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Abstract
Text-to-image person retrieval, a fine-grained cross-modal retrieval problem, aims to search for person images from
an image library that match a given textual caption. Existing text-to-image person retrieval methods usually use
fixed-point embedding to express the semantics of the two modalities and perform multi-granularity alignment
between modalities in the embedding space. However, owing to the inherent mutual one-to-many correspondence
between images and texts, it is often difficult for fixed-point embedding methods to adequately capture this
relationship, leading to erroneous retrieval results. To address this problem, we propose a novel uncertainty-aware
coarse-to-fine alignment method, which first maps fixed-point embedding to probability distributions and then
aligns two modalities in terms of distributions and sampling points at a coarse-to-fine granularity, for accurate
text-to-image person retrieval. Specifically, we first introduce two contrastive learning tasks of distribution contrast
learning and point contrast learning, to achieve coarse-grained inter-modal alignment with uncertainty-aware. The
distribution contrast learning task ensures that distributions with the same identity are as similar as possible across
modalities through distribution-based contrastive learning. The point contrast learning task performs the contrastive
learning of inter-modal and intra-modal sampling points, which not only models rich and diverse cross-modal
associations, but also optimizes the learning of distributions. For the fine-grained association requirements of
text-to-image person retrieval, we design the task of uncertainty-aware attribute masking language reconstruction,
which achieves fine-grained alignment by randomly masking attribute words in the text and reconstructing them
via inter-modal sample point interactions. Extensive experiments on two public datasets demonstrate the superior
performance of our method.

Keywords: Cross-modal retrieval, Uncertainty-aware, Coarse-to-fine alignment, Probalility distribution, Contrastive
learning

1 Introduction
Text-to-image person retrieval is a retrieval task within
multi-modal learning [1–3], as well as an extended direc-
tion of person re-identification (Re-ID) [4]. Its goal is to
efficiently retrieve the corresponding target person images
from a large-scale image database based on the given tex-
tual descriptions. Unlike previous image-based person Re-
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ID [5], it leverages flexible and easily accessible textual de-
scriptions for retrieval [6], enabling wide applications in
scenarios, in which image information is not readily avail-
able. This task requires the model to bridge the modal gap
between the text and the image. Additionally, compared
with traditional text-to-image retrieval tasks, this task fo-
cuses specifically on retrieving images of a person. Given
the often subtle differences individuals, the model needs
to improve its fine-grained alignment capabilities to more
accurately identify and distinguish between different per-
sons.

The text-to-image person retrieval task faces three main
challenges: modality differences, cross-modal semantic
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gaps, and semantic alignment issues. Text is often con-
cise and abstract, whereas images are concrete and intu-
itive, making matching between the two complex. Addi-
tionally, differences in semantic expression between text
and images create cross-modal semantic gaps. Accurately
aligning the semantics between text and image, particu-
larly during fine-grained feature matching, remains a key
to improving retrieval accuracy.

The key to text-to-image person retrieval lies in estab-
lishing an accurate association between the two modal-
ities. To address this challenge, researchers have pro-
posed various methods. For instance, some studies in-
troduce cross-modal matching loss functions [7], which
learn global alignment by separately extracting features
from text and images and then calculating their similarity.
However, these methods fail to capture the fine-grained
characteristics adequately. To address this limitation, re-
searchers have explored local matching approaches. Some
efforts attempt to explicitly match body parts with words
in the text [8] or implicitly achieve alignment through at-
tention mechanisms [9]. Other studies leverage linguis-
tic toolkits [10] to decompose the text into phrases for
alignment [6, 11]. However, these methods often have high
computational costs and overly rely on the reliability of the
toolkits, which can weaken the connection between nouns
and phrases and degrade the quality of text features. In
contrast, Jiang and Ye [12] successfully achieved implicit
local alignment by introducing a masked language model-
ing task. This method encourages the model to learn cross-
modal fine-grained relationships, significantly improving
retrieval performance.

The aforementioned methods have advanced the field of
text-to-image person retrieval, but they rely on fixed-point
embeddings to represent multi-modal semantic informa-
tion. This approach struggles to effectively model the in-
herent uncertainty within each modality, potentially re-
sulting in incorrect associations between images and text,
which can adversely impact retrieval performance. Specifi-
cally, fixed-point embeddings map text and image data into
a common high-dimensional embedding space, in which
each text or image is represented as a fixed point. How-
ever, this method results in significant limitations when
dealing with complex one-to-many and many-to-one cor-
respondences between text and images. For instance, in
commonly used text-image person retrieval datasets, such
as ICFG-PEDES [13] and RSTPReid [14], a single descrip-
tion can match multiple images of a person, and a single
image can fit several different descriptions, as shown in
Fig. 1. Such complex correspondences make it difficult for
fixed-point embeddings to capture this diversity, leading
to an oversight of polysemy in language. This problem re-
duces the accuracy and robustness of cross-modal align-
ment, thereby increasing the likelihood of retrieval errors.

Figure 1 The cross-modal one-to-many relationship is modeled
using point and distribution representations. In (a), light blue
represents the text description, while yellow and dark blue denote
pedestrian images from different viewpoints. Their corresponding
point and distribution representations are shown on the right. In (b),
light purple represents the pedestrian image, while blue and orange
indicate two matching text descriptions. Their respective point and
distribution representations are also shown on the right

To address the above problem, we propose a novel
uncertainty-aware coarse-to-fine alignment network
(UANet). It addresses the aforementioned issue through
uncertainty-aware methods. Specifically, in the text-to-
image cross-modal person retrieval task, uncertainty-
aware refers to expanding fixed-point embedding-based
feature representations into distributional representations
to capture and convey rich semantic details. Traditional
fixed-point embeddings map each sample to a determinis-
tic feature vector, overlooking the natural variability and
uncertainty in sample features across different modali-
ties and viewpoints. Through uncertainty-aware meth-
ods, each sample embedding can be mapped to a prob-
ability distribution, such as a Gaussian distribution, which
extends the sample’s feature space into a more inclusive
distributional representation. This effectively reflects the
inherent diversity and ambiguity of the sample. In cross-
modal person retrieval, this uncertainty-aware representa-
tion is crucial for semantic consistency. Given the inherent
differences in modal characteristics between text descrip-
tions and image samples, such as the abstract nature of text
and the visual nature of images, uncertainty-aware can ef-
fectively capture the similarities and differences between
modality features through distributional parameters (e.g.,
mean and variance).

