Pattern Recognition 179 (2026) 113783

Contents lists available at ScienceDirect

Pattern Recognition

journal homepage: www.elsevier.com/locate/pr

n
Harnessing weak pair uncertainty for text-based person search et
Jintao Sun ¥, Zhedong Zheng "®>*, Gangyi Ding?

2 School of Computer Science and Technology, Beijing Institute of Technology, China
b Faculty of Science and Technology, University of Macau, China

ARTICLE INFO ABSTRACT

Keywords:

Text-based person search
Cross-modality
Uncertainty learning

In this paper, we study the text-based person search, which is to retrieve the person of interest via natural
language description. Prevailing methods usually focus on the strict one-to-one correspondence pair matching
between the visual and textual modality, such as contrastive learning. However, such a paradigm unintention-
ally disregards the weak positive image-text pairs, which are of the same person but the text descriptions are
annotated from different views (cameras). To take full use of weak positives, we introduce an uncertainty-
aware method to explicitly estimate image-text pair uncertainty, and incorporate the uncertainty into the
optimization procedure in a smooth manner. Specifically, our method contains two modules: uncertainty
estimation and uncertainty regularization. (1) Uncertainty estimation is to obtain the relative confidence on
the given positive pairs; (2) Based on the predicted uncertainty, we propose the uncertainty regularization to
adaptively adjust loss weight. Additionally, we introduce a group-wise image-text matching loss to further
facilitate the representation space among the weak pairs. Compared with existing methods, the proposed
method explicitly prevents the model from pushing away potentially weak positive candidates. Extensive
experiments on three widely-used datasets, i.e., CUHK-PEDES, RSTPReid and ICFG-PEDES, verify the mAP
improvement of our method against existing competitive methods +3.06%, +3.55% and +6.94%, respectively.
Code is available at https://github.com/JT-Sun/WPU-TBPS.

1. Introduction metric learning, aiming to design more effective loss functions to better
exploit multimodal information within the data, such as contrastive
loss and cross-modal matching loss [7]. For instance, Shao et al. [8]
propose to use cross entropy loss and ranking loss to get the total loss
of multimodal shared storage dictionaries. Bai et al. [9] incorporate

relation-aware loss and sensation-aware loss, enabling the model to

Text-based person search is an extension of conventional image-
based person re-identification (re-ID) [1,2], which is to retrieve the
person of interest from a large pool of candidate images given text de-
scriptions. In real-world scenarios, the image query of the target person
usually is not accessible, while the test description is easy to obtain [3—
5]. Therefore, more researchers resort to the text-based person search.
The key underpinning this task is to mine the fine-grained information

focus more on the details of image-text pairs and learn cross-modal
features with finer granularity.

of images and texts, and establish the cross-modality alignment.

With the advancement of cross-modality learning, numerous deep
learning approaches have been proposed, which can be broadly cat-
egorized into two directions. The first direction focuses on data aug-
mentation, primarily by generating additional data and employing
the pretrain-finetune paradigm. For example, based on a pre-trained
model, Jiang and Ye [6] propose a momentum distillation cross-modal
method using four datasets for pre-training, which enables the model
to utilize larger noisy datasets, thereby improving learning under noisy
supervision. Differently, Yang et al. [3] propose a large-scale image-
text dataset with high similarity to the target dataset, constructed using
a diffusion model, which addresses the challenges of image collection
and time-consuming text annotation. The second direction emphasizes

* Corresponding author.

We observe that there is an inherent limitation in text-based person
retrieval metric learning, which primarily relies on strict one-to-one
contrastive learning on positive pairs. The weak positive pairs are
usually disregarded due to the annotation discrepancy. The annotator
only observes one view (camera angle) of the target person, and cannot
provide a comprehensive description. As illustrated in Fig. 1, images of
the same person usually be annotated with variations in local details,
resulting in a mismatch between the image and text descriptions across
different perspectives. Consequently, strict one-to-one matching dis-
cards these weak positive pairs during training, overlooking potentially
valuable information. However, we argue that weak positive pairs
play a crucial role in enhancing the model ability to capture shared
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Fig. 1. Here we show the discrepancy between weak positive pairs (dotted arrows) and positive pairs (solid arrows) of the same identity. For instance, there are

four image-text pairs of one person. Green shows a shared description among four texts,

denotes the description discrepancy, and red indicates the unique

description. We can observe that the text description is strongly related to camera views instead of only depending on the identity. Such difference is mainly due
to the text annotation process, where annotators can only see a single view of the person. Considering such matching difficulty, most previous methods, thus,
take advantage of the positive pairs for strict one-to-one matching (solid arrows), while disregarding the weak positive pairs (dashed arrows). In contrast, we
mine the relation among weak positive image-text pairs and explicitly harness such weak positive pairs to learn discriminative cross-modality matching. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

patterns across different views of the same individual. These shared
patterns should be positioned closer to the anchor points in the feature
space than negative pairs, enabling the model to better generalize
across varying perspectives. Despite this, the potential of weak positive
relationships remains under-explored in current methodologies.

To take full usage of weak positive pairs from the dataset, we pro-
pose a new uncertainty-aware learning method to solve some unutilized
data problems. There are two steps in total. First, we adjust uncertainty
for the comparison learning of data features that can be most affected
by data underutilized. Under the condition of keeping a one-to-one
correspondence comparison of positive data features, we leverage the
auxiliary information of weak positive pairs. The feature similarity of
images and texts of weakly positive pairs are calculated respectively,
and parameters are set to harness and adjust the feature contrast of
weakly positive pairs, which is added to the total loss calculation, thus
improving the model ability to learn from data. In the second step,
we exploit the impact of data representation space in the construction
of negative pairs during metric learning to both increase the quantity
and difficulty of negative pairs. Additionally, our group-wise matching
method makes full use of the information of weak positive pairs to make
the representation space distribution of the model more reasonable.
This approach enables the calculation of the matching loss for 1 pair
of positive samples, 2 pairs of weak positive samples, and 6 pairs
of negative samples. Finally, our uncertainty-aware approach greatly
improves the learning accuracy of the model without adding additional
modules. In summary, our contributions are:

+ We observe a limitation in the existing text-based person search
training, which stems from the strict one-to-one correspondence
contrastive learning approach. To address this issue, we propose an
uncertainty learning-based method that effectively leverages under-
utilized weak positive pairs. Specifically, our method incorporates
uncertainty into the feature comparison process, enabling the model
to leverage weak positive pairs rather than discarding them. As a mi-
nor contribution, we also propose a Group-wise Image-Text Matching
(GITM) loss, which facilitates the matching of weak positive pairs in
a group-wise manner.

- Extensive experiments verify that our uncertainty-aware method,
considering weak positive pairs during training, recalls more pos-
itive candidates to the top ranking. In particular, our approach

outperforms competitive methods, e.g., RaSa and APTM, by 3.06%,
3.80%, 6.94% mAP and 5.53%, 3.55%, 7.01% mAP on CUHK-PEDES,
RSTPReid, and ICFG-PEDES, respectively.

2. Related work
2.1. Text-image person search

Text-based person search constitutes a challenging fine-grained
cross-modal retrieval task, prompting the emergence of diverse method-
ologies in recent years. Existing approaches are primarily categorized
into two paradigms: those leveraging explicit cross-modal attention
interactions to enhance regional-word/phrase correspondence and pre-
dict image-text matching scores through sophisticated attention mech-
anisms [10-12], which improve inter-modal fusion at the cost of
elevated computational complexity, and lightweight alternatives that
forgo such interactions by learning aligned representations within a
shared feature space via carefully designed architectures and objec-
tives [13,14]. Early efforts, such as dual-path convolutional frame-
works [14], exploit end-to-end supervision to derive modality-specific
features, while more recent advances incorporate vision-language pre-
training to yield robust representations [2,3,9], often augmented by
attribute prompt learning, relation-aware modeling, or multi-attribute
datasets like MALS to facilitate fine-grained alignment. Nevertheless,
prevailing methods largely overlook the rich auxiliary supervisory sig-
nals embedded in weak positive pairs within the datasets. In contrast,
the proposed approach introduces uncertainty learning and regulariza-
tion to refine both contrastive learning and image-text matching objec-
tives, thereby fully harnessing weak positive information to enhance
the discriminative capacity of positive pair representations.

