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Abstract. Text-Based Person Search (TBPS) focuses on identifying
individuals from a gallery solely based on descriptive text, without relying on
example images. However, existing TBPS models, especially those based on
CLIP, struggle with fine-grained understanding due to global representational
bias and semantic sparsity inherited from training on short captions. This results
in weak fine-grained alignment, exacerbated by the scarcity of region-level
annotations. To address this, we propose ROGLE (Robust Global-Local
Embedding), a unified framework that overcomes reliance on costly manual
annotations through an automated Region-to-Sentence Matching (RSM)
strategy. RSM automatically mines pseudo region-sentence pairs for scalable
fine-grained supervision. Furthermore, ROGLE employs a multi-granular
learning strategy that fuses global contrastive learning with region-level local
alignment. We also introduce the P-VLG Benchmark, a large-scale dataset
constructed by curating and enriching images from established public
benchmarks. It features over 100,000 annotated regions and rich long-form
captions, making it the first TBPS benchmark to support both global and local
assessment protocols. Extensive experiments show that ROGLE significantly
outperforms existing approaches, particularly on challenging long-form queries.
Code and the P-VLG benchmark will be made publicly available.
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1 Introduction

Text-Based Person Search (TBPS) seeks to find images of individuals in large
galleries using only textual descriptions, which is crucial for scenarios like
surveillance and missing-person search . Unlike existing person re-ID strategies that
need sample images for comparison, TBPS better models practical scenarios such as
surveillance analysis or missing-person investigations, where no visual examples are
available and verbal witness reports serve as the only source of information.
Consequently, TBPS plays a vital role in enabling retrieval systems to operate
effectively in open-world and zero-shot settings.



2 F. Author and S. Author

Fig. 1. Visualization of our Region-to-Sentence Matching (RSM) pipeline. The original person
image (left) is paired with a long descriptive caption that is first decomposed into independent
sentences. We apply SAM to segment the image into semantic regions (colored boxes) and
compute cross-modal similarity between each region and each sentence. The highest-scoring
sentence for each region is selected, producing five local region-sentence pairs on the right,

corresponding to hairstyle, clothing, and footwear.

TBPS research has benefited from datasets including CUHK-PEDES, ICFG-
PEDES, and RSTPReid. However, many current approaches, which rely on large pre-
trained vision-language models like CLIP, still face challenges in capturing fine-
grained details. These models, trained on brief and generic captions, often emphasize
global image semantics while overlooking localized features. Consequently, training
and evaluation datasets contain mainly brief, attribute-based annotations, offering
only coarse-grained supervision that restricts a model’s ability to distinguish visually
similar individuals or interpret complex queries. Moreover, natural language
descriptions often include abstract relations or localized cues that do not directly
correspond to visual regions, making fine-grained alignment challenging. The lack of
region-level annotations further constrains learning meaningful part-level
correspondences.

To address the data-level bottleneck, we construct a large-scale benchmark named
P-VLG using a novel Region-to-Sentence Matching (RSM) module. RSM
decomposes long-form textual descriptions into atomic sentences and aligns them
with semantically coherent image regions extracted by SAM . By leveraging
CLIP embeddings to compute cross-modal similarity, RSM automatically mines
pseudo region-sentence pairs, providing fine-grained supervision without manual
annotation. The P-VLG benchmark overcomes the limitations of prior TBPS datasets,
which often lack dense grounding and favor short captions. It contains 6,801 training
identities, 48,485 images, and 68,990 enriched captions, with a test set of 400 unseen
identities and 6,658 image-caption pairs. The validation set provides over 100,000
region-caption alignments, enabling evaluation of both global retrieval and region-
level grounding.
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Based on these pseudo-labels, ROGLE adopts a dual-branch training paradigm.
The first branch performs global contrastive learning to align whole-image and full-
caption embeddings, while the second branch provides fine-grained supervision
through multi-granular learning that integrates global and region-level local
alignment. This design encourages the model to learn both contextualized global
semantics and discriminative local features, essential for resolving ambiguous or
compositional queries. In addition, a reliability-aware alignment calibration
mechanism enhances robustness against noisy correspondences in large-scale data.
Our contributions are summarized as follows:

 We propose ROGLE, a unified global–local framework tackling semantic
sparsity and misalignment. It incorporates an automated Region-to-Sentence
Matching (RSM) module to mine pseudo-alignments from long captions,
enabling fine-grained supervision without manual annotation.

