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Abstract

Text-to-image person re-identification (TIReID) aims to re-
trieve the most relevant pedestrian images from an image
gallery based on natural language descriptions. Recent stud-
ies have achieved significant performance improvements by
leveraging Masked Language Modeling (MLM) to align fine-
grained information through local matching. However, in the
text feature extraction, randomly masking text tokens may
disrupt the semantic relationships between these local tokens,
leading to feature misalignment; on the other hand, from
an image feature perspective, redundant patches in pedes-
trian images hinder the information interaction across modal-
ities. Moreover, the presence of noisy image-text pairs further
complicates the learning process, as the model may be mis-
led into recognizing incorrect patterns. To address these is-
sues, we propose a robust fine-grained local alignment frame-
work based on Key Phrase Dynamic Mask (KPDM). First,
we strengthen the semantic relationships between text tokens
by implementing a “adjective + noun” phrase-level mask-
ing strategy, and design a frequency-based masked language
loss (FMLM) to supervise fine-grained semantic-level local
alignment. Second, we integrate cross-layer importance es-
timation to highlight key pedestrian image representations
while removing redundant image features. Third, we pro-
pose a trusted consensus partitioning mechanism, utilizing
intra-identity image-text similarity distributions to identify
noisy pairs, enhancing the model robustness. Extensive ex-
periments show that our method achieves 67.95% Rank-1 and
51.88% mAP on the RSTPReid dataset, exceeding the pre-
vious state-of-the-art by 2.6% and 1%. Furthermore, KPDM
achieves Rank-1 accuracies of 75.97% on the CUHK-PEDES
dataset and 67.78% on the ICFG-PEDES dataset, outper-
forming earlier methods.

Introduction

In the evolving landscape of smart cities and public safety,
text-to-image person re-identification (TIReID) is a critical
research domain bridging computer vision and natural lan-
guage processing (Miech et al. 2021; Wang et al. 2015). It
aims to utilize natural language descriptions to retrieve a tar-
get individual from a large-scale image gallery.

Early methods (Farooq et al. 2022; Yan et al. 2023c) typ-
ically involve extracting global features from both images
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A woman with a pink hat and a black coat is walking with
a white bag in her hands.
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A woman with a [MASK] hat and a black coat is walking
with a white bag in her hands.
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The woman with long hair is wearing a navy coat,
dark trousers and pink sneakers. She is walking
with a white handbag in her hand.

Figure 1: Existing problems in TIReID methods. (a) The
omission of critical semantic cues leads to misalignment.
The objects enclosed in red boxes are those associated with
the masked word “pink”. (b) Redundant background infor-
mation with the yellow boxes. (c) Inaccuracies in text de-
scriptions when compared to the corresponding image.

and text, which are then utilized to learn a joint embed-
ding space. In this space, the features can be directly aligned
using cross-modal matching functions. However, these ap-
proaches often struggle with capturing fine-grained details
and contextual nuances in complex visual and textual rep-
resentations. To address these limitations, recent approaches
(Chen, Xu, and Luo 2018; Suo et al. 2022) focus on local
matching strategies. Most of these methods leverage Masked
Language Modeling (MLM) (Fu et al. 2022) to extract fine-
grained features from both images and text, enabling precise
alignment of masked representations.

However, despite these promising developments, cur-
rent methodologies still face several limitations. In the text
feature representations, most MLM-based methods (Yang
et al. 2023) work by randomly masking words to force
the model to focus on the knowledge associated with the
masked words, potentially omitting critical semantic cues
and disrupting word relationships. For instance, as shown
in Fig. 1(a), when “pink” is masked, the model may strug-



gle to accurately predict the relationship between the word
“pink” and “hat”. Instead, it generates incorrect associations
with “coat” or “bag”. From the perspective of image feature
representation, existing methods often neglect the impact of
redundant visual features. As shown in Fig. 1(b), some im-
ages contain redundant background distractions, such as un-
related pedestrians or vehicles, which can negatively impact
the matching process.

