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Abstract

Retrieving pedestrian images using natural language descriptions remains challenging due
to the prevalence of imperfect annotations in real-world training data. Most existing meth-
ods rely on the strong assumption of perfectly aligned image—text pairs, largely ignoring
the detrimental impact of annotation noise, which typically manifests as coarse-grained
descriptions and erroneous correspondences. These imperfections severely degrade model
performance and generalization. To address these issues, we propose a novel framework
centered on two key innovations. First, we develop a probabilistic noise identification
mechanism that employs a dual-channel Gaussian mixture model (GMM) to assess align-
ment consistency at both global and local feature levels. Second, for samples identified as
noisy, we implement a description synthesis pipeline that leverages a multimodal large
language model (MLLM) to generate refined descriptions. A dynamic semantic consistency
module then filters these synthesized texts to ensure quality. Comprehensive evaluations
on three benchmark datasets—CUHK-PEDES, ICFG-PEDES, and RSTPReid—demonstrate
the superior performance of our method: ICFG-PEDES Rank-1 = 68.13%, Rank-5 = 83.39%,
Rank-10 = 89.02%; RSTPReid Rank-1 = 66.31%, Rank-5 = 86.87%, Rank-10 = 92.01%; CUHK-
PEDES Rank-1 = 75.98%, Rank-5 = 90.34%, Rank-10 = 94.32%. These results show consistent
top-k improvements over prior methods and validate the effectiveness of the proposed
noise-aware pseudo-text augmentation.

Keywords: text-based person retrieval; cross-modal alignment; annotation noise; Gaussian
mixture models; large language models; fine-grained matching

1. Introduction

The rapid advancement of urban intelligent security systems and the widespread
deployment of multimodal sensing networks have significantly increased the demand for
reliable person re-identification (RelD) technologies [1-3]. These technologies are vital
for practical applications such as video surveillance analysis, intelligent transportation
management, and criminal investigation. However, traditional image-based ReID methods
face limitations when query images of target individuals are unavailable. In many real-
world scenarios, such as searching for missing persons, eyewitnesses can often only provide
verbal descriptions rather than visual references [4,5].

This practical constraint has driven the emergence of text-based person search (TBPS)
as an alternative paradigm that overcomes the limitations of conventional RelD. Essentially,
TBPS is a cross-modal retrieval task that matches pedestrian images from a database based
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on natural language descriptions. The core challenge lies in establishing precise semantic
alignment between visual and textual content within a shared embedding space. Recent
progress in vision-language pre-training (VLP) methodologies has substantially enhanced
cross-modal understanding capabilities [6]. Building on these advancements, researchers
have begun exploring the application of VLP pre-trained models to address the specific
requirements of TBPS tasks [7,8].

Despite these improvements, a critical issue persists: the inherent imperfection of
training data annotations. As shown in Figure 1, real-world datasets commonly exhibit
two predominant types of annotation deficiencies. The left example shows coarse-grained
textual descriptions that lack sufficient detail to capture discriminative pedestrian at-
tributes. The right example illustrates noisy correspondences, where image—text pairs are
mismatched due to annotation errors. When treated as positive training samples, these
imperfect pairs introduce erroneous supervisory signals that misguide the learning process,
ultimately degrading performance, promoting overfitting, and diminishing generalization
ability [9,10].

e . ) The woman is wearing a
This is a man who is wearing

_ black jacket and a blue
a pair of black glasses, a

pants. She has long and
black hair. She is holding a

black bag.

black jacket and a pair of
black pants.”

Figure 1. Illustration of annotation noise, including coarse text granularity and noisy correspondence.
Both examples are from the RSTPReid dataset.

Recent studies have attempted to mitigate these data quality issues. Some approaches
employ multimodal large language models (MLLMs) to generate supplemental textual
descriptions [11-13]. However, these methods often overlook the crucial step of quality
verification for the generated content, potentially exacerbating noise if low-quality synthetic
texts are incorporated. Concurrently, while CLIP-based architectures [14] have demon-
strated exceptional performance in global semantic alignment, they still struggle to capture
fine-grained semantic relationships and facilitate local feature interactions—capabilities
essential for high-precision cross-modal retrieval in person search.

