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Abstract

The aim of text-based person retrieval is to identify pedestri-
ans using natural language descriptions within a large-scale
image gallery. Traditional methods rely heavily on manu-
ally annotated image-text pairs, which are resource-intensive
to obtain. With the emergence of Large Vision-Language
Models (LVLMs), the advanced capabilities of contemporary
models in image understanding have led to the generation
of highly accurate captions. Therefore, this paper explores
the potential of employing Large Vision-Language Models
for unsupervised text-based pedestrian image retrieval and
proposes a Multi-grained Uncertainty Modeling and Align-
ment framework (MUMA). Initially, multiple Large Vision-
Language Models are employed to generate diverse and hier-
archically structured pedestrian descriptions across different
styles and granularities. However, the generated captions in-
evitably introduce noise. To address this issue, an uncertainty-
guided sample filtration module is proposed to estimate and
filter out unreliable image-text pairs. Additionally, to simu-
late the diversity of styles and granularities in captions, a
multi-grained uncertainty modeling approach is applied to
model the distributions of captions, with each caption rep-
resented as a multivariate Gaussian distribution. Finally, a
multi-level consistency distillation loss is employed to inte-
grate and align the multi-grained captions, aiming to transfer
knowledge across different granularities. Experimental eval-
uations conducted on three widely-used datasets demonstrate
the significant advancements achieved by our approach.

Introduction

Text-based person retrieval aims to identify specific indi-
viduals based on a provided textual description (Li et al.
2017; Jiang and Ye 2023; Shen et al. 2023a). Diverging
from traditional person re-identification methods, text-based
person retrieval utilizes both image and text as input with
the aim of integrating them into a unified space for pre-
cise retrieval. Consequently, recent researchers have endeav-
ored to develop robust representations by employing robust
loss functions and multi-grained feature extraction method-
ologies. Nevertheless, the efficacy of these endeavors re-
lies heavily on the accessibility of annotated textual descrip-
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Figure 1: (a) and (b) depict the supervised and unsuper-
vised Text-based person retrieval paradigms. (c) denotes the
attribute-based caption generation method. (d) introduces
our LVLM-based Multi-grained caption generation method.
(e) represents our multi-grained uncertainty Modeling and
Alignment framework

tors aligned with each image, which imposes substantial de-
mands in terms of human labor and resources for labeling.
In order to address these challenges, researchers have
recently endeavored to alleviate the laborious and time-
intensive process of caption annotation for pedestrian im-
ages through cross-domain training and automated labeling
techniques. MAN (Jing et al. 2020) introduces a moment
alignment network aimed at addressing the cross-domain
text-based person search task, thereby mitigating the ab-
sence of pairwise text-image identity labels in the target
domain. However, this methodology still requires the inclu-
sion of textual data within the dataset. In contrast, GTR (Bai



et al. 2023c¢) proposes a generation-then-retrieval framework
that operates without the need for parallel Image-Text data,
thus liberating it from dependence on manually annotated
text descriptions. This is achieved by labeling the images
using attributes extracted from a Visual Question Answer-
ing (VQA) model. Furthermore, UniPT(Shao et al. 2023)
suggests generating pseudo-textual descriptions by extract-
ing attributes through the CLIP paradigm, employing a
divide-and-conquer strategy. Nevertheless, both of these ap-
proaches focus on manually designing attributes, potentially
overlooking finer-grained details and introducing noise. Ad-
ditionally, captions generated by these methods tend to adopt
a uniform style due to the utilization of standardized tem-
plates, deviating from the variability observed in real-world
scenarios.

In light of recent advancements in Large Vision-Language
Models (LVLMs), our objective is to leverage their notable
capabilities in multi-modal comprehension to address the
unsupervised text-based person retrieval task, which utilizes
only image data to train a cross-modal retrieval model, as
illustrated in Figure 1(b). Diverging from previous attribute-
based caption generation approaches, shown in Figure 1(c),
we aim to exploit the advantages of LVLMs equipped with
multiple instructive prompts. Specifically, various LVLMs
were employed to generate captions in distinct styles, simu-
lating different annotation styles. The granularity of the gen-
erated captions was regulated by prompt instructions with
defined constraints, ranging from coarse to fine. By utilizing
a diverse array of LVLMs and prompts, we obtained a se-
ries of multi-grained descriptions for each image. Compared
to attribute-based caption generation, this approach is capa-
ble of generating more diverse and multi-granular captions,
which are characteristic features of real-world scenarios.