2.2. Uncertainty learning

Uncertainty quantification has become increasingly important in
data-driven methods as datasets grow larger and demands for model
reliability intensify. Kendall and Gal [15] provide a foundational tax-
onomy that decomposes predictive uncertainty into aleatoric uncer-
tainty, which captures irreducible data-inherent noise, and epistemic
uncertainty, which reflects model parameter ambiguity arising from
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Fig. 2. An architecture overview of our approach. Firstly, weakly positive text and weakly positive image corresponding to the anchor image and text are
randomly selected from the dataset according to the same ID. Then we send all sampled data to the image/text encoder to obtain the corresponding features.
Secondly, we compute the ITC loss between images and texts. For the anchor image-text pairs, we calculate the original contrastive learning loss, ie., £, (I,T)
via the aggregated embeddings of [CLS]. For the weak image-text pairs, we derive the contrastive objective, ie., £,.(I,T,), and further regularize this term
with uncertainty estimation as £,,.. The proposed uncertainty-aware contrastive loss £, adaptively adjust the metric learning between weakly positive texts
and images. Thirdly, ITM loss and MLM loss are calculated based on the features of image-text pairs. For weak positive counterparts, we introduce Group-wise

uitc

Image-Text Matching (GITM) loss to facilitate the representation learning.

limited or insufficient training data and can be reduced through ad-
ditional observations or targeted refinements. Aleatoric uncertainty
has been extensively explored in computer vision tasks, including
image retrieval [16,17], classification [18], and segmentation [19],
with approaches such as explicit noise injection into features [20,21],
Monte Carlo estimation of distributional similarity [22], and loss-
variance-aware reweighting [16]. In contrast, epistemic uncertainty
modeling commonly leverages Bayesian frameworks [23,24], with
Monte Carlo Dropout [24] serving as a practical approximation by
introducing stochasticity during inference; recent works further inte-
grate cross-modal biases [6] and dynamic uncertainty-guided learning.
Multi-granularity annotation strategies combined with Gaussian noise
simulation have also been employed to explicitly address aleatoric
effects in composed image retrieval [17]. Building on the insights from
previous work, this study fully leverages the information contained
in weak positive pairs within the dataset. There are two fundamental
differences between previous work and our approach: (1) We do not
introduce additional modules or parameters to simulate uncertainty
using noise. Instead, we harness the weak positive pairs, which describe
different image-text pairs for the same ID, as a source of uncertainty to
support the model contrastive learning of image-text features. (2) We
employ uncertainty regularization, and apply a group-wise strategy to
incorporate the semantic information from weak positive pairs, thereby
enhancing the image-text matching process.

3. Methodology
3.1. Preliminaries

We employ the prevailing APTM framework [3] as our baseline
model. This framework comprises two primary phases: pre-training
on a synthesized dataset and fine-tuning on downstream datasets.
During the pre-training phase, Attribute Prompt Learning (APL) and
Text Matching Learning (TML) are employed to capture shared knowl-
edge relevant to text-based person search and pedestrian attribute
recognition. In the fine-tuning phase, downstream datasets are utilized

to further optimize the model parameters. The baseline comprises
three encoders: image encoder, text encoder, and cross encoder, along
with two MLPs-based headers. In this work, we do not change the
pre-training phase and only apply our uncertainty estimation and un-
certainty regularization methods in the finetune phase. We do not
pursue the network contribution in this work. Therefore, we adopt
the common backbone for a fair comparison. The influence of the
original image encoder and the replaced image encoder on the results
are compared in detail in the ablation studies. The [CLS] embedding
represents the entirety of the image/text. The cross-encoder integrates
image and text representations for prediction tasks, thereby discerning
their semantic relationship.

3.2. Network structure

In this paper, we do not pursue the deployment of complex network
structures but instead offer a new learning strategy. We mainly follow
the existing work [3,4] to construct the network for a fair comparison.
Given that datasets contain images and text descriptions of the same
person from different perspectives, previous work often overlooks the
weak correlation between images and text under the same ID. However,
the auxiliary information of weak positive pairs can significantly en-
hance the model ability to learn a more comprehensive representation
of the description of person. Therefore, we mainly consider the uncer-
tainty of image-text pairs describing the same person in the dataset. As
shown in Fig. 1, the dataset usually contains multiple image-text pairs
describing the same ID. The previous method relies solely on one-to-
one image-text pairs for training, overlooking the relationship between
the current image and the texts captured from another perspective, as
well as the connection between the current text and images taken from
different angles. Consider that these are not exactly the same texts and
images. If the text is biased relative to the source image, or if the target
image contains more perspective information than the source text,
the system will supplement this uncertain information. In the training
stage, in order to reduce the visual information bias and text description
bias of the same person from different perspectives, in this work,
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we mainly study the uncertainty in cross-modal data matching. We
show a brief pipeline in Fig. 2. A one-to-one correspondence positively
correlated image-text pair (I,7T) and weakly correlated image 7, and
text T,, randomly selected for this image-text pair (I,T) are extracted
from the dataset. Our model extracts the features of image I to obtain
fr and f; . Text encoder extracts text features T to get f; and f7, ,
and carries out contrastive learning for image-text features. Meanwhile,
weak positive pairs uncertainty are added to the contrastive learning.
The obtained image embeds and text embeds, as well as hard negative
pairs obtained by contrast learning based on image text features and
hard negatives, increased based on our group-wise method, are sent
to cross encoder together. The specific cross-modal data uncertainty
approach is detailed in the following two sections.

3.3. Uncertainty estimation

Motivations. Existing text-based person search datasets provide
image and text descriptions from different perspectives for the same
individual. However, current methods often focus solely on one-to-one
image-text pairs, which frequently fail to fully capture the characteris-
tics of a person due to feature deviations across different perspectives.
Learning features from strictly one-to-one image-text pairs can be lim-
iting, as the method only leverage one-to-one image-text pairs usually
overlook certain characteristics, leading the model to perform retrieval
based on incomplete information.

First, we define the one-to-one corresponding image-text pairs (1,7
of the input model in the dataset as positive pairs, the unmatched
image-text pairs as negative pairs, and the weakly positive correlation
image-text pairs (I,,T,). I, is the weakly positive image relative to
T obtained by random extraction according to the current one-to-one
corresponding image-text pair (I,T) in the case of describing the same
person (same ID), and T, is the weakly positive text description relative
to I obtained by random extraction under the case of the same ID.
The existing methods usually adopt Image-Text Contrastive Learning
(ITC) to distinguish positive and negative pairs. Given a matched pair
(I, T) we initially extract their respective representations f; and f;.
We denote the set of all matched image-text pairs in a mini-batch as B.
The matching score can be simply formulated as:

exp (cos (f7. fr) /7)

3 ,
=2, (exp (cos (/1. 171) /7))
where 7 is a learnable temperature parameter, cos(-, -) means the cosine
similarity, and exp denotes the exponential function. Similarly, given
the text and a batch of images, we calculate the matching score of the

paired image S (T, I). The ability to differentiate learning is added to
the final loss calculation. The ITC loss is defined as follows:

S, T)= (€9)

L. (I,T)=-E(logSI,T)+log S(T.I)). @)

We compute cosine similarity on L2-normalized embeddings (as in
standard retrieval baselines), hence cos(-,-) € [—1, 1]. Moreover, the ITC
objective in Eq. (1) already includes a temperature parameter z in the
logits (cos(-,-)/7), which controls the sharpness of the softmax distri-
bution and stabilizes gradients; r is learnable in our implementation,
consistent with the baseline.

In order to take full advantage of the annotation, we propose an
uncertainty estimation method. We integrate the weak positive pair
into the text image alignment. Since our task is text-based image
retrieval, the first step of our uncertainty estimation method is to
extract the features f; of the positive image I and the text feature
fr, of the weak text T,, is with the same ID but annotated based on
a different viewpoint. Then we calculate the obtained image feature f;
and weak text feature fTw matching score, refer to Eq. (1). Therefore,
we can obtain the matching score S (I,T,,) of positive image features
and weak positive text features with the same ID. Similarly, we can get
the matching score S (T, I,,) of positive text features and weak positive
image features with the same ID. According to the conventional ITC
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method Eq. (2), £, (I,T,,) is calculated for subsequent uncertainty
regularization. Next, we extract the corresponding image and text
features f; and fr, according to the input weak positive pair (1, Ty)-
The image feature f ; and the text feature f; of the positive image-text
pair (I, T) with the same ID. Then, we calculate the similarity between

frand f; , fr and fr, respectively. We define cos ( fi. f ,w) as the

similarity calculated between f; and f; . Similarly, cos ( frs fTW) is
derived in the same manner. We define the consistency score s,, as
the sum of intra-modality similarities between the anchor and weak
positive samples. To measure the semantic discrepancy across views,
we compute the uncertainty u,, via an exponential transform:

u, =exp (—sw) . 3)

Here, f; and f; denote the image/text features of an anchor sample,
while f; and fr, are the corresponding features of its paired sample
w (e.g., another view or a weakly matched counterpart). cos(-, ) is the
cosine similarity. Since cosine similarity is bounded in [—1, 1], we have
s, € [-1,1] and thus u, = exp(-s,) € [e~!,e']l. Therefore, u, is
strictly positive and bounded, and larger u,, indicates lower cross-view
consistency (higher ambiguity) in weak-pair matching. Our uncertainty
estimation method fully leverages auxiliary information of images and
texts and utilizes annotation information in data sets to supplement
the information between images and texts, so as to enhance the model
ability to accurately capture and interpret the nuanced relationships
between visual and textual data, leading to more precise and reliable
feature extraction and matching.

