1

αkφ(u|θk) (1)

where αk represents the mixture coefficient, k = 1 denotes the clean set and k = 2 denotes
the noisy set. The GMM is optimized with the Expectation-Maximization algorithm. After
that, the probability of the sample pair (Ii,Ti, j) being clean can be computed as follow:

p(θ1|ui, j) = p(θ1)p(ui, j|θ1)/p(ui, j) (2)

where ui, j denotes Lwkcl(Ii,Ti, j), i.e., the per-sample loss of (Ii,Ti, j). If we directly use
p(θ1|ui, j) to classify the dataset into clean and noisy sample subsets, many noisy samples
can be misclassified as clean samples [34], resulting in poor classification performance.

Therefore, we propose an effective two-stage clean sample selection method by com-
paring the loss values. Our method is founded on a reasonable assumption: For two sam-
ples (Ia,Ta, j) and (Ib,Tb, j) with similar but different images, if they are both clean samples,
their loss values should not differ significantly from each other. If (Ia,Ta, j) is clean and
(Ib,Tb, j) is noisy, Lwkcl(Ia,Ta, j) should be smaller than Lwkcl(Ib,Tb, j). Guided by this as-
sumption, the dataset is classified into two subsets in the first stage: a clean reference subset
Ds =

{
(Ii,Ti, j) | p(θ1|ui, j)> 0.9

}
, which consists of a small number of samples that are

highly likely to be clean, and a subset Dw, which includes the remaining samples that require
further evaluation in the second stage.

Next, for a sample
(
Ik,Tk, j

)
∈ Dw, we find the reference sample (Iq,Tq, j) ∈ Ds whose

image Iq is the most similar image to Ik among the images in Ds. The similarity is measured
from both coarse-grained and fine-grained perspectives. Specifically, the similarity R(Ik, Iq)
between Ik and Iq equals to (S(V̂k,V̂q)+S(V̌k,V̌q))/2, where S(m,n) = m⊤n/∥m∥∥n∥ repre-
sent the cosine similarity between m and n. To ensure a comprehensive evaluation, we com-
pare the loss values calculated using coarse-grained and fine-grained features separately. The
loss function will be introduced later. If the following conditions can be satisfied, (Ik,Tk, j) is
considered a clean sample.{

L̂wkcl(Ik,Tk, j)− L̂wkcl(Iq,Tq, j)≤ µ

Ľwkcl(Ik,Tk, j)− Ľwkcl(Iq,Tq, j)≤ µ
(3)

where µ is a hyperparameter which we will analyze later in the experiment section. The
samples in the Dw which satisfied the mentioned conditions and samples in the Ds are con-
sidered clean samples altogether. The remaining samples in the Dw are considered noisy
samples.

3.3 Noisy Sample Rematching Module (NSRM)
As presented in Figure 3(c), NSRM converts some noisy samples into clean samples by
rematching other appropriate descriptions from the same person. For the n-th person, if
sample (In

i ,T
n

i, j) is a noisy sample, we calculate the cosine similarity between In
i and every

description T n
k, j (k ̸= i) from the same person which belongs to a clean sample. The similarity

R(In
i ,T

n
k, j) between In

i and T n
k, j equals to (S(V̂ n

i , T̂
n

k, j)+ S(V̌ n
i , Ť

n
k, j))/2. We choose the most

similar T n
k, j to be the candidate description. If R(In

i ,T
n

k, j) satisfies the following conditions,
T n

k, j will replace the original description T n
i, j:
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(b) Clean Sample Selection Module (CSSM)
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(c) Noisy Sample Rematching Module (NSRM)
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Text Embedding

Image Embedding

coarse  fine

finecoarse

[SOS] The guy is wearing 
a  white  shirt  that  has 
black  letter  on it and a 
pair of black pants. He is 
also  wearing  blue 
sneakers. [EOS]

(a) Cross-Model Feature Extractor

effective

effective

NSRMCSSM WKCL

Figure 3: (a) The Cross-Modal Feature Extractor can extract both coarse-grained and fine-
grained features from images and descriptions. (b) The CSSM builds a clean reference set
in the first stage, and then in the second stage, it distinguishes clean samples from noisy
samples by comparing loss values. (c) The NSRM makes full use of the characteristics of the
dataset in TBPR by replacing the descriptions of noisy samples with other more appropriate
descriptions of the same individual, thereby reconstructing clean samples.