Although the generated captions provide a comprehensive
description of person images, they inherently contain noise.
To address this, we propose a Multi-grained Uncertainty
Modeling and Alignment (MUMA) framework, which uti-
lizes generated pseudo captions for training the retrieval
model. We introduce an uncertainty-guided sample filtra-
tion module to select a clean subset, employing a Gaussian
Mixture Model to characterize uncertainty distributions and
eliminate noise. Additionally, we model the diverse textual
representations with a multivariate Gaussian distribution to
account for varying granularity and style, thereby capturing
the reality that an image is typically described in different
styles.

Furthermore, to achieve multi-granularity feature align-
ment and enable unified text feature extraction, we propose a
multi-granularity consistency alignment module. This mod-
ule integrates and aligns multi-granularity captions, facilitat-
ing knowledge transfer across different granularities. Specif-
ically, we use integrated text-image similarity and matching
scores as teacher signals to guide the learning of text fea-
tures at each granularity. Through this mutual learning pro-
cess, our method effectively aligns features across different
granularities.

Our contribution can be summary as follows:

e We propose a methodology using Large Vision-
Language Models to generate coarse-to-fine captions for
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each image, showcasing diverse styles and granularities.

* We introduce an uncertainty-guided sample filtration and
modeling strategy to evaluate the reliability of generated
text-image pairs. By modeling the inherent uncertainty in
pseudo text, our approach mitigates noise and captures
the multi-grained characteristic of text in real-world sce-
narios.

* We propose a multi-grained consistency alignment mod-
ule designed to align the distribution of generated multi-
grained captions with ensemble predictions. This module
facilitates the extraction of unified text features across
different granularities.

Related Work
Large Vision-Language Models

Large Vision-Language Models (LVLMs) have shown re-
markable performance in various tasks by adapting Large
Language Models (LLMs) for multimodal inputs and out-
puts, focusing primarily on aligning multimodal semantics.
BLIP-2 (Li et al. 2023) introduces an efficient framework
using a lightweight Q-Former to bridge modality gaps while
utilizing frozen LLMs, enabling zero-shot image-to-text
generation through natural language prompts. MiniGPT-4
(Zhu et al. 2023) aligns a pre-trained vision encoder with
the LLM by training a single linear layer, effectively repli-
cating GPT-4’s capabilities (Achiam et al. 2023). Qwen-
VL (Bai et al. 2023a) is a multilingual model that han-
dles multiple image inputs during training and excels in
object detection and localization tasks. LLaVA (Liu et al.
2024) pioneers Instruction Tuning in the multimodal do-
main, addressing data scarcity by introducing an open-
source cross-modal instruction-following dataset developed
with ChatGPT/GPT-4, and the LLaVA-Bench benchmark
for performance evaluation. InstructBLIP (Dai et al. 2024)
builds on BLIP-2 with updates to the Q-Former for Multi-
modal Instruction Tuning, enhancing adaptable and varied
feature extraction.

Text-based Person Retrieval

Li et al. (Li et al. 2017) initially introduced the text-
based person retrieval task and presented the cross-modal
dataset CUHK-PEDES, which comprises image-text pairs.
Zhang et al. (Zhang and Lu 2018) proposes two key losses,
the cross-modal projection matching (CMPM) loss and the
cross-modal projection classification (CMPC) loss, to accu-
rately gauge the similarity between visual and textual inputs.
IRRA (Jiang and Ye 2023) introduces a novel cross-modal
matching loss based on the CMPM loss and incorporates
fine-grained interaction to enhance global alignment with-
out the need for additional supervision. Conversely, DSSL
(Zhu et al. 2021) and ViTAA (Wang et al. 2020) focus
on foreground-background separation, leveraging the pedes-
trian foreground to supervise network training and mitigate
the impact of background noise. Additionally, some meth-
ods (Zhao et al. 2024; Shen et al. 2023b) employ uncertainty
modeling to align image and text distributions.

