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Abstract

Text-based Person Re-identification (T-ReID), which aims
at retrieving a specific pedestrian image from a collection
of images via text-based information, has received signifi-
cant attention. However, previous research has overlooked
a challenging yet practical form of T-ReID: dealing with
image galleries mixed with occluded and inconsistent per-
sonal visuals, instead of ideal visuals with a full-body and
clear view. Its major challenges lay in the insufficiency of
benchmark datasets and the enlarged semantic gap incurred
by arbitrary occlusions and modality gap between text de-
scription and visual representation of the target person. To
alleviate these issues, we first design an Occlusion Gener-
ator (OGor) for the automatic generation of artificial oc-
cluded images from generic surveillance images. Then, a
fine-granularity token selection mechanism is proposed to
minimize the negative impact of occlusion for robust fea-
ture learning, and a novel multi-granularity contrastive con-
sistency alignment framework is designed to leverage intra-
/inter-granularity of visual-text representations for semantic
alignment of occluded visuals and query texts. Experimental
results demonstrate that our method exhibits superior perfor-
mance. We believe this work could inspire the community
to investigate more dedicated designs for implementing T-
ReID in real-world scenarios. The source code is available
at https://github.com/littlexinyi/MGCC.

Introduction
Person Re-identification (ReID) is a fundamental yet chal-
lenging task in computer vision (CV), playing a paramount
role in plenty of applications such as intelligent video
surveillance, urban security, and smart retailing (Ye et al.
2021; Zeng et al. 2022).

However, existing person ReID methods (Yao et al. 2019;
Ding et al. 2020; Wang et al. 2021b) usually use images of
a specific person as the probes, which have limitations in
real-world urgent scenarios. For instance, when police offi-
cers try to locate criminals (suspects) or lost children within
a shopping mall, they typically lack any photographic ref-
erences of the individuals. Fortunately, they can take verbal
descriptions of the target person from witnesses and cross-
check them with surveillance videos. To release manually
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Figure 1: Illustration of person ReID: (a) Text-based person
ReID and (b) Text-based occluded person ReID.

checking, a novel and feasible paradigm for person ReID,
text-based person ReID (T-ReID) (Li et al. 2017; Zhu et al.
2021; Wang et al. 2020b; Ma et al. 2023), has been proposed
recently. As shown in Figure 1(a), the cross-modal correla-
tions are established between verbal descriptions and widely
monitored images, to remedy the absence of visual cues in
real-world scenarios.

Generally, T-ReID needs to process visual and textual
modalities, which is aimed at learning a common seman-
tic representation space between visual and textual modal-
ities, to better align image and text. For this purpose, re-
cent works firstly employ different models to extract the fea-
ture representations of different modalities from local fea-
ture level (Chen et al. 2022), global feature level (Chen et al.
2021b), and multi-granularity feature level (Farooq et al.
2021; Wang et al. 2022a). Then they focus on exploring
image-text pairs for semantic alignment in common repre-
sentation space.

Unfortunately, we observe that the model training pro-
cess employed by these methods on existing public bench-
mark datasets (Li et al. 2017; Ding et al. 2021; Zhu et al.
2021) is based on a strong assumption: the information on
image modality is holistic (without occlusions), namely, the
model can extract effective feature representations of im-
ages. This is definitely unrealistic, wherein the person ReID
techniques currently face a fundamental and long-standing
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challenge: Occlusions. Although occluded person ReID has
been widely investigated (Zhuo et al. 2018; He and Liu
2020; Wang et al. 2020a; Zheng et al. 2021), they are merely
deployed in the visual-visual retrieval scenarios, hard to be
adapted to complex cross-modal person ReID. Therefore,
how to effectively tackle the complex occlusion issues and
realize adaption to real-world scenarios has become one of
the key challenges in T-ReID.

In light of the above analysis, in this paper, we attempt
to explore a novel and advanced case of T-ReID, text-based
occluded person ReID (TO-ReID), as shown in Figure 1(b).
However, the implementation process faces the following
three challenges:

1. Absence of benchmark datasets. Most existing datasets
of T-ReID implicitly assume that the appearance of full-
body for a person is readily available, while ignoring per-
son images with occlusions, hindering models from ac-
quiring robust visual features that are suitable for TO-
ReID task.

