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Preface

The International Conference on Intelligent Computing (ICIC) was started to
provide an annual forum dedicated to emerging and challenging topics in artificial
intelligence, machine learning, pattern recognition, bioinformatics, and
computational biology. It aims to bring together researchers and practitioners
from both academia and industry to share ideas, problems, and solutions related
to the multifaceted aspects of intelligent computing.

ICIC 2025, held in Ningbo, China, July 26-29, 2025, constituted the 21st
International Conference on Intelligent Computing. It built upon the success of
ICIC 2024 (Tianjin, China), ICIC 2023 (Zhengzhou, China), ICIC 2022 (Xi'an,
China), ICIC 2021 (Shenzhen, China), ICIC 2020 (Bari, Italy), ICIC 2019
(Nanchang, China), ICIC 2018 (Wuhan, China), ICIC 2017 (Liverpool, UK),
ICIC 2016 (Lanzhou, China), ICIC 2015 (Fuzhou, China), ICIC 2014 (Taiyuan,
China), ICIC 2013 (Nanning, China), ICIC 2012 (Huangshan, China), ICIC 2011
(Zhengzhou, China), ICIC 2010 (Changsha, China), ICIC 2009 (Ulsan, South
Korea), ICIC 2008 (Shanghai, China), ICIC 2007 (Qingdao, China), ICIC 2006
(Kunming, China), and ICIC 2005 (Hefei, China).

This year, the conference concentrated mainly on the theories and
methodologies as well as the emerging applications of intelligent computing. Its
aim was to unify the picture of contemporary intelligent computing techniques as
an integral concept that highlights the trends in advanced computational
intelligence and bridges theoretical research with applications. Therefore, the
theme for this conference was "Advanced Intelligent Computing Technology and
Applications”. Papers that focused on this theme were solicited, addressing
theories, methodologies, and applications in science and technology.

ICIC 2025 received 4032 submissions from 21 countries and regions. We
selected 328 Poster papers from the remaining papers, included in four volumes.
These four volumes of Poster papers will be arranged on the open access website
http://poster-openaccess.com/.

The volume I includes 82 poster papers.
The volume II includes 82 poster papers.
The volume III includes 81 poster papers.
The volume IV includes 83 poster papers.


http://poster-openaccess.com/

The organizers of ICIC 2025, including The Society of International
Computing, Ningbo University, Eastern Institute of Technology, Ningbo, Ningbo
Institute of Digital Twin, Ningbo EIT Industrial Technology Institute, The
University of Nottingham Ningbo China, Tianjin University of Science and
Technology, and Xinjiang Institute of Engineering, made an enormous effort to
ensure the success of the conference. We hereby would like to thank the members
of the Program Committee and the referees for their collective effort in reviewing
and soliciting the papers. In particular, we would like to thank all the authors for
contributing their papers. Without the high-quality submissions from the authors,
the success of the conference would not have been possible. Finally, we are
especially grateful to the International Neural Network Society and the National
Science Foundation of China for their sponsorship.

ICIC 2025 General Chair
De-Shuang Huang
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Dynamic Uncertainty Learning with Noisy
Correspondence for Text-Based Person Search
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! Beijing University of Posts and Telecommunications, Beijing 100876, China
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2 Zhejiang University, Hangzhou, China
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* These authors contribute equally to this work

Abstract. Text-to-image person search aims to identify an individual
based on a text description. To reduce data collection costs, large-scale text-
image datasets are created from co-occurrence pairs found online. However,
this can introduce noise, particularly mismatched pairs, which degrade re-
trieval performance. Existing methods often focus on negative samples,
which amplify this noise. To address these issues, we propose the Dynamic
Uncertainty and Relational Alignment (DURA) framework, which includes
the Key Feature Selector !(KFS) and a new loss function, Dynamic Softmax
Hinge Loss (DSH-Loss). KFS captures and models noise uncertainty, im-
proving retrieval reliability. The bidirectional evi- dence from cross-
modal similarity is modeled asa Dirichlet distribution, enhancing adapta-
bility to noisy data. DSH adjusts the difficulty of neg- ative samples to
improve robustness in noisy environments. Our exper- iments on three
datasets show that the method offers strong noise re- sistance and improves
retrieval performance in both low- and high-noise scenarios.

Keywords: Text-Based Person Search, Noisy Correspondences, Cross- modal
Uncertainty Learning.