• The similarity R(In
i ,T

n
k, j) between In

i and candidate description T n
k, j is larger than the

similarity R(In
i ,T

n
i, j) between In

i and T n
i, j.

• We calculate the similarity between the image of every noisy sample in the dataset and
their candidate descriptions. R(In

i ,T
n

k, j) can be the top η%.

η% is a hyperparameter which will be further analyzed later. These two principles ensure
the replacement can effectively convert some noisy samples into new clean samples. At
least, the candidate description is more appropriate than the original description. Finally, the
model is trained on the clean samples classified by the CSSM and the new clean samples
rematched by the NSRM.

3.4 Weighted topK Contrastive Loss (WKCL)
Triplet loss relies solely on the hardest negatives, disregarding other negative samples, which
makes it less effective under noisy description circumstances. Meanwhile, E-loss lacks suffi-
cient emphasis on harder negatives, resulting in suboptimal training efficiency. To overcome
these limitations, we propose WKCL. For the sample (Ii,Ti, j), the WKCL is composed of the
coarse-grained loss (CL) L̂wkcl(Ii,Ti, j) and the fine-grained loss (FL) Ľwkcl(Ii,Ti, j), which are
calculated based on the coarse-grained features and fine-grained features, respectively. To
comprehensively evaluate the similarity, both CL and FL include two parts, which are from
the perspective of image to description and description to image. Altogether, the WKCL is
defined as:

Lwkcl(Ii,Ti, j) =L̂wkcl(Ii,Ti, j)i2t + L̂wkcl(Ii,Ti, j)t2i

+Ľwkcl(Ii,Ti, j)i2t + Ľwkcl(Ii,Ti, j)t2i
(4)
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Since CL = L̂wkcl(Ii,Ti, j)i2t + L̂wkcl(Ii,Ti, j)t2i and FL = Ľwkcl(Ii,Ti, j)i2t + Ľwkcl(Ii,Ti, j)t2i are
similar in Eq. (4), we only provide the definition of the CL as follows:

L̂wkcl(Ii,Ti, j)i2t = max
(
α − P̂(Ii)+ N̂(Ii),0

)
(5)

L̂wkcl(Ii,Ti, j)t2i = max
(
α − P̂(Ti, j)+ N̂(Ti, j),0

)
, (6)

where α denotes the positive margin coefficient, P̂(Ii) = P̂(Ti, j) = S(V̂i, T̂i, j) denotes the
cosine similarity with the corresponding positive description and image. N̂(Ii) and N̂(Ti, j)
denote the weighted similarity between the topK negative descriptions and images.

Specifically, for N(Ii), we first calculate the cosine similarity between Ii and every other
text description of negative sample in the minibatch. Then we select the coarse-grained
features of the descriptions with top K% largest similarities, i.e., the descriptions of top K%
hardest negatives to get the negative sequences G(Ii). N(Ti, j) is calculated in the same way
and get G(Ti, j). Specifically,

N̂(Ii) = ∑
k ̸=i, j

e
S(V̂i ,T̂k, j)

τ

∑
k ̸=i, j

e
S(V̂i ,T̂k, j)

τ

S(V̂i, T̂k, j), N̂(Ti, j) = ∑
k ̸=i

e
S(V̂k ,T̂i, j)

τ

∑
k ̸=i

e
S(V̂k ,T̂i, j)

τ

S(V̂k, T̂i, j) (7)

where T̂k, j ∈ G(Ii) and V̂k ∈ G(Ti, j), τ is the temperature coefficient that controls the hard-
ness. The softmax operation in Eq. (7) assigns greater weights to the harder negatives. To
better explain why WKCL can make model training more effective under the noisy descrip-
tion circumstances, we conduct the gradient analysis in the Appendix.