 We introduce the P-VLG Benchmark, the first dataset supporting multi-
granular TBPS evaluation. It features enriched descriptions and over 100,000
region-level annotations to assess both holistic and localized alignment.

 We design a multi-granular learning strategy synergizing global contrastive
learning with region-level alignment. Extensive experiments demonstrate
superior performance on challenging benchmarks, particularly for detailed
and compositional queries.

Fig. 2. Visualization of the Region-to-Sentence Matching process in our P-VLG Benchmark.
Given a pedestrian image and its long-form caption, SAM is used to generate region proposals
from the global image . All image regions and textual sentences are encoded with CLIP, and
cross-modal similarity is computed for all region-sentence pairs. The highest-scoring pair is

then selected to create pseudo-aligned fine-grained supervision.
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2 Related Work

Fig. 3. Overview of ROGLE. SAM segments the input image into local regions. We employ
three textual supervisions: global long, concise short, and region-level captions. Dual encoders
extract text () and image () representations. A probabilistic module estimates pair reliability

(clean/noisy/uncertain) to guide global () and local () alignment.

2.1 Text-Based Person Search

TBPS focuses on identifying individuals within extensive image datasets solely from
descriptive text. Traditional approaches typically employ global contrastive learning
to align full-image and text representations. Although effective for coarse semantic
matching, these methods often fail to capture fine-grained visual cues, including
accessories, hairstyles, or layered clothing, which are essential for distinguishing
similar identities. This limitation motivates approaches that integrate both holistic and
fine-grained alignment.

2.2 Fine-Grained Alignment

To achieve finer alignment, existing strategies fall into two categories. Manual or
part-based localization methods align phrases with corresponding image regions but
rely heavily on labor-intensive annotations or specialized part-parsing modules,
limiting scalability and generalization . Detector-based supervision approaches, such
as ViTAA , CLOC , and OWLv2 , perform localized alignment via attribute modeling
or open-vocabulary detection. While these methods achieve strong spatial
correspondence, they often require large-scale pretraining and high computational
cost. To overcome these challenges, we introduce the automatic Region-to-Sentence
Matching (RSM) mechanism, which leverages pretrained CLIP features and
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segmentation masks from SAM to generate high-quality local supervision without
manual annotations. This annotation-free, global-local alignment framework supports
scalable fine-tuning while maintaining strong performance on TBPS tasks.

3 Method

We present ROGLE, a unified framework designed to enhance fine-grained
understanding in TBPS through a global-local learning paradigm. Unlike prior
methods that handle global and local representations separately or assume perfect
modality alignment, ROGLE integrates scalable pseudo-pair generation with
hierarchical training. This design leverages both the descriptive richness of textual
annotations and the structural complexity of pedestrian images, enabling robust
alignment at multiple granularities.

3.1 Problem Statement

In TBPS, the goal is to identify target individuals within an image collection using
only textual descriptions. Let the gallery be �={��,��

�,��
�}�=1

�� , where �� denotes the �-th
image, ��

� ∈ {1, …, �} is the person identity, and ��
� ∈ {1, …, ��} is the image-specific

index. The corresponding textual description set is �={��,��
�}�=1

�� , where �� describes
the pedestrian in image ��.

During training, the dataset consists of cross-modal pairs �={(��,��),���}�=1
� , where

��� ∈ {0,1} indicates whether the image and text correspond to the same person. A
positive pair ideally satisfies both identity and image alignment, i.e., ��

�=��
� and

��
�=��

� . However, real-world datasets often contain noisy correspondences due to
annotation errors, which can introduce false positives and degrade retrieval
performance. TBPS therefore requires models capable of handling both global
semantic alignment and fine-grained visual distinctions, such as clothing details,
accessories, and localized attributes, while being robust to noisy supervision.