Moreover, due to the subjective nature of textual descrip-
tions, the describer may be influenced by environmental fac-
tors such as pose, viewpoint, and illumination, leading to
significant discrepancies between the generated textual de-
scriptions and the corresponding image content (Zhang et al.
2023; Lin et al. 2024). As depicted in Fig. 1(c), inaccura-
cies in textual descriptions can result in imperfect image-
text pairs, impairing the alignment accuracy of TIReID mod-
els. A recent advance (Qin et al. 2024) addresses textual
misdescriptions by utilizing dual-grained alignment quality
evaluation scores, achieving superior results in distinguish-
ing imperfect image-text pairs. However, due to the lack of
semantic-level local alignment, the model struggles to cap-
ture semantic associations between words, resulting in po-
tential feature misalignment.

To address these challenges, we propose a robust fine-
grained TIReID model based on the key phrase dynamic
mask (KPDM). Rather than relying on traditional word ran-
dom masking, KPDM designs a key phrase masking rule
focused on “adjective+noun” pairs to enhance the model’s
ability to grasp nuanced semantic relationships. By identify-
ing and masking these key phrases, KPDM encourages the
model to concentrate on the context in which these phrases
occur, allowing for a more accurate representation. Building
upon this, we further propose a key visual feature extraction
mechanism based on cross-layer token selection. This mech-
anism identifies relevant image patches while minimizing
the influence of background features. Moreover, we propose
a trusted consensus partitioning mechanism to identify noisy
image-text pairs, thereby enhancing the model’s robustness
in learning inaccurate representations. A similarity distribu-
tion matching (SDM) (Jiang and Ye 2023) loss is utilized to
assess the matching quality of image-text pairs and facilitate
the refinement of noisy image-text pairs.

Extensive experiments on three public benchmarks vali-
date our method’s superiority. On RSTPReid, our method
achieves 67.95% R-1 and 51.88% mAP, surpassing the state-
of-the-art RDE (Qin et al. 2024) by 2.6% and 1.0%. On the
CUHK-PEDES dataset, our approach reaches 75.97% R-1
and 68.14% mAP. Similarly, on the ICFG-PEDES dataset,
our approach achieves 67.78% R-1 and 40.30% mAP, ex-
ceeding the performance of earlier methods. Notably, em-
ploying the larger CLIP-ViT-L/14 backbone further en-
hances performance. The method achieves 78.02% R-1 on
CUHK-PEDES and 69.13% R-1 on ICFG-PEDES, compre-
hensively outperforming existing approaches.

The main contributions of this paper are as follows:

e We propose a Key Phrase Dynamic Mask (KPDM)
method to perform a fine-grained local matching process.
In the text domain, we apply a phrase-level masking strat-
egy to identify and mask “adjective + noun” combina-

12100

tions to emphasize key textual representations.Building
on this, we introduce a frequency-based masked lan-
guage loss (FMLM) to supervise cross-modal local align-
ment.

e We propose to integrate cross-layer importance estima-
tion in the image domain to select the most relevant key
patches.

We introduce a trusted consensus partitioning mecha-
nism that partitions training data into clean and noisy
subsets based on the level of image-text SDM loss, en-
hancing the model’s robustness in noisy data scenarios.

Related Work
Text-to-Image Person Re-identification

Existing TIReID methods can be classified into two main
groups based on the alignment level: global matching meth-
ods (Zheng et al. 2020b; Zhu et al. 2021) and local match-
ing methods (Niu et al. 2020; Zheng et al. 2020a; Shu et al.
2022). The former initially extract image-text features using
pre-trained single-modality models such as ViT (Dosovit-
skiy et al. 2020), BERT (Devlin et al. 2019), and DeiT (Tou-
vron et al. 2021). They introduced innovative losses such as
CMPM/C loss (Zhang and Lu 2018) and Triplet Ranking
Loss (Faghri et al. 2017) to align the global representations
of both modalities within a shared latent space.

To achieve finer-grained alignment, some methods de-
signed additional local feature learning mechanisms, uti-
lizing human segmentation (Chen et al. 2022), body parts
(Wang et al. 2020), color information (Wang et al. 2022b),
and other explicit features (Wu et al. 2021; Wang et al.
2022a) to achieve significant improvements. However, these
methods introduce extra computational complexity due to
the increased feature extraction during inference.