To comprehensively address these challenges, we propose a robust framework that
systematically tackles annotation noise while enhancing fine-grained semantic alignment.
Our methodology begins with a dual-feature analysis using CLIP to extract both global and
local representations from images and text. We then employ a dual-channel Gaussian mix-
ture model (GMM) to dynamically identify potentially noisy image—text pairs by modeling
loss distributions at different feature levels. For samples identified as noisy, we deploy
Qwen-VL [15] as our MLLM to generate refined descriptions. These are then subjected
to a semantic consistency matching mechanism to ensure quality before integration into
training. To further strengthen cross-modal alignment, we incorporate the Implicit Relation
Reasoning (IRR) module [8], which enhances fine-grained semantic interactions through a
hybrid attention mechanism combined with masked language modeling.

The remainder of this paper is organized as follows. Section 2 discusses related
work. Section 3 introduces our proposed method, including dual-channel GMM noise
identification, MLLM-based pseudo-text synthesis, the semantic consistency filter, and the
IRR module. Section 4 describes datasets, evaluation metrics, and experimental settings
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and presents comparison and ablation studies. Finally, Section 5 concludes with discussions
and future work. The principal contributions of this work are summarized as follows:

e  We directly address the pervasive yet underexplored problem of annotation noise in
TBPS, explicitly targeting both coarse-grained descriptions and mismatched image—
text pairs.

e  Weintroduce an integrated approach combining GMM-based noise identification with
MLLM-driven text augmentation and filtering, enabling effective noise suppression
while enhancing training supervision quality.

o  We demonstrate the efficacy of our method through extensive experiments on three
public benchmarks, with ablation studies empirically validating each component’s
contribution to overall performance.

2. Related Work
2.1. Text-Based Person Search

The primary challenge in TBPS is effectively aligning image and text features
into a joint embedding space for accurate and efficient person re-identification. Early
studies [16-19] often utilized unimodal pre-trained models and attention mechanisms,
employing ResNet-50 [20] or ViT [21] as image encoders and LSTM [22] or BERT [23]
as text encoders. However, using unimodal backbone networks to extract embeddings
often overexploits intra-modal information, making cross-modal alignment and network
optimization more difficult.

Recently, VLP [10,24,25] has become the primary solution for various cross-modal
tasks. Han et al. [26] first introduced the CLIP model for text-to-image person retrieval,
using a momentum contrastive learning framework to transfer knowledge from large-scale
generic image—text pairs. CFine [27] employed CLIP’s image encoder to enrich cross-modal
correspondence and used BERT to replace the text encoder, avoiding distortion of intra-
modal information. TP-TPS [7] explored the potential of CLIP’s text component in TBPS by
aligning images with multiple complete descriptions and attribute prompts. RaSa [28] de-
veloped two new loss functions under the ALBEF [9] backbone for cross-modal alignment.

Although VLP has revolutionized cross-modal retrieval, learning local relations re-
mains key to mining hidden fine-grained information from image patches. For instance,
IRRA [8] introduced an implicit relation learning network that uses image features to pre-
dict caption words, aligning fine-grained cross-modal information. Despite their promising
performance, these methods almost universally assume that all input training pairs are
correctly aligned—an assumption difficult to satisfy in practice due to ubiquitous noise.

2.2. Learning with Noisy Data

The issue of noisy data in cross-modal scenarios has garnered increasing attention.
The core challenge is learning robust representations from mismatched multimodal pairs,
which can be broadly categorized into two types of solutions:

Sample Selection [29-31]: These methods leverage the memory effect of deep neural
networks [32] to gradually distinguish noisy data, focusing more on clean samples and
reducing attention to noisy ones. However, if the proportion of noisy samples is high,
the model may struggle to learn effectively, potentially overfitting to clean data. Sample
selection strategies can also introduce bias, affecting generalization.

Robust Loss Functions [32-36]: These methods aim to develop noise-tolerant loss
functions, improving model robustness under noisy correspondence. However, complex
loss functions often incur significant computational overhead, impacting training efficiency.

Recently, RDE [37] simultaneously employed sample selection and robust loss
functions to identify and handle noise, achieving promising results. However, for
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identified noisy pairs, the model discards them during parameter updates, using

only clean data for training. This approach wastes data resources and limits further

performance improvements.