UANet maps fixed-point embedding to probability dis-
tribution and aligns the two modalities in terms of both
distributions and sampling points from coarse to fine, re-
sulting in diverse and diverse representations of embed-
ded space. Specifically, to map fixed-point embedding into
a Gaussian distribution representation, we first design a
distribution generation module (DGM), which enhances
intra-modal interactions over self-attention, capturing
rich information and resulting in accurate predictions
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of the mean and variance. Then, to model the complex
one-to-many correspondence, we perform uncertainty-
aware alignment from coarse to fine grained from both
distribution and sampling point perspectives. Specifically,
to realize uncertainty-aware coarse-grained alignment,
distribution contrastive learning (DCL) and point con-
trastive learning (PCL) are proposed. DCL ensures that
the distributions of the same IDs are similar as possi-
ble as across modalities by comparing the distributional
differences. PCL builds rich cross-modal associations by
contrastive learning of the sampling points and the mean
points. To achieve more accurate fine-grained alignment,
the uncertainty-aware attribute masked language recon-
struction (U-AMLR) task is designed, which reduces inter-
ference from task-irrelevant vocabulary by masking per-
son attributes. Moreover, it utilizes the interaction be-
tween the mean and the sampling points to reconstruct
the masked words, leading to a more precise fine-grained
associations between modalities.

Overall, the main contributions of this paper can be
summarized as follows:

1) We propose uncertainty-aware coarse-to-fine
alignment network called UANet, which effectively
models one-to-many correspondence between
modalities by transforming fixed-point embeddings
into Gaussian probability distribution
representations.

2) We design two tasks, distributional contrastive
learning called DCL and point contrastive learning
called PCL, to build rich and diverse embedding
space representations.

3) We design uncertainty-aware attribute masked
language reconstruction task, termed as U-AMLR, to
further improve the accuracy of fine-grained
alignment.

4) Extensive experiments on publicly available
text-to-image person retrieval datasets demonstrate
the superiority of our approach over state-of-the-art
methods.

2 Related work
2.1 Text-to-image person retrieval
With the rapid advancement of deep learning [15], text-to-
image person retrieval has gained considerable attention.
It was first introduced by Li et al. [16], aiming to estab-
lish fine-grained associations between two heterogeneous
modalities within a shared embedding space. In terms of
feature extraction, early methods utilized separately pre-
trained encoders, such as visual geometry group (VGG)
for images and long short-term memory (LSTM) for text,
to extract features [6, 17]. Later, more advanced encoders,
such as residual network (ResNet) and bi-directional en-
coder representations from transformers (BERT) were
adopted to extract features from images and text, respec-
tively [7, 18]. However, these encoders typically handle

data from a single modality and lack cross-modal capa-
bilities. To address this, recent studies [12, 19] have ex-
plored the potential of contrastive language-image pre-
training(CLIP) encoders for feature extraction and applied
them to person retrieval tasks, significantly enhancing re-
trieval performance.

In terms of alignment improvements, early studies ap-
plied matching losses on extracted image and text fea-
tures to learn alignment capabilities [20]. However, these
methods were limited to coarse-grained global matching
and failed to capture the fine-grained characteristics of
the task. To address this issue, later works focused on en-
hancing local feature learning, such as by explicitly seg-
menting body parts [8], dividing text into phrases [11],
and adding attribute annotations [21], to improve local
matching. In contrast, recent studies [12] have achieved
implicit local alignment by introducing masked language
modeling tasks, enabling the model to learn cross-modal
fine-grained relationships and significantly enhancing re-
trieval performance. While these methods have advanced
the field of text-to-image person retrieval, they still rely
on fixed-point embeddings to represent the semantics of
different modalities, limiting the ability of model to han-
dle complex one-to-many and many-to-many correspon-
dences between text and images.

2.2 Probability distribution embedding
Probabilistic embedding in deep learning is a method
that combines probabilistic theory with embedding tech-
niques, primarily used to handle data with uncertainty and
probabilistic characteristics. In the context of deep learn-
ing, probabilistic embedding is often employed to build
models capable of processing uncertainties and noises,
thereby accurately describing and predicting complex phe-
nomena in the real world.

Previously, in the field of natural language processing,
some works [22] utilized multi-variate Gaussian distribu-
tions to represent words, aiming to capture the asymmet-
ric relationships among them. In computer vision, other
works introduced Gaussian representations for specific
tasks, to model visual uncertainties, such as face recog-
nition [23] and person Re-ID [24]. Within cross-modal
retrieval, the need arises to construct a common repre-
sentation space for samples from multiple modalities (vi-
sion and language). However, the diversity in the corre-
spondence between images and their descriptions makes
this task particularly challenging, and deterministic func-
tions are insufficient to capture such one-to-many rela-
tionships. Consequently, recent researchers [25] have in-
troduced probabilistic embedding into multi-modal re-
trieval tasks. Nevertheless, compared with general cross-
modal retrieval, the introduction of probabilistic embed-
ding in text-to-image person retrieval is still in its infancy.
Therefore, we propose applying probabilistic embeddings
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Figure 2 Overall architecture of the proposed uncertainty-aware alignment network. It consists of an image encoder, a text encoder, and two
distribution generation modules. The image and text encoders extract deterministic embeddings xv and xt , respectively. These embeddings are then
passed through distribution generation modules to predict their corresponding means μv , μt and variances σv , σt , forming Gaussian distributions
p(zv|xv ) and p(zt|xt ). Latent variables zv and zt are sampled from these distributions to represent the underlying visual and textual semantics. Multiple
samples p1,p2, . . . ,pn are drawn from the visual distribution p(zv|xv ), facilitating robust representation learning. These are then fed into the alignment
process, where DCL and PCL modules perform coarse-grained alignment, while the U-AMLR module conducts fine-grained alignment. Within
U-AMLR, Q, K , and V denote the query, key, and value matrices in the cross-attention mechanism, and the MLM head refers to a multi-layer
perceptron (MLP) used for masked language modeling

to the text-to-image person retrieval model to account
for the inherent uncertainty within each modality and to
better model complex relationships, such as one-to-many
matching.