Masked Language Modeling in TIReID

Recent approaches (Jiang and Ye 2023; Fujii and Tarashima
2023; Yan et al. 2024) attempted to leverage masked lan-
guage modeling (MLM) for implicit local alignment, lead-
ing to notable improvements. The core idea is that by hiding
certain words, the model learns to predict the masked to-
kens, thereby enabling fine-grained alignment. However, the
aforementioned methods use random masking rules, which
fail to effectively capture semantic relationships between
words, often leading to misaligned image-text features. In
this paper, we propose a key phrase masking strategy uti-
lizing the “adjective + noun” structure to preserve these se-
mantic structures, allowing key textual features to be closely
associated in the form of phrases.

Moreover, existing methods primarily focus on text to-
kens, often neglecting the redundant background patches. In
terms of extracting key patches from visual tokens, some
methods attempt to leverage hyperpixels (Ding et al. 2021;
Li et al. 2021) or incorporate additional information like
pose (Jing et al. 2020) to segment images. However, these
methods necessitate pre-labeled datasets or the use of pre-
trained segmentation models, which complicates their prac-
tical application. Recent studies (Shang et al. 2024; Ye et al.
2024) introduced various complex merging frameworks that



utilize the [CLS] token to filter visual tokens prior to mul-
timodal interaction. However, such approaches also require
additional fine-tuning on the TIReID datasets. In this paper,
we propose a training-free method for selecting visual to-
kens solely on their relationship with the [CLS] token, en-
hancing the comprehensive preservation of visual token in-
formation in TIReID.

Method

The overall architecture of our proposed model is illustrated
in Fig. 3. First, the global feature representations are pro-
duced by the CLIP model to perform global matching. Then,
a token selection aggregation module is designed to gener-
ate fine-grained local fusion features. Since random masking
can easily disrupt the word relationships in text descriptions,
we propose a KPDM-based local matching method. The text
tokens rely on a key phrase masking strategy to generate lo-
cal features, while the image patches are selected based on
integrated cross-layer importance estimation to identify key
patches. Both are then used for subsequent cross-modal local
matching. Frequency-based MLM is designed to encourage
the model to prioritize the influence of low-frequency tokens
with more distinctive features. Moreover, in order to address
the noisy pairs in image-text matching, we utilize similarity
distribution matching to partition the image-text pairs into
noisy and clean sets, enhancing the model’s robustness in
handling noisy image-text pairs.

Image-Text Feature Extraction

Global Feature Extraction We employ the pre-trained
CLIP model (Radford et al. 2021) as our feature extraction
backbone. As shown in Fig. 3(a), for a given image I, € V,
the visual encoder fv produces a set of embeddings:

T .
vi= ) =4 } e r@rOxa,
ey
where v/ is the global image feature from the [CLS] token,
{vf ;V: 1 denote the local patch features, and N* denotes the

number of patches. Similarly, for a text T; € L, {t/ };V:Ol
denote the word-level features of the text, and the feature of
the [EOS] token { is the sentence-level global feature.
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Figure 2: Retrieval examples on the three public dataset.
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Local Feature Extraction To further enhance key feature
extraction and minimize redundancy, we filter and aggregate
the local image and text features to generate discriminative
fine-grained key features. Similar to (Yan et al. 2023b; Zhu
et al. 2022; Qin et al. 2024), we select the top R% of to-
kens with the highest scores, resulting in filtered feature sets
Vs C {vl} and TF C {t!}. This filtered local feature set is
further optimized through an embedding transformation, as
detailed in the subsequent process:

v = MaxPool (MLP (f/zs) +FC (Vf)) )
/! = MaxPool (MLP( ) +FC ( )) , @

where V* and Tf represent the results of features after layer
normalization, and M LP (-) denotes a multilayer percep-
tion consisting of two fully connected layers with residual
connections. Ultimately, we obtain the global features v;
and t7 for the image and text, respectively. Simultaneously,

the fine-grained aggregated features vZf i and tlf i are com-
puted to remove redundant information. These aggregated
features form the foundation for alignment in cross-modal
matching tasks.