3. Method

As illustrated in Figure 2, we propose a robust framework based on a CLIP backbone,

integrating two GMMs for noisy pair identification and an MLLM for pseudo-text genera-

tion and filtering. We also introduce an IRR module to enhance fine-grained cross-modal

alignment. The system employs a progressive update mechanism during training: first

identifying noise, then replacing noisy text with pseudo-text, and continuously optimizing

the alignment representation.

Source text

Random Mask

i Generated text

[SOS] This is a man who
is wearing a pair of
black glasses, a black
Jjacket and a pair of
black pants.[ESO]

[SOS] A man with short [MASK] hair,
wearing glasses and a deep gray
wool [MASK] with a back vent, his
hands [MASK] the pockets, paired
with slim black trousers. He is
walking.[ESO]

[SOS] A man with short black hair,
wearing glasses and a deep gray wool
coat with a back vent, his hands in the

pockets, paired with slim black trousers.
Heis walking.[ESO]
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Figure 2. Framework of our method. (a) The overall architecture, which integrates image—text

matching, noise identification, and MLLM-generated pseudo-text filtering to enhance cross-modal

alignment. (b) The dual-channel Gaussian Mixture Model for distinguishing clean and noisy image—

text pairs.
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3.1. Feature Representations

We utilize the pre-trained CLIP’s visual and text encoders to obtain token representa-
tions and implement cross-modal interactions through two token fusion modules.

Image Encoder: We use CLIP’s pre-trained ViT model to extract image features. Given
an input image I € RHXWxC wwhere H, W, and C denote the height, width, and number of
channels of the image, respectively, we divide the image into N non-overlapping image
blocks of 16 x 16 pixels {I;|i =1,2,...,N}, N = H x W/P?. The N image blocks are
then projected through a linear projection layer to obtain N D-dimensional image block
vectors, and a learnable [CLS] embedding vector is inserted in front of the input sequence
of image block vectors. To capture the relative positional relationships between image
patches, positional embeddings are added to the input sequence, represented as:

fl = [las F(I1); F(L2); ... F(Ip)] + P @

where f denotes the embedding vector of the image input sequence and denotes the linear
projection layer that maps the parcel image to a D-dimensional vector. Then the embedding
vector of image features input to the ViT network can be expressed as: {f3, f{, f3, ..., f -
After passing through the L-layer transformer blocks, the embedding vector will be mapped
to the joint image-text embedding space using linear projection, where f{_ is used as the
global feature representation of the image.

Text Encoder: For the input text T, we directly use the CLIP text encoder to extract
the textual representation, and following IRRA, we first tokenize the input text T using
lower-cased byte pair encoding (BPE) with a 49,152 vocab size into a token sequence.
The [SOS] and [EOS] embedding vectors are inserted at the beginning and the end of the
text description to identify the beginning and the end of the text description sentence,
respectively. The maximum length of the text description sequence is set to 77 in order to
ensure the computational efficiency. In order to learn the relative positional relationship of
the words in the sentence, the positional embedding P € R77*P is also added to the input
sequence of word vectors. After the projection transformation, the input sequence can be
represented as:

f1 = [E(Tuas); E(T ) E(Ta); . E(Teos)] + P @

where f denotes the embedding vector of the text input sequence and E denotes the
projection layer that maps the word vector to the D-dimensional vector. The final text-
specific embedding vector input to the transformer can be expressed as:

{fstoyf{/fztl""fgos} (3)

Similarly, the projection of the output text feature embedding vectors into the joint
image-text embedding space at the last layer of transformer and the vector f!,, represented
by [EOS] is regarded as the global text feature representation. For computing the similarity
between any image—text pair (I, T), we use the cosine similarity between their global
features [CLS] and [SOS], which yields the global feature embedding (GFE) similarity:

_ fafeos
RN @

Token Fusion: To enhance interaction granularity, we introduce local features for finer
cross-modal alignment. Since global features ([CLS] and [EOS]) are weighted aggregates
of local features, the attention weights indicate the relevance between global and local
features. We select the most informative local features based on the attention weights
extracted from the last transformer block. By selecting a proportion of the corresponding
local token features based on correlation weights, we perform feature transformation
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to obtain more expressive representations. The feature transformation utilizes the same
embedding module as in the residual block [38], as follows:

fiy, = MaxPool (MLP(fg) + FC(f¢))