3 Method
In this section, we first overview the proposed uncertainty-
aware coarse-to-fine alignment network called UANet,
and then present the details of UANet and the testing
method.

3.1 Overview
The overall structure of UANet is shown in Fig. 2. Specif-
ically, each input pedestrian image is first divided into N
non-overlapping patches, where N = (HW )/(PhPw), with
H and W representing the height and width of the im-
age, and Ph and Pw representing the height and width of
each patch. The image encoder is then used to extract the
fixed-point embedding of the visual patches, denoted as
xv. Next, the DGM uses these embeddings to predict the
mean μv and variance σv, and maps the embedding to a
probability distribution p(zv|xv), where zv is the latent vari-
able sampled from the conditional distribution p(zv|xv),
representing the latent representation of xv. For each text
description, random attribute masking is performed first,
and the processed text is fed into the text encoder to obtain
the fixed-point embedding xt . Similar to image processing,
the text embedding is also mapped to a probability distri-
bution p(zt|xt) after passing through the DGM, where zt
is the latent variable sampled from the conditional distri-
bution p(zt|xt), representing the latent representation of

the text description xt . Next, UANet combines both dis-
tribution and sampling point perspectives for coarse to
fine alignment. Specifically, for zv and zt , we first perform
the DCL task to drive the pair-wise distributions to be
as similar as possible. Moreover, the PCL task establishes
complex associations between two modalities from the
perspective of sampling points. Consequently, with DCL
and PCL, UANet achieves inter-modal uncertainty-aware
coarse-grained alignment. Moreover, we perform the U-
AMLR task on these sampling points.

3.2 Backbone
To fully utilize the current knowledge of multi-modal pre-
trained large models, we directly utilize the image and text
encoders in CLIP [26] to extract the embedding for each
modality.

Image encoder. Since the image encoder of CLIP utilizes
the ViT [27] architecture, for a given person image, it is
first divided into N non-overlapping and same-sized image
patches. After linear projection, these patches are mapped
into 1D tokens. To represent the global information of
image and preserve the positional information, these to-
kens are additionally appended with the classification to-
ken ([CLS]) and the corresponding positional encoding.
These token sequences are fed into the Transformer to
model the relationship between patches and patches.

Text encoder. For the text description, it is first tok-
enized. In other words, the corresponding words are trans-
formed into the corresponding encodings. Then, the start
of sequence token ([SOS]) and the end of sequence token
([EOS]) are added at the beginning and end positions of
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text description, which is consistent with the tokenization
of text in CLIP. Afterwards, the tokenized text sequences
are fed into the encoder based on Transformer, which
models the associations between each token by masking
self-attention. Eventually, the [EOS] tokens that are used
to characterize the global information of text are linearly
projected into the embedding space of the union to obtain
a global representation of text.

3.3 Distribution generation
To model the uncertainty in both the text and image
modalities, we propose DGM to map the point embed-
dings of different modalities to multivariate Gaussian dis-
tributions. Specifically, DGM takes the fixed point embed-
ding of a modality as input and outputs the mean vector
and variance vector. For example, in the visual modality,
given any fixed point embedding xv, DGM defines its rep-
resentation zv as a Gaussian distribution in the embedding
space:

p(zv|xv) = Nv(zv;μv,σ 2
v ), (1)

where Nv represents the diagonal multi-variate Gaussian
distribution, μv represents the mean vector of distribution
of xv, σ 2

v denotes the variance vector. In particular, since
the mean vector represents the center of the distribution,
its semantics should be closest to the main semantics of
the image. Therefore, we directly use the fixed point em-
bedding xv of the image as the mean vector of the distri-
bution. On the other hand, the variance of the distribu-
tion captures the uncertainty and semantic variation in the
data. To obtain it, we extend the fixed point embedding.
Specifically, we first enhance the fixed point embedding xv
using a self-attention mechanism. Then, we use residual
connections to ensure the efficient transmission of the en-
hanced features. Finally, a fully connected layer is used to
map these enhanced features to a new embedding space to
generate the variance. The computation process is as fol-
lows:

μv = xv, (2)

σ 2
v = FC(SA(xv) + F(SA(xv))), (3)

where SA represents multi-head self-attention, F is the
feedforward network, and FC is the fully connected layer,
with xv being the fixed point embedding of the image. By
adopting this method, we are able to obtain both the mean
and variance for the text and image modalities simultane-
ously. With DGM, each sample from the visual or textual
modality is mapped to a Gaussian distribution in the high-
dimensional embedding space.

3.4 Uncertainty-aware coarse-grained alignment
To achieve uncertainty-aware coarse-grained alignment
between modalities, we design DCL and PCL, which
jointly construct rich multi-modal embedding represen-
tations from different perspectives.

Distribution contrastive learning. In DCL, to measure
the similarity between two distributions, we first cal-
culate their 2-Wasserstein distance. Compared with the
Kullback-Leibler (KL) divergence and Jensen-Shannon (JS)
divergence, the 2-Wasserstein distance can handle the case
of non-overlapping distributions and provide information
about the gradient that can help in optimization. Since all
covariance matrices are diagonal matrices in our modeled
distribution, and the 2-Wasserstein distance can be sim-
plified as

D2w = ||μv – μt||22 + ||σv – σt||22, (4)

where μv and μt represent the means of the image and text
embeddings after being mapped to Gaussian distributions,
and σv and σt represent the standard deviations of the im-
age and text embeddings after being mapped to Gaussian
distributions. Through the use of the 2-Wasserstein dis-
tance, we can quantify the similarity between two multi-
variate Gaussian distributions as

s(v, t) = –a × D2w + b, (5)

where s(v, t) measures the similarity between visual and
textual two distributions, a is the proportionality coeffi-
cient and b is a shift value. Next, the probability pi,j of a
text-to-image matching pair can be calculated as

pi,j =
exp(s(vi, tj)/τ1)