In weakly supervised methods, MAN (Jing et al. 2020)
first explored cross-domain text-based person retrieval,
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Figure 2: An overview of our proposed Unsupervised Text-based Person Retrieval pipeline. We employ multiple large Vision-
Language models with multi-grained prompts to generate diverse captions. An uncertainty modeling and alignment training
framework designed to elucidate the relevance of generated captions for the training of text-based person retrieval models.

while CMMT (Zhao et al. 2021) addressed missing ID la-
bels through clustering-based pseudo-labels. However, both
methods require textual data. To address this limitation,
GTR (Bai et al. 2023c) generated text descriptions for per-
son images using VQA inspired techniques. Recent re-
searchers (Shao et al. 2023; Yang et al. 2023b; Zuo et al.
2024; Tan et al. 2024; Jing et al. 2023; Shen et al. 2024a)
focus on automatically constructing large-scale image-text
datasets for text-based person search model pretraining.

Learning with Noisy Labels

Cross-modal noise, including false positive and negative in-
stances, can lead to model generalization deterioration. To
address this issue, Qin et al. (Qin et al. 2024b) proposed Ac-
tive Complementary Loss and Self-refining Correspondence
Correction (SCC) for stable soft correspondences. Hu et al.
(Hu et al. 2023) tackled partially mismatched pairs through
an unbiased estimator of cross-modal retrieval risk. Yang et
al. (Yang et al. 2023a) introduced Bidirectional Cross-modal
similarity consistency for label correction, based on the as-
sumption that similar images should share similar textual de-
scriptions. Recent works (Chen et al. 2022; Ji et al. 2023; Li
et al. 2022b; Cui et al. 2024; Shen et al. 2024b) have fo-
cused on modeling noise uncertainty to learn robust features
for multi-modal retrieval.

Methodology

In contrast to supervised text-based person retrieval, which
depends on the availability of image-text pairs along with

5121

their associated identity labels {T', I, Y}, unsupervised text-
based person retrieval centers on the development of a robust
cross-modal retrieval model 6 solely through the utilization
of image data I = {I4, I, I3, ..., Iy}, where N denotes the
total number of images within the dataset.

Therefore, the initial step in the unsupervised text-based
person search framework involves the generation of pseudo
captions for each image. To promote diversity in captions,
a variety of Large Vision-Language Models with distinct
prompts are utilized to produce captions ranging from coarse
to fine granularity. Subsequently, in order to efficiently lever-
age the generated image-text pairs, we propose a Multi-
grained Uncertainty Modeling and Alignment framework
(MUMA) to train a robust text-based retrieval model capa-
ble of managing noisy image-text captions and extracting
unified-grained text features. Our overall framework is illus-
trated in Figure 2.

Multi-grained Caption Generation

Given the absence of textual descriptions for images in
unsupervised-based person search, it is imperative to gen-
erate captions for each image and subsequently fine-tune the
cross-modal retrieval model. Previous approaches have re-
lied on the Attribute VQA(Bai et al. 2023c) and attribute
classification(Shao et al. 2023) methods to complete the
attribute template for caption generation. However, these
methodologies necessitate pre-defining the attribute space,
potentially overlooking finer attributes. Furthermore, the in-
ferred attributes often lack accuracy, leading to increased
noise in the generated captions.



To enhance the diversity of caption styles for person im-
ages, arange of open-source Large Vision-Language Models
(LVLMs) is employed. These models consist of Qwen-VL
(Bai et al. 2023a), LLaVA-1.5(Liu et al. 2024), MiniGPT-
4(Zhu et al. 2023), and instruct-BLIP(Dai et al. 2024). These
multi-modal LVLMs are utilized to process person images in
conjunction with prompts, resulting in descriptive outputs.
Specifically, to generate captions with diverse stylistic varia-
tions, prompts with varying instructions are employed, span-
ning from coarse to fine granularity. As depicted in Figure 2,
employing the prompt “’Please write a one-sentence descrip-
tion of the person’s appearance in the image.” may elicit con-
cise sentences from the multi-modal LVLM. Though such
brief captions may not encapsulate the entirety of details
within the image, they effectively capture its most salient
attributes. In contrast, prompts like “Please describe the
intricate details of the person’s appearance in the image”
prompt the LVLM to produce more detailed captions. How-
ever, while offering more comprehensive descriptions, these
captions may also introduce additional noise. Consequently,
different levels of granularity exhibit distinct characteristics,
prompting the construction of varied captions for person de-
scriptions.