Table 1: Performance comparisons with the state-of-the-art methods.
Method CUHK-PEDES ICFG-PEDES RSTPReid

Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP

CFine (TIP’23) [28] 69.57 85.93 91.15 - 60.83 76.55 82.42 - 50.55 72.50 81.60 -
IRRA (CVPR’23) [9] 73.38 89.93 93.71 66.13 63.46 80.25 85.82 38.06 60.20 81.30 88.20 47.17
VGSG (TIP’23) [7] 71.38 86.75 91.86 67.91 63.05 78.43 84.36 - - - - -
CFFKT (SPL’24) [32] 73.91 - 93.91 66.56 64.22 - 85.54 39.28 60.95 - 88.55 47.67
FSRL (ICMR’24) [24] 74.65 89.77 94.03 67.49 64.01 80.42 85.86 39.64 60.20 81.40 88.60 47.38
LSPM (TMM’24) [12] 74.38 89.51 93.42 67.74 64.40 79.96 85.41 42.60 - - - -
IRLT (AAAI’24) [18] 74.46 90.19 94.01 - 64.72 81.35 86.31 - 61.49 82.26 89.23 -
CFAM (CVPR’24) [36] 73.67 89.71 93.57 65.94 63.57 80.57 86.32 38.34 60.51 82.85 89.71 47.64
TBPS-CLIP (AAAI’24) [2] 73.54 88.19 92.35 65.38 65.05 80.34 85.47 39.83 61.95 83.55 88.75 48.26
MACF (IJCV’24) [23] 73.33 88.57 93.02 - 62.95 79.93 85.04 - - - - -
DM-Adapter (AAAI’25) [17] 72.17 88.77 92.85 64.33 62.64 79.53 85.32 36.50 60.00 82.10 87.90 47.37
CSNR (Ours) 74.71 90.12 94.16 66.52 66.74 81.81 86.88 40.06 65.00 84.75 90.60 50.51

4 Experiments

4.1 Experiments Setting
We evaluate our method on the CUHK-PEDES [16], ICFG-PEDES [4], and RSTPReid [35]
datasets. In terms of dataset partition as well as data augmentation, our approach follows the
previous work [9]. To ensure a fair comparison, the method is benchmarked against other
approaches that also employ CLIP as the pre-trained model. For evaluation, we adopt Rank-
1, Rank-5, Rank-10, and mean Average Precision (mAP) to comprehensively assess retrieval
performance. The parameters mentioned earlier are set as follows: M =0.40, µ = 0.25, η =
0.30, α = 0.15, K = 0.50, τ = 0.02.
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Table 2: Ablation study results on the
ICFG-PEDES dataset.

No. CF FF CSSM NSRM Loss R1 R5 R10 mAP

1 ✓ × × × WKCL 63.25 79.34 84.53 36.26
2 ✓ ✓ × × WKCL 65.77 81.06 85.99 38.82
3 ✓ ✓ × × Triplet loss 65.62 81.13 85.56 38.24
4 ✓ ✓ × × E-LOSS 65.39 81.14 85.82 38.59
5 ✓ ✓ ✓ × WKCL 66.61 81.53 86.57 39.48
6 ✓ ✓ ✓ ✓ WKCL 66.74 81.81 86.88 40.06

Table 3: Analysis of average image-text
similarity across different sample types.

Dataset Clean Sample Noisy Sample New Clean Sample

CUHK-PEDES 0.5181 0.3958 0.5666
ICFG-PEDES 0.5782 0.4253 0.5971
RSTPReid 0.4922 0.3123 0.5306

The woman is 
facing away and 

walking in flip flop 
sandals. She is 

wearing dark knee-
length shorts with a 
light-colored short -

sleeved top and 
shoulder-length 

dark hair.

A man with
black hair is 
wearing a

dark coloured 
shirt, black 
pants and

black shoes.

 A woman in a 
blue shirt, a 
pair of blue 
shorts and a 
pair of Gray 

shoes.

 A woman 
with black hair, 
wearing a blue 
blouse, black 

pants and 
black shoes, 

with her hands 
in her pockets, 
was walking, 

leading a 
black bag.

The long 
haired woman 
is walking and 
maybe she is 

carrying a 
handbag. She 
is wearing a 

black coat and 
a black shirt 

under her coat.

She is 
wearing 
dark shoes  
and black   
black pants 
with a Gray 
shirt. Her   
hair is in a 
ponytail.

original description rematched description

Figure 4: Visualization results before and after the NSRM. The rematched descriptions are
more appropriate to the original descriptions.