∑N
k=1 exp(s(vi, tk)/τ1)

, (6)

where τ1 is a temperature coefficient that is detailed in
Ref. [12] to enable model to focus on hard-negative sam-
ples. It can increase the correlation between matched
image-to-text pairs and the variance between unmatched
text-to-image pairs. Finally, following CMPM [7], the DCL
loss from image to text in a batch can be obtained as

LD–i2t = LKL(pi||qi) =
1
N

N∑

i=1

N∑

j=1

pi,j log(
pi,j

qi,j+ ∈ ), (7)

where LKL represents Kullback-Leibler divergence, pi de-
notes the predicted matching distribution between the i-th
image and all text, while qi represents the corresponding
ground truth matching distribution, qi,j = yi,j/

∑N
k=1 yi,k is

the true matching probability, yi,k indicates whether the i-
th image matches the k-th text, where yi,k = 1 if they match,
and yi,k = 0 otherwise. ∈ is the number to avoid numerical
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problems. Similarly, the DCL loss LD–t2i from text to image
is similar to above process. By combining these two direc-
tions losses, the final DCL loss is formed as

LDCL = LD–i2t + LD–t2i. (8)

Point contrastive learning. Since the learning of distribu-
tions lacks explicit constraints, aligning two modalities
from the perspective of distribution alone is not sufficient.
To this end, PCL is proposed to perform inter-modal and
intra-modal contrastive learning from the perspective of
the sampling points. It not only establishes accurate and
rich cross-modal associations, but also improves the learn-
ing of distributions.

To build diverse cross-modal associations, we perform
cross-modal point contrastive learning between the sam-
pled points from the distribution of one modality and the
distribution mean of the other modality. Specifically, for
the k-th sampled point vik from the distribution of the i-th
image vi, and the distribution mean μ

j
t of the j-th text tj, we

first measure their similarity using cosine similarity. Con-
sistent with the DCL method, we introduce a temperature
coefficient τ2 to adjust the focus on hard negative samples.
Then, the matching probability pik ,j between vik and μ

j
t is

computed as follows:

pik ,j =
exp((vik × μ

j
t/τ2)

∑N
j=1 exp((vik × μ

j
t/τ2)

, (9)

thus, the contrastive learning loss for a single sample point
k, denoted as Lki2t , can be expressed as

Lki2t = KL(pik ,j||qi,j) =
1
N

N∑

i=1

N∑

j=1

pik ,j log(
pik ,j

qi,j+ ∈ ), (10)

where τ2 is a temperature coefficient that enables model
to focus on hard-negative samples, qi,j is the true match-
ing probability, N represents the number of samples in a
batch, and ∈ is a small constant (set to 1.0 × 10–8) to pre-
vent division by zero errors.

Thus the total sample point loss LP–i2t from image to text
can be calculated in the following way:

LP–i2t =
1
S

S∑

k=1

Lki2t , (11)

where S is the number of sample points. Similarly, we can
compute LP–t2i. The final inter-modal point-contrast learn-
ing loss can be expressed as

LInter–P = LP–i2t + LP–t2i. (12)

Moreover, we believe that if the mapped probability dis-
tribution is accurate, any of these sampling points can be
considered as a positive sample of the mean of the cur-
rent distribution, whereas the means of other distributions
are considered negative samples. Therefore, we introduce
intra-modal point contrastive learning to constrain the
similarity of sample and mean points within a single distri-
bution, which can improve the learning of the distribution.
Specifically, taking the k-th point vik sampled from the dis-
tribution mapped by image i as an example, it is computed
as

Lkv–s2m = –
1
N

N∑

i=1

log
exp((vik × μ

j
v)/τ2)

N∑

j=1
exp((vik × μ

j
v)/τ2)

, (13)

where μ
j
v represents the mean of the j-th image after being

mapped to the Gaussian probability distribution, Lkv–s2m
denotes the image-modal contrast learning loss at the k-
th sampling point.

Lv–s2m =
1
S

S∑

k=1

Lkv–s2m , (14)

where Lv–s2m denotes the intra-modal contrast learning
loss of image. Similarly, we can compute Lt–s2m. Therefore,
the intra-modal point-contrastive learning loss can be ex-
pressed as

LIntra–P = Lv–s2m + Lt–s2m. (15)

Finally, the PCL loss can be expressed as

LPCL = LInter–P + LIntra–P. (16)

3.5 Uncertainty-aware fine-grained alignment
DCL and PCL align the two modalities from the distri-
bution and sampling point perspectives, achieving coarse-
grained alignment across modal uncertainty perceptions.
However, relying only on DCL and PCL makes it difficult
to establish fine-grained associations between text entities
and human body details.

To realize accurate fine-grained alignment between
modalities, we design the U-AMLR task. Compared with
the masked language modeling (MLM), U-AMLR focuses
more on task-relevant words reconstruction and reduces
the influence of task-irrelevant words (e.g., prepositions,
articles, etc.). With the help of uncertainty-aware recon-
struction strategies, U-AMLR is able to achieve more ac-
curate reconstruction than fixed-point embedding. Specif-
ically, based on the attribute vocabulary of statistics [8], we
design an attribute-based masked strategy. Initially, we as-
sign a random masking probability to each word in the text
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description. Words with a masking probability below 15%
are masked at a 75% chance if they are presented in the
attribute library. Otherwise, they are masked with a 25%
probability.