By employing n LVLMs and g multi-grained prompts,
we generate a total of n X g descriptions associated with
each image in the pseudo dataset {I;, T;}, where T;
{T}, T?,..,T/"*7}}. These diverse captions generated by
LVLMs play a crucial role in training a robust cross-modal
person retrieval model. However, due to inherent uncertain-
ties within LVLMs, mismatches between pseudo image-text
pairs may occur, potentially compromising the performance
of the retrieval model.

To address these challenges, we introduce a Multi-grained
Uncertainty Modeling and Alignment (MUMA) framework
aimed at handling scenarios characterized by noisy captions
and multiple granularities. As shown in figure 2, the pro-
posed MUMA framework consists of three sub-modules:
Uncertrainty-guided Sample Filtration, Multi-grained Un-
certainty Modeling and Multi-grained Consistency Align-
ment.

Uncertainty-guided Sample Filtration

As descriptions are generated by the large Vision-language
models, noise inevitably appears in the textual content, lead-
ing to potential inaccuracies in correspondence with the as-
sociated image. To identify and select clean image-text pairs
suitable for training, we observe that clean pairs typically
exhibit higher similarities and matching scores compared to
their noise counterparts. Consequently, we utilize the distri-
bution of cosine similarities and matching scores to distin-
guish noisy samples from clean ones, subsequently select-
ing reliable pairs for training purposes. Following previous
noise-correspondence methodologies (Yang et al. 2023a;
Qin et al. 2023), the similarity distribution of clean and
noise pairs can be modeled by the Gaussian Mixture Model
(GMM). In this manner, we can infer the probability of a
given pair being noisy or clean by fitting the GMM to the
distribution of pair similarity and matching score. For in-
stance, considering the pair similarity s*¢ = cos(v;, t;), we
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utilize a Gaussian Mixture Model to characterize the sim-
ilarity distribution of image-text pairs within the training

dataset:
Zaqu itc ‘ 0 )

where «, denotes the mixture coefficient, and ¢ (sﬁtc | Hk)
represents the probability density of the k-th component.
sitc denotes the cosine similarity between image I; and
text T;. We posit that pairs exhibiting higher similarity and
matching scores correspond to clean pairs, while others con-
stitute noise pairs. The Expectation-Maximization algorithm
is employed to optimize the GMM. The probability of clean-
liness for the ¢-th pairs can be computed using the posterior
probability as follows:

ztc 7p(0k ‘ Sztc) :p(ek) ( ztc ‘ ek) /P( ntc)7 (2)

where 0 refers to the Gaussian component with a higher
mean. Similarly, we can obtain the cleanliness probabilities

wi™ based on matching score by replacing stte with mitm
in Eq.1 and Eq.2, where m™ is the i-th matchlng score
obtained by the cross- modal encoder. We denoted samples
with both w!*® > th and wi'™ > th as clean pairs, which
can be expressed as :

Ztc | 9 (1)

Dtcrain:{(-liaTi) | p(Ok=1 | Sth) > th, p(Or=1 | Smn > th},

3)
Here, Dy, ,;,, denotes the clean training set. The mean of
these two cleanliness probabilities can be interpreted as the
reliability of the sample pair:

Wil = (p (B=1 | 59) +p (Brer | 527)) /2. @)

Moreover, in each epoch, instead of utilizing all n x g gen-
erated texts for each image, we sample K reliable texts for
image I; from the set {T}}, T2, ..., T;"*?} based on the prob-
ability w¢eem, where texts with higher w¢!®™ for the image
are more hkely to be selected.

Multi-grained Uncertainty Modeling

In addition to sampling clean image-text pairs for robust
model training, we also model the uncertainty in the feature
space and generate more diverse features by representing
the features of generated multi-grained captions as a mul-
tivariate Gaussian distribution. As illustrated in Figure 2, we
initially calculate the mean and variance features of pseudo
captions for each image I;. Denoting K as the number of
multi-grained captions for image I;, their mean and standard
deviation are calculated as follows:

,U'i Z Z w; Etezt 7 5)
=1 1 k=1
1 al 2
= ?Z(Etmt(T —ul)7, (©6)
Jj=1

where Fy..:(-) represents the text encoder. After obtain-
ing the mean and variance of the text, the caption for each



image can be modeled as a multivariate Gaussian distribu-
tion p(T'|I;) ~ N (uf, (2T)?). This distribution for multi-
grained captions can be expressed as:

