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Abstract

Cross-modal retrieval aims to align different modalities via
semantic similarity. However, existing methods often as-
sume that image-text pairs are perfectly aligned, overlook-
ing Noisy Correspondences in real data. These misaligned
pairs misguide similarity learning and degrade retrieval per-
formance. Previous methods often rely on coarse-grained cat-
egorizations that simply divide data into clean and noisy
samples, overlooking the intrinsic diversity within noisy in-
stances. Moreover, they typically apply uniform training
strategies regardless of sample characteristics, resulting in
suboptimal sample utilization for model optimization. To ad-
dress the above challenges, we introduce a novel framework,
called Pseudo-label Consistency-Guided Sample Refinement
(PCSR), which enhances correspondence reliability by ex-
plicitly dividing samples based on pseudo-label consistency.
Specifically, we first employ a confidence-based estimation
to distinguish clean and noisy pairs, then refine the noisy
pairs via pseudo-label consistency to uncover structurally
distinct subsets. We further propose a Pseudo-label Consis-
tency Score (PCS) to quantify prediction stability, enabling
the separation of ambiguous and refinable samples within
noisy pairs. Accordingly, we adopt Adaptive Pair Optimiza-
tion (APO), where ambiguous samples are optimized with
robust loss functions and refinable ones are enhanced via
text replacement during training. Extensive experiments on
CC152K, MS-COCO and Flickr30K validate the effective-
ness of our method in improving retrieval robustness under
noisy supervision.

Introduction

Cross-modal retrieval (Anderson et al. 2018; Faghri et al.
2017), a fundamental task in multimodal learning, aims to
bridge different modalities within large-scale multimedia
data. Existing methods explore various strategies to bridge
the semantic gap between modalities (Feng et al. 2023;
Liu et al. 2020; Zhang et al. 2020; Liu et al. 2025b), but
their effectiveness relies heavily on the assumption of ac-
curately aligned image-text pairs. In practice, such precise
alignment requires costly manual annotation, which is both
challenging and error-prone. This results in the problem of
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Figure 1: (Top) Difference between previous coarse division
and our refined division method. (Bottom) The conceptual
diagram of our proposed PCSR method. Specifically, we
first obtain the pseudo-label of each sample using a pseudo-
classifier, and then calculate PCS value by measuring the
concentration of the pseudo-label prediction. Thereby dis-
tinguishing samples with consistent image predictions.

noisy correspondence, different from traditional noisy la-
bels (Jiang et al. 2020; Bai et al. 2021; Iscen et al. 2022;
Yan et al. 2023) that refer to incorrect category annotations.
Noisy correspondence specifically refers to semantic mis-
alignment between paired modalities, which consequently
degrades the performance of existing cross-modal retrieval
methods (Diao et al. 2021; Li et al. 2019; Lee et al. 2018).

In recent years, research addressing the problem of noisy
correspondence remains limited. Earlier methods (Qin et al.
2022; Yang et al. 2023) typically divide the training data
into noisy and clean subsets, and then employ strategies such
as dynamic weight adjustment to mitigate the impact of in-
correct supervision or introduce effective supervisory sig-
nals to enhance model optimization. However, these meth-
ods only consider a binary categorization and fail to account
for the possibility that some pseudo-positive pairs within the
noisy subset may still exhibit partial semantic alignment and
thus can still provide informative supervision while training.
To address this, (Ma et al. 2024) introduces a finer-grained



classification that partitions samples into clean, vague, and
noisy categories. However, such a division remains ambigu-
ous, lacking quantifiable criteria such as prediction stabil-
ity or semantic consistency to justify the classification. This
approach merely refines existing confidence-based or loss-
based frameworks without introducing fundamentally new
classification principles. Moreover, in the subsequent train-
ing phase, coarse division approaches tend to apply uni-
form training strategies across all noisy pairs, which leads
to two major drawbacks: stable noisy samples are underuti-
lized, and ambiguous samples introduce incorrect supervi-
sion, thereby affecting the convergence of the model. The
training strategies proposed after classification often only in-
volve parameter adjustments compared to the original meth-
ods. Consequently, although these methods alleviate noisy
supervision through finer categorization, the refinement ex-
erts limited impact on the overall training strategy and offers
restricted performance gains.