3.2 Generating the P-VLG Benchmark

Region-to-Sentence Matching
To enable fine-grained supervision without manual annotation, we introduce the
Region-to-Sentence Matching (RSM) module. Given a pedestrian image �� and its
associated long-form caption ��, RSM aims to generate pseudo region–sentence pairs
(��,��) that capture localized visual-text correspondences. The process consists of two
main steps:
1. Sentence decomposition: The long-form caption �� is segmented into �

atomic sentences {��
(�)}�=1

� using the spaCy library . Each sentence typically describes
a specific visual attribute, such as clothing, hairstyle, or accessories.
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2. Region localization: We apply the Segment Anything Model (SAM) with a
ViT-H backbone in automatic mode to obtain � semantic masks {�(�)}�=1

� from �� .
Each mask is converted into a bounding box �(�) to crop local image regions {��

(�)}�=1
� .

Trivial regions occupying less than 1% of the image are discarded, typically resulting
in 2–5 valid masks per image.

Each image region and sentence is processed through a pre-trained CLIP (ViT-
B/16) encoder to extract visual and textual features:

��
(�)=��(��

(�)), ��
(�)=��(��

(�)),
We then compute the cosine similarity between all region–sentence combinations and
select the pair with the highest score:

(�*,�*)=������
�,�

 ���​ ��
(�),��

(�) .

This process uses a greedy assignment strategy to ensure a one-to-one alignment
between regions and sentences. If the selected region ��

(�*) covers nearly the entire
image, it is discarded to maintain locality. Otherwise, the aligned pseudo pair
(��,��)=(��

(�*),��
(�*)) is used for fine-grained supervision. This automatic procedure

allows the model to leverage localized visual cues without relying on labor-intensive
manual annotations.

P-VLG Benchmark
Construction and Data Provenance. To facilitate large-scale fine-grained learning
while adhering to ethical data standards, we introduce the P-VLG Benchmark. The
benchmark dataset integrates images from CUHK-PEDES, ICFG-PEDES, RSTPReid,
and UfineBench, ensuring compliance with privacy standards and enabling large-
scale fine-grained learning.By leveraging these existing resources, we ensure
compliance with privacy protocols while introducing rich, multi-granular annotations
that overcome the semantic sparsity of original short captions.

The benchmark contains 6,801 training identities with 48,485 images and 68,990
enriched long-form captions. The validation set includes over 100,000 region–caption
alignments, providing a valuable resource for evaluating local grounding. The test set
consists of 400 unseen identities with 6,658 image–caption pairs, supporting both
global and region-level retrieval evaluation.
Annotation Process. All region–caption pairs are automatically generated using

the Region-to-Sentence Matching (RSM) module. In this process, long-form captions
are decomposed into atomic sentences, while images are segmented into semantic
regions using SAM . CLIP features are extracted for both sentences and regions, and
the most similar sentence-region pairs are selected to form pseudo region–sentence
alignments. This automated approach provides dense, high-quality supervision
without manual annotation, making P-VLG the first TBPS benchmark to support a
multi-granular evaluation protocol that jointly assesses global and local alignment
performance.
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3.3 The ROGLE Framework

ROGLE synergizes coarse and fine-grained learning via three components: a dual-
encoder backbone, a reliability-guided mechanism for noise robustness, and a
collaborative objective for multi-granular alignment.

Dual-Encoder Feature Extraction

We employ a dual-encoder setup, with separate encoders for images and text, both
initialized with CLIP pre-trained weights to enable effective cross-modal feature
alignment.

Image Encoder
The image encoder is based on a Vision Transformer (ViT). Input images are divided
into non-overlapping patches, which are then converted into token embeddings. A
learnable [CLS] token is added at the beginning of the sequence. The token sequence
passes through multiple Transformer layers, and the [CLS] token output is projected
into the joint embedding space to obtain the global image representation:

��=��(�).