KPDM-based Local Feature Matching

Our proposed Key Phrase Dynamic Mask (KPDM) based
local matching method consists of three core components:
the phrase-based masking strategy, the removal of redundant
image patches, and a frequency-based masked language loss
(FMLM) that supervises multimodal feature fusion.

Phrase-based Masking Strategy Instead of the tradi-
tional random masking approach, we propose a phrase-
based masking strategy focusing on “adjective+noun” pairs.
This approach enables the model to capture semantic rela-
tionships between words more effectively, alleviating issues
related to misalignment of internal features.

Specifically, we utilize SpaCy (Vasiliev 2020) to lexically
analyze text tokens and extract key phrases in the “adjec-
tive+noun” structure for masking. However, significant fea-
ture overlap may occur, even among texts referring to differ-
ent identities. As shown in Fig. 2, text descriptions from dif-
ferent pedestrians may exhibit substantial similarity. High-
frequency token features often obscure the distinction be-
tween ambiguous text pairs. To mitigate the impact of high-
frequency words and emphasize the importance of rare key
features, we apply nonlinear compression to the loss weights
of high-frequency words. The weight scores are based on to-
ken frequencies: for tokens that belong to the 25 most fre-
quent words, we introduce a nonlinear factor A to compress
their weights. The weight score is defined as follows:

=(1-fi)", 3)

where f; denotes the frequency of the token, and ) is a pre-
defined factor that controls the degree of compression. To-
kens that do not belong to the set of high-frequency words
are assigned a weight score of 1.
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Figure 3: Overview of the proposed KPDM framework

. (a) illustrates the CLIP-based image-text key feature extraction

framework. (b) presents the detailed framework for cross-modal local matching between images and text. It utilizes the selected

key patches to predict masked “adjective + noun” phrases,

enabling the model to implicitly perform fine-grained image-text

alignment. Furthermore, we take into account the impact of high-frequency tokens, encouraging the model to focus more on
the influence of low-frequency tokens with more distinctive features. (¢) illustrates the recognition mechanism for identifying

noisy image-text pairs.

Image Redundancy Patch Removal To ensure the ex-
traction of the most critical pedestrian features for efficient
fine-grained local matching with masked tokens, we filter
and suppress redundant local image patches. Specifically,
we extract the attention scores from the last K transformer
blocks, focusing on the [CLS] tokens of the visual encoder
and the remaining image patches. These attention scores are
denoted as {s5» K+ Lo K2 .. GLvd ‘where L, rep-
resents the number of transformer layers in the CLIP visual
encoder. By default, we apply an averaging operation to ag-
gregate the attention scores, resulting in the final importance
score for the visual tokens, sf :
55(:E(55v7K+1755U7K+2,.”’Sgu)' 4)
We then filter the patches using Top-K strategy,
selecting the top R% of patches based on their sim-
ilarity scores. The selected indices are given by:
Xy = {jlrank (sf;) < |R-N*|}. Subsequently, re-
dundant patch blocks are eliminated. The set of selected

patches is denoted as {hf}fvzl

Multimodal Feature Fusing After extracting the key
pedestrian patches from the image and the key phrase
masked tokens from the text description, we input them into
the Transformer encoder for multimodal feature fusion. The
masked text features {h!};_ , are used as the query, while the

filtered image features {hf}fil serve as the key and value
in the cross-modal interactive encoder. These features are
simultaneously input into the encoder as follows:

mA L L o N v N
{hi"},_, = Transformer ({hﬁ}izl AR R }i:1> ,
&)
where {hf‘}le represents the fused multimodal features,
combining both masked text and image information. For

each masked token {h" : i € M },;L:p we use a multilayer
perceptron (MLP) to predict the probability distribution of
its original token:

{mz}‘j‘il1 =MLP (hzn) ) (6)

where |V is the size of the vocabulary.
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We utilize the frequency of masked tokens and the prob-
ability information of predicted original tokens to supervise
the feature fusion process. The FMLM loss for a batch of
size N is summarized as:

1 exp(mf) )