6" =em -l ™

where (™) ~ AN(0,1) is random sampled from the nor-
mal distribution. Given the image I;, we obtain K + M
positive text features, consisting of K features from LVLM-
generated captions and M sampled features from the mon-
itored uncertainty distribution. Consequently, we compute
the contrastive loss between the image and the text feature.
For each image, the uncertainty-aware contrastive loss is
calculated among these generated and sampled positive text
features, which can be expressed as:

clean

D tiePs ups Wi, €XP (s5(vi,ti))

1B
= 5 log )
B ; the{”Piu’Pfuﬁi} exp (s (vi, t;))
@®)
where P; and P; denote the set of generated K text and

sampled M text features, respectively, while P; represents
the set of negative text features. Similarly, the uncertainty-
aware text-to-image contrastive loss can be expressed as:

| B
:_EZ > wiem log

1 t,€P; U'Pf

£i2t

uitc

exp (s (b, v2)

B )
> exp (s (ti,v)))

€))

where wffe‘l" is the reliability scores for the text-image pair
estimated in section 3.2. In this manner, the image features
are pulled with multi-grained text, enhancing the ability to
handle various scenarios with different granularity. There-
fore, the multi-grained uncertainty-guided contrastive loss
can be expressed as:

»Cuitc = let

uitc

Et?i

uitc

4 Lt2i

uitc*

(10)

Additionally, we employ an uncertainty-guided image-text
matching loss to learn the multi-grained image-text match-
ing relations. We designate all multi-grained positive texts as
positive image-text pairs, forming the set P. For each image
and text pair, we sample negative pairs based on their simi-
larities, resulting in the negative set P. Reliability scores are
also applied to image-text pairs to mitigate the influence of
noise samples:

Acuitm — E(LT)NPUﬁwcleanH (yitmjpitm (I, T)) ) (11)

Multi-grained Consistency Alignment

Considering the varied granularity and stylistic characteris-
tics found in textual descriptions within real-world scenar-
ios, we utilize the mean features of our pseudo multi-grained
captions, denoted as p, to facilitate the establishment of uni-
fied granularity text features via a multi-grained ensemble
methodology. As a result, the computed similarity between
the mean multi-grained caption features and image features
can be construed as the measure of unified granularity simi-
larities and can be expressed as follows:

(1) =

exp (s (vi, pt) /7)
S _exp (s (v, pih,) /7)

—i2t
Dij

; (12)
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Denoting the similarity between the mean caption features
and image features within a batch as p*?* and p'?’ respec-
tively, we can define the ensemble labels as follows:

/giZt _ (1 _ a)yiQt + alﬁi2t(1)

Then we utilize the Kullback-Leibler (KL) divergence to
align the distribution of multi-grained text-image similarities
with the unified image-text distribution. This regularization
aids in transferring knowledge between different granulari-
ties. Consequently, the multi-grained consistency alignment
loss can be represented as:

(13)

(1) + > KL@™ (I (1)),

1=1
(14)
where K represents the number of generated descriptions,
and pi? (I) and pi?(I) denote the relationship between the
image and the k-th style’s caption. Through the utilization of
this multi-grained consistency loss, our approach effectively
transfers knowledge from each granularity level, thereby en-

hancing the robustness of features.

K
1 — 12t 12t
L = g(;KLw Pk

Objective Functions

We incorporate the multi-grained uncertainty loss and the
multi-level consistency alignment loss as our ultimate ob-
jective functions:

Luitc = Luitc + ACuitm + Emcl (15)

During the evaluation, our model only comprises the image,
text, and cross-modal encoders for similarity and matching
score computation, similar to BLIP(Li et al. 2022a) without
the need for additional steps.

Experiments
Datasets and protocol

We evaluate our approach using three Text-based Person
Retrieval datasets: CUHK-PEDES (Li et al., 2017), ICFG-
PEDES (Ding et al., 2021), and RSTPReid (Zhu et al.,
2021). Our training solely utilizes image data, devoid of
any dependency on manually annotated text data. During the
testing phase, captions from the dataset are leveraged for re-
trieval.

The Rank-K metric (where k = 1, 5, 10) is a commonly
utilized evaluation measure fundamental to text-based per-
son retrieval. It entails the identification of the most per-
tinent one/five/ten image(s) by assessing the similarity be-
tween textual descriptions and images. Additionally, to pro-
vide a comprehensive evaluation, we integrate the mean av-
erage precision (mAP) as an additional criterion for assess-
ing the overall retrieval performance.