Text Encoder
For textual input, we employ a Transformer-based text encoder. The input is
tokenized using BPE, and special tokens [SOS] and [EOS] frame the sequence. After
processing through Transformer layers, the hidden state corresponding to the [EOS]
token is mapped to the joint embedding space, producing the global text embedding:

��=��(�).

Reliability-Guided Alignment
Real-world datasets often contain noisy correspondences. To address this, we adopt a
reliability-guided calibration mechanism inspired by RDE to dynamically handle
uncertain training pairs.

During training, each pair �� �� in a batch of size �� is first used to compute its
alignment loss �� = �(��, ��) . We apply a two-component Gaussian Mixture Model
(GMM) on the loss distributions for both long and short captions to determine the
likelihood that a pair is reliable � 1 or unreliable � 0 . Based on these
probabilities, the pairs are categorized into three groups: clean ��� , noisy ��� , and
uncertain ��� . Each sample is then assigned a reliability-aware weight �� �to prioritize
learning from high-quality pairs while reducing the impact of noisy ones:

�� �=
2, ��(��,��) ∈ ���,
0, ��(��,��) ∈ ���,
1, ��ℎ������.

This allows the model to prioritize learning from clean pairs while reducing the
influence of noisy ones.
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Global-Local Collaborative Learning
ROGLE learns features at multiple granularities by jointly supervising coarse and
fine-grained alignment. Given global pairs (��,��) and local pseudo-pairs (��,��) from
our RSM module, the encoder extracts their respective embeddings:

��
� = ��(��), ��

� =��(��)
��

� = ��(��), ��
�=��(��)

The learning is driven by a dual-branch loss: Global Loss ( �global ): This loss
facilitates coarse-grained alignment between the global embeddings of entire images
and captions. Following IRRA , it is defined as:

�global=�SDM+�InfoNCE
Local Loss ( �local ): This loss ensures fine-grained alignment between local image
regions and sentence fragments. It is a contrastive loss over the local embeddings in a

batch: �local=-
1

�� �=1
�� log�

���​ ���(��
�,(�),��

�,(�))/�

�=1
�� exp� ​ ���(��

�,(�),��
�,(�))/�

.

where ���( ⋅ , ⋅ ) denotes the cosine similarity, and � serves as the temperature
parameter.

Training Objective
The total training objective is defined by integrating both global and local loss
components, each scaled according to its reliability weight, forming a robust
framework that supervises multiple granularities. The total loss is:

�total=
1

�� �=1

��

�� �� �global
(�) +�local

For the i-th sample, �global
� represents the global loss. The two-branch supervision

mechanism allows ROGLE to align holistic image-text semantics as well as detailed
local features, enabling accurate and robust retrieval of images based on textual
descriptions. The model’s performance is evaluated on the CUHK-PEDES dataset,
with the highest results highlighted in the tables.

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

Methods Ref.
Image
Enc. Text Enc. R-1 R-5 R-10 mAP mINP

ViTAA ECCV’20 RN50 LSTM 54.92 75.18 82.90 51.60 -
DSSL ACMMM’21 RN50 BERT 59.98 80.41 87.56 - -
SSAN arXiv’21 RN50 LSTM 61.37 80.15 86.73 -
Lapscore ICCV’21 RN50 BERT 63.40 - 87.80 - -
LBUL ACMMM’22 RN50 BERT 64.04 82.66 87.22 - -
LGUR ACMMM’22 DeiT-

Small
BERT 65.25 83.12 89.00 - -

DCEL ACMMM’22 CLIP-
ViT

CLIP-
Xformer

71.36 88.11 92.48 64.25 48.26

IVT ECCV’22 ViT-Base BERT 65.59 83.11 89.21 - -
CFine TIP’23 CLIP-

ViT
BERT 69.57 85.93 91.15 - -

IRRA CVPR’23 CLIP-
ViT

CLIP-
Xformer

73.38 89.93 93.71 66.13 50.24

BiLMa ICCV’23 CLIP-
ViT

CLIP-
Xformer

74.03 89.59 93.62 66.57 -
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Methods Ref.
Image
Enc. Text Enc. R-1 R-5 R-10 mAP mINP