5
Fiyo = MaxPool (MLP(f2) + FC(£2) ©

where f& = {ff,f3...f/'} denotes the top-k most informative local features selected,
f2 = L2Norm(f2), ft = L2Norm(fL) are the image and text features after L2-normalization.
Finally, we calculate the cosine similarity S; 7, between f;} ,and f/ fer and the global feature
similarity embedding S, in order to evaluate the cross-modal matching degree during

both training and inference.

3.2. Noise Identification

In early training stages, clean data typically exhibits smaller loss values than noisy
data, as deep neural networks learn from clean samples faster [39]. We employ two GMMs
to fit the triplet alignment loss (TAL), calculated from GFE and token fusion embedding
(TFE) similarities for each batch. The image-text similarity is modeled as a mixture of clean
and noisy distributions.

For the i}, sample pair we define its TAL as [; (/; is defined in Equation (10)). The per-
sample loss is input into the GMM, which is optimized using the expectation-maximization
(EM) algorithm, then we compute the posterior probability, i.e.,

p(k|l;) = p(k)p(lilk) /p(1;) (6)

where the posterior probability p(k|¢;), k € {0,1} denotes the probability that the iy,
sample is classified as a clean or noisy sample pair. By setting a threshold J, we can classify
the dataset containing M image—text pairs into clean dataset $¢ and noisy dataset $", i.e.,

A M A M
§=Upk=0l:)>5,8"= Uplk=1]t;) <6 )
1= 1=

We set the noisy dataset obtained from the two Gaussian mixture models (GMMs) as
ég fer §:’f ., respectively, and the final segmentation yields a noisy dataset of S" and a clean
dataset of S¢, i.e.,

Sn - g;fe N g?f@ y SC - SAészE n SAffe (8)

For the rest of the data, i.e., S’ = S — (5°U S"), we randomly classify it as either a
noisy set or a clean set.

3.3. Pseudo-Text Augmentation

Multimodal large language models (MLLMs) [12] have shown significant progress in
tasks like image captioning. Models like BLIP-2 [40], MiniGPT-4 [13], and Qwen-VL can
generate semantically rich and detailed descriptions. We choose the open-source Qwen-VL
model for its strong performance across various vision-language tasks, computational
efficiency, and suitability for iterative training.

To avoid monotonous sentence structures and semantic redundancy from static
prompts, we adopt a diversified text generation strategy inspired by Tan et al. [11]. We
provide real description corpora from the CUHK-PEDES, ICFG-PEDES, and RSTPReid
datasets to GPT-3.5 [41] to extract descriptive templates. After several dialogue rounds,
ChatGPT generated 35 templates. For each pseudo-text generation, we randomly select
one template and insert it into a static prompt to form a dynamic instruction:

“Generate a description about the overall appearance of the person, including clothing,
shoes, hairstyle, gender, and belongings, in a style similar to the template: ‘{template}’. If
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some requirements in the template are not visible, you can ignore them. Do not imagine
any contents that are not in the image.”

We use Qwen-VL-Chat-7B [15] for its strong multimodal understanding, efficient local
deployment, and stable large-scale batch generation, which avoids cloud API dependencies,
reduces costs, and mitigates privacy concerns. Figure 3 shows an example of generated
pseudo-text.

A man wears a brown coat, a pair of A man in a black coat was walking on

bule jeans and a pair of new balance the road. He was wearing light

trainers. trousers and black shoes.

Amen el onpatenentina tons A man walks indoors against a light

Slebb b gz b e wall in a dark thick jacket, Off-white

e, bl Sl el 2 trousers, hands in pockets, wearing

small stick.

dark shoes.

Figure 3. Pseudo-text generation example. The original dataset text (gray background) is replaced by
the MLLM-generated pseudo-text (green background).