Implementation Details

For caption generation, we utilize three Vision-Language
Models (VLMs) with three prompts of varying granularity,
resulting in the generation of nine captions per image. These
VLMs include Instruct-BLIP, LLaval.5, and Qwen-VL. The
multi-grained prompts employed in our framework are illus-
trated in Figure 2. The parameters of the image encoder, text



. CUHK-PEDES ICFG-PEDES
Methods Ref R1 R5 R-10 mAP Methods Ref R-T R R-10 mAP
Fully Supervised Fully Supervised
GNA-RNN (Li et al. 2017) CVPRI7 [19.05 - 53.64 - Dual Path (Zheng et al. 2020) |[TOMM20(38.99 59.44 6841 -
Dual Path (Zheng et al. 2020) | TOMM?20 44.40 66.26 75.07 - CMPMY/C (Zhang and Lu 2018) |[ECCV18 |43.51 65.44 74.26 -
CMPMY/C (Zhang and Lu 2018) |ECCV18 (4937 - 7927 - ViTAA (Wang et al. 2020) ECCV20 |50.98 68.79 75.78 -
ViTAA (Wang et al. 2020) ECCV20 |55.97 75.84 83.52 51.60 IVT (Shu et al. 2022) ECCV22 156.04 73.60 80.22 -
LBUL (Wang et al. 2022) MM22  |64.04 82.66 8722 - CFine (Yan et al. 2022) arXiv22 [60.83 76.55 82.42 -
LGUR (Shao et al. 2022) MM22  |65.25 83.12 89.00 - LCR?S (Yan et al. 2023) MM23  [57.93 76.08 82.40 38.21
BLIP (Li et al. 2022a) ICML22 |65.61 82.84 88.65 58.02 IRRA (Jiang and Ye 2023) CVPR23 |63.46 80.25 85.82 38.06
CFine (Yan et al. 2022) arXiv22 |69.57 8593 91.15 - RaSa (Bai et al. 2023b) IICAI23 |65.28 80.40 85.12 41.29
LCR2S (Yan et al. 2023) MM23  67.36 84.19 89.62 59.24 RDE (Qin et al. 2024a) CVPR24 |67.68 82.47 87.36 40.06
IRRA (Jiang and Ye 2023) CVPR23 |73.38 89.93 93.71 66.13 AUL (Li et al. 2024) AAAI24 |69.16 83.32 8837 -
RDE (Qin et al. 2024a) CVPR24 [75.94 90.14 94.12 67.56 Unsupervised
RaSa (Bai et al. 2023b) IJCAI23 |76.51 90.29 94.25 69.38 IRRA* (Jiang and Ye 2023)  [CVPR23 [2123 3737 46.04 1147
AUL (L et al. 2024) AAADA4 |77.23 9043 9441 - BLIP* (Li et al. 2022a) ICML22 (3158 52.03 61.73 13.20
Unsupervised GTR (Bai et al. 2023c) MM23  |28.25 45.21 53.51 13.82
IRRA* (Jlang and Ye 2023) CVPR23 32.94 54.37 64.67 30.87 MUMA (Ol.ll'S) _ 38.11 56.01 63.96 19.02
BLIP* (Li et al. 2022a) ICML22 |51.41 71.41 78.76 44.73
S[leliﬁa(loirf)' 2023¢) {VIMB ggg 3333 ;ii; g;gé Table 2: Performance comparison on ICFG-PEDES dataset.

Table 1: Performance comparison on CUHK-PEDES
dataset. * denotes the model is trained using the caption gen-
erated by LLaVA-1.5(Liu et al. 2024).

encoder, and cross-modal encoder are initialized using the
weights of the BLIP model (Li et al. 2022a). We set the pa-
rameter K to 3, indicating that three captions are sampled
per epoch based on their reliability. And M is set to 5. Ad-
ditionally, the threshold th and « are configured to 0.5 and
0.4. During training, the input image size is fixed at 256x256
pixels, with a batch size of 16 and a total of 20 epochs. We
adopt the AdamW optimizer with an initial learning rate of
10~° and cosine learning rate decay. The temperature pa-
rameter 7 is initialized to 0.07. Image data augmentation
techniques employed during training include random hori-
zontal flipping, random cropping with padding, and random
erasing. The length of textual tokens is set to 77. Experimen-
tal procedures are conducted on two RTX4090 GPUs.