DCEL ACMMM’23 CLIP-
ViT

CLIP-
Xformer

75.02 90.89 94.52 - -

APTM ACMMM’23 Swin-
Transformer

Bert 76.53 90.04 94.15 66.91

RaSa IJCAI’23 ALBEFF ALBEFF 76.51 90.29 94.25 69.38
RDE CVPR’24 CLIP-

ViT
CLIP-

Xformer
75.94 90.14 94.12 67.56 51.44

CFAM CVPR’24 CLIP-
ViT

CLIP-
Xformer

75.60 90.53 - 67.27 -

PLOT ECCV’24 CLIP-
ViT

CLIP-
Xformer

75.28 90.42 94.12 - -

DM-
Adapter

AAAI’25 CLIP-
ViT

CLIP-
Xformer

72.17 88.74 92.85 64.33 -

OCDL ICASSP’25 CLIP-
ViT

CLIP-
Xformer

75.10 89.43 - 68.18 -

ROGLE
(Ours)

- CLIP-
ViT

CLIP-
Xformer

76.93 91.24 95.00 69.14 53.23

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

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

Dual Path 38.99 59.44 68.41 - -

ViTAA 50.98 68.79 75.78 - -

SSAN 54.23 72.63 79.53 - -

IVT 56.04 73.60 80.22 - -

CFine 60.83 76.55 82.42 - -

IRRA 63.46 80.25 85.82 38.06 7.93

BiLMa 63.83 80.15 85.74 38.26 -

DCEL 64.88 81.34 86.72 - -

RaSa 65.28 80.40 85.12 41.29 -

CFAM 65.38 81.17 - 39.42 -

PLOT 65.76 81.39 86.73 - -

ROGLE (Ours) 66.97 82.27 87.21 39.81 7.88

Table 3. Performance Comparison on the RSTPReid Dataset. The best results are in bold.

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

DSSL 39.05 62.60 73.95 - -

SSAN 43.50 67.80 77.15 - -

IVT 46.70 70.00 78.80 - -

CFine 50.55 72.50 81.60 - -

IRRA 60.20 81.30 88.20 47.17 25.28

DCEL 61.35 83.95 90.45 - -
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Methods R-1 R-5 R-10 mAP mINP

RaSa 66.90 86.50 91.35 52.31 -

PLOT 61.80 82.85 89.45 - -

ROGLE (Ours) 65.20 83.75 89.45 50.93 27.83

Table 4. Performance comparisons on the P-VLG dataset. The best results are in bold.

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

DECL 73.78 86.66 90.80 53.09 19.72

IRRA 73.30 86.57 90.95 54.12 21.22

RDE 68.82 83.66 88.72 48.10 15.75

ROGLE (Ours) 78.03 89.17 92.60 57.82 24.01

Table 5. Ablation study of ROGLE components on CUHK-PEDES. The best results are in
bold.

Method Lglobal Llocal RGAP R-1 R-5 mAP

Global only 71.56 88.23 64.38

Local only 69.92 87.15 63.12

Global + Local 74.87 90.02 67.25

ROGLE (full) 76.93 91.24 69.14

Table 6. Cross-domain evaluation. P-VLG trained, tested on other datasets.

Method Domain R1 R5 mAP

ROGLE P-VLG → ICFG 62.78 78.19 38.58

ROGLE P-VLG→ CUHK 47.74 68.65 43.10

4 Experiments

This section reports comprehensive experiments evaluating the performance and
benefits of the ROGLE framework.