Efmlm = - N . ’
D k=1 DieM wf o

where | M| represents the set of masked tokens, m} denotes
scores of predicting the j-th word in the vocabulary at the
masked location i, and v indicates whether the j-th token
in the vocabulary corresponds to the original token at the
masked location. Additionally, w¥ represents the weights

based on the frequency, as described in Eq.(3).

exp(m})

N ki
D k=1 DieM Z]‘e\v\ w;y; log <Z

VI

Recognition of Noisy Image-Text Pairs

To address the challenge of noisy pairs in image-text match-
ing, we design a trusted partitioning mechanism that parti-
tions the training data into clean and noisy subsets. Differ-
ent from RDE (Qin et al. 2024), which primarily relies on
learned distance metrics, we evaluate the image-text match-
ing degree based on the alignment of similarity distribution
for pairs within the same identity. Specifically, we quantify
this matching degree using the similarity distribution match-
ing (SDM) (Jiang and Ye 2023) score, which is calculated as
the Kullback-Leibler (KL) divergence between image-text
similarity distributions and the normalized label matching
distributions. A higher SDM loss suggests a greater likeli-
hood that the corresponding image-text pair contains noise.
For each image-text pair in a batch, we compute a bi-
directional SDM loss for both global features (v9,t°) and
aggregated local features (v'!, ¢i). First, the matching prob-
ability between an image ¢ and all texts j in the batch is
calculated via softmax over their cosine similarities:

)/7)
ey exp(sim(vi, t)/7)”

where 7 is a temperature hyperparameter. The SDM loss is
the KL divergence between this predicted probability p; ;
and the true matching probability ¢; ; = i/ > 1 Yik:

) €))

The final bi-directional SDM loss is then given by:

exp(sim(v;, t;

Dij = (®)

Pij

ﬁth—KL pszQl,J szgbg( i te

Esdm = Esdm i — iot + £t21) (10)
N Z N St

=1

The SDM loss for each pair is computed as follows:

= {(eth £l 02}

(11)
Following the approach in (Qin et al. 2024), we fit a two-
component Gaussian Mixture Model (GMM) to the distri-
bution of all per-sample SDM losses {Leam i}, across the
entire training set. The GMM naturally separates the losses

N’

total
L =1

sdm

Efll

sdm,i

= {ﬁsdm z}
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into two clusters: one with a lower mean, corresponding to
the clean set, and one with a higher mean, corresponding
to the noisy set. Based on the posterior probability of each
sample belonging to the clean component, we partition the
dataset U into clean (D) and noisy (D,,) subsets:

Dc = {g(P(k = 0|£sdm,z)) > 057 (Iz; Tz) € U}7 (12)
This partitioning provides a pairwise label I; for each pair,
indicating whether it is considered clean or noisy, which is
then used to guide the subsequent training process.

Model Optimization

The main objective of the TIReID task is to accurately re-
trieve the identity of pedestrians according to text descrip-
tions. To achieve this, the commonly utilized ID loss (Zheng
et al. 2020b) is also adopted along with SDM loss and
FMLM loss to optimize KPDM.

In Section , we introduce a trusted consensus mechanism
to partition image-text pairs into clean and noisy subsets. To
train the model robustly, we focus exclusively on the clean
image-text pairs with the corrected label /; = 1. The overall
optimization objective is formulated as follows:

+ .l

sdm

L= Efmlm + ‘CCZS

sdm +£Clé _;'_[:{517 (13)

where Efff utilizes the global features v{ and ¢ for images
and text, respectively, while ,le ;l leverages the local aggre-
gated features vzf & and t{ “ to focus on local information.

Experiments
Datasets and Evaluation Metrics

Consistent with previous studies, we conduct extensive ex-
periments on three challenging TIReID datasets: CUHK-
PEDES (Li et al. 2017), ICFG-PEDES (Ding et al. 2021)
and RSTPReid (Zhu et al. 2021). In line with (Qin et al.
2024; Wang et al. 2021; Wang, Yang, and Cao 2024), we
evaluate model performance using the popular Rank-k met-
rickk = 1, 5, 10), mean Average Precision (mAP), and mean
Inverse Negative Penalty (mINP).