4.2 Comparison with State-of-the-art Methods

We present the performance of our proposed method alongside other state-of-the-art models
in Table 1. CFine [28] leverages the full potential of CLIP’s knowledge, while IRRA [9]
utilizes fine-grained interaction to enhance global alignment. TBPS-CLIP [2] conducts em-
pirical studies, such as data augmentation, to improve the model’s performance. The best
result is highlighted in bold.

Notably, our method achieves superior performance compared to existing approaches
published in the last two years. On the RSTPReid dataset, our model surpasses the second-
best method by significant margins of +3.05% Rank-1, +1.20% Rank-5, +0.89% Rank-10,
and +2.25% mAP, respectively. This is because RSTPReid contains a greater number of
noisy samples compared to other datasets, which poses a greater challenge and thus allows
our method to demonstrate a more significant improvement. These consistent improvements
validate the effectiveness of addressing the noisy descriptions problem in TBPR.

4.3 Ablation Study

As reported in Table 2, an ablation study is performed on the ICFG-PEDES dataset. We can
draw the following observations: (1) It is evident from the comparison of No. 1 and No. 2
that using both CF and FF results in better performance. (2) By comparing No. 2 and No. 5,
we can see that CSSM improves the model’s performance. Specifically, CSSM mitigates the
negative impact of the noisy samples. (3) Analyzing the results from No. 5 and No. 6, it is
apparent that NSRM improves the model’s performance by effectively converting some noisy
samples into clean ones, as illustrated in Figure 4. (4) By comparing No. 2, No. 3, and No. 4,
we observe that WKCL outperforms Triplet loss and E-Loss. The reason is that WKCL not
only leverages more information on negative samples but also prioritizes the harder negatives
to ensure the efficiency of model training under noisy description circumstances.
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Figure 5: Parameter analysis on ICFG-PEDES dataset.

4.4 Parametric Analysis

There are some important hyperparameters in the proposed method, i.e., the M in feature
extractor, the µ in CSSM, the η in NSRM, and the K in WKCL. We can draw the following
conclusions from Figure 5: (1) When M is too small, the feature extractor will lose too many
fine-grained tokens. Otherwise, redundant fine-grained tokens impair the feature quality. (2)
When µ is set too low, many clean samples may be incorrectly classified as noisy samples.
Conversely, a significant number of noisy samples might be mistakenly identified as clean
samples. (3) Small η values weaken the NSRM’s impact. When η is too large, the image-text
similarity of the newly generated samples may even become worse than that of the original
samples, failing to meet the first transformation condition of NSRM mentioned earlier. So
the NSRM stops generating new samples. That is why, when η exceeds 0.4, the decline
becomes less significant, as shown in (e) and (f). (4) On the one hand, if K is too small,
WKCL fails to utilize sufficient negative sample information. On the other hand, if K is too
large, it introduces too many non-hard negative samples into training, which can degrade
model performance.

4.5 Further Analysis

To further validate the effectiveness of CSSM and NSRM, we measured the average co-
sine similarity between images and texts for: (1) clean samples identified by CSSM, (2)
noisy samples filtered by CSSM, and (3) newly generated samples from NSRM across three
datasets. The evaluation was conducted using data from the best-performing epoch. As
shown in Table 3, the clean samples selected by the CSSM demonstrate significantly higher
image-text cosine similarity compared to the noisy samples. Moreover, the NSRM-generated
clean samples achieve even higher similarity scores than those of CSSM-identified clean
samples. Given the notably poor quality of the RSTPReid dataset, it can be observed that
the image-text similarity of clean samples is consistently and significantly higher than that
of noisy samples. These noisy samples, which tend to severely degrade model performance,
highlight the robustness of our approach. This further explains why our method achieves
such remarkable improvement on the RSTPReid benchmark. These results provide addi-
tional evidence supporting the efficacy of both CSSM and NSRM.
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5 Conclusion
In the field of TBPR, the presence of noisy samples can significantly degrade model per-
formance, but this issue is often overlooked. To address this problem, we propose a robust
framework called CSNR. The CSSM filters out noisy samples to ensure the quality of the
training data. The NSRM converts some noisy samples into clean samples, thereby increas-
ing the set of clean samples. The WKCL leverages more negative information and pays more
weight to harder negatives, making model training more efficient, under circumstances with
noisy descriptions. Experimental results confirm the effectiveness of our method.
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