4.1 Datasets and Settings

The CUHK-PEDES dataset, commonly used for text-to-image person retrieval,
comprises 40,206 images and 80,412 textual descriptions corresponding to 13,003
individuals. Among them, 11,003 identities are designated for training, while 1,000
identities each are reserved for validation and testing.
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ICFG-PEDES contains 54,522 image-text pairs from 4,102 identities, with 3,102 for
training and 1,000 for testing.
RSTPReid includes 20,505 images of 4,101 identities captured across 15 cameras.
Each image is annotated with two textual descriptions. The dataset is partitioned into
3,701 identities for training, 200 for validation, and 200 for testing.

4.2 Implementation Details

ROGLE leverages CLIP with a ViT-B/16 backbone for image encoding and a
Transformer-based text encoder, both initialized with the original 400M pre-trained
weights. Region are generated by SAM (ViT-H) in automatic mode, producing 2–5
valid masks per image after filtering trivial regions. Captions are decomposed into
short atomic sentences using spaCy , and region–sentence matching is computed via
cosine similarity with greedy assignment to ensure one-to-one alignment. Images are
augmented by random flip, crop, erase, and color jitter, then resized to 384 × 128 .
Texts are tokenized by CLIP’s BPE (max length 77). The model is trained for 60
epochs using the Adam optimizer with a batch size of 64 and a weight decay of
5×10⁻⁴. The learning rate follows a two-stage schedule, starting with a linear warm-up
over 5 epochs, followed by cosine decay. The contrastive temperature � is 0.02. The
reliability calibration updates a GMM every 5 epochs (from epoch 10) with threshold
0.5. All experiments run on a single RTX 4090 GPU. Training takes 8–10 hours per
dataset, and inference speed reaches 128 image–text pairs per second. The model has
158M parameters.

4.3 Evaluation Protocols

We use standard Rank-K metrics (K = 1, 5, 10) to assess retrieval performance. In
addition, we report mean Average Precision (mAP) and mean Inverse Negative
Penalty (mINP) to provide a thorough assessment of the model’s performance.

4.4 Comparison with State-of-the-Art

On the CUHK-PEDES dataset, ROGLE attains a Rank-1 accuracy of 76.93%, as
reported in Table 1, exceeding previously published methods. These results
demonstrate the benefit of combining global and local supervision during training.
For the ICFG-PEDES dataset, ROGLE achieves 66.97% Rank-1 accuracy (Table 2),
outperforming earlier approaches such as IRRA (63.46%) by a notable margin.
Improvements are also observed in mAP and mINP, indicating the method’s
robustness.
On RSTPReid, the model reaches 65.20% Rank-1 accuracy (Table 3), considerably
higher than IVT (51.7%) and Cfine (55.55%). This confirms ROGLE’s capability to
manage high-resolution images and complex textual descriptions in dense urban
settings..
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4.5 Ablation Study

We validate ROGLE on CUHK-PEDES (Table 5). The global-only baseline achieves
71.56% Rank-1, while local-only alignment yields 69.92%, indicating neither is
sufficient alone. Combining both strategies significantly improves accuracy to
74.87% (+3.31%), demonstrating their complementary nature. Furthermore, adding
the RGAP module boosts Rank-1 to 76.93% (+2.06%) by adaptively filtering noisy
pseudo-labels via Beta Mixture Modeling. These results confirm that effective TBPS
requires synergizing global coherence, local discriminative details, and noise-robust
training.

5 Conclusion

This work introduces ROGLE, a unified framework for fine-grained text-to-image
person retrieval, which leverages automatic region–sentence alignment and multi-
granular learning. To address the scarcity of fine-grained supervision, we incorporate
the RSM module that generates reliable pseudo region–sentence pairs from long-form
captions, enabling effective multi-level supervision. Additionally, we present the P-
VLG Benchmark, a large-scale dataset with over 100,000 region-level annotations
and long-form captions, supporting both global and local evaluation protocols.
Experimental results demonstrate that ROGLE consistently achieves competitive
performance across multiple challenging datasets, including CUHK-PEDES, ICFG-
PEDES, RSTPReid, and P-VLG. These findings confirm the effectiveness,
robustness, and practical applicability of our approach in real-world scenarios.
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