Despite MLLMs' strong capabilities, generated text in low-quality image scenarios (e.g.,

7

severe occlusion, blur) may be inaccurate. To prevent “pseudo-text misrepresentations,”
y

we propose a semantic consistency-based filtering mechanism. Let Timisy be the original

pesudo pesudo
T T

1
compute the semantic matching scores using the current model:

nois oisy seudo pseudo
S; Y —cos(fil,sz ),Sf —COS(fiI,le ) )

noisy text corresponding to an image and be the generated pseudo-text. We

If steuda > S?Oisy , the pseudo-text is considered higher quality and replaces the noisy
text. Otherwise, the pair is discarded in the current training round to prevent low-quality
descriptions from harming learning.

3.4. Loss Function

Common loss functions in TBPS include CLIP loss (InfoNCE) [42], triplet ranking loss
(TRL) [43], and similarity distribution matching (SDM) loss [8]. However, these can be chal-
lenging due to difficulties in selecting the hardest negative samples and similarity margins,
especially under annotation noise, potentially leading to local optima or model collapse.

In contrast, the triplet alignment loss (TAL) proposed by RDE [37] applies an upper
bound constraint on all negative samples, mitigating overoptimization on the hardest
negatives and enabling more stable training:

A K 1.
L1, ) = m = 3" £ + Tlog(Y el /7)) (10)
J#i
where m denotes the margin value of the difference between positive and negative samples,
fi and f! represent a batch of images and texts, and f!, f/, and f{ are the hardest negative,
negative, and positive samples of the anchor sample fi samples in the batch.

While TAL stabilizes image—text pair matching at the global level, it does not explicitly
guide fine-grained semantic alignment. TBPS queries often involve specific details (e.g.,
“red coat,” “black backpack”), which require implicit structural correspondences with
image regions. Solely relying on global vector supervision may overlook such mappings.
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To enhance fine-grained alignment, we incorporate the Implicit Relation Reasoning
(IRR) module from IRRA [8]. This module randomly masks key words in the input text
(e.g., colors, attire, actions, etc.) and uses a cross-attention mechanism between image
regions and text context to guide the learning of implicit semantic correspondences. The
total loss is:

Liotar = L1aL + LIRR (11)

4. Experiments
4.1. Datasets

We evaluate our method on three public benchmarks using standard TBPS metrics.

ICFG-PEDES [38]: Includes 54,522 images of 4102 individuals, each with one text descrip-
tion. The training set has 34,674 pairs from 3102 individuals; the test set has 19,848 pairs from
1000 individuals. It features challenging backgrounds and lighting variations.

RSTPReid [44]: Consists of 20,505 images from 4101 pedestrians captured by
15 cameras. Each pedestrian has 5 images, each annotated with two texts. It contains com-
plex indoor/outdoor scene transitions and varying backgrounds. The split is 3701 training,
200 validation, and 200 test individuals.

CUHK-PEDES [45]: Contains 40,206 images and 80,412 text descriptions for 13,003 iden-
tities. Each image has two manually annotated descriptions with rich appearance details.
The training set includes 11,003 identities, 34,054 images, and 68,108 texts. A comprehensive
summary of the key statistics for all three datasets is provided in Table 1.

Table 1. Dataset statistics.

Dataset Identities Images Texts Train Split Val Split Test Split
CUHK-PEDES 13,003 40,206 80,412 11,003 IDs, 34,054 images, 68,108 texts - z?r(r)ggzss/
ICFG-PEDES 4102 54,522 54,522 3102 IDs, 34,674 pairs 50.93 1000 ID?’
19,848 pairs
RSTPReid 4101 20,505 41,010 3701 IDs 200 IDs 200 IDs

4.2. Evaluation Protocols

We evaluate retrieval performance using the Rank-k accuracy (k = 1, 5, 10), where
Rank-k denotes the percentage of text queries for which the correct image appears within
the top-k retrieved results. In addition, we report the mean average precision (mAP) to
assess the overall ranking quality and the mean inverse negative penalty (mINP), which
reflects the model’s ability to retrieve the most challenging samples. The computation of
mAP follows the standard definition as the average of the AP values over all queries, while
the formulation of mINP is adopted from reference [46]. Higher Rank-k, mAP, and mINP
scores indicate better performance.