2. Semantic gap from occlusion. Occlusion causes key
feature loss and redundant feature interference, which
will introduce huge semantic gap for image feature learn-
ing.

3. Modality gap for image-text pairs. Due to the inconsis-
tent representation of images and text, their data resides
in different distribution spaces, making it difficult to di-
rectly measure the similarity between image-text pairs.

To relieve the above challenges, we first design an Oc-
clusion Generator (termed OGor) to support the bench-
mark dataset construction for TO-ReID, which automati-
cally generates artificial occluded person images by occlu-
sion sample augmentation strategy (Challenge 1). Then, a
fine-granularity token selection mechanism is proposed, to
eliminate redundant noisy tokens stemming from occlusions
and meaningless auxiliary words. This mechanism serves
two pivotal objectives: bridging the semantic gap induced by
occlusions and realizing the trade-off between performance
and training efficiency (Challenge 2).

Finally, a multi-granularity contrastive consistency learn-
ing model is also invented, enabling better alignment for
text-image pairs (Challenge 3). The main contributions of
this paper can be summarized as follows:

• We invent an OGor and reconstruct the original T-ReID
dataset to simulate real-world surveillance occlusion sce-
narios. Additionally, the OGor is versatile and can be
extended to other general datasets, enhancing the explo-
ration of novel scenarios.

• We propose a Multi-Granularity Contrastive
Consistency model, dubbed MGCC, incorporating
a token selection mechanism. This model not only
bridges the semantic gap arising from occlusion but also
narrows the modality gap between images and texts.

• Extensive experiments demonstrate the effectiveness
of our proposal on three TO-ReID datasets, i.e.,
Occluded-CUHK-PEDES (62.44 on R@1), Occluded-
ICFG-PEDES (59.28 on R@1), and Occluded-RSTPReid
(49.85 on R@1).

Related Work
Occlusion Person ReID
Person ReID has been widely investigated; however, occlu-
sions degrade the robustness of feature representation, lead-
ing to a decay in performance. Several works (Zhuo et al.
2018; Zheng et al. 2021; Zhou et al. 2023) attempt to tackle
the complex visual occlusions, which can be roughly catego-
rized into two groups: part-to-part matching (Sun et al. 2018;
He et al. 2018, 2019; He and Liu 2020; Zhu et al. 2020) and
matching by external tools assistance (Miao et al. 2019; Gao
et al. 2020; Wang et al. 2020a; Zheng et al. 2021). For the
former, it realizes matching by measuring the similarity be-
tween local features (e.g., body parts).

Zhu et al. (2020) propose an identity-guided human se-
mantic parsing approach, ISP, to generate the pseudo-labels
of human body parts at pixel-level. For the latter, techniques
such as pose estimation and human parsing are used to real-
ize the alignment. Miao et al. (2019) propose a Pose-Guided
Feature Alignment model, called PGFA, which leverages the
human pose key points for matching. To achieve high accu-
racy while preserving low inference complexity, Zheng et al.
(2021) propose a PGFL-KD model, which can distill human
pose semantic knowledge into a local feature extractor to
discard the dependency on a pose estimator.

While these techniques have shown effectiveness in im-
proving the performance of occluded person ReID, their ap-
plication is still confined to image-based person ReID meth-
ods. Notably, in real-world scenarios that involve text-based
person ReID, the challenge of occlusion has not been specif-
ically addressed.

Text-based Person ReID
Considering that visual cues are not always available in real-
world scenarios, we focus on the realistic problem of T-
ReID. As given by the pioneering work (Li et al. 2017) that
introduces the T-ReID task and releases a benchmark dataset
named CUHK-PEDES, the main challenge for this task is
how to efficiently align image and text features into a joint
embedding space for fast retrieval. Solutions can be catego-
rized into two groups: single-granularity feature alignment
paradigm and multi-granularity feature alignment paradigm.

In terms of the single-granularity, major improvements
are shown by (Chen et al. 2022; Zhang and Lu 2018; Wang
et al. 2019; Liu et al. 2019; Ge, Gao, and Liu 2019; Zheng
et al. 2020b; Chen et al. 2021b) where researchers start ex-
ploiting local alignment and global alignment. (Chen, Xu,
and Luo 2018) propose a patch-word level matching for T-
ReID, to realize local feature alignment. To reduce the ad-
ditional modules and complex evaluation strategies, (Chen
et al. 2022) design a simple but effective framework, TIPCB,
for T-ReID via learning visual and textual local representa-
tions. While other works employ global feature representa-
tion to realize global matching.