Discussion. What is the advantage of uncertainty estimation in
feature learning? Uncertainty estimation is pivotal in enhancing the
robustness of feature learning by simulating scenarios in which differ-
ent views or descriptions of the same person are matched with alter-
native views or textual descriptions under the same ID. This approach
effectively mitigates discrepancies that commonly arise between vary-
ing descriptions of the same individual, thereby reducing deviations
that can negatively impact model performance. Moreover, uncertainty
estimation addresses the challenge of overfitting associated with strict
one-to-one matching, enabling the model to generalize more effectively
and to reason in a manner more aligned with human cognition. By
diminishing the homogeneity and reducing the deviations between
image and text descriptions, uncertainty estimation enhances the model
ability to learn more comprehensive and accurate representations. This
improvement not only bolsters the model robustness against variations
in descriptions but also leads to superior performance in real-world
scenarios, where perfect alignment between descriptions and images
is often lacking. Our experimental results verify that the proposed
method significantly outperforms existing approaches, particularly in
terms of mean Average Precision (mAP), highlighting its effectiveness
in addressing the complexities inherent in text-based person search
tasks.

Applicability and limitations. The proposed uncertainty learning
is most effective when weak positives are informative but imperfectly
aligned, as in TBPS datasets with multi-view annotations. It may yield
limited gains when weak positives become noisy supervision (e.g., se-
vere occlusion/viewpoint changes, non-overlapping attribute descrip-
tions, or annotation mismatch), where a weak positive can behave
close to a pseudo-negative in the contrastive space. In practice, Fig.
6 provides a diagnostic: high-u queries/pairs exhibit higher retrieval
risk, and a large mass of high-u weak pairs indicates that weak-positive
supervision is less reliable.

S = %(COS(f],f]w) + COS(fT, fTW))a

3.4. Uncertainty regularization

Motivations. Since conventional ITC and ITM loss only rely on
one-to-one correspondence positive pairs in the data set, and do not
maximize the utilization of the weak positive information in the la-
beling, in order to make full utilize of this information to assist us
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in training the model, we propose uncertainty regularization to adjust
the model learning of ITC loss, and group-wise metric learning for
ITM loss so that the model can better grasp the information in the
data. The existing work aims at negative pair mining in ITM loss.
The conventional ITM method only compares and learns (/,7T) based
on one-to-one correspondence mapping of images and texts in the
input dataset to obtain negative pair construction. Such construction
will ignore some useful auxiliary weak positive instances and have
less structural information. The difficulty of the negative pair is only
determined by the one-to-one correspondence image-text pair and the
batch size, and much auxiliary information is not considered in the
weak positive pair, so the difficulty of the negative pair has certain
limitations. Moreover, in existing works, the ratio of positive pair to
negative pairs is fixed at 1:2, where for each input image-text pair
(I,T), the image is used to find a negative text, and the text is used
to find a negative image. Consequently, the number of negative pairs
is fixed, which limits the quantity and diversity of negative pairs
available.

To solve the above problem, in particular, we exploit to the fullest
extent the image features and text features of weak positive pairs
in the task and obtain the loss of images and weak positive texts
through uncertainty estimation in Section 3.3. The similarity between
the extracted image and text features of positive pairs and those of
weak positive pairs with the same ID, denoted as cos ( fr. f ,w) and

cos < frs fTw), respectively, we can obtain an uncertainty-aware ITC
loss:
E[rc (I 4 Tw)

Lune = — S+ Xt “
where y is a learnable parameter used to adjust the uncertainty ad-
justment, and £, (I,T,) is calculated by inputting image feature f;
and with the text feature f; of the weak positive of this image into
the original ITC loss calculation and applying Eq. (2) to calculate. The
uncertainty u,, is derived via an exponential mapping of the average
intra-modality similarities between the weak positive samples and the
anchor pairs, as formulated in Eq. (3). In implementation, we stop the
gradient through u,, when applying uncertainty regularization, so that
u,, serves only as a detached reliability weight and the network cannot
reduce Eq. (4) by directly manipulating the weighting path.

We note that ITC loss only focuses on the one-to-one matching
of image text pairs, and as we mentioned earlier, these one-to-one
correspondence text pairs are not comprehensive when describing a
person. Therefore, in this work, inspired by uncertainty, we propose an
uncertain regularization to optimize the existing ITC loss. In fact, the
existing ITC loss is a special case of our uncertainty adjustment, when
the input only has a one-to-one correspondence text pair corresponding
to one person and no other multiple descriptions or perspectives.

Image-text Matching (ITM) Learning is a binary classification
method for predicting whether an input image and text match. Eq. (1)
in ITC is used to calculate the similarity of input images and text
features and select the unpaired image with the highest similarity to
each text as the hard negative. Similarly, we could select the unpaired
text with the highest similarity as the hard negative for images. Such
1 pair of positive samples and 2 pairs of negative samples go through
the cross-encoder with ITM loss:

= E [plog 5(1.T) + (1 = plog (1 = 51, T))] . )

where p is 1 if (I,T) is matched, 0 otherwise, and p is the estimated
match score of image-text pairs calculated by an MLPs with Sigmoid
activation.

For each anchor matched pair (;,7;) in a mini-batch, we form a
group by additionally sampling one weak-positive image I/ and one
weak-positive text T from the same identity, yielding two weak-
positive pairs (1;, T;*) and (I,°, T;) (together with the original strong pair
(I;,T;)). Hard negatives are mined within the current mini-batch based
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on cosine similarity of the current embeddings s;; = cos( rt. ij): for
each anchor identity, we only consider unpaired samples from different
identities (id(j) # id(i)) and select the top-K most similar ones as
hard negatives in both image—text and text—image directions. In our
implementation, all constructed pairs of a mini-batch are flattened and
evaluated by the same ITM classifier, and the loss is computed by
averaging over the constructed pairs per anchor group.

To make the above construction explicit, we denote the binary ITM
log-likelihood term as #(1,T,p) = plog p(I,T) + (1 — p)log(1 — p(1,T)),
where p=1 for matched pairs and p=0 for negatives. Let ./\fl.T be the
indices of top-K hard negative texts for I;, and N/ be the indices of
top-K hard negative images for 7; mined in the batch. Then the two
GITM auxiliary branches in Egs. (8)-(9) are instantiated by averaging
one weak-positive term and its mined negatives as follows:

1 .
Lo =B 7o |CU-T D+ X £U. T 0|, 6)
jenNy

: 1
Lom =B 7o |C0 T 0+ X 20, T,00|- @
jeN'l

With the standard ITM term on the strong pair (I;,T;) providing
two directional mined negatives, and the two weak-positive branches
each attaching K mined negatives, the overall per-anchor ratio becomes
three matched pairs versus 2 + 2K mined negatives (neg3v4 uses K=1,
while neg3v6 uses K=2).

Implementation summary of GITM group. For re-implementation
clarity, Table 1 summarizes the per-anchor construction used by GITM.
It does not introduce any new component; it only restates the weak-
positive sampling, hard-negative mining, and loss evaluation procedure
in a compact implementation-oriented form.