1 Introduction

Person Re-identification (Re-ID) is a key task in computer vision, important for
applications like intelligent video surveillance, urban security, and smart retail [17].
Text-to-image person search aims to identify a person based on tex- tual descriptions.
However, current Re-ID methods rely on specific images of individuals, which
may not be available in real-world emergency situations. In these cases, eyewitness
descriptions can be the only information. To address this, text-based person search is
used to identify individuals from image collections based on text queries.
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Text-to-image person search is a sub-domain of both image-text retrieval [25, 31,
35] and image-based person Re-ID [7,29,36]. Text descriptions offer an in- tuitive
way to express a person’s features, often easier to access than images.

This has led to growing interest in the field, with applications in personal photo
searches and public safety. The main challenge is accurately measuring the sim- ilarity
between text descriptions and images to retrieve the correct individual from the
image database based on the provided text query.

To address these issues, current methods [2] use techniques to increase the simi-
larity of positive text-image pairs while reducing that of negative pairs. Ap- proaches
like common representation learning [24] and similarity learning [10] have been
applied. While these methods show promise, many depend on large, well-annotated
datasets. To reduce data collection costs, co-occurring text-image pairs are often gath-
ered from online sources, creating a large, cost-effective cross- modal dataset. However,
such data often contains noise, known as noisy corre- spondence, which weakens the
reliability of cross-modal relationships and affects retrieval performance. This prob-
lem is especially severe with hinge-based triplet ranking loss involving hard nega-
tives [24, 10], where the hard learning approach becomes more vulnerable to noise,
lowering retrieval accuracy, as shown in our experiments (e.g., Table 1).

Noisy correspondence is closely related to learning with noisy labels [30, 14], a con-
cept studied in classification tasks. Various methods, like co-teaching [14] and robust
loss functions [30], have been developed to address noisy labels. However, noisy cor-
respondence involves misalignments between cross-modal pairs [16, 12, 26, 40],
which differs from noisy labels in classification. Traditional robust learn- ing tech-
niques are inadequate for noisy correspondence, as it involves uncertainty at the in-
stance level rather than the category level. As a result, noisy correspon- dence is much
more complex than noisy labels, as the number of instances usually exceeds the number
of categories by far.

To address these challenges, we propose the Dynamic Uncertainty and Rela- tional
Alignment (DURA) framework, designed for text-to-image person search in noisy
environments. DURA introduces a new Cross-modal Evidential Learn- ing (CEL)
method to identify and handle uncertainty caused by noise, helping to isolate unre-
liable pairs and improve data reliability. To deal with unreliable hard negatives,
the Dynamic Softmax Hinge (DSH) mechanism increases the difficulty of negative
samples during training, reducing the impact of noisy cor- respondence. By com-
bining CEL and DSH, DURA effectively distinguishes and uses both clean and noisy
data. CEL models bidirectional evidence asa Dirichlet distribution based on cross-
modal similarity, addressing uncertainty from noisy correspondence. This evidence
helps classify the training data into clean and noisy subsets. Finally, DURA uses
CEL and DSH loss functions to train the model, applying positive learning to the
clean data and negative learning to the noisy data. In conclusion, the main contri-
butions of this work areas follows:

- We propose Dynamic Uncertainty and Relational Alignment (DURA) frame-
work to provide trusted retrieval in an effective and efficient way. Our DURA could
be directly applied to robustly learn with noisy correspondence for Text-to-Image
person search.
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- A Dynamic Softmax Hinge Loss (DSH-Loss) is proposed to mitigate the
adverse effects of unreliability caused by noisy correspondence. Specifically, DSH
smoothly increases the difficulty of negative samples during training to improve the
robustness against noisy correspondence.

— Extensive experiments verify that the proposed method improves the robust- ness
against noisy correspondence, especially the high noise rate. Moreover, we provide
insightful analysis that the learned uncertainty could reduce the negative impacts of
noisy correspondences, improving the robustness.

2 Related Work

2.1  Text-to-Image Person Search

The concept of Text-to-Image Person Search was introduced by Li et al. [27] with
the CUHK-PEDES dataset. Early methods used VGG and LSTM [27, 3] for
feature extraction, aligning image-text features via matching loss functions. Later
works [5, 15, 8] employed ResNet and BERT to enhance representations and design
advanced matching losses. Current approaches are categorized into global-matching
[34, 20,42, 21], which align features in a unified space, and local- matching [6,9, 22,
37], which focuses on fine-grained alignments like body parts and text elements for
better retrieval.

Despite progress, most methods assume perfect training pairs, which is unre- alistic
due to noise. To address this, Yang et al. [38] proposed a robust learning method
leveraging isovariant similarity consistency for noisy data. However, it depends on
high-quality anchor points, and poor selection can lead tomisclassi- fication.