Implementation Details

Our experiments are conducted using two backbone configu-
rations: CLIP-ViTB/16 and CLIP-ViTL/14. For each config-
uration, the text and image encoders are initialized with the
pre-trained weights, while other network modules are ran-
domly initialized. During training, all images are resized to
384 x 128 and augmented with random horizontal flipping,
random crop with padding, and random erasing. For train-
ing text, alongside the KPM strategy for the FMLM task,
we apply standard random masking to the tokens fed into
the SDM and ID tasks. We utilize the Adam optimizer to
train the model for 60 epochs with a cosine learning rate de-
cay strategy. The initial learning rates are set to 1 x 10> for
the CLIP encoders and le — 3 for other network modules.
For hyperparameter settings, patch selection for redundancy
removal utilizes scores from the last K = 3 transformer



blocks and the selection ratio R is 0.5; the compression fac-
tor A for high-frequency tokens is set to 2; and the SDM
temperature 7 is 0.02. All experiments are trained with a
batch size of 64 on a single RTX 4090 24GB GPU.

Method | Ref |R@I R@5 R@10 mAP mINP
Comparison with standard backbones

DSSL MM’21 [39.05 62.60 73.95 - -
LBUL MM’22 |45.55 68.20 77.85 - -
CAIBC MM’22 |47.35 69.55 79.00 - -
CFine arXiv’22 | 50.55 72.50 81.60 - -
UniPT ICCV’23 |51.85 74.85 82.85 - -
IRRA CVPR’23|60.20 81.30 88.20 47.17 25.28
IRLT AAAT’24 | 61.49 82.26 89.23 - -
Propot MM’24 |61.87 83.63 89.70 - -
TBPS-CLIP AAAT’24 |1 62.10 83.55 88.75 4826 -
CFAM(B/16) |CVPR’24[59.40 81.35 88.50 46.04 -
SAP-SAM MM’24 |62.85 82.65 89.85 - -
RDE CVPR’24 | 65.35 83.95 89.90 50.88 28.08
KPDM (B/16) - 67.95 84.65 91.10 51.88 28.20
Comparison using ViT-L/14 backbone

CFAM (L/14) |CVPR’24|62.45 83.55 91.10 49.50 -
KPDM (L/14) - 67.95 86.35 91.65 52.97 30.00

Table 1: Performance comparisons with state-of-the-art
methods on the RSTPReid dataset.

Method | Ref |Rank-1Rank-5Rank-10 mAP mINP
Comparison with standard backbones

LGUR MM’22 | 65.25 83.12 89.00 - -
LCR?S MM’23 | 67.36 84.19 89.62 59.24 -
CLIP (B/16) CVPR’23| 68.19 86.47 91.47 61.12 44.86
CFine arXiv’22| 69.57 8593 91.15 - -
IRRA CVPR’23| 73.38 89.93 93.71 66.13 50.24
TBPS-CLIP AAAT’24| 73.54 88.19 9235 65.38 -
CFAM (B/16) CVPR’24| 72.87 88.61 92.87 6492 -
IRLT AAAT’24| 74.46 90.19 94.01 - -
Propot MM’24 | 74.89 89.90 94.17 - -
SAP-SAM (B/16)| MM’24 | 75.05 89.93 93.73 - -
RDE CVPR’24| 7594 90.14 94.12 67.56 51.44
KPDM (B/16) - 75.97 90.77 94.46 68.14 52.17
Comparison using ViT-L/14 backbone

CFAM (L/14) CVPR’24| 75.60 90.53 94.36 67.27 -
SAP-SAM (L/14)| MM’24 | 76.28 90.87 94.75 - -
KPDM (L/14) - 78.02 91.49 95.00 69.71 53.68

Table 2: Performance comparisons with state-of-the-art
methods on CUHK-PEDES dataset.