For the multi-granularity (Jing et al. 2020; Wang et al.
2020b; Zheng et al. 2020a; Zhu et al. 2021; Wang et al.
2021a; Ding et al. 2021; Shao et al. 2022; Wang et al.
2022b; Jiang and Ye 2023), this paradigm brings decent im-
provements as compared to using single-granularity. Among
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them, Niu et al. (2020) propose an end-to-end multi-
granularity image-text alignment, MIA, to extract fine-
grained features of three different granularities hierarchi-
cally and then adopt a cross-modal attention mechanism to
determine affinities between visual and textual components.

Wang et al. (2020b) present a ViTAA model, which learns
to disentangle the feature space of a person into subspaces
corresponding to attributes, to address the T-ReID task from
the perspective of attribute-specific alignment learning. Ow-
ing to the significant modality gap and the large intra-class
variance in texts, a model called SSAN is designed by (Ding
et al. 2021), which can automatically extract semantically
aligned features from the visual and textual modalities. Re-
cently, a model called IRRA (Jiang and Ye 2023) is pro-
posed which focuses on cross-modal implicit relation rea-
soning and aligning for T-ReID tasks.

Vision-Language Pre-Training Models
The pre-training and fine-tuning paradigm has achieved
great success, which drives the development of CV (Doso-
vitskiy et al. 2020) and natural language processing
(NLP) (Brown et al. 2020). Many efforts (Yan et al. 2022;
Radford et al. 2021; Ma et al. 2022; Yao et al. 2021; Cao
et al. 2022; Fang et al. 2021; Shu et al. 2022) have attempted
to extend the pre-training model to the multimodal field.
It is gratifying that visual language pre-training (VLP) has
attracted growing attention. Among them, CLIP (Radford
et al. 2021) has gained surging popularity.

As a leading pre-training model, different from the tradi-
tional single-modality supervised pre-training model, CLIP
leverages natural text descriptions to supervise the learning.
Since the great advantage of CLIP, a lot of follow-ups (Luo
et al. 2022; Fang et al. 2021; Ma et al. 2022; Zhao et al. 2022;
Shu et al. 2022; Han et al. 2021; Yan et al. 2022) have also
begun to transfer the knowledge of CLIP to visual-textual
retrieval tasks and obtained new state-of-the-art (SOTA) re-
sults. Of course, as a specific application for image-text
cross-modal retrieval, T-ReID can also benefit from CLIP.
Accordingly, we explore leveraging CLIP for the TO-ReID
task. To the best of our knowledge, this is the first attempt
to harness CLIP to settle the occlusions of pedestrians in T-
ReID.

Dataset Design
To facilitate research on TO-ReID, we design an occlusion
generator, termed OGor, which is applied to the existing
three datasets of T-ReID (Li et al. 2017; Ding et al. 2021;
Zhu et al. 2021) to construct new occluded datasets for TO-
ReID.

Different from existing Random Erase (Zhong et al. 2020)
and Random Cropping (Chen et al. 2021a) method with
weak generation ability while facing diversified occlusions,
our OGor adopts an occlusion sample augmentation strategy
with realistic occlusion scenario simulation, which mainly
contains the following two steps:

Occlusion Instance Library Collection
We establish an occlusion instance library (OIL) by detect-
ing 60 common occlusion samples (4 samples per class, a

Up Instance
Set OU

Middle Instance
Set OM

Bottom Instance
Set OB

umbrella,
kite.

bag,
suitcase, post.

car, bike, stone,
motorbike, bench,

road sign, chair, card,
pedestrian, fire hydrant.

Table 1: The list of occlusion instances in OIL.

occluded images
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G
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Figure 2: Sample occluded images are generated via OGor.

total of 15 classes) in common outdoor scenes. Specifically,
we utilize Mask R-CNN (He et al. 2017) to identify the oc-
clusion instance bounding box and subsequently erase the
extraneous background pixels to produce the occlusion in-
stance masks. 15 samples of occluded instance images (se-
lect one sample as a representative for each class) from OIL
will be shown in Appendix (§A).