To achieve more precise recovery of masking words,
we employ an uncertainty-aware strategy in which sam-
ples multiple points from the image distribution to aid in
the reconstruction. Specifically, we use multi-head cross-
attention mechanism to fuse the image and the attribute
mask text representations. In this process, the mean dis-
tribution of attribute mask text is used as q, and the sam-
pling points drawn from the image distribution are used as
k and v. Considering the i-th sampling point pi as an exam-
ple, the interaction with the mean of the text distribution
can be expressed as

MCA(qμt , kpi , vpi ) = Softmax(
qμt kT

pi√
d

)vpi , (17)

where qμt denotes that the mean of the distribution
mapped by text t is treated as a query, kpi and vpi denote
that the embedding of the i-th sample point of the distri-
bution of image is treated as key and value, and d denotes
the embedding dimension, MCA denotes multi-head cross
attention. Following the interaction, we enhance the re-
sulting embedding via a self-attention (SA) mechanism.
Finally, a multi-layer perceptron (MLP) is employed to pre-
dict the masked words:

Reci = MLP(SA(MCA(qμt , kpi , vpi ))), (18)

where Reci denotes the reconstruction result using the i-th
sampling point.

For the reconstructed words, we calculate the cross-
entropy (CE) loss between them and the ground truth
(GT) as follows:

Lrec =
S+1∑

i=1

CE(Reci, GT), (19)

where Lrec represents the loss of econstructed words, S + 1
denotes S sampling points and a mean point vector.

3.6 Sampling points
It is important to emphasize that sampling points directly
from the distribution can hinder the back propagation
of the gradient during training. To address this issue, we
employ the reparameterization technique mentioned in
Ref. [28]. Specifically, we take a random noise ε from the
standard normal distribution and reparameterize it as

z = μ + εσ , (20)

where μ and σ represent mean and standard deviations of
distribution, respectively. In this way, the output z obeys
the predictive distribution from DGM and is trainable.

Moreover, if we only rely on the above loss function with-
out constraining the variance of distribution, all sampling
points tend to cluster at the optimal location, resulting in
the variance shrinking to 0. This will degrade the proba-
bility distribution into a single-point distribution, which
in turn loses the ability to characterize uncertainty. To
avoid this situation, we introduce a regularized loss Lreg in
Ref. [29] to ensure that the model is able to effectively learn
about uncertainty.

3.7 Test-time variants
While distribution embedding models address modal un-
certainty and tackle the one-to-many mapping issue, solely
relying on distribution similarity to determine the match-
ing probability might be inadequate because of the ab-
sence of explicit supervision in learning the distributions.
Fixed-point embedding, on the other hand, usually pro-
vide more accurate semantic information despite ignoring
uncertainty. Therefore, each of them has its own advan-
tages, and the retrieval accuracy can be further improved
by combining the distribution similarity and the similar-
ity of fixed points. Specifically, we design a weighted fu-
sion strategy to accurately combine distributional similar-
ity and the mean point similarity, which can be denoted
as

Simi(I, T) = αDsimi(I, T) + (1 – α)Psimi(I, T). (21)

Here, Simi(I, T) represents the similarity between image
I and text T , α is a hyperparameter set to 0.7, and Dsimi
and Psimi representing the distribution similarity and mean
point similarity, respectively. Dsimi is derived via Eqs. (4)
and (5), while Psimi is computed by calculating the cosine
similarity between means.

4 Experiment
4.1 Datasets and evaluation metrics
We carry out extensive experiments on two publicly avail-
able datasets RSTPReid [14] and ICFG-PEDES [13].

The RSTPReid dataset is an extension of the MSMT17
dataset [30] specifically designed for text-based person Re-
ID tasks in real-world scenarios, and compiles a vast col-
lection of image resources from 15 different surveillance
cameras. This dataset encompasses a total of 20,505 high-
resolution images belonging to 4101 unique pedestrians,
with each pedestrian having five photographs captured at
different time points and angles, comprehensively cover-
ing intricate indoor and outdoor environmental variations
along with diverse background scenarios.

The ICFG-PEDES dataset is specifically designed for the
task of text-based person retrieval. It compiles a total of
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Table 1 Comparison results on the ICFG-PEDES [13] and RSTPReid [14] datasets. The best and second best results are bolded and
underlined, respectively

Method ICFG-PEDES RSTPReid Params (Mb) Inference time (ms)

Rank-1 Rank-5 Rank-10 Rank-1 Rank-5 Rank-10

CMPM [7] 43.51 65.44 74.26 - - - - -
ViTAA [8] 50.98 68.79 75.78 - - - - -
SSAN [13] 54.23 72.63 79.53 43.50 67.80 77.05 98 1.01
IVT [31] 56.04 73.60 80.22 46.70 70.00 78.80 - -
CFine [19] 60.83 76.55 82.42 50.55 72.50 81.60 - -
SRCF [32] 57.18 75.01 81.49 - - - 199 6.90
LGUR [33] 57.42 74.97 81.45 - - - 148 15.40
BEAT [34] 58.25 75.92 81.96 48.10 73.10 81.30 - -
LCR2S [35] 57.93 76.08 82.40 54.95 76.65 84.70 - -
MANet [9] 59.44 76.80 82.75 - - - - -
UniPT [36] 60.09 76.19 82.46 51.85 74.85 82.85 - -
IRRA [12] 63.46 80.25 85.82 60.20 81.30 88.20 191 6.40
CSKT [37] 58.90 77.31 83.56 57.75 81.30 88.35 - -
CAPL [38] 56.61 76.29 82.86 - - - - -

Ours 63.97 80.27 85.54 61.85 81.85 89.15 207 7.00

54,522 images from 4102 unique identities across multi-
ple diverse scenarios, with each image accompanied by a
unique and detailed textual description. Compared with
the previous two datasets, these descriptions average 37.2
words in length, resulting in a more specific portrayal of
details.

We use the commonly used Rank-1, Rank-5, and Rank-
10 metrics [12] in this task to evaluate the performance of
UANet.