To further facilitate the learning from weak positive pairs, we
propose Group-wise Image-Text Matching (GITM) loss, shown in Fig.
3. Different from the original ITM loss, we include more negative pairs
as well as the weak positive pairs. To sample the pair, we calculate the
similarity between the positive image and the weak positive text, and
vice versa. We select multiple hard negative samples and weak positive
samples. Similarly, the image-text GITM loss £ and text-image GITM

gitm

;’:’,‘fn based on the weak positive pairs can be formulated as:
£t =E[plog p(I,T,)+ (1 - p)log (1 = (I, T,))], ®)
Lo =E[plog p(I,, T)+ (1 = p)log (1 - p(I,,, )], ©

where p is 1 if (I,T,,) or (,,,T) is matched, O otherwise, and p is the
match score prediction of image and weak text pairs or weak image and
text pairs calculated by an MLPs with Sigmoid activation. In summary,
the final loss can be formulated as:

l:ratal = [:m[m + Circ + £irm + aﬁuirc + ﬂ(l:mt + £1mg ) (10)

gitm gitm

where a controls the contribution of the uncertainty-aware contrastive
term L, in the multi-loss objective, and § controls the strength of
the auxiliary GITM regularization terms Lgitm™ and Lgitm™é in the
multi-loss objective. We select a via the dedicated sweep in Table 10
under the same setting, and use the best-performing value (a = 0.5) for
all remaining experiments. For the GITM branch, we keep a small fixed
coefficient (f = 0.1) so that E;’;x’m and £;’;’tfn act as auxiliary stabilizers
rather than dominating the optimization when combined with £,
and L;,,,. Importantly, the systematically validated factor for GITM is
the group construction and negative count (i.e., the positive-to-negative
ratio induced by hard-negative mining), which is ablated in Table 7
by comparing neg3v4 and neg3v6. This confirms that increasing the
number of hard negatives per group is the primary driver for the
additional gains brought by GITM, while the loss-weight is kept fixed
across settings.

Why is u, used in ITC but not in GITM? The two branches
serve different purposes in our framework. The uncertainty score u,,
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(b) Group-wise Image-Text Matching (GITM) loss

Fig. 3. Intuitive illustration of our Group-wise Image-Text Matching (GITM) loss approach. (a) In the conventional ITM loss calculation, one pair of positive pairs
and two negative pairs are used, resulting in limited negative pair diversity. This lack of diversity leads to a skewed representation space distribution, potentially
reducing the accuracy of the model performance. Additionally, conventional ITM does not fully leverage all available image-text data, causing semantic deviations
between images and texts captured from different perspectives. These deviations can further hinder the ability of the model to effectively learn positive and negative
pair matching. (b) Our Group-wise Image-Text Matching (GITM) approach introduces weak positive pairs, allowing the model to learn a more robust latent space
for positive pairs while accounting for more diverse scenarios. By utilizing a larger and more diverse set of negative pairs, GITM increases both the number and
difficulty of these pairs, resulting in a more evenly distributed representation space and, consequently, enhanced learning accuracy.

Table 1
Compact implementation summary of GITM for one anchor pair (I,,T;).
Step Summary
Anchor pair Start from one strong matched image-text pair (7;,T;).

Weak positives

Hard negatives

Per-anchor group

Sample one weak-positive image I;° and one weak-positive text T from the same identity,
forming two weak-positive pairs (1,,7*) and (1/°,T)).

Within the current mini-batch, only consider unpaired samples from different identities. The
standard ITM term on the strong pair (/;,T;) provides two directional hard negatives (one
image—text and one text—image). In addition, for the two weak-positive branches, we
mine the top-K most similar negatives in each direction based on the current embeddings.
The final group contains three matched pairs, i.e., (1;,T;,), (I;,T,*), and (I, T,), together

with 2 + 2K mined negatives in total. Thus, neg3v4 uses K = 1, while neg3v6 uses K = 2.

Loss evaluation

Flatten all constructed pairs in the mini-batch, evaluate them using the same ITM classifier,

and average the loss over anchor groups.

is introduced in the ITC branch to regulate the pair-level ambiguity
of weak positives in the contrastive space: when a weak pair is less
reliable, its contribution is softly reduced, whereas more consistent
weak pairs provide stronger auxiliary supervision. By contrast, GITM
is designed as an auxiliary binary matching branch to enrich the group
structure by explicitly introducing weak positives together with more
and harder negatives. Therefore, in GITM, weak positives are assigned
the standard matched label, while the key design factor is the group
construction/negative count rather than uncertainty reweighting. In
this way, uncertainty-aware soft regulation is handled in ITC, whereas
group-wise structural enrichment is handled in GITM.

Discussion. (1) Why is the proposed ITC loss based on un-
certainty adjustment effective? The proposed method introduces
additional uncertainty through weak orthogonal modeling. If the uncer-
tainty value is high, it denotes the semantic gap between text and image
in the weak positive pairs is large. Therefore, we automatically decrease
the loss to mitigate the negative impact. If the uncertainty is small,
we leverage the weak positive pairs as the positive pairs as auxiliary
supervision. (2) What is the motivation for GITM loss? Group-wise
Image-Text Matching (GITM) enables us to fully leverage the image and
text features of weak positive pairs (as shown in Fig. 3). This strategy
allows the model to extract a more comprehensive relationship between
multiple pairs. In experiment, we increase the number of positive and
negative pairs, altering the ratio from 1:2 to 3:6 (comprising one pair
of strong positive samples and two pairs of weak positive samples, and
six negative pairs). We observe that larger group-wise metric learning
boosts the diversity of negative pairs and thus, enhances the model
ability to discriminate between more negatives.

4. Experiment
4.1. Datasets and evaluation protocol

Datasets. We employ the synthetic dataset MALS [3] for pre-
training, which comprises 1,510,330 image-text pairs, each annotated
with relevant attribute labels. We validate our method on three bench-
mark datasets. For fine-tuning and evaluation, we utilize widely-used
datasets: CUHK-PEDES [25], RSTPReid [26], and ICFG-PEDES [27].
CUHK-PEDES integrates 40,206 images of 13,003 individuals from five
person search datasets: CUHKO03 [28], Market-1501 [29], SSM [30],
VIPER [31], and CUHKO1 [32]. Each image is annotated with two
sentences, totaling 80,412 descriptions. RSTPReid includes 20,505
images of 4101 individuals and is constructed from MSMT17 [33].
Each identity has five images captured by different cameras, with
each image paired with two textual descriptions. ICFG-PEDES, also
derived from MSMT17, consists of 54,522 images of 4102 individuals,
each accompanied by one textual description. Our method is evaluated
on the three public text-based person search datasets: CUHK-PEDES,
RSTPReid, and ICFG-PEDES.

Evaluation metrics. Following previous works on text-based person
search, we adopt the mean Average Precision (AP) and Recall@1,5,10
as our primary evaluation metrics. The Recall@K, whose value is 1 if
the first matched image has appeared before the K-th image. Recall@K
is sensitive to the position of the first matched image and suits the test
set with only one true-matched image in the gallery. The average preci-
sion (AP) is the area under the PR (Precision-Recall) curve, considering
all ground-truth images in the gallery. mAP is calculated and averaged
for the average accuracy (AP) of each category.

Implementation Details Our model is based on the current ad-
vanced two-stage benchmark model, and all experiments are trained
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using Pytorch on eight NVIDIA A800 GPUs. In pre-training, the Model
image encoder uses Swinv2-B as the backbone model [34]. Text en-
coder and cross encoder use BERT-base [35], respectively. The first 6
and last 6 layers are initialized. At the same time, for the pre-training
dataset MALS, we adopt the data filtering method [4] to screen and
retrain the image text dataset with a high matching degree for pre-
training. We pre-train the model on 32 epochs with a small batch size
of 70 per GPU. We use the AdamW [36] optimizer with a weight
attenuation of 0.01. In the first 2600 steps learning rate from le™>
begins to warm up, according to the linear plan, and then from le~*
goes down to le™3. Each image input is adjusted to 384 x 384. Random
horizontal inversion, RandAugment [37], and random erase [38] are
used for image enhancement. In addition to the image data enhance-
ment mentioned in the pre-training, we also adopt EDA [39] for text
data enhancement and set the small batch size to 35. After pre-training,
the model is fine-tuned for 30 epochs on the downstream dataset,
with a small batch size of 35 per GPU. Set the learning rate to le™
in the image Encoder, and warm up for the first 3 epochs. Then a
linear scheduler is applied to gradually attenuate the learning rate. In
the finetune stage, different images and texts with the same ID are
randomly selected as weak pairs for training. At the same time, for
the MALS dataset used in the pre-training stage, we implement a data
filtering strategy [4] to remove the low-quality training data.