Occlusion Generation Process
Based on empirical observations, certain common occlu-
sions tend to have position priors in detected person image
(e.g., cars, bikes, and pedestrians are generally in the lower
half of the image and are unlikely to occur elsewhere).

As a result, according to the classes of occlusion, we di-
vide the OIL into three subsets (as illustrated in Table 1).
For the Bottom Instance Set, we align the bottom edge and
place them randomly in the horizontal directions. For the Up
Instance Set, we align the up edge and randomly place oc-
clusions in horizontal directions. Instances in the Middle In-
stance Set are not limited to any specific locations, but rather
encompass generalized intermediate regions.

To generate occluded images, we randomly select 30% of
the whole train, val, and test images within the same ID but
different views from the T-ReID dataset. For each selected
image, we paste the occlusion instances onto the correspond-
ing regions of the image according to the different position
of occlusions in Table 1. The detailed occlusion generation
algorithm is described in Appendix (§B).

Methodology
In this section, we elaborate the proposed MGCC model
from the following five parts.

Multi-Granularity Feature Representations
Image feature representation. For a given image Ik ∈ I,
we first divide the image into n patches and introduce a vi-
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Figure 3: An overview of our MGCC model. First, the text encoder and image encoder extract multi-granularity feature repre-
sentations for image and text, respectively. Then, a fine-granularity token selection mechanism is applied for filtering the Top-Z
informative tokens. Building upon these feature representations, we leverage two types of granularity features to engage in
contrastive learning within a common semantic space.

sual tokenization operation to generate a discrete token se-
quence. A learnable [CLS] token is attached to the begin-
ning of the sequence as an image-level representation. Then,
we finetune the standard CLIP with 12 layers as an im-
age encoder to embed the discrete tokens into image-level
and patch-level feature representations. To be specific, the
[CLS] token is learned as coarse-granularity global feature
representations Igk ∈ Rdim, and the other learned tokens
are regarded as fine-granularity local feature representations
P l
k =

[
p(k,1), p(k,2), p(k,3), . . . , p(k,n)

]
∈ Rn×dim.

Text feature representation. Given a text sentence Tk ∈
T, the raw text is firstly tokenized by CLIP Tokenizer,
then the textual sequence is padded with a [CLS] to-
ken at the beginning and fed into the text encoder. Simi-
lar to the image encoder, the text encoder is also initial-
ized by the public CLIP checkpoints to generate textual
feature representations. As a result, we can get coarse-
granularity global feature representations T g

k ∈ Rdim

and fine-granularity local feature representations Wl
k =[

w(k,1), w(k,2), w(k,3), . . . , w(k,m)

]
∈ Rm×dim, which are re-

spectively the embedding representation of the [CLS] token
and corresponding word tokens, where m is the length of
word tokens.

Fine-Granularity Token Selection Mechanism
Considering the feature redundancy caused by occlusions
on the person image and punctuation marks or meaning-
less words on the whole sentence, we further design a to-
ken selection mechanism for image and text feature repre-
sentations at fine-granularity levels, which aims at pruning
redundant tokens via information importance ranking.

Specifically, we utilize the Transformer block of en-
coders, where the self-attention of the last block can gen-
erate an attention map M ∈ R(1+n/m)×(1+n/m), which re-
flects the correlation among tokens. We select the first row
of the attention map as importance scores between the [CLS]
token and all fine-granularity tokens, which is defined as
M ′ = M [0, 1 :] ∈ Rn/m. A larger M ′[i] means a greater
contribution from the i-th fine-granularity feature represen-
tation, thus selecting the Top-Z informative tokens from the
raw tokens to participate in training and inference while
masking the other unimportant tokens, which can realize the
trade-off between competitive complexity and performance
at the same time.

The token selection mechanism is applied separately to
images and text. For a given image Ik with n patches, top Zi

informative tokens are selected from fine-granularity feature
representation P l

k. For a given text Tk with m words, top Zt

informative tokens are selected from fine-granularity feature
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representation W l
k. Zi = ρi × n and Zt = ρt × m, where

ρi and ρt represent the token selection ratio for images and
texts, respectively. Detailed ablation studies of ρi and ρt are
presented in Appendix (§F).

Multi-Granularity Contrastive Consistency
Alignment
To learn high-quality representation alignment, we perform
our proposed model at intra-granularity parallel contrast
level and inter-granularity cross contrast level. For clarity
and simplicity, we have omitted the indexes of all feature
representations.