Comparison with the State-of-the-Art

To evaluate the effectiveness of our proposed framework,
we conducted experiments using three widely utilized text-
based person search datasets. Our baseline model is con-
structed based on BLIP (Li et al. 2022a), employing captions
exclusively generated by LLaVA-1.5 with a single granular-
ity to train the retrieval model. Additionally, we present the
performance of IRRA under the unsupervised setting, lever-
aging captions generated by LLaVa-1.5.

CUHK-PEDES. We conducted a comparative analysis
of our framework against state-of-the-art methods using the
CUHK-PEDES dataset, as depicted in Table 1. Our ap-
proach yields notable results with 59.52% Rank-1 accuracy
and 52.75% mAP, surpassing the performance of the GTR
method by 11.99% and 9.84%, respectively. Moreover, our
method exhibits substantial improvements, achieving an in-
crease of 8.91% in Rank-1 accuracy and 8.46% in mAP
compared to the baseline approach.

ICFG-PEDES. Our framework demonstrates competitive
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RSTPReid

Methods Ref RT R3S R10 mAP
Fully Supervised
LBUL (Wang et al. 2022) |MM22 |45.55 68.20 77.85 -
IVT (Shu et al. 2022) ECCV22|46.70 70.00 78.80 -
CFine (Yan et al. 2022) arXiv22 |50.55 72.50 81.60 -
C2A2 (Niu et al. 2022) MM22 |51.55 76.75 85.15 -
Beat (Ma et al. 2023) MM23 |48.10 73.10 81.30 -
LCR?S (Yanet al. 2023) |MM23 |54.95 76.65 84.70 40.92
IRRA (Jiang and Ye 2023) |CVPR23|60.20 81.30 88.20 47.17
RDE (Qin et al. 2024a) CVPR24 |65.35 83.95 89.90 50.88
RaSa (Bai et al. 2023b) IJCAI23 |66.90 86.50 91.35 52.31
AUL (Li et al. 2024) AAAI24 |71.65 87.55 92.05 -
Unsupervised
IRRA* (Jiang and Ye 2023) |CVPR23 |37.60 60.65 72.30 27.42
BLIP* (Li et al. 2022a) ICML22 |44.45 67.70 77.25 33.73
GTR (Bai et al. 2023c) MM23 |45.60 70.35 79.95 33.30
MUMA (ours) - 54.35 76.05 83.65 40.50

Table 3: Performance comparison on RSTPReid dataset.

performance on the ICFG-PEDES dataset, as illustrated in
Table 2. Our method achieves a new SOTA Rank-1 accuracy
of 38.11% and mAP of 19.02%, surpassing the BLIP method
by 6.53% in Rank-1 accuracy and 5.82% in mAP.

RSTPReid. As shown in Table 3, our method achieves
50.35% Rank-1 accuracy and 40.50% mAP, outperforming
the second-best method by significant margins of 8.75% and
7.2%, respectively. Notably, our approach even surpasses
several supervised methods, including CFine (Yan et al.
2022) and C2A2 (Niu et al. 2022), while eliminating the
need for manual annotations.

Ablation Study

To analysis the effectiveness of our proposed method, A se-
ries of ablation experiments are performed on the CUHK-
PEDES dataset, as shown in Table 4.

Ablations on Different Components. We establish the
baseline using BLIP trained with single captions from
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Figure 3: Performance comparison with different 7 and th .
Methods Components CUHK-PEDS
MM MG USF MUM MCA| R-1 | R5 | R-10 | mAP
Baseline - - - - 51.41 | 71.41 | 78.76 | 44.73
Model 1 v - 52.65 | 72.63 | 80.33 | 47.02
Model 1 - v 53.67 | 74.01 | 81.53 | 48.02
Model 2 v v - 55.51 | 74.90 | 82.05 | 49.45
Model 3 | v v v - 57.08 | 77.26 | 84.16 | 51.34
Model 4 | v v v v - 58.62 | 76.64 | 83.79 | 51.68
Ours v v v v v 59.52 | 77.79 | 84.65 | 52.75

Table 4: Ablation studies on CUHK-PEDES. MM: Multi-
model caption generation. MG: Multi-grained caption gen-
eration. USF: Uncertainty-guided Sample Filtration. MUM:
Multi-grained Uncertainty Modeling. MCA: Multi-grained
Consistency Alignment.