4.3. Experimental Details

All experiments use a CLIP-based visual-text backbone (CLIP-ViT-B/16). For text pre-
processing we use the CLIP tokenizer with a fixed sequence length of 77 tokens, consistent
with CLIP’s pre-training. Short texts are right-padded with the tokenizer’s pad token;
texts longer than 77 tokens are truncated on the right (keeping the initial tokens). Token
embedding and text encoder follow the CLIP pre-trained weights; only newly introduced
modules (TFE, IRR, and MLLM adapter layers) are initialized randomly. Optimization
is performed using Adam (1 = 0.9, B, = 0.999) with weight decay =1 x 1074 Learning
rates are set to 1 x 107> for CLIP parameters and 1 x 1073 for newly initialized modules.
The primary batch size used in main experiments is 64 (we report batch-size sensitivity
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separately). Models are trained for 60 epochs; noise identification is triggered at epoch 40
and pseudo-text replacement is performed at epoch 41. The GMMs used for dual-channel
noise identification are two-component Gaussians (clean vs. noisy) fitted by expectation—
maximization on TAL distributions. For pseudo-text generation we used a locally deployed
MLLM (Qwen-VL-Chat-7B) with deterministic decoding (beam size = 1) and language set
to English.

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

We compare our method with state-of-the-art approaches on three benchmarks. Based
on preliminary experiments, we trigger noise identification at epoch 40 and pseudo-text
generation at epoch 41. The generated pairs then replace noisy pairs for subsequent training.
Results are shown in Tables 2—4. We compare our approach against several recent state-of-
the-art methods for text-based person retrieval, including IRRA, RDE, RaSa, and TBPS-CLIP
(see Tables 1-3). To guarantee a fair comparison, we align key experimental settings: all
methods use a CLIP-ViT-B/16 backbone where applicable, are trained for 60 epochs, and
adopt comparable input resolution and basic augmentation strategies. As reported in
Tables 1-3, our method achieves Rank-1 = 68.13% on ICFG-PEDES, Rank-1 = 66.31% on
RSTPReid, and Rank-1 = 75.98% on CUHK-PEDES, outperforming or matching the best
reported baselines on these benchmarks. The superior top-k performance of our method is
principally attributed to the dual-channel GMM noise identification and subsequent MLLM-
based pseudo-text refinement combined with semantic consistency filtering, which together
reduce the adverse impact of noisy annotations and strengthen discriminative supervision.

Table 2. Performance comparisons on ICFG-PEDES dataset.

ICFG-PEDES
Methods
R-1 R-5 R-10 mAP mINP
DSSL [44] 39.05 62.60 73.95 - -
SSAN [38] 43.50 67.80 77.15 - -
IVT [19] 46.70 70.00 78.80 - -
ISANet [47] 57.73 75.42 81.72
LGUR [48] 57.42 74.97 81.45 - -
BILMA [49] 63.83 80.15 85.74 38.26
IRRA [8] 63.46 80.25 85.82 38.06 7.93
TBPS-CLIP [50] 65.05 80.34 85.47 39.83 -
RaSa [28] 65.28 80.40 85.12 41.29 9.97
RDE [37] 67.54 82.31 87.12 40.11 8.05
Ours 68.13 83.39 89.02 41.25 9.08

Bold numbers indicate the best performance.

Table 3. Performance comparisons on RSTPReid dataset.

RSTPReid
Methods
R-1 R-5 R-10 mAP mINP

VIiTAA [51] 50.98 68.79 75.78 - -
SSAN [38] 54.23 72.63 79.53 - -

IVT [19] 56.04 73.60 80.22 - -
ACSA [52] 48.40 71.85 81.45 - -
LGUR [48] 57.42 74.97 81.45 - -
BILMA [49] 61.20 81.50 88.80 48.51
TP-TPS [7] 50.65 72.45 81.20 43.11 -

IRRA [8] 60.20 81.30 88.20 47.17 25.82
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Table 3. Cont.
RSTPReid
Methods

R-1 R-5 R-10 mAP mINP

TBPS-CLIP [50] 61.95 83.55 88.75 48.26 -
RaSa [28] 65.90 86.50 91.35 52.31 29.23
RDE [37] 65.42 84.92 90.01 50.93 29.02
Ours 66.31 86.87 92.01 52.41 29.01