Suppose that there is a batch of training pairs, B =

{(Ik, Tk)}Nk=1, and we have extracted feature representa-
tions of coarse-to-fine granularity for them.

Intra-granularity parallel contrast alignment. We cal-
culate the similarity of image-text on fine-granularity and
coarse-granularity by matrix multiplication, respectively.
Consequently, in terms of fine-granularity similarity, we can
formulate it as:

SP−W = PW>, (1)
where SP−W ∈ Rn×m is the similarity score on fine-
granularity.

And given image feature at coarse-granularity I ∈ Rdim

and text feature at coarse-granularity T ∈ Rdim, then the
similarity matrix of coarse-granularity can be obtained using
the matrix multiplication:

SI−T = I>T, (2)

where SI−T ∈ R1 is the similarity score on coarse-
granularity.

Inter-granularity cross contrast alignment. Given the
image feature at fine-granularity P ∈ Rn×dim and text fea-
ture at coarse-granularity T ∈ Rdim, we calculate the simi-
larity between the P and T based on matrix multiplication,
which can be formulated as follows:

SP−T = PT, (3)

where SP−T ∈ Rn×1 is the similarity vector between the
text and each patch.

Similar to patch-text contrast SP−T , we calculate the
similarity between the image feature at coarse-granularity
I ∈ Rdim and text feature at fine-granularity W ∈ Rm×dim

by the matrix multiplication, which can be formulated as fol-
lows:

SI−W = (WI)>, (4)
where SI−W ∈ R1×m is the similarity vector between one
image and each word in one sentence.

Attention-based Fusion on Similarity Matrix
To realize semantic information coverage from coarse-to-
fine granularity and obtain instance-level similarity, we fuse
the cross-modal contrast similarity of each granularity in-
cluding Eq.(1), Eq.(2), Eq.(3), and Eq.(4), as the final simi-
larity.

In order to distinguish the different importance of differ-
ent patches and words on the fusion results, we propose
an attention-based fusion module on a similarity matrix,
dubbed AF, where scores in similarity will be given different
weights during aggregation, realizing differential fusion.

Intra-granularity level fusion. Owing to the fine-
granularity similarity matrix SP−W ∈ Rn×m that contains
the similarity scores of n patches of one image andm words
of one text, thus, we deploy attention operations on the
SP−W twice. The first attention is to obtain fine-granularity
image-level and text-level similarity vectors, which can be
formulated as:

Simg
P−W =

n∑
i=1

exp
(
SP−W (i,~)/τ

)∑n
j=1 exp

(
SP−W (j,~)/τ

)SP−W (i,~), (5)

Stxt
P−W =

m∑
i=1

exp
(
SP−W (i,~)/τ

)∑m
j=1 exp

(
SP−W (j,~)/τ

)SP−W (~,i), (6)

where the τ is the temperature hyper-parameter of softmax
and the ~ denotes all content in the dimension. Simg

P−W ∈
R1×m is the image-level similarity between the image and m
words in the text. Stxt

P−W ∈ Rn×1 is the text-level similar-
ity between the text and n patches in the image. In order to
further obtain the fine-granularity instance-level similarity
score, we continue to carry out the second attention opera-
tion, which can be represented as:

S′img
P−W =

m∑
i=1

exp
(
Simg
P−W (1,i)/τ

)
∑m

j=1 exp
(
Simg
P−W (1,j)/τ

)Simg
P−W (1,i), (7)

S′txtP−W =

n∑
i=1

exp
(
Stxt
P−W (i,1)/τ

)
∑n

j=1 exp
(
Stxt
P−W (j,1)/τ

)Stxt
P−W (i,1), (8)

where S′img
P−W ∈ R1 and S′txtP−W ∈ R1 are the instance-level

similarities. We take the average of similarities at instance-
level as the final fine-granularity similarity:

S′P−W = (S′img
P−W + S′txtP−W )/2. (9)

Inter-granularity level fusion. We leverage the softmax
function to obtain fusion weights. Then, we can aggregate
these similarity scores according to the obtained weights,
which can be described as:

S′P−T =

n∑
i=1

exp
(
SP−T (1,i)/τ

)∑n
j=1 exp

(
SP−T (1,j)/τ

)SP−T (i,1), (10)

S′I−W =

m∑
i=1

exp
(
SI−W (1,i)/τ

)∑m
j=1 exp

(
SI−W (1,j)/τ

)SI−W (1,i), (11)

Training and Inference
Similarity calculation. For a given pair S(Ik, Tk) in B =

{(Ik, Tk)}Nk=1, the final similarity which contains multi-
granularity contrastive scores can be described as follows:

S(Ik, Tk) = (S′P−W + SI−T + S′P−T + S′I−W )/4. (12)

Objective loss function. The InfoNCE loss function is
utilized to pull the positive instances and push away the hard
negative ones in a batch of B image-text pairs.