As illustrated in Figure 1, we propose a refined division
strategy that categorizes samples into three subsets: clean,
ambiguous, and refinable. We argue that there are intrinsic
differences within the noisy subset: some are reliably iden-
tified as mismatches due to accurate model understanding
and are thus termed as refinable pairs, while others are clas-
sified as noisy due to semantic ambiguity and are referred
to as ambiguous pairs. For refinable pairs, which the model
understands confidently, we perform text refinement to en-
hance their utility. For ambiguous pairs, where the model’s
predictions are uncertain, we adopt a more robust training
strategy. This approach enables us to fully exploit the dis-
tinct training value inherent in each category.

To address these challenges, we propose a novel method
named Pseudo-label Consistency-Guided Sample Refine-
ment (PCSR), which assesses correspondence reliability us-
ing confidence scores and pseudo-label consistency, thereby
improving the robustness of cross-modal retrieval by en-
abling flexible sample division and targeted training strate-
gies. Specifically, PCSR first estimates the confidence of
each image-text pair based on the distribution of match-
ing losses, using Gaussian Mixture Model (GMM) to dis-
tinguish clean pairs and noisy pairs. Considering some
noisy pairs contain useful information that can be exploited
through training, as illustrated in Figure 1, we further intro-
duce a Pseudo-label Consistency Score (PCS) in our method
to analyze the prediction stability of images within noisy
pairs. By evaluating the consistency across multiple pseudo-
label predictions, we separate noisy pairs into two different
subsets: Ambiguous pairs that suffer from unstable pseudo-
classifier predictions, implying limited training value. Con-
versely, refinable pairs exhibit stable predictions, suggesting
that their images remain valuable for learning despite mis-
aligned textual annotations. Building on this division, PCSR
adopts Adaptive Pair Optimization (APO). Whereas clean
pairs are trained using standard triplet loss and cross-entropy
loss. For ambiguous pairs, to mitigate the impact of unsta-
ble supervision, we adopt a more robust Generalized Cross-
Entropy (GCE) loss for training. For refinable pairs, bene-
fiting from reliable image pseudo-prediction, we undergo a
caption rematch strategy, where their original captions are
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replaced by captions retrieved from clean pairs based on
pseudo-label similarity. This allows the model to receive
more reliable supervision signals.

Our main contributions are summarized as follows:

* Inspired by the observation that noisy pairs exhibit in-
trinsic differences, we propose a novel Pseudo-label
Consistency-Guided Sample Refinement (PCSR) frame-
work, which explicitly models correspondence reliability
through a refined sample division strategy.

We propose an Adaptive Pair Optimization (APO) strat-
egy, introducing distinct optimization processes tailored
to clean, ambiguous, and refinable pairs, thereby fully ex-
ploiting the particular training value of each subset.

* We conduct extensive experiments on MS-COCO,
Flickr30K and CC152K. Experimental results show that
PCSR effectively obtains reliable supervisory signals
from each identified category and significantly outper-
forms state-of-the-art methods under noisy conditions.

Related Work

Cross-Modal Matching Cross-modal matching (Wang
et al. 2020; Yang et al. 2022) is a core task in information re-
trieval (Zhao et al. 2024) and multi-modal learning (Chuang
et al. 2022), aiming to retrieve relevant content across differ-
ent modalities using one modality as a query. Among these
tasks, image-text retrieval is the most representative and is
typically divided into two mainstream paradigms: coarse-
grained and fine-grained alignment. Coarse-grained meth-
ods (Liu et al. 2025a; Chen et al. 2021; Li et al. 2019) map
entire images and texts into a common embedding space us-
ing separate networks and compute their overall similarity
primarily based on cosine distance. Fine-grained approaches
(Lee et al. 2018; Zhang et al. 2022a,b; Pan, Wu, and Zhang
2023; Fu et al. 2024) emphasize cross-modal interaction and
align local regions across modalities, subsequently combin-
ing local matching results to derive the final similarity score.
Despite their effectiveness, these methods generally rely on
large-scale, accurately aligned training pairs and largely ig-
nore the critical issue of noisy correspondence in practi-
cal scenarios. Therefore, exploring how to effectively learn
cross-modal retrieval in the noisy correspondence relation-
ships is of great significance, but this challenging issue has
rarely been touched upon in previous studies.