Experimental Results

In this section, we present the comparative performance of
the proposed KPDM against existing state-of-the-art meth-
ods (DSSL (Zhu et al. 2021), LGUR (Shao et al. 2022),
LBUL (Wang et al. 2022c), LCR?%S (Yan et al. 2023a),
CAIBC (Wang et al. 2022b), CFine (Yan et al. 2023b),
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Method | Ref |Rank-1 Rank-5 Rank-10 mAP mINP
Comparison with standard backbones

CLIP(B/16) |CVPR’23| 56.74 75.72 8226 31.84 5.03
LCR?S MM’23 | 5793 76.08 82.40 3821 -
LGUR MM’22 | 59.02 75.32 81.56 - -
CFine arXiv’'22 | 60.83 76.55 82.42 - -
IRRA CVPR’23| 63.46 80.25 85.82 38.06 7.93
SAP-SAM MM’24 | 63.97 80.84 86.17 - -
IRLT AAAT'24| 64.72 81.35 86.31

TBPS-CLIP |AAAT’'24| 65.05 80.34 8547 39.83 -
Propot MM’24 | 65.12 81.57 86.97 - -
CFAM(B/16) |CVPR’24| 62.17 79.57 85.32 36.34 -
RDE CVPR’24| 67.68 82.47 87.36 40.06 7.87
KPDM(B/16) - 67.78 8243 87.26 40.30 8.02
Comparison using ViT-L/14 backbone

CFAM(L/14) |CVPR’24| 65.38 81.17 86.35 3942 -
KPDM(L/14) - 69.13 8346 88.10 42.78 9.77

Table 3: Performance comparisons with state-of-the-art
methods on ICFG-PEDES dataset.

UniPT (Shao et al. 2023), IRRA (Jiang and Ye 2023),
IRLT (Liu et al. 2024), Propot (Yan et al. 2024), TBPS-
CLIP (Cao et al. 2024), CFAM (Zuo et al. 2024), SAP-
SAM (Wang, Yang, and Cao 2024), RDE (Qin et al. 2024))
across three publicly available datasets.

RSTPReid As shown in Table 1, the KPDM model sig-
nificantly surpasses the other models and the state-of-the-art
RDE (Qin et al. 2024) in various metrics. Specifically, our
KPDM reaches on R@1 (67.95%), R@5 (84.65%), R@10
(91.10%), mAP (51.88%), and mINP (28.20%), achiev-
ing significant improvements of +2.60%, +0.70%, +1.20%,
+1.00%, and 0.12%, compared to the RDE. With the CLIP-
ViT-L/14 setting, KPDM demonstrates further performance
improvement, also achieving a R@-1 metric of 67.95%. At-
tributable to the smaller segmentation patches that enable
focus on fine-grained image features, the model shows sig-
nificant enhancements across other metrics as well.

CUHK-PEDES As shown in Table 2, KPDM outper-
forms the baseline IRRA (Jiang and Ye 2023) in all key
metrics. R@1 accuracy improves by 2.59% and mAP in-
creases by 2.01%. Compared to the state-of-the-art model
RDE, KPDM achieves a modest improvement of +0.58% in
mAP and +0.73% in mINP. In the larger backbone CLIP-
ViT-L/14, our method shows further performance improve-
ment through richer image representations. The R@1 in-
creases by 2.05%, reaching 78.02%.

ICFG-PEDES As shown in Table 3, KPDM outperforms
the state-of-the-art model RDE, achieving a R@1 accuracy
of 67.78%, and also shows stable improvements in mAP
and mINP. Furthermore, utilizing the CLIP-ViTL/14 setting
further enhances KPDM’s performance, reaching 69.13%
in R@1 accuracy and 42.78% in mAP. While KPDM out-
performs RDE on R@1, it exhibits slightly lower perfor-
mance on the R@5 and R@10. We attribute this primarily
to the nature of the ICFG-PEDES dataset, which consists of
single image-text pairs. Compared to the datasets featuring



No. |Components | TCP KPM IRPR|R@]1 R@5 R@10
0 | Baseline 61.35 81.97 88.45
1 |[+IRPR v’ 62.80 82.45 88.97
2 |+4TCP v 64.80 83.50 89.00
3 |+KPM v 64.15 84.50 90.35
4 |+TCP+IRPR | Vv v' |65.55 84.60 90.20
5 |+KPM+IRPR v v’ 6540 84.95 90.35
6 |+TCP+KPM | v v 66.35 84.55 90.75
7 | KPDM v v v 16795 84.65 91.10

Table 4: Ablation study on different components of our
framework on RSTPReid dataset.

multiple text descriptions per image, the influence of high-
frequency tokens may be less significant. This might lead
the model to neglect certain textual features, resulting in a
slight performance reduction on these specific metrics. We
plan to optimize this issue in the future.