Limage2text = −
1

B

B∑
i=1

log
exp (S(Ii, Ti))∑B
j=1 exp (S(Ii, Tj))

, (13)

Ltext2image = − 1

B

B∑
i=1

log
exp (S(Ii, Ti))∑B
j=1 exp (S(Ij , Ti))

, (14)

L = Limage2text + Ltext2image. (15)
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Experiments
In this section, we will manifest the results of experiments
with corresponding analysis for TO-ReID. Concretely, 4 re-
search questions (RQs) lead our discussions about experi-
ments: RQ1: Is the overall performance of MGCC superior
to the other SOTA baselines under occlusion? RQ2: Are the
multi-granularity contrast modules effective and essential?
RQ3: How does the token selection mechanism affect the
MGCC model? RQ4: How to evaluate the quality of feature
representation and retrieval ranking?

Experiment Settings
Datasets. We construct three occluded datasets via OGor,
called Occluded-CUHK-PEDES, Occluded-ICFG-PEDES,
and Occluded-RSTPReid, based on three existing T-ReID
datasets.
Evaluation Metrics. For TO-ReID, we employ two evalua-
tion metrics that are widely used in retrieval tasks, to mea-
sure the performance: Recall at K ( R@K, higher is better),
and mean Average Precision (mAP, higher is better). Mean-
while, we also adopt “Rsum” to measure the overall quality,
which is defined as the sum of R@1, R@5, and R@10.

Comparison with SOTA Methods
To answer RQ1, we evaluate the performance of MGCC by
comparing it with existing T-ReID models on three occluded
datasets from two paradigms (a.k.a., single-granularity and
multi-granularity), the detailed results are shown in Table 2.
Performance Comparisons on Occluded-CUHK-
PEDES. The MGCC can achieve comparable results to
recent state-of-the-art methods, with 62.44%, 82.44%, and
88.52% on R@1, R@5, and R@10, respectively. Although
our MGCC performs slightly worse than IRRA (Jiang and
Ye 2023) on R@1 and R@5, it achieves optimal perfor-
mance in Rsum index compared with other baselines, which
reflects the overall robust retrieval quality of the proposed
MGCC model.
Performance Comparisons on Occluded-ICFG-PEDES.
Our MGCC model outperforms competitive candidates in
terms of all metrics, achieving 59.28% R@1 accuracy, which
significantly improved (+3.19% and +9.11%, respectively)
in Rsum, compared with IRRA and CFine (Yan et al. 2022).
Performance Comparisons on Occluded-RSTPReid.
The proposed MGCC dramatically surpasses the single-
granularity feature learning paradigm Dual-Path (Zheng
et al. 2020b) by 31.5% and 65.95% on R@1 and Rsum, re-
spectively. Compared with the multi-granularity paradigm
IRRA, MGCC also achieves great performance, with an in-
crease of 1.2% and 3.67% on R@1 and Rsum, respectively.

Meanwhile, it is worth noting that the transformer-based
powerful feature extraction backbones become more signif-
icant for better retrieval performance. In order to search for
the most effective feature extraction backbones, we conduct
ablation studies among ResNet50, LSTM, BERT, and CLIP,
as shown in the “Baseline” row in Table 2. The compari-
son clearly demonstrates the effectiveness of multi-modal
vision-language pre-training backbones.

Ablation Studies on Contrastive Modules
To answer RQ2, we evaluate proposed modules in Table 3.

We first investigate the influence of each independent con-
trastive modules. As a basic contrast, we could find that us-
ing only the coarse-granularity contrast SI−T is powerful
enough to outperform many SOTA baselines. Additionally,
each independent contrast module can realize competitive
results, indicating the effectiveness of our multi-granularity
contrast consistency framework.