Compute/Memory Overhead. Our proposed GITM does not intro-
duce any additional learnable modules or parameters; it only modifies
the ITM pair construction by incorporating weak positives and group-
wise hard negatives. Under the same training setup described above
(same backbone/model configuration, batch size, and optimization
settings), GITM (neg3v6) increases the wall-clock training time per
epoch from 9:47 to 13:50 and the peak GPU memory from 70776 MiB
to 80060 MiB. This overhead is expected since neg3v6 expands the ITM
supervision to a group-wise composition with 3 positive pairs (1 strong
+ 2 weak) and 6 negative pairs, thus evaluating more image-text pairs
within the ITM branch. We include this to make the efficiency trade-off
of the proposed pairing strategy explicit. Optimization of y. To ensure
numerical stability and enforce the positivity constraint, we parameter-
ize the learnable scale y in log-space and recover it via an exponential
mapping. In practice, we optimize a scalar parameter (log_gamma)
initialized by log(1.0) and compute y = exp(log_gamma) during training.
This guarantees y > 0 throughout optimization and avoids non-positive
scaling. Importantly, this computational overhead is strictly limited to
the training phase. At inference, the retrieval speed remains unchanged
from the baseline, since the proposed method introduces no additional
learnable modules and leaves the evaluation pipeline unchanged. Under
the same single-GPU A800 evaluation setting, both the baseline and
our method showed an inference time of about 9 min, confirming that
the proposed training-time modifications do not introduce additional
test-time latency.

4.2. Comparison with state-of-the-art methods

On three benchmark datasets, CUHK-PEDES, RSTPReid, and ICFG-
PEDES, we compare the proposed method with other advanced text-
based person retrieval methods that have reported results or can be re-
implemented. The performance evaluation indicators are mean Average
Precision (AP) and Recall@1,5,10.

Performance comparison on CUHK-PEDES: We compare our
method with lots of competitive methods on CUHK-PEDES. The per-
formance of our method on CUHK-PEDES is shown in Table 2, from
which we can observe that:

* (1) Our method achieves a state-of-the-art mAP of 72.44%, along
with leading performance in Recall@1, Recall@5, and Recall@10,
with scores of 77.88%, 91.05%, and 94.57%, respectively, signifi-
cantly outperforming other methods. In particular, in terms of mAP,
the accuracy of models with uncertainty is improved by +3.06% over
RaSa [9] on CUHK-PEDES.
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Table 2

Performance comparison on CUHK-PEDES. For a fair comparison, we re-
implement APTM [3] with backbone Swinv2-B as Baseline. * indicates the use
of additional information, e.g, human parsing.

Method R@1 R@5 R@10 mAP
Dual Path [14] 44.40 66.26 75.07 -
MIA [40] 53.10 75.00 82.90 -
DSSL [26] 59.98 80.41 87.56 -
SSAN [27] 61.37 80.15 86.73 -
TIPCB [13] 63.63 82.82 89.01 -
LBUL [10] 64.04 82.66 87.22 -
CAIBC [41] 64.43 82.87 88.37 -
LGUR [8] 65.25 83.12 89.00 -
TransTPS [42] 68.23 86.37 91.65 -
CFine [43] 69.57 85.93 91.15 -
VGSG [44] 71.38 86.75 91.86 67.91
MACF [45] 73.33 88.57 93.02 -
IRRA [6] 73.38 89.93 93.71 66.13
TBPS-CLIP [46] 73.54 88.19 92.35 65.38
SAMC [47] 74.03 89.18 93.31 68.42
RDE [48] 75.94 90.14 94.12 67.56
RaSa [9] 76.51 90.29 94.25 69.38
APTM [3] 76.53 90.04 94.15 66.91
ITSELF [49] 76.95 90.64 94.36 69.38
DiCo [50] 77.21 91.85 95.63 -
AUL [51] 77.23 90.43 94.41 -
BAMG* [52] 79.98 92.31 94.03 68.55
Baseline 76.90 90.75 94.33 68.85
Ours 77.88 91.05 94.57 72.44 (+3.59)

+ (2) Comparing to our re-implemented baseline, i.e., APTM + Swinv2-
B (Recall@1/5/10: 76.90%, 90.75%, 94.33%, mAP: 68.85%), which
adopts conventional contrastive learning and image-text matching
objectives, our proposed uncertainty-aware method achieves a
+3.59% improvement in mAP and a +0.98% improvement in Re-
call@1. Notably, the much larger gain in mAP than in Recall@K
suggests improved ranking quality beyond top-K hits, i.e., more
positive samples are promoted to higher positions throughout the
ranked retrieval list, which is better reflected by mAP.

* (3) At the same time, we can observe that the proposed method
outperforms the source domain model, i.e., APTM (Recall@1, 5, 10:
76.53%, 90.04%, 94.15%, mAP: 66.91%). This indicates that our
uncertainty-based approach effectively leverages a broader range of
sample information, leading to a more balanced representation space
distribution. By employing group-wise ITM, the model is exposed to
a greater diversity of negative samples, significantly contributing to
the overall performance improvement.

* (4) The proposed method also surpasses, i.e., RaSa (mAP: 69.38%),
which employs relation and sensitivity-aware representation learn-
ing. Our uncertainty-aware approach proves more effective in achiev-
ing mAP improvements. By employing our proposed uncertainty-
based approach, the model can more effectively utilize weak positive
pairs to learn a richer feature representation space. This enhance-
ment facilitate the model to learn discriminative feature, allowing
the model to correctly identify and rank more positive candidates at
higher retrieval hierarchy.

Performance comparison on RSTPReid and ICFG-PEDES: The
performance of our model on RSTPReid and ICFG-PEDES is shown in
Tables 3 and 4 respectively, and we can observe similar performance
improvement: (1) The proposed method is significantly superior to
other models, obtaining 69.45% Recall@1, 85.50% Recall@5, 91.65%
Recall@10 and 56.11% mAP on RSTPReid. On ICFG-PEDES, 69.22%
Recall@1, 83.56% Recall@5, 88.13% Recall@10 and 48.23% of mAP
are obtained. In particular, in terms of mAP, the accuracy of models
with uncertainty is improved by +3.55% over APTM [3] on RSTPReid
and +6.94% over RaSa [9] on ICFG-PEDES. (2) Using the same Swinv2-
B backbone, the proposed method achieves competitive results on
RSTPReid and ICFG-PEDES, with mAP improvements of +2.89% and
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Table 3

Performance comparison on RSTPReid. Baseline: We re-implement APTM [3]
with backbone Swinv2-B. * indicates the use of additional information, e.g,
humman parsing.
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Table 5

Comparison results (%) on the domain generalization tasks (i.e., CUHK-PEDES
to ICFG-PEDES (C — I) and ICFG-PEDES to CUHK-PEDES (I — C)). The bold
and underline texts denote the best and runner-up results, respectively.

Method R@1 R@5 R@10 mAP
DSSL [26] 32.43 55.08 63.19 -
LBUL [10] 45.55 68.20 77.85 -
IVT [2] 46.70 70.00 78.80 -
CAIBC [41] 47.35 69.55 79.00 -
CFine [43] 50.55 72.50 81.60 -
TransTPS [42] 56.05 78.65 86.75 -
IRRA [6] 60.20 81.30 88.20 47.17
SAMC [47] 60.80 82.35 89.00 49.67
TBPS-CLIP [46] 61.95 83.55 88.75 48.26
RaSa [9] 66.90 86.50 91.35 52.31
APTM [3] 67.50 85.70 91.45 52.56
RDE [48] 65.35 83.95 89.90 50.88
ITSELF [49] 67.30 85.60 90.50 53.05
DiCo [50] 67.84 85.72 91.98 -
BAMG* [52] 69.73 87.65 93.33 55.21
AUL [51] 71.65 87.55 92.05 -
Baseline 66.75 85.70 91.65 53.22
Ours 69.45 85.50 91.65 56.11 (+2.89)

Table 4

Performance comparison on ICFG-PEDES. Baseline: We re-implement APTM
[3] with backbone Swinv2-B. * indicates the use of additional information,
e.g., humman parsing.