2.2 Uncertainty-based Learning

Many deep models[41] have been used with great success in applications, but they use
deterministic predictions and lack the ability to assess their output uncer- tainty.
To overcome this challenge, many researches [13, 18, 1] proposed methods to estimate
the output uncertainty of the models. Kendall et al. [23] proposed the Bayesian deep
learning framework combining input-related intrinsic uncertainty with knowledge-
based uncertainty, focusing on the application of the model in per-pixel semantic
segmentation and deep regression tasks. Chen et al. [4] simul- taneously modelled
the output uncertainty of the models by considering multi- granularity uncertainty
for both coarse-grained and fine-grained image retrieval, integrating uncertainty
modelling and uncertainty regularisation to improve re- call and enhance the re-
trieval process. In contrast, our approach focuses more on modelling uncertainty
across schema correspondences and aims to achieve robustness and reliability in
text-to-image person search.
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3 Methodology

In this section, we presents the proposed Dynamic Uncertainty and Relational
Alignment (DURA) framework, which incorporates the Key Feature Selector
(KFS) module and a novel loss function, the Dynamic Softmax Hinge Loss (DSH-Loss),
to achieve robust cross-modal retrieval. The overview of DURA is illustrated in Fig. 1
and the details are discussed in the following subsections.

' ~ ) .
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Fig. 1: The overview of our Dynamic Uncertainty and Relational Alignment frame-
work (DURA). illustrating feature extraction, evidence-based uncer- tainty mod-
eling, and evidence-guided training with TAL, CEL, DSH, and KFS.

3.1 Feature Extraction with Dual-Encodert

Our framework uses a dual-encoder architecture for feature extraction, utilizing pre-
trained encoders for both image and text to ensure strong cross-modal align- ment.
Following the success of CLIP in aligning visual and textual embeddings, we ini-
tialize both the image and text encoders with the full CLIP architecture, improving
the model’s ability to extract semantically aligned features from both modalities.

Formally, the gallery set is represented as V = (Ii,yip % )i = 1™, and the cor-
responding textual description set is T = (T;, y)i =1, where N, and N;denote
the number of images and texts, respectively. The label yip € YP =1,..., C is the class
label (person identity), with C being the total number of identities, andy; € Y¥ =
1,..., Ny is the image label. The paired image-text dataset for TIPeID is defined as
P=(,T,y’,yD)X,, where each image-text pair shares the same image label y} and
class label y7.

Image Encoder: Given an input image I € R#¥*W*¢ We use a CLIP pre- trained
Vsion Transformer (ViT) to extract image embeddings. An input image I € RE*WXC

is dvided into N = H:ZW non-overlapping patch size. Each patch is flattened and
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transformed into a token representation {fy}'=; with positional embeddings added
and a special [CLS] token prepended. This tokenized sequence is processed through L-
layer transformer blocks with self-attention, and the [CLS] token output £, captures
the global image representation. A linear projection maps f,°*to a shared image-text
embedding space for alignment with text embeddings.

Text Encoder: Given an input text T;, We use a CLIP pre-trained transformer-
based text encoder. Input text T; is tokenized using byte pair encoding (BPE) into a
sequence of subword tokens. Special tokens [SOS] and [EOS] are added to mark the
boundaries, resulting in a sequence {f5°, £, ..., fi¥, ff°}. This sequence is pro-
cessed through L-layer transformer blocks with self-attention, and the [EOS] token
output f; tfeos captures the global text representation. A lin-ear projection maps fi tfeos to
the shared image-text embedding space, enabling alignment with image embeddings.

To measure the similarity between animage-text pair (I;,T;), we utilize the
global features represented by the [CLS] and [EOS] tokens. The global embedding
similarity S;;is computed using cosine similarity, defined as:

T
L Eos
55 f

ij = TrclsinfrEosy
TR IEERS )

(M

Here, flees represents the global text embedding derived from the [EOS] token,
while £ denotes the global image embedding obtained from the [CLS] token.
These global embeddings are used to compute the similarity Sij between the image

and text in the shared multimodal embedding space. Additionally, {ft]}]N=1 and {fv] ]N=1

correspond to the local features extracted from the N word token in the text T;
and the N patches in the image [;, respectively, providing fine- grained contextual
representations.

3.2 Key Feature Selector

While global embeddings obtained from [CLS] and [EOS] tokens capture high-
level similarities between image-text pairs, they often overlook subtle, fine-grained
details essential for accurate text-to-image person search. To address this issue, we
introduce a Key Feature Selector (KFS) module that enhances the discriminative
power of the learned representations by incorporating informative local features.