Based on the basic contrast SI−T , the SP−W , SI−W ,
and SP−T can enhance the model’s performance by provid-
ing additional indirect matching information from different
perspectives, thus realizing full coverage of semantics from
coarse-to-fine. Finally, we equip all the contrastive mod-
ules, our MGCC can yield 62.44%, 59.28%, and 49.85% of
R@1 on three datasets, respectively. Therefore, we conclude
that all types of granularity contrastive consistency learn-
ing modules are effective and complementary to improve re-
trieval performance.

Influence of the Token Selection Mechanism
To answer RQ3, we analyze the influence from two aspects:
Robustness for feature representation. To further investi-
gate the robustness on discriminate feature extraction, we
visualize the token selection process on images and texts
in Appendix (§E). It clearly proves that the token selec-
tion mechanism can enhance the effectiveness of the MGCC
model by eliminating uninformative tokens (occlusions and
backgrounds in images, etc.), thus promoting the model to
focus on the most discriminative part.
Improvement of training efficiency. As shown in Ta-
ble 4, the no-selection baseline (a.k.a., (ρi, ρt) = (1.0,
1.0)) and the best trade-off experiments ((ρi, ρt) = (0.3,
0.4) on Occluded-CUHK-PEDES, (ρi, ρt) = (0.4, 0.5)
on Occluded-ICFG-PEDES, and (ρi, ρt) = (0.5, 0.5) on
Occluded-RSTPReid) are typically compared to make a con-
clusion: After equipping with the token selection mecha-
nism, the computational memories (M) can be reduced by
16.04%∼16.83% and the inference time (T) can be ac-
celerated by 28.10% ∼49.58%, with a slight influence of
R@1 performance (-0.49%∼+3.10%). Detailed ablation on
ρi and ρt are shown in Appendix (§F).

Qualitative Results
To answer RQ4, we illustrate from following two aspects:
Feature representation visualization. We adopt the t-
SNE (Van der Maaten and Hinton 2008) to visualize the
difference of feature representations before and after align-
ment, which aims at showing the model’s effectiveness in
narrowing the modality gap. Detailed t-SNE visualization
processes are shown in Appendix (§G).
Retrieval ranking visualization. As shown in Figure 4, for
each text query, the top-10 matches are displayed. On one
hand, the orange highlighted words represent the selected
high-informative fine-grained tokens, which dominants the
retrieval process. On the other hand, although the candidate
images are partially occluded, our MGCC model can still
successfully retrieve the correct pedestrian, thereby show-
casing the outstanding retrieval capability of MGCC.
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Method (Type) Image-Text
Encoder

Occluded-CUHK-PEDES Occluded-ICFG-PEDES Occluded-RSTPReid

R@1 R@5 R@10 mAP Rsum R@1 R@5 R@10 mAP Rsum R@1 R@5 R@10 mAP Rsum

DPath (S) (2020b) RN50-RN50 33.69 60.48 71.30 30.12 165.47 29.03 53.29 64.50 14.03 146.82 18.35 42.65 56.35 14.80 117.35
CMPM (S) (2018) RN50-LSTM 40.57 65.38 70.54 32.60 176.49 35.43 57.22 69.43 - 162.08 - - - - -
TBPS (S) (2021) RN50-BERT 58.85 79.34 86.05 52.64 224.24 - - - - - - - - - -
TIPCB (S) (2022) RN50-BERT 59.91 80.22 86.66 - 226.79 - - - - - - - - - -

ViTAA (S) (2020b) RN50-LSTM 55.97 75.84 83.52 - 215.33 - - - - - - - - - -
NAFS (M) (2021) RN50-BERT 56.85 75.39 90.27 49.58 222.51 - - - - - - - - - -
SAF (M) (2022) ViT-BERT 59.47 79.65 84.90 50.27 224.02 - - - - - - - - - -

SSAN (M) (2021) RN50-LSTM 59.76 78.98 85.48 59.35 224.22 53.01 71.83 78.90 30.00 203.74 39.85 66.45 76.50 29.85 182.80
CFine (M) (2022) CLIP-BERT 56.24 76.14 83.80 47.72 216.18 55.55 75.14 82.55 30.94 213.24 40.50 63.40 73.40 31.75 177.30
LGUR (M) (2022) DeiT-BERT 59.82 79.30 86.80 55.81 225.92 52.91 70.41 77.01 30.46 200.33 47.40 71.80 80.60 35.07 199.80
IRRA (M) (2023) CLIP-CLIP 64.41 82.63 85.43 57.56 232.47 57.24 78.07 83.85 30.42 219.16 48.65 75.43 80.50 39.48 204.58