Noisy Correspondence Learning Noisy correspondence
refers to the widespread phenomenon where semantically
misaligned data pairs are erroneously regarded as matched
pairs during training. NCR (Huang et al. 2021) represents
the first pioneering work specifically dedicated to address-
ing this problem. NCR enhances the robustness of image-
text matching models by using a Gaussian Mixture Model
(GMM) to adaptively refine soft correspondence labels dur-
ing training. Subsequently, BiCro (Yang et al. 2023) uses
Beta Mixture Model (BMM) to refine binary noisy labels
into soft labels, assuming similar images share similar texts
and vice versa. MSCN (Han et al. 2023) uses clean data
to train a meta-network for generating reliable soft labels
to correct main network predictions. Other recent methods
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Figure 2: Overview of the proposed method. We compute the Pseudo-label Consistency Score (PCS) through repeated pseudo-
label predictions, further dividing the noisy pairs into ambiguous pairs and refinable pairs. For clean pairs, we employ a combi-
nation of triplet loss and cross-entropy loss for optimization. For ambiguous pairs, we utilize triplet loss alongside generalized
cross-entropy (GCE) loss to enhance robustness against label uncertainty. For refinable pairs, given their consistent pseudo-
label predictions across iterations, we discard their original texts and replace them with captions selected from a subset of clean
pairs that are most semantically similar to the noisy image’s pseudo-label, thereby enabling more reliable training.

(Qin et al. 2022; Li et al. 2024) enhance the loss function us-
ing dynamic weighting or bi-directional similarity. However,
the existing methods mentioned above largely ignored struc-
tural differences among noisy pairs, training all noisy pairs
using the same homogeneous method inherently limits the
exploitation of their varied optimization potential. In con-
trast, we introduce a refined division strategy that effectively
classifies noisy samples, allowing more precise distinction
based on their inherent differences. Meanwhile, our method
applies tailored training strategies to each category, enabling
better utilization of noisy pairs based on their unique opti-
mization potential.

Pseudo-Labeling Pseudo-labeling was initially introduced
to deep learning by (Lee et al. 2013). It was first used in
the field of computer vision and later widely adopted in
semi-supervised learning and unsupervised learning. Semi-
supervised methods (Chen, Dun, and Kyrillidis 2024; Chen
and Wang 2024; Heidari, Zhang, and Guo 2024) often
combined with consistency regularization, label propaga-
tion, and multi-model collaboration. These methods enhance
pseudo-label quality and robustness by enforcing consis-
tency, leveraging weak supervision, and exploiting model
complementarity. Pseudo-labels are also used in unsuper-
vised learning fields like self-supervised learning (Zhang
et al. 2024) and knowledge distillation (Zhai et al. 2023;
Wen, Lai, and Qian 2021), where models generate supervi-
sory signals to guide representation learning or knowledge
transfer. Further on, pseudo-labeling inherently tolerates la-
bel noise, as many of its techniques (Miyato et al. 2019;
Wang et al. 2021) are inspired by or integrate noise-robust
learning strategies to handle imperfect labels during train-
ing. Our method, building upon PC2 (Duan et al. 2024), ap-
plies pseudo-labeling to cross-modal retrieval and achieves
significant performance improvements.

24010

Method
Problem Overview

Given a query, cross-modal retrieval aims to identify se-
mantically relevant instances from a dataset of a different
modality. Without loss of generality, we take image-text re-
trieval as an example to discuss the problem of noisy cor-
respondence in cross-modal retrieval. As illustrated in Fig-
ure 2, our proposed method comprises four key components.
The feature extraction and confidence division parts are de-
rived from the baseline strategy introduced in NCR (Huang
et al. 2021). Specifically, given the image-text dataset, we
use an image encoder f(-) and a text encoder ¢(-) to com-
pute the feature embedding into a shared embedding space,
then the similarity of image-text pairs is calculated within
S(f(I),g(T)), where I and T represent images and texts,
and S indicates the similarity function. Following, confi-
dence division derives a probability distribution using a
Gaussian Mixture Model (GMM) to divide the samples into
clean samples (y; = 1) and noisy samples (y; = 0). To fully
exploit the distinct training value of all samples, we propose
a refined division method.

To better assess the reliability of image-text pairs under
noisy correspondence, we adopt a Consistency-Guided Divi-
sion (CGD) strategy. Inspired by semi-supervised learning,
we propose a pseudo-classifier C'(-) to predict pseudo cate-
gories of each image and text, based on its prediction con-
sistency, we further divide noisy samples into refinable and
ambiguous samples. Following this, we propose an Adap-
tive Pair Optimization (APO) strategy that performs targeted
training based on the distinctive properties of the data.