Table 4. Performance comparisons on CUHK-PEDES dataset.
CUHK-PEDES
Methods

R-1 R-5 R-10 mAP mINP

DSSL [44] 59.89 80.41 87.56 - -

SSAN [38] 61.37 80.15 86.73 - -

IVT [19] 65.59 83.11 89.21 - -

ACSA [52] 63.56 81.40 87.70 - -

SAF [53] 64.13 82.62 88.40 58.61 -

TP-TPS [7] 70.16 86.10 90.98 66.32 -
IRRA [8] 73.38 89.93 93.71 66.13 50.24

UUMSA [54] 74.25 89.93 93.58 66.15 -

TBPS-CLIP [50] 73.54 88.19 92.35 65.38 -
RaSa [28] 76.51 90.29 94.25 67.49 51.11
RDE [37] 75.94 90.21 94.12 67.56 51.44
Ours 75.98 90.34 94.32 67.49 51.37

4.4.1. Comparison of ICFG-PEDES

As shown in Table 2, our method achieves the highest Rank-1 (68.13%), Rank-5
(83.39%), and Rank-10 (89.02%) accuracy on the ICFG-PEDES dataset. Although mAP
(41.25) and mINP (9.08) are slightly lower than those of the best competitor, the superior
top-k performance demonstrates its effectiveness in high-confidence retrieval, which is
crucial for practical pedestrian-image matching.

4.4.2. Comparison of RSTPReid

Table 4 shows that our method achieves the best performance on RSTPReid, with
Rank-1 (66.31%), Rank-5 (86.87%), and Rank-10 (92.01%) accuracy surpassing previous
state-of-the-art methods by +0.41%, +0.37%, and +0.78%, respectively. This indicates its
robustness on challenging datasets.

4.4.3. Comparison of CUHK-PEDES

Results in Table 4 show that our method achieves competitive performance on CUHK-
PEDES. While Rank-1 (75.98%) is slightly lower than the best, it achieves the highest
Rank-5 (90.34%) and Rank-10 (94.32%) accuracy, demonstrating strong top-k retrieval
capability. The slightly lower Rank-1 may be attributed to the relatively higher image-
text consistency in CUHK-PEDES (with accurate manual annotations), where the noise
identification module might occasionally misclassify some valid pairs as noisy, introducing
unnecessary pseudo-text generation.

4.5. Ablation Study

We conduct ablation studies on the three benchmarks to evaluate each component’s
contribution. We compare the baseline (CLIP + TAL), the baseline integrated with the IRR
module (+IRR), the baseline with MLLM pseudo-text augmentation and filtering (+MLLM),
and our full model.
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Results in Tables 5-7 show that introducing the IRR module consistently improves
performance across all datasets, with Rank-1 accuracy increasing by 1.64%, 1.87%, and
1.11% on ICFG-PEDES, RSTPReid, and CUHK-PEDES, respectively. This confirms the
importance of fine-grained semantic alignment via masked language modeling.

Table 5. Ablation study on the ICFG-PEDES.

ICFG-PEDES
Methods
R-1 R-5 R-10 mAP mINP
Baseline 66.12 81.76 88.01 40.12 7.94
+IRR 67.76 82.14 88.14 40.95 8.32
+MLLM 67.88 82.16 88.71 40.84 8.49
Our 68.13 83.39 89.02 41.25 9.08
Table 6. Ablation study on the RSTPReid.
RSTPReid
Methods
R-1 R-5 R-10 mAP mINP
Baseline 64.05 84.68 88.89 50.05 27.84
+IRR 65.92 85.19 88.56 51.43 28.61
+MLLM 65.97 85.34 88.62 50.92 28.46
Our 66.31 86.87 92.01 52.41 29.01
Table 7. Ablation study on the CUHK-PEDES.
CUHK-PEDES
Methods
R-1 R-5 R-10 mAP mINP
Baseline 73.56 88.19 92.08 65.67 50.26
+IRR 74.67 89.54 93.65 67.02 50.83
+MLLM 75.19 90.11 94.36 67.21 50.92
Our 75.98 90.34 94.32 67.49 51.37