4.2 Implementation details
For the text and image input to the model, they are first
simply pre-processed. The text is tokenized and the max-
imum length is set to 77. The image is scaled to 384×128
and a series of data enhancement operations, such as scal-
ing, random horizontal flipping, random cropping and
random erasing, are performed. For feature extraction,
we use the large-scale pre-training model CLIP as visual
and text encoders and initialize these encoders with pre-
training parameters. In DCL, the value of τ1 is set to 0.03,
and b is a learnable parameter that is initialized to 6. In
PCL, the value of τ2 is set to 0.05, and the number of sam-
pling points S is determined to be 6. In U-AMLR, the size
dimension of the cross-attention hidden layer for modal
interactions is set to 512, and self-attention is set to be per-
formed 4 times. For model training, we choose the Adam
optimizer, initialize the learning rate to 1.0 × 10–5, and use
the strategy of cosine learning rate decay. The whole model
is based on the PyTorch framework and trained on a GTX
A6000 GPU with 80 epochs.

4.3 Comparison with state-of-the-art methods
On two publicly available datasets, we compare UANet
with the baseline and other state-of-the-art methods.

As demonstrated in Table 1, on two publicly available
datasets, our method achieves state-of-the-art perfor-
mance on both the ICFG-PEDES and RSTPReid datasets.
Specifically, on the RSTPReid dataset, each ID corre-
sponds to five matching images and each image is associ-
ated with two textual descriptions, which results in a very
large one-to-many correspondence in this dataset. Our ap-
proach employs an uncertainty-aware method for inter-
modal alignment, which effectively models this complex
association. As a result, compared with the state-of-the-art
method IRRA [12], which is based on fixed-point embed-
ding, we achieve the best performance currently available
by improving the Rank-1, Rank-5 and Rank-10 metrics by
1.60%, 0.55% and 0.95%, respectively.

On the ICFG-PEDES dataset, since each person im-
age is matched with only one text description, the chal-
lenge of one-to-many matching is not prominent. How-
ever, even so, our method still significantly improves the
performance compared with that of the IRRA, with a gain
0.52% for the Rank-1 metric. These results prove that our
method has a significant advantage in addressing one-to-
one deterministic relationships as well.

Moreover, we measure the model’s parameter size and
inference time, and compare them with those of rele-
vant open-source methods. Specifically, our approach is
consistent with IRRA in using CLIP’s visual and text en-
coders. However, to achieve fine-grained association re-
construction, we perform multiple image-to-text interac-
tions, which increases the parameter size and inference
time. However, in the testing phase, our approach only re-
quires two feature encoders for feature extraction, with-
out the need for additional auxiliary models and external
knowledge, thus maintaining competitive inference time.
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4.4 Ablation study
In this section, we perform a series of detailed ablation ex-
periments on the RSTPReid dataset, aiming to validate the
effectiveness of DCL, PCL, U-AMLR and regularized loss
Lreg. Moreover, we compare the advantages of U-AMLR
with other methods for constructing fine-grained associa-
tions. Importantly, we use similarity distribution matching
loss [12] based on fixed-point embedding as our baseline.

Effectiveness validation for different settings. DCL and
PCL achieve coarse-grained alignment between the two
modalities from the perspectives of distributions and
sampled points, respectively. Specifically, compared with
fixed-point embedding-based similarity distribution
matching loss, DCL leverages distribution modeling to
yield a rich embedding space. As a result, DCL improves
Rank-1 and Rank-5 by 1.70% and 1.75% over the base-
line, indicating that distribution-based embeddings bet-
ter capture cross-modal associations than fixed-point
embeddings. PCL establishes cross-modal associations
through inter-modal point contrastive learning, comple-
menting DCL. Additionally, the intra-modal point con-
trastive learning further enhances distribution learning,
yielding gains of 0.30%, 0.35%, and 1.30% on Rank-1, Rank-
5, and Rank-10, respectively. The combined use of PCL and
DCL leads to overall improvements of 2.05%, 2.10%, and
1.25% on Rank-1, Rank-5, and Rank-10 over the baseline.
Furthermore, as shown in the rows 5 and 6 of the Table 1,
using only PCL and other losses without DCL results in
declines of 0.45%, 0.70%, and 0.20% on Rank-1, Rank-5,
and Rank-10, respectively, further validating their synergy
in establishing effective coarse-grained cross-modal asso-
ciations.

Moreover, the Lreg is used to constrain the learning of the
distribution, preventing it from degenerating into fixed-
point embedding, which is crucial for ensuring
uncertainty-aware learning. We validated the importance
of this loss in our method, as shown in the rows 5 and 6 of
Table 2. Without the Lreg, the distribution learning degen-
erates into fixed-point embedding learning, causing the
model to fail to sample diverse embeddings and making it
difficult to model complex cross-modal semantic associa-
tions. As a result, the performance on all the metrics sig-
nificantly decreases, with Rank-1 and Rank-10 dropping
by 1.15% and 0.85%, respectively. However, even so, the
performance still significantly outperforms the baseline,
owing to the introduction of other losses.

To more intuitively demonstrate the feature represen-
tations learned by the network after different levels of
alignment, we visualize the attention between text and im-
ages, using heatmaps as illustrated in Fig. 3. After coarse-
grained alignment (i.e., DCL+PCL), our method captures
person-related regions, though its focus on finer details re-
mains limited, with relatively low attention to areas, such
as backpacks. However, following further fine-grained

Table 2 Ablation experiments with different settings on the
RSTPReid dataset. Baseline refers to the method using fixed-point
embeddings with similarity distribution matching loss, following
Jiang and Ye. [12]. Lreg denotes the regularization loss for
constraining distribution learning. DCL stands for distributed
contrastive learning, PCL for point-wise contrastive learning, and
U-AMLR represents the uncertainty-aware attribute-masked
language reconstruction module

Method Rank-1 Rank-5 Rank-10

Baseline 57.20 79.90 88.10

w/ Lreg +DCL 58.95 81.65 88.05
+DCL+PCL 59.25 82.00 89.35
+PCL+U-AMLR 61.40 81.15 88.70
+DCL+PCL+U-AMLR 61.85 81.85 89.15

w/o Lreg +DCL+PCL+U-AMLR 60.70 81.65 88.30

alignment (i.e., U-AMLR), the model establishes more pre-
cise cross-modal associations, significantly enhancing at-
tention to local details, with a noticeable increase in focus
on the backpack. These results validate the effectiveness
of our method.