Ablation Study

In this section, we analyze the effectiveness of each pro-
posed component. We use the local matching method IRRA
(Jiang and Ye 2023), based on a random masking strategy,
as our baseline to conduct ablation experiments. To ensure
a fair comparison, we also incorporate local fusion features

(Ef:;lm and E{ ;l) into the IRRA model.

We mainly analyze the effectiveness of the three key com-
ponents: the trusted consensus partitioning (TCP) mecha-
nism to distinguish noisy image-text pairs, the key phrase
masking (KPM) strategy, and image redundancy patch re-
moval (IRPR). The ablation study results are shown in Ta-
ble 4. First, by comparing the experimental results of No.0
and No.1, and No.6 and No.7, it can be observed that the
performance is significantly improved by the image redun-
dancy patch removal. Compared to the baseline, R@1 has
an increase of 1.45%. Furthermore, the TCP to distinguish
noise in image-text pairs significantly enhances the robust-
ness of the model. A comparison between No.0 and No.2,
and No.5 and No.7 demonstrates that TCP leads to an im-
provement in R@1 by 3.45% compared to the baseline.

The proposed local matching method based on the KPM
strategy also has a significant impact on model performance.
Comparing No.0 and No.3, and No.4 and No.7, it can be
seen that the inclusion of KPM leads to a notable improve-
ment, with R@1 increasing by 2.8% compared to the base-
line. Additionally, a comparison between No.3 and No.6,
No.5 and No.7, demonstrates that KPM further enhances
model performance through robust learning. By leveraging
this approach, KPM enables the model to learn more accu-
rate image-text representations.

Parametric Analysis

To study the impact of different hyperparameter settings on
performance, we perform sensitivity analyses for two key
hyperparameters: the number of self-attention layers K for
selecting key patches and the compression factor A for high-
frequency tokens. From Fig. 4, we can see that:(1) Both too
few and too many self-attention layers hinder the model’s
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Figure 4: Variation of performance on RSTPReid dataset
with different K and A.

4 5

ability to effectively capture the information of key image
patches. We choose K = 3 in all our experiments. (2) Ex-
cessive or insufficient compression of high-frequency tokens
also impacts the model’s performance. If it’s too small, the
model fails to emphasize rare tokens; if too large, it neglects
the features of high-frequency tokens. We choose A = 2 in
all our experiments.

Qualitative Results

A female with a black hat
of her coat is wearing a
black down-filled coat and
dark brown shoes. She is
walking and carrying a red
pockeft.

Baseline

Ours

This man facing forward
wears a green jacket, a
red shirt inside and a pair
of pants. He also wears
glasses.

@
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e}
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Figure 5: Visualization of examples on three datasets.

Fig. 5 compares the top-10 retrieval results of the base-
line and our proposed KPDM. As the figure shows, KPDM
retrieves more accurate results compared to the baseline.
Additionally, even in cases of retrieval failure, KPDM still
effectively captures fine-grained features of the pedestrian.
As highlighted by the red boxes, under the “adjective +
noun” phrase masking strategy, the fine-grained features of
the pedestrian are tightly associated in the form of phrases.

Conclusion

In this paper, we propose a robust fine-grained local
alignment framework based on key phrase dynamic mask
(KPDM). First, we utilize image-text matching information
to design a trusted consensus partitioning mechanism to dis-
tinguish noisy image-text pairs. Then, for clean pairs, we
adopt an “adjective + noun” key phrase masking strategy to
enable the TIReID model to grasp nuanced semantic rela-
tionships. Furthermore, we propose cross-layer importance
estimation to select key image patches, emphasizing pedes-
trian regions. We validate and achieve optimal results on
three existing benchmarks, demonstrating the effectiveness
of our method.
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