Baseline1 (M) RN50-LSTM 52.80 67.91 75.80 49.21 196.51 52.40 73.30 80.80 30.22 206.50 31.50 46.55 55.95 22.23 134.00
Baseline2 (M) CLIP-BERT 61.00 80.51 86.76 54.74 228.27 55.68 75.50 82.35 32.75 213.53 41.58 66.75 75.65 31.86 183.98
MGCC (M) CLIP-CLIP 62.44 82.44 88.52 54.18 233.40 59.28 78.32 84.75 33.30 222.35 49.85 74.95 83.45 38.48 208.25

Table 2: Performance comparisons on three occluded datasets. “S” and “M” in “Type” stand for Single/Multi-granularity
paradigm.

Variants of MGCC Datasets

intra-granularity
parallel contrast

inter-granularity
cross contrast Occluded-CUHK-PEDES Occluded-ICFG-PEDES Occluded-RSTPReid

SI−T SP−W SP−T SI−W R@1 R@5 R@10 mAP Rsum R@1 R@5 R@10 mAP Rsum R@1 R@5 R@10 mAP Rsum

X 57.33 77.70 84.45 49.13 219.48 57.88 76.36 82.72 31.57 216.96 41.30 64.60 74.95 31.52 180.85
X 59.76 80.36 87.52 52.46 227.64 55.26 76.18 83.09 31.76 214.53 43.00 69.40 79.15 33.89 191.55

X 59.55 80.75 87.41 52.76 227.71 56.57 76.83 84.05 32.13 217.45 41.05 69.40 78.45 33.23 188.90
X 49.69 70.42 77.71 41.29 197.82 49.73 70.49 77.69 24.88 197.91 33.05 55.25 64.45 24.83 152.75

X X 62.23 82.68 88.86 54.55 233.77 58.52 77.99 84.76 32.77 221.27 48.80 72.90 82.90 37.29 204.60
X X 61.92 82.47 88.65 54.03 233.04 58.60 77.85 84.51 32.95 220.96 46.55 72.95 82.20 36.12 201.70

X X X X 62.44 82.44 88.52 54.18 233.40 59.28 78.32 84.75 33.30 222.35 49.85 74.95 83.45 38.48 208.25

Table 3: A series of ablation studies on three occluded datasets to investigate effects of different contrastive modules.

Dataset (ρi, ρt) R@1↑ mAP↑ Rsum↑ T↓ M ↓
Occluded

-CUHK-PEDES
(1.0, 1.0) 62.75 54.53 234.49 3.63 15.27
(0.3, 0.4) 62.44 54.18 233.40 2.61 12.70

Occluded
-ICFG-PEDES

(1.0, 1.0) 58.80 33.12 221.45 8.33 15.27
(0.2, 0.4) 59.28 33.30 222.35 4.40 12.70

Occluded
-RSTPReid

(1.0, 1.0) 48.35 37.00 202.40 3.94 15.27
(0.5, 0.5) 49.85 38.48 208.25 3.24 12.82

Table 4: Comparison with different token selection ratios.
“↑” means the higher, the better; “↓” means the lower, the
better.

Conclusion

In this paper, we make the first attempt to tackle a complex
and challenging problem, TO-ReID. To handle this tricky
issue, we design an OGor to generate occluded persons
for simulating the real-world scenario. Meanwhile, a novel
MGCC framework is proposed, to narrow the semantic gap
and modality gap. Experimental results show the effective-
ness and superiority of our proposal.

Query Text Rank-1 Rank-10

A woman with short 
black curly hair is seen 
wearing a violet hooded 
insulated jacket. She is 

also wearing grey 
trousers pants and black 

sneakers. 

The man wears a 
orange and white jacket 
with a pair of jeans. He 
is riding on the street. 

The man is wearing a 
plaid green black and 

white shirt. He is 
wearing gray pants and 

carrying a black 
shoulder bag. 

Figure 4: Retrieval ranking visualization. Matched and mis-
matched images are marked with green and red, respectively.
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