Compared with PCL and DCL, U-AMLR further es-
tablishes the association between text entities and per-
son parts through uncertainty-aware fine-grained align-
ment, resulting in a 2.60% improvement in the Rank-1
metric. However, since U-AMLR forces the reconstruc-
tion of masked words to match actual words, emphasizing
the strong correspondence between text entities and body
parts, this strong association may lead to overfitting on
perfectly matched images. As a result, it somewhat weak-
ens the diversity of matches, causing a slight decline in
the Rank-5 and Rank-10 metrics. Nevertheless, compared
with the baseline methods, the introduction of U-AMLR
improves the overall performance of UANet, demonstrat-
ing its effectiveness.

Comparison of different ways of building fine-grained as-
sociations. As illustrated in Table 3, we design four exper-
iments to construct fine-grained associations, including
masked language modeling (MLM) and attribute masked
language modeling (AMLR) using only mean alignment,
as well as uncertainty-aware masked language model (U-
MLM) and U-AMLR. The results indicate that both MLM
and AMLR significantly enhance performance, confirming
their effectiveness in building fine-grained associations be-
tween modalities. In particular, AMLR outperforms MLM
by focusing on the masking of person attributes, thereby
establishing its superiority with a more substantial per-
formance enhancement. With the integration of uncer-
tainty, U-MLM and U-AMLR exhibit 1.25% and 1.40% en-
hancements in Rank-1 metrics compared with MLM and
AMLR, respectively, further validating the significant con-
tribution of uncertainty-awareness in establishing precise
fine-grained associations.
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Figure 3 Comparison of cross-modal attention after different granularity alignments. The three columns for each person represent the original
image, the attention map after coarse-grained alignment, and the attention map after further incorporating fine-grained alignment. The second row
corresponds to the related text

Table 3 Comparison of different methods for constructing
fine-grained associations. MLM denotes masked language model,
AMLR denotes attribute masked language reconstruction and
U-MLM denotes uncertainty-awaremasked language model

Methods Rank-1 Rank-5 Rank-10

Baseline+DCL+PCL 59.25 82.00 89.35
Baseline+DCL+PCL+MLM 60.15 80.80 89.00
Baseline+DCL+PCL+AMLR 60.45 82.10 87.90
Baseline+DCL+PCL+U-MLM 61.40 82.25 89.05
Baseline+DCL+PCL+U-AMLR 61.85 81.85 89.15

4.5 Parameter sensitivity analysis
To determine the number of sampling points S and the
weights α to be used in the testing phase, we conduct a
series of experiments in this section to select the optimal
hyperparameters.

We first verify the effect of different weights α on
the testing results on the RSTPreid and ICFG-PEDES
datasets, and the results are shown in Table 4 and Table 5.
When α = 0, the matching probability is calculated en-
tirely based on mean similarity, with Rank-1 accuracy of
60.10% and 62.34% achieved on the RSTPReid and ICFG-
PEDES datasets, respectively. When α = 1, the matching
probability is determined only by the distribution similar-
ity, with Rank-1 accuracy of 60.45% and 63.04% achieves
on the RSTPReid and ICFG-PEDES datasets, respectively.
Based on the experimental results on both datasets with
different weights, when α = 0.7, RSTPReid achieved the
best Rank-1 and the second-best Rank-5, whereas ICFG-
PEDES achieves the best Rank-1 and the second-best
Rank-10. Therefore, we set α = 0.7.

For selecting the number of sampling points, in consid-
eration of memory constraints, we set the upper limit of it
to 6. Accordingly, we conduct six sets of experiments on
both datasets to evaluate the effect of different sampling
point numbers on model performance, and the results are
displayed in Table 6 and Table 7. The experimental results

show that the number of sampling points has a significant
impact on model performance. When the number of sam-
pling points S is set to 6, UANet achieves the best Rank-
1 and Rank-10 scores on the RSTPReid dataset, and the
best Rank-10 and second-best Rank-1 scores on the ICFG-
PEDES dataset. Therefore, we set S = 6.

4.6 Qualitative results
Figure 4 demonstrates the comparison of the top 10 re-
sults between the UANet and IRRA models on the per-
son image retrieval task. Although IRRA improves the re-
trieval performance by gradually aligning the fixed-point
embedding from coarse to fine granularity, it has short-
comings in dealing with one-to-many relationship mod-
eling, thus is unable to retrieve more persons that match
descriptions. For example, for the retrieval results of the
first two textual descriptions in Fig. 4, IRRA only retrieved
one and three images matching the descriptions, respec-
tively. However, our method retrieves five accurate results,
which indicates that our method effectively solves the one-
to-many matching problem and achieves a more compre-
hensive retrieval. Moreover, since MLM limits the ability
of the model to build more accurate fine-grained associa-
tion, it makes it difficult for IRRA to achieve accurate re-
trieval. For example, for the third textual description in
Fig. 4, only the third out of the first ten retrieval results
of IRRA are accurate. In contrast, our method achieves
more accurate inter-modal fine-grained association than
IRRA dose via U-AMLR, and thus successfully matches the
corresponding image at the first position. To better illus-
trate the advantages of U-AMLR, we use orange bounding
boxes in the retrieval results to highlight key regions cor-
responding to the orange descriptions in the text. For ex-
ample, in the second text description, “white sneakers”, the
top three retrieval results of IRRA fail to capture this de-
tail, leading to incorrect matches. In contrast, our method
successfully identifies and utilizes this attribute, achiev-
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Table 4 Experimental results of different fusion weights α on the RSTPReid dataset

α 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Rank-1 60.10 60.40 60.40 61.05 61.50 61.55 61.85 61.85 61.55 61.00 60.45
Rank-5 82.05 81.75 81.65 81.55 81.80 81.75 81.85 81.85 81.75 81.75 81.90
Rank-10 88.85 89.05 88.80 88.80 88.90 89.10 89.15 89.15 89.40 89.40 89.20

Table 5 Experimental results of different fusion weights α on the ICFG-PEDES dataset