LLaVal.5. As shown in Table 4, using multiple LVLMs im-
proves Rank-1 accuracy and mAP by 1.24% and 2.29%, re-
spectively. The Multi-Grained prompts further boost perfor-
mance with 2.26% Rank-1 and 3.29% mAP improvements
over the baseline. These results demonstrate that our multi-
grained caption generation effectively captures diverse im-
age descriptions, leading to more robust retrieval represen-
tations.

The proposed Multi-Grained Uncertainty Modeling and
Alignment framework demonstrates strong performance
with generated multi-grained captions. The Uncertainty-
guided Sample Filtration effectively selects reliable image-
text pairs, improving Rank-1 and mAP by 1.57% and
1.89%, respectively. The Multi-Grained Uncertainty Mod-
eling module further enhances Rank-1 accuracy by 1.54%,
while the Multi-Grained Consistency Alignment module im-
proves mAP by 1.08%. These results confirm that knowl-
edge from multi-grained representations can be effectively
transferred and mutually reinforced, validating the effective-
ness of our multi-grained caption generation and uncertainty
modeling approach.

Parameter Analysis. In this section, we analyze the im-
pact of various parameters through the implementation of
three hyper-parameter ablation studies conducted on the
CUHK-PEDS dataset. As illustrated in Figure 2 (a), the pa-
rameter 7 is introduced in Equation (1) to control the dis-
criminative capability between positive and negative pairs. A
large value of 7 has the potential to diminish the discrimina-
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CUHK-PEDS

Methods 4R35 R10 mAP
Base | 58.38 78.00 8502 52.46
m=1 | 5890 77.58 8460 5227
m=5 | 59.52 7779 84.65 52.75
m=10 |59.16 7732 8454 52.19
m=20 | 59.17 7742 8434 52.84

Table 5: Ablation for the number of sampled embeddings.

CUHK-PEDS

Methods R1 RS R-10 mAP
Attribute-based (Shao ctal. 2023) | 41.90 64.05 74.349 30.52
Minigpt-4(Zhu et al. 2023) | 48.81 68.96 7633 43.61
LLaVA-1.5(Liuctal. 2024) | 51.41 7141 7876 4473
Instruct-BLIP(Dai et al. 2024) | 5029 70.69 783  44.25
Qwen-VL (Bai etal. 2023a) | 5044 70.00 78.13 43.69
MUMA (ours) 5952 7779 84.65 5275

Table 6: The effectiveness of different Large Vision-
language Models.

tive capacity between positive and negative pairs. Moreover,
as depicted in Figure2(b), it is evident that the utilization of a
threshold th for selecting clean pairs during training yields
a notable enhancement in our model’s performance. Addi-
tionally, experiments were conducted to explore the influ-
ence of the number of sampled embeddings from the multi-
grained uncertainty modeling module. As depicted in Table
5, performance demonstrates enhancement with increasing
m, reaching its peak at m = 5, beyond which performance
gains become marginal.

Effectiveness of Different LVLMs. In this section, we
provide a comparative analysis of various LVLMs. The
Attribute-based method, utilizing the VLM (Bai et al.
2023c) to extract person attributes for caption generation,
yields inferior performance compared to LVLM-based ap-
proaches. Table 6 reveals that distinct LVLMs achieve com-
parable performance, with LLaVA demonstrating the high-
est efficacy. Furthermore, our proposed MUMA method sur-
passes the single-grained approach by 8.11% and 8.02% re-
spectively, thereby substantiating the effectiveness of our
multi-grained methodology.

Conclusion

This paper proposes a multi-grained uncertainty model-
ing and alignment framework for unsupervised text-based
pedestrian retrieval using LVLMs. Multiple LVLMs are em-
ployed to generate diverse pedestrian descriptions with vary-
ing styles and granularities. To address noise and multi-
grained challenges, we propose an uncertainty-guided sam-
ple filtration module for reliable pair selection and rep-
resent captions as multivariate Gaussian distributions. A
multi-level consistency distillation loss is further introduced
to align multi-grained captions. Extensive experiments on
three benchmark datasets demonstrate the effectiveness of
the proposed approach.
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