We begin by applying L2 normalization to both visual and textual features: fy =

L2Norm(fy) and f{ = L2ZNorm(f;") This normalization step ensures consistent mag-
nitudes across features, improving their stability and reliability, especially under noisy
conditions.

Next, we refine features using Max-K pooling, which selects the top k values
and averages them. This process emphasizes the most discriminative components,
allowing the model to focus on the critical cues that distinguish one identity from
another.

Before pooling, we further enhance feature representations using a combination of
MLP, FC, and a Squeeze-and-Excitation (SE) layer at the MLP’s output. The MLP
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and FC layers transform the input features into a richer, more expressive space,
while the SE layer adaptively recalibrates channel-wise feature responses, highlight-
ing informative dimensions and suppressing less relevant ones.

Formally, the visual and textual features Fvi and Fti are computed as:

F} = MaxPool (SE(MLP(V;%)) + FC(£)), @)
Fi = MaxPool (SE(MLP(T)) + FC(£)) )

By integrating global and local perspectives within DURA, the KFS module
ensures a balanced representation that captures both high-level alignment and fine-
grained distinctions. This leads to improved robustness and accuracy in text- to-image
person search, particularly in complex and noisy retrieval scenarios.

3.3  Uncertainty Modeling

In this section, we model cross-modal uncertainty using the Dempster-Shafer
Theory of Evidence, guided by the principles of Subjective Logic. Consider a
mini-batch of N image-text pairs. For each pair (I;,T;), we first compute a
similarity score Si. To translate this score into evidence, we apply an evidence
extractor f(-):

e;; = f(Si) = exp(tanh(S;;/T)), @

where 0 < T < 1 is a scaling parameter. Thus, for a given visual query I;, the
evidence vector e; , T; can be extracted from the cross-modal similarities using
Equation (4), i.e., ei . Ti = [€1,€;2,...,€;y]. Similarly, the evidence vector er, _, ;
for a given textual query T; can be obtained as: er, i = [eq;,€5;,...,€p;] -

Subjective Logic assigns a belief mass to each query and an overall uncer- tainty
mass based on the collected cross-modal evidence (e.g., eit, ander,_i), which can
be defined as:

_ &ij _N
bij = L—iand u; = Li, (5)

where: L; = Zyzl(eij +1) and u; + Z?]ﬂ b;; =1. The term L; represents the
strength of the Dirichlet distribution, while the belief mass assignment b; =
[bi1, biz, ..., biv] corresponds to subjective opinions derived from the Dirichlet
distribution with parameters a; = [ai, iz, ..., @], where: a; = e + 1.

Intuitively, cross-modal retrieval is analogous to classifying instances (i.e.,
pairs), where the query similarity aligns with the probability assignment. The Di-
richlet distribution, parametrized by the evidence, represents the density of these
probability assignments. Thus, a; models second-order probabilities and uncertain-
ties. The density function is defined as:

1 N ajj—1 f
RS o 1) e
D(p;lo;) = {B(ai) Hj_lpl] , forp; € Sy,
0, otherwise,

(6)
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where p; € RY are the query probabilities, B(a;) is the N-dimensional multinomial
beta function, and Sy denotes the N-dimensional unit simplex .

In this manner, the evidence extracted from cross-modal similarities informs a
second-order distribution (the Dirichlet), representing both the likelihood of each
potential match and the associated uncertainty. This approach ensures a more robust
handling of noisy and uncertain retrieval scenarios.

3.4 Cross-modal Evidential Learning

Following the approach of [33], we treat cross-modal retrieval as a K-way clas-
sification task,where each query is expected to match its corresponding target. Let
yibea K-dimensional one-hot vector indicating the correct match for query i. The
model produces evidence a; = [aii,...,aix] that parameterizes a Dirich-let dis-
tribution, modeling both the probability assignments and their associated uncer-
tainty.

To align the model’s probability estimates E[p;;] = aL—lLJ (with L; = YX_, a; ) to the
ground truth y;, we employ the following mean-squared loss over the Dirichlet

distribution:
L3(Li+1)

K
ij(Li—aij)
Ly(a,y) = Z 1[()’ij - a;;)? + ZESE A @)
J:

Minimizing L., encourages the expected probabilities to approximate the ground
truth while reducing uncertainty.

However, L, alone does not ensure that evidence for negative matches di- min-
ishes. To address this, we introduce a Kullback-Leibler (KL) divergence term that
penalizes excessive evidence for incorrect targets. We define:

=i+ (1 =-2) O a;, (8)
and measure the divergence from 