α 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Rank-1 62.34 62.65 62.67 63.06 63.37 63.56 63.88 63.97 63.56 63.28 63.04
Rank-5 80.12 80.25 80.47 80.56 80.16 80.06 80.18 80.27 80.22 80.10 80.05
Rank-10 84.55 85.07 85.16 85.28 85.12 85.24 85.38 85.54 85.47 85.49 85.29

Table 6 Performance comparison of the number of sampling
points on the RSTPReid dataset

Number 1 2 3 4 5 6

Rank-1 60.55 60.45 61.30 60.65 60.6 61.85
Rank-5 81.05 83.35 81.35 81.45 81.85 81.85
Rank-10 88.35 89.05 87.45 88.20 88.95 89.15

Table 7 Performance comparison of the number of sampling
points on the ICFG-PEDES dataset

Number 1 2 3 4 5 6

Rank-1 63.87 63.65 64.07 63.24 63.67 63.97
Rank-5 81.15 80.64 80.09 80.76 80.14 80.27
Rank-10 84.93 84.31 84.89 84.78 85.08 85.54

Figure 4 For each text query in the RSTPReid [14] dataset, we show
the top 10 retrieval results from IRRA [12] (first row) and our method
(second row). GT represents the ground truth image corresponding to
the query text. The correct results are marked in green rectangles, and
the incorrect results are marked in red. The orange text and the body
parts highlighted with orange bounding boxes in the second-row
images of the retrieval results emphasize how our method leverages
fine-grained cues to distinguish individuals

ing more accurate retrieval. Therefore, U-AMLR achieves
richer and more accurate fine-grained alignment than that
of the MLM dose.

5 Discussion
In the text-to-image person retrieval task, the uncertainty
is often introduced by various factors, such as the pol-
ysemy of words, variations in image capture angles, and
changes in lighting conditions. Additionally, the one-to-
many cross-modal matching between text and images ex-
acerbates this uncertainty. Traditional methods typically
represent data as fixed-point embeddings and retrieve the
visual features most similar to the query based on these
points. However, these methods are only effective in deter-
ministic contexts, as they consider only a single mapping of
the cross-modal relationship. As a result, they fail to cap-
ture the complex cross-modal associations and struggle to
address the issues arising from uncertainty.

To address this limitation, we propose UANet, which
transforms fixed-point embeddings into distributional
representations, enhancing the model’s flexibility by sam-
pling embeddings from this distribution. Additionally,
through the proposed DCL, PCL, and U-AMLR, UANet
establishes cross-modal multi-granularity associations.
This approach expands the feature space, allowing for
more robust cross-modal alignment. Moreover, when a
textual description may correspond to multiple images of
the same person, our method, compared with fixed-point
embeddings, can capture various potential visual features
under the same description—something fixed-point em-
beddings often fail to do. As a result, our method is better
equipped to model complex cross-modal matching rela-
tionships.

As shown in Fig. 5, the distributional representation of
each instance is presented, in which distributions with
similar semantics are positioned closer to each other. For
the three pedestrian images of identity 3943, one image
differs significantly from the other two, which is reflected
in their spatial distribution. Moreover, the distributions of
the two similar images exhibit substantial overlap, indicat-
ing their close semantic relationship. This semantic vari-
ation is effectively modeled by our approach, as the text
distribution can intersect with the image distributions of
matching identities. Thus, our UANet method ensures a
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Figure 5 Visual and textual distribution representations of the top-10
retrieved results. Different colors with a different number indicate a
different focus of the query

rich understanding of instance semantics, enabling effec-
tive modeling of cross-modal matching associations.

Moreover, when selecting the hyperparameters, weight
α and the number of sampling points S, we carefully con-
sider their performance across different datasets and con-
duct systematic experiments to minimize the sensitivity of
hyperparameter tuning to dataset variations. Specifically,
we first adjust these two hyperparameters independently
for each dataset and observe their impact on model per-
formance. Experimental results show that when the weight
parameter α is set to 0.7, the model achieves the best Rank-
1 performance and second-best Rank-5 performance on
the RSTPReid dataset, while on the ICFG-PEDES dataset,
it achieves the best Rank-1 performance and second-best
Rank-10 performance. This indicates that the choice of α

demonstrates strong adaptability on both representative
datasets. Regarding the choice of the number of sampling
points S, the experimental results show that when S is
set to 6, the model achieves the best Rank-1 performance
and second-best Rank-10 performance on the RSTPReid
dataset, and the best Rank-10 performance and second-
best Rank-1 performance on the ICFG-PEDES dataset.
This hyperparameter configuration exhibits good balance
across different datasets, significantly enhancing the sta-
bility of the overall performance. These selected hyperpa-
rameters consistently deliver stable and near-optimal re-
sults across multiple datasets, greatly reducing the com-
plexity of cross-dataset hyperparameter tuning. In the fu-
ture, we plan to explore adaptive hyperparameter opti-

mization methods to dynamically adjust hyperparameters
and better adapt to the characteristics of different datasets.

6 Conclusion
There are a many number of one-to-many correspon-
dences in the text-to-image person retrieval task. Existing
methods based on fixed-point embedding are often diffi-
cult to adequately capture this complex relationship, lead-
ing to erroneous retrieval results. To address this problem,
we propose the uncertainty-aware coarse-to-fine align-
ment network, which significantly improves the retrieval
performance by mapping fixed-point embedding to Gaus-
sian probability distribution and performing coarse-to-
fine-grained modality alignment from the perspective of
distribution and sampling points. In particular, we propose
the distribution contrastive learning and point contrastive
learning tasks for inter-modal coarse-grained alignment,
which not only enriches the embedding space, but also
effectively models one-to-many correspondences. More-
over, for fine-grained inter-modal alignment, we design
the uncertain-aware attribute mask language reconstruc-
tion task, which constructs accurate fine-grained associ-
ations by masking person attributes and reconstructing
mask words in an uncertain-aware manner. Experiments
on both public datasets validate the superiority of our
method. However, a challenge to our approach is that as
the number of sampling points increases, the model pa-
rameters also increase, which makes dense sampling dif-
ficult. To address this issue, future research will focus on
improving the sampling strategy for more efficient sample
points selection.
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