Similarly, the pseudo-text enhancement strategy (i.e., replacing noisy descriptions with
pseudo-text generated by MLLM after semantic consistency filtering) further improves
retrieval performance, especially on datasets with higher noise levels like RSTPReid, where
annotation quality is less reliable. When both modules are combined, the proposed method
achieves the highest retrieval scores on most metrics, confirming that the two components
complement each other. Although the improvements in mAP and mINP are moderate, the
significant gains in Rank-1 and Rank-5 demonstrate the system’s stronger robustness and
higher retrieval confidence under noisy supervision. These results validate the effectiveness
of our approach in mitigating the negative effects of noisy annotations while improving
fine-grained cross-modal alignment.

We additionally examine how the batch size and loss-related hyperparameters affect
model behavior. On the RSTPReid dataset, we systematically varied the margin m and tem-
perature T on the RSTPReid dataset under identical conditions. The results (Supplementary
Figure S1) show that performance peaks at m = 0.1; both overly small (<0.05) and large
(>0.15) margins reduce retrieval accuracy. Similarly, the temperature parameter is critical
for stability: values below T = 0.01 cause instability, while T > 0.02 degrades discrimination.
Based on this, we selected m = 0.1 and T = 0.015 as optimal. These observations confirm
the robustness and generalizability of the proposed pseudo-text enhancement mechanism
across different noise levels.
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We denote the selection ratio (threshold) as o—the fraction of training samples flagged
as noisy by the dual-channel GMM procedure and subject to pseudo-text replacement. The
final 6 used in all main experiments is 0.30 (30%). This value was selected by grid search on
a held-out validation split using candidate values {0.10, 0.20, 0.30, 0.40, 0.50}. Selection was
based on two criteria: (1) noise identification precision (the fraction of flagged samples that
indeed had incorrect descriptions upon manual inspection), and (2) downstream retrieval
performance (validation Rank-1 and mAP). 6 = 0.30 offered the best trade-off between
identifying sufficient noisy samples and avoiding excessive replacement of borderline clean
samples. Supplementary Table S2 presents the sensitivity analysis; an illustrative example
is included below.

5. Conclusions

In this paper, we addressed the challenge of noisy annotations in TBPS by integrating
a noise-aware pseudo-text generation strategy with a fine-grained semantic reasoning mod-
ule. Our approach improves retrieval performance across multiple benchmarks. Empirical
results show that the proposed method consistently enhances top-k retrieval accuracy,
particularly in scenarios with mismatched or coarse textual descriptions. While gains in
overall mAP and mINP are modest in some cases, our method exhibits clear advantages
in high-confidence retrieval. Ablation studies confirm that both the IRR module and the
pseudo-text replacement mechanism contribute to the model’s robustness. Rather than
proposing a completely new paradigm, our work provides a practical enhancement to
existing CLIP-based TBPS pipelines by explicitly modeling and mitigating annotation noise.
Future research may build upon this framework to explore advanced noise modeling or
dynamic curriculum learning in multimodal retrieval.

Despite the strong top-k improvements achieved on three public benchmarks, the
proposed framework still presents several limitations. (1) When input images are of ex-
tremely poor quality, the pseudo-text generated by the MLLM may miss key discriminative
attributes, which can reduce the effectiveness of text replacement. (2) The discriminative
capability of the dual-channel GMM relies on the model’s ability to learn clean samples
during the early training stage; under scenarios with extremely high noise ratios, additional
mechanisms such as dynamic curriculum learning or more sophisticated noise modeling
may be required. (3) Pseudo-text generation introduces additional computational and
resource overhead. Although we deploy Qwen-VL-Chat-7B locally to mitigate latency and
privacy concerns, resource-constrained environments may still face practical limitations.
(4) Our experiments focus on English datasets and pedestrian description tasks; thus, the
generalization of the proposed method to multilingual settings or more complex long-text
scenarios remains to be validated. Future work will explore adaptive thresholding, joint
noise modeling, and more lightweight locally deployed MLLMs to alleviate these issues.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/electronics14234619/s1, Figure S1. Variation of performance
with different m and T on RSTPReid. Table S1. Effect of batch size on ICFG-PEDES dataset. Table S2.
Effect of 5 on ICFG-PEDES.
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