Method R@1 R@5 R@10 mAP
Dual Path [14] 38.99 59.44 68.41 -
MIA [40] 46.49 67.14 75.18 -
SCAN [53] 50.05 69.65 77.21 -
SSAN [27] 54.23 72.63 79.53 -
VT [2] 56.04 73.60 80.22 -
LGUR [8] 59.02 75.32 81.56 -
CFine [43] 60.83 76.55 82.42 -
MACF [45] 62.95 79.93 85.04 -
IRRA [6] 63.46 80.25 85.82 38.06
SAMC [47] 63.68 79.69 85.21 42.41
TBPS-CLIP [46] 65.05 80.34 85.47 39.83
RaSa [9] 65.28 80.04 85.12 41.29
RDE [48] 67.68 82.47 87.36 40.06
APTM [3] 68.51 82.99 87.56 41.22
DiCo [50] 67.81 83.29 87.62 -
AUL [51] 69.16 83.32 88.37 -
ITSELF [49] 69.23 82.84 87.62 43.80
BAMG* [52] 71.70 86.34 89.71 42.37
Baseline 68.71 83.67 88.39 44.28
Ours 69.22 83.56 88.13 48.23 (+3.95)

+3.95%, respectively. Additionally, We achieve significant improve-
ments of +2.70% and +0.51% in Recall@1. Our proposed uncertainty-
aware ITC and group-wise ITM approach enhances model retrieval
capabilities across both datasets by leveraging diverse weak positive
samples as a supplement and incorporating more negative samples into
ITM learning through a group-wise method. This approach enables the
model to retrieve more correctly ranked positive samples, resulting in
a significant improvement in mAP performance.

Performance comparison on the Domain Generalization (DG)
task. Our method effectively utilizes information from weak positive
image-text pairs as supplementary. This approach promotes a more
uniform distribution in the model representation space, which naturally
suggests that the model can generalize well to other domains. To
validate this, we conduct experiments on Domain Generalization (DG)
tasks. Specifically, we directly deploy the model, pre-trained on the
source domain, to target datasets without further fine-tuning. As shown
in Table 5, our method outperforms all other compared approaches.
Notably, our method surpasses VGSG [44] by +11.34% in Rank-1
accuracy on the C — I task, and by +22.16% in Rank-1 accuracy
on the I — C task. In Table 6, we present the performance of our

Method I1-C C-1

R@1 R@5 R@10 R@1 R@5 R@10
Dual Path [14] 15.41 29.80 38.19 7.63 17.14 23.52
MIA [40] 19.35 36.78 46.42 10.93 23.77 32.39
SCAN [53] 21.27 39.26 48.83 13.63 28.61 37.05
SSAN [27] 24.72 43.43 53.01 16.68 33.84 43.00
LGUR [8] 34.25 52.58 60.85 25.44 44.48 54.39
VGSG [44] 35.85 55.04 63.61 27.17 47.77 57.27
Ours 47.19 70.27 78.09 49.33 68.61 75.79

Table 6

Our results (%) on the domain generalization tasks (i.e., CUHK-PEDES to
RSTPReid (C — R) and RSTPReid to CUHK-PEDES (R — C), RSTPReid to ICFG-
PEDES (R — I) and ICFG-PEDES to RSTPReid (I — R)).

Tasks Method R@1 R@5 R@10
C-R Ours 56.35 77.30 85.30
R-C Ours 39.49 61.88 70.63
R-1 Ours 45.04 60.71 67.28
I->R Ours 55.70 74.55 82.45

method on four additional Domain Generalization (DG) tasks. These
experiments demonstrate that our uncertainty-aware method exhibits
strong generalization capabilities.

To further isolate the contribution of each proposed component
under domain shift, we additionally conduct a cross-domain ablation
study under the same source-only transfer protocol on the representa-
tive I-C and C—I tasks. As shown in Table 8, both uncertainty-aware
ITC and GITM remain effective in the cross-domain scenario, and their
combination yields the strongest overall transfer performance. On [-C,
the full model improves R@1/mAP from 45.96/40.85 to 47.19/44.10.
On C-l, it improves R@1/mAP from 47.06/25.60 to 49.33/28.53.
These results further support that the DG gains stem from the pro-
posed methodology itself rather than target-side adaptation, since all
evaluations are conducted without target-domain fine-tuning.

Discussion. With the added comparisons to recent CLIP-based
TBPS systems (e.g., ITSELF, IRRA/RDE, BAMG, DiCo), our method
achieves the best mAP performance on CUHK-PEDES and RSTPReid,
and ICFG-PEDES while providing a consistent gain over the strong
re-implemented baseline across all benchmarks. Notably, our con-
tribution is pair-level (uncertainty-aware optimization for noisy/am-
biguous correspondences) and is therefore orthogonal to architecture-
centric designs (e.g., graph modeling, slot-based disentanglement, fine-
grained alignment modules), suggesting potential complementarity
when combined.

4.3. Ablation studies and further discussion

To further evaluate our approach, we conduct several ablation
studies, with a primary focus on the fine-tuning stage. This emphasis is
because our methodology aims to enhance model performance through
targeted adjustments to model loss during the fine-tuning phase.

Effect of our uncertainty-aware ITC loss and group-wise ITM
loss. We show the ablation comparison of our completely proposed
experimental methods in Table 7. (1) First, we filter the dataset based
on [4] and conduct experiments based on the initial baseline [3]. (2)
Second, the image encoder backbone is replaced by Swinv2-B (the
input image size is adjusted to 384 x 384), which shows that the
learning ability of the model is further improved. (3) Third, we start
to replace the backbone model as the baseline and gradually increase
our uncertainty method on it. Firstly, we verify the method of applying
uncertainty to adjust ITC loss. It can be seen that the model further
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Table 7
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Ablation study of our method with different settings on CUHK-PEDES. Baseline': we re-implement APTM
is the optimization objective that uses uncertainty-

[3] with backbone Swinv2-B for a fair comparison. £,
aware ITC to leverage information about the weak positive pairs fully. £

uite

gitm

(neg3v4) is that we adopt

the weak positive pairs to increase the number and difficulty of negative pairs by using Group-wise
Image-Text Matching (GITM), comprising 1 positive pair, 2 weak positive pairs, and 4 negative pairs.

Similarly, £

(neg3v6) is expanded to 1 positive pair, 2 weak positive pairs, and 6 negative pairs.

gitm
Method Lo Ly (neg3v4) Ly (neg3vé) R@1 R@5 R@10 mAP
Baseline 76.53 90.04 94.15 66.91
Baseline’ 76.90 90.76 94.33 68.86
Baseline v/ 76.88 90.60 94.35 70.49
Baseline v v 76.85 90.77 94.54 71.89
Baseline v v 77.88 91.05 94.57 72.44

Table 8

Cross-domain ablation results (%) under the source-only transfer protocol on the domain generalization tasks,

i.e., ICFG-PEDES — CUHK-PEDES (I — C) and CUHK-PEDES — ICFG-PEDES (C — I). “Baseline’ + £,
the uncertainty-aware ITC objective, “Baseline’ + £

gitm

uite

” uses only
” uses only the GITM objective, and “Ours” combines both

components. All models are trained on the source domain and directly evaluated on the target domain without
target-domain fine-tuning. Bold denotes the best result in each column.

Method I1-C C->1
R@1 R@5 R@10 mAP R@1 R@5 R@10 mAP
Baseline’ 45.96 68.52 76.51 40.85 47.06 68.13 75.02 25.60
Baseline’ + £, 45.87 68.67 76.43 41.81 47.66 68.35 75.15 26.39
Baseline’ + £, (neg3v6) 45.35 69.33 77.62 41.88 48.44 68.83 75.91 27.21
Ours 47.19 70.27 78.09 44.10 49.33 68.61 75.79 28.53
increases mAP +1.63% while holding Recall@k. (4) Finally, uncertainty Table 9

is applied to expand the hard negative in ITM and increase the difficulty
of the hard negative. It can be seen that we finally expand to 3
positive pairs and 6 negative pairs. This strategy yields significant
improvements in both Recall@k and mAP. Specifically, our method
surpasses the baseline (Swinv2-B) on mAP by +3.58% and on Recall@1
by +0.98%.

Comparison of the hard negative number for group-wise image-
text matching (GITM). We further evaluate the effect of uncertainty-
adjusted hard negative counts in Table 7. Lgitm (neg3v4) expands
each example to 3 positive and 4 negative pairs via uncertainty. The
set includes the original one-to-one positive pair; two hard negatives
obtained by comparing features of the positive pair and selecting the
most similar negatives for both image and text; and a new positive
formed by pairing the positive image with a weak positive text, with
one corresponding negative built from that weak text. Analogously,
another positive and its negative are created using a weak positive
image. Similarly, Lgitm (neg3v6) constructs 3 positive and 6 negative
pairs (details in Section 3.4). We observe that increasing the number of
negatives in GITM is more critical. Adding GITM improves performance
over not using it: mAP +0.55%, Recall@1 +1.03%, Recall@5 +0.28%,
Recall@10 +0.03%.

Analyze the influence of image feature dimension embedding
dimension. In Table 9, we explore the influence of the image feature
embedding dimension. We observe that increasing the embed dimen-
sion from 256 to 2048 leads to improvements across various evaluation
metrics, suggesting that a higher embed dimension enhances the model
perceptual and learning capabilities. Consequently, all subsequent ex-
periments are conducted with a 2048 embed dimension.

Analyze the influence of loss weight in front of uncertainty-
aware ITC loss. We study the impact of the loss weight in front of
uncertainty-aware ITC loss. In particular, we change the alpha scale
in Eq. (10). We show the effect of different alpha scales on model
performance in Table 10. When comparing the impact of alpha on
the model, Swin-B is used as the backbone. In order to verify the
impact of alpha on uncertainty-aware ITC, we only apply uncertainty
learning to regulate ITC loss. Without using uncertainty to increase
hard negative, we can observe that the model gets the best performance
with uncertainty when a = 0.5. At the same time, the experimental
results also show that the smaller the proportion of ITC loss adjusted

Impact of different ITC embedding dimensions on our model. We report the
recall rate and mAP on CUHK-PEDES. Here we only deploy the uncertainty-
aware ITC loss. We have achieved the best mAP when the embedding
dimension is 2048.

Embedding_dim R@1 R@5 R@10 mAP

256 76.25 90.10 93.84 68.94

1024 76.48 90.16 93.94 68.83

2048 76.25 90.17 93.91 68.96
Table 10

Impact of different loss weights « of uncertainty-aware ITC on our model. Here
we report the recall rate and mAP on CUHK-PEDES. We have achieved the best
mAP when the loss weight a of uncertainty-aware ITC is 0.5.

a R@1 R@5 R@10 mAP

0.3 76.58 90.34 94.23 70.17

0.4 76.53 89.96 94.07 70.22

0.5 76.92 90.11 94.09 70.78

0.6 76.59 90.16 94.04 70.73

0.7 76.24 90.15 94.10 70.26
Table 11

Ablation study on the loss weight . All experiments are conducted on CUHK-
PEDES with a fixed a = 0.1.

i R@1 R@5 R@10 mAP
0.01 77.37 90.95 94.74 70.23
0.05 77.57 91.16 94.41 71.68
0.1 77.88 91.05 94.57 72.44
0.2 76.93 90.04 93.63 72.47
0.3 76.30 89.18 92.77 72.09
0.4 76.07 88.97 92.49 72.05
0.5 76.18 88.56 92.28 72.06

by our uncertainty method in the total loss, the higher the performance
of Recall@5, 10, the larger the proportion, and the better the values of
mAP and Recall@1, but the higher the proportion is not the better. The
experiment shows that the model achieves the best performance when
alpha is 0.5.

Impact of GITM Loss Weight . We further study the sensitivity
of our framework to the weighting coefficient g for the GITM loss by
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Text Query

CUHK-PEDES

The man is facing away and
walking in strappy sandals he wears
a cross body bag a watch and tan
shorts with a gray blue short
sleeved shirt he has short dark hair.

This is a caucasian male with short
black hair he has on a white jacket
with a white shirt underneath and a
bow tie on he is wearing black dress
pants with black shoes

RSTPReid

The woman had a ponytail, a grey
down jacket, beige trousers and
black boots. She was carrying a
light blue backpack. She's buttoning
herself.

The man with a red cap is reading a
tricycle.He is wearing a black down
jacket and thick pants.And he wears
a face mask,a pair of gloves as well.

ICFG-PEDES

A woman is wearing a navy blue-
grey hooded parka jacket with a
white fur line in the hood. Her head
is covered with the hood. She is
also wearing black fitted pants and
black shoes.

A middle-aged man with black
medium length hair with side
partition is wearing a black
overcoat over a black shirt. He is
also wearing black regular-fit pants
and black Oxford shoes.

Fig. 4. Visualization of the top 10 person search results on CUHK-PEDES, RSTPReid, and ICFG-PEDES. We present results of two sets of text queries for each
of the three datasets in descending order based on the similarity. Images in green boxes indicate correct matches, while images in red boxes represent incorrect
matches. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 12

Impact of different input image sizes. Here we report the recall rate and mAP
on CUHK-PEDES. The best mAP is achieved when the input image size is
384 x 384.

H xW R@1 R@5 R@10 mAP
256 x 256 76.79 90.68 94.23 71.29
384 x 192 77.01 90.77 94.25 70.97
384 x 384 77.88 91.05 94.57 72.44
576 x 192 76.79 90.71 94.41 71.07

sweeping a wider range from 0.01 to 0.5 on CUHK-PEDES while fixing
a = 0.1. As shown in Table 11, the performance is relatively robust
to g within this range, yet different metrics favor slightly different
choices. In particular, § = 0.1 attains the best R@1 (77.88%) with
competitive mAP (72.44%), whereas the highest mAP is achieved at
B = 0.2 (72.47%). For smaller weights, § = 0.05 yields the best R@5
(91.16%) and a strong mAP (71.68%), and f = 0.01 gives the best
R@10 (94.74%) but a lower mAP (70.23%). When g becomes larger
(e.g., > 0.3), Recall@K consistently degrades (from 77.88% R@1 at
f = 0.1 to 76.07% at p = 0.4), while mAP remains nearly saturated
around 72.0%-72.1%. Overall, these results indicate that GITM mainly
acts as an auxiliary regularizer: overly increasing its weight does not
bring additional benefits and can slightly compromise retrieval recall.
Therefore, we adopt g = 0.1 as the default setting in our experiments.

Comparing the impact of different input sizes in image back-
bone. We consider the size of the input image and window size to
perceive the model receptive field and learning details. All experimen-
tal results are obtained after applying all uncertainty methods. For
specific results, refer to Table 12. It can be seen from the table that
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Text-to-lImage PR (macro)

1.0
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Fig. 5. Macro-averaged Precision-Recall (PR) curves on CUHK-PEDES for text-
to-image retrieval. Our method consistently dominates the baseline across
recall levels, indicating improved ranking quality beyond top-K recall.

using 384 x 384 as H x W for image processing for the three existing
datasets will achieve the best results in the case of Recall@1, 5, 10, and
mAP. Additionally, we observe that reducing both the height and width
of the images to 256 x 256 leads to a decline in all performance metrics.
Similarly, keeping the height constant while reducing the width to 192
results in a performance drop, particularly in mAP. On the other hand,
increasing the height to 576 while keeping the width at 192 causes a
decrease in R@1 and R@5, but an improvement in R@10 and mAP.
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(a) Risk—coverage curve by sorting queries with u, (lower is
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TP vs FP distribution of uncertianty u,,

== TP (mean=0.509)
FP (mean=0.550)

LL |

0.40 0.45 0.50 0.55 0.60 0.65 0.70

Reliability uncertianty u,, = exp(—sy) (lower is more reliable)

(b) Distribution of uy, for correct vs. incorrect top-1 retrievals.

Fig. 6. Reliability analysis of the consistency-based uncertainty. We emphasize that u,, = exp(-s,,) is a reliability/ambiguity proxy derived from weak-pair
consistency, rather than a calibrated aleatoric/epistemic uncertainty. On CUHK-PEDES test set (N=6156), incorrect top-1 matches show higher u than correct
ones (TP mean 0.509 vs. FP mean 0.550), and sorting by u yields a risk-coverage behavior, indicating that « is monotonic with retrieval risk.
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Joint t-SNE (After)
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(a) Joint t-SNE (Before).

Margin distribution (ITC space): s(T,Iw) - s(T,I-)

(b) Joint t-SNE (After).

Margin distribution (ITC space): s(T,I+) - s(T,I-)

3.5

i Before (mean=0.371)
After (mean=0.412)

Density

-0.1
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(c) Weak-positive margin. s(T, I,,) — s(T, I").

[ Before (mean=0.426)
After (mean=0.460)
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(d) Positive margin. s(T,I*) — s(T,I7).

0.5 0.6 0.7

Fig. 7. Embedding geometry and margin analysis before/after applying our uncertainty-aware learning. (a,b) Joint t-SNE visualization in a shared setting,
where {T,I%,1,,1"} denote the text query, its matched image, its weak-view counterpart, and a negative image, respectively. Colored connectors indicate the
associations from each query to its positives/weak-positives. (c,d) Distributions of ITC margins in the same embedding space. The vertical line at 0 marks the
decision boundary where a negative becomes as similar as (or more similar than) the positive/weak-positive. After training, both margin distributions shift right

(larger mean margins), indicating more reliable separation against negatives.

Comparison of uncertainty mappings. The uncertainty score in
Eq. (3) is instantiated as u,, = exp(—s,,) in our default setting. Since
s, is computed from cosine similarities on L2-normalized features,
it is bounded in [-1,1], and thus the exponential mapping keeps u,,
strictly positive and bounded, which is desirable because u,, appears in
the denominator of Eq. (4). To further examine whether this choice
is empirically reasonable, we compare it with two simple positive

11

monotonic alternatives, i.e., a linear mapping u,, = 1.5 - 5, and a
power-based mapping u,, = (1.5 — s5,,)>. As shown in Table 13, the
exponential mapping achieves the best overall performance on CUHK-
PEDES, outperforming the linear variant by +0.88 R@1 and +0.56
mAP, and also slightly surpassing the power-based variant by +0.15
R@1 and +0.09 mAP. These results suggest that the exponential form
provides a more suitable non-linear reweighting for low-consistency
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Table 13

Comparison of different uncertainty mappings in Eq. (3) on CUHK-PEDES.
All settings are kept identical, and we only replace the mapping from the
consistency score s, to the uncertainty score u,,.

Mapping of u,, R@1 R@5 R@10 mAP

1.5-s, 77.00 90.48 94.14 71.88

(1.5 -s,)° 77.73 90.60 93.96 72.35

exp(—s,,) 77.88 91.05 94.57 72.44
Table 14

Effect of introducing pair-level uncertainty into GITM on CUHK-PEDES.
“Default” denotes our original design, where u, is only used in the ITC
branch. “Uncertainty-weighted GITM” additionally applies pair-level uncer-
tainty weighting to the weak-positive GITM branches.

GITM supervision R@1 R@5 R@10 mAP
Default (ours) 77.88 91.05 94.57 72.44
Uncertainty-weighted GITM 77.27 90.48 94.19 72.40

Table 15

Effect of removing MALS pre-training on CUHK-PEDES. Here “w/o MALS
pre-training” means that we keep the same APTM architecture and standard
backbone initialization, but directly train on the downstream dataset without
loading the MALS pre-trained checkpoint.

Method R@1 R@5 R@10 mAP
Baseline w/o MALS pre-training 68.81 86.60 91.42 62.36
Ours w/o MALS pre-training 70.37 87.12 91.96 66.20

weak pairs in our current objective. We emphasize that we do not
claim exp(-s,,) to be universally optimal; rather, it is a stable, simple,
and empirically effective choice for the present uncertainty-aware ITC
formulation.

Does GITM also benefit from uncertainty weighting? To fur-
ther examine whether u,, should also be introduced into GITM, we
implement a variant that applies pair-level uncertainty weighting to
the weak-positive GITM branches. As shown in Table 14, this modi-
fication does not bring further improvement over the default design:
Recall@1/5/10 drop from 77.88/91.05/94.57 to 77.27/90.48/94.19,
while mAP changes only marginally from 72.44 to 72.40. This result
suggests that uncertainty-aware weighting is more suitable for the ITC
branch, where it continuously regulates pair-level ambiguity in the con-
trastive space, whereas GITM is more effective as an auxiliary binary
matching branch whose main gain comes from enriching the group
structure and increasing the number and difficulty of hard negatives.

Does our method depend on MALS pre-training? Since our ap-
proach is built on the standard pretrain—finetune protocol of APTM,
one may ask whether the uncertainty estimation heavily depends on
the large-scale MALS pre-trained feature space. To examine this, we
conduct an additional experiment without MALS pre-training. Specifi-
cally, we keep the same APTM architecture and the standard backbone
initialization, but directly train on CUHK-PEDES without loading the
MALS pre-trained checkpoint. As shown in Table 15, the baseline
achieves 68.81 R@1 and 62.36 mAP, while our full method further
improves the performance to 70.37 R@1 and 66.20 mAP. This corre-
sponds to gains of +1.56 R@1 and +3.84 mAP. These results suggest
that, although MALS pre-training provides a stronger starting point,
the proposed uncertainty-aware learning and GITM do not rely on it to
remain effective. The uncertainty signal is still computed online from
the current feature space and can provide useful supervision beyond
the original MALS-pretrained setting.

4.4. Qualitative results
As shown in Fig. 4, we provide qualitative results of the top 10

search results on three datasets: CUHK-PEDES, RSTPReid, and ICFG-
PEDES. Our model uses uncertainty learning to improve precision
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compared to the baseline. In addition, compared with the conventional
baseline approach of contrast learning, we observe that the proposed
uncertainty adjustment has better recognition for small-scale targets
such as backpacks and tote bags. This is because many descriptions of
the same ID have different perspectives, and some perspectives obscure
objects such as hand-held objects or backpacks, which makes model
learning and text description have limitations. Our uncertainty-aware
method corrects these biases and gets reasonable search results.

Ranking-level PR analysis. We further provide a ranking-level di-
agnostic by plotting the macro-averaged Precision-Recall (PR) curve for
text-to-image retrieval on CUHK-PEDES (Fig. 5). For each text query,
we rank all gallery images using the final retrieval score (the same score
used for mAP evaluation) and define positives as all images sharing the
same identity (consistent with our evaluation protocol via txt2img).
As shown in Fig. 5, our method dominates the baseline across most
recall levels, indicating improved ranking quality beyond top-K recall.
Quantitatively, Precision@Recall improves from 0.770/0.597/0.514 to
0.783/0.660/0.600 at recall = 0.5/0.7/0.9, and PR-AUC increases from
0.692 to 0.730, with more pronounced gains in the mid-to-high recall
regime.

Consistency-based uncertainty reliability analysis. We clarify
that our uncertainty is a retrieval-oriented score derived from cross-
view (weak-pair) consistency, rather than a probabilistically calibrated
aleatoric/epistemic estimate. To validate its reliability meaning, we
perform a diagnostic on CUHK-PEDES test set (N=6156). We observe
that incorrect top-1 retrievals exhibit higher uncertainty than correct
ones (TP mean 0.509 vs. FP mean 0.550), and the resulting risk—
coverage curve shows that retaining the lowest-uncertainty fraction
substantially reduces error (Fig. 6). These results support that the
proposed uncertainty is monotonic with retrieval risk and thus suitable
for reliability-aware optimization.

Embedding geometry analysis. To further understand how the
proposed uncertainty-aware learning reshapes the joint embedding
space, we visualize the representations of sampled tuples {T, I*,I,,, I},
where I, denotes a weak-view counterpart under the same identity.
As shown in Fig. 7(a-b), compared with the baseline, our method
yields a visibly more coherent text-image structure: the associations
from T to I and I, exhibit fewer cross-cluster jumps, suggesting
improved cross-view consistency and reduced ambiguity under weak-
view perturbations. We complement this qualitative evidence with
a margin-based analysis in the ITC space. Fig. 7(c—d) reports the
distributions of the margins s(7',I,,) — s(T, I7) and s(T, I*) — s(T, 1),
where the 0-line indicates cases where negatives become competitive.
After training, both margin distributions shift toward larger values
(higher mean margins), indicating that our learning strategy increases
the safety margin against negatives not only for the strongest positive
pairs (T, I*) but also for weak-view pairs (T, I,,), which is consistent
with the goal of improving reliability under cross-view variations.

5. Conclusion

In this work, we proposed a simple and effective method for text-
based person search by explicitly exploiting weak positive pairs that are
usually ignored in conventional one-to-one image-text matching. We
introduced an uncertainty-aware learning strategy to model the ambi-
guity of weak positives in cross-modal comparison and incorporated
it into the training objective to regularize optimization. We further
proposed a group-wise image-text matching scheme to better utilize
weak positives and harder negatives, without introducing additional
learnable modules or inference-time overhead. Extensive experiments
on three benchmark datasets demonstrated the effectiveness of the
proposed method, especially in improving mAP, which indicates better
overall ranking quality. The results show that weak positive pairs can
serve as useful auxiliary supervision when their uncertainty is properly
handled. A limitation is that the gain may be reduced when weak pairs
are severely mismatched or highly noisy. In future work, we will further
explore more robust uncertainty modeling and extend this idea to other
related vision-language retrieval tasks.
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