Consistency-Guided Division

If the classifier consistently assigns the same category to
an image across epochs, it suggests strong semantic confi-



dence, whereas fluctuating predictions indicate ambiguity.
Based on this principle, we propose a refined division strat-
egy named Consistency-Guided Division (CGD). By train-
ing a pseudo classifier within clean-only epochs, we de-
fine a Pseudo-label Consistency Score (PCS) to measure la-
bel stability and dynamically adjust a threshold 7 to sepa-
rate ambiguous and refinable samples. This module enables
the model to selectively refine informative noisy pairs while
avoiding misleading supervision from unstable ones. Thus,
the model’s understanding of image-text pairs can be as-
sessed by measuring the consistency of its prediction.

Pseudo-Classifier Training on clean data. Consistency-
Guided Division relies heavily on category predictions from
a pseudo-classifier, making it a critical component of the
overall framework. Existing studies (Duan et al. 2024) ap-
plied pseudo-labeling in cross-modal retrieval, and proposed
a method for training a pseudo-classifier. Using only the
clean data, we train the pseudo-classifier by utilizing pre-
dicted category c for each image and the pseudo-label [ €
{1,---, K} of its corresponding caption. K represents the
number of categories predicted by the Pseudo-Classifier.
Specifically, after the confidence division step, the dataset
is divided into clean pairs and noisy pairs. Given a batch

of clean pairs (I¢, Tf)f;l, following the encoding process,
the pseudo-classifier is subsequently employed to produce
pseudo-label predictions for image p;” = C/(f(1;)) and text
q° = C(g(T;%)). We obtain the pseudo-label for the text
by selecting the class with the highest predicted probability
¢¢ = argmax(qy), then optimize the pseudo-classifier us-
ing the standard cross-entropy loss with pseudo-label as the
target:

B
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To ensure diverse pseudo-label assignments, we regularize
the classifier C with an entropy loss that encourages uniform
distribution over the label space:
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Pseudo-label Consistency Score. After obtaining the
pseudo-predictions of images and texts, it is necessary to
define a metric that quantifies the model’s level of un-
derstanding for each sample. We posit that the more con-
sistent the model’s pseudo-label predictions for an image
across multiple training iterations, the greater its semantic
confidence in understanding the image. We first obtain the
pseudo-label of the image p$ = arg max(p§). In each train-
ing epoch, we count the occurrences of each label category
as ni,ns,...,nkg, where nx denotes the number of times
class K is predicted. We define the Pseudo-label Consis-
tency Score (PCS) as a metric to measure the prediction sta-
bility of the pseudo-classifier over multiple forward passes.
Specifically, assume that Q; = [n1,na,...,nk| represents
the cumulative pseudo-label prediction count of each class
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for the image I; over multiple training epochs. The Pseudo-
label Consistency Score (PCS) for I; is defined as:

PCSz = NMmax — Tsecond; 3)
where Ny, = max(Q;) denotes the number of times the
most frequently predicted class appears, and Ngecond =
max(Q; \ {Nmax}) corresponds to the count of the second
most frequent prediction. A larger PCS; implies higher con-
sistency in pseudo-label predictions, reflecting stronger se-
mantic confidence from the model regarding I;.

Dynamic Threshold Adjustment. To ensure a stable and
effective separation of ambiguous and refinable samples,
we design a dynamic threshold adjustment mechanism that
adaptively updates the threshold 7 during training. Among
noisy samples with low confidence, we define refinable sam-
ples Sg as follows:

Sp={;T;) |y =0, PCS; > 7}
and ambiguous samples S 4 as follows:
Sy = {(IZ,Tz) |yi =0, PCS; < T}

This mechanism is based on the target utilization rate Aget,
which gradually increases as training progresses:

t
)\mm) T (4)
where t is the current training iteration and 7' is the total
number of training iterations. This encourages the model to
utilize more samples progressively. Following, we compute
the intermediate target threshold Ti,eec based on the discrep-
ancy between current utilization A and the expected target:

)\target = Amin + ()\max -

)

Here, k is a sensitivity coefficient that controls the adjust-
ment strength. If the actual utilization is lower than ex-
pected, 7 will be reduced to include more samples, and vice
versa. In this work, we update the threshold of current epoch
7¢ using an Exponential Moving Average (EMA) to ensure
smoothness:

Ttarget = T — k- (/\target - )\)

Tt = (1 - 6) “Ti_1+ B Ttarget (6)

where (3 is the parameter controlling the update rate.

Adaptive Pair Optimization

To fully exploit the optimization potential of different types
of pairs, we propose a training strategy named Adaptive Pair
Optimization (APO). It progressively incorporates clean, re-
finable, and ambiguous pairs into the training process with
tailored supervision objectives.

Stage 1: Clean-only Training. Training starts with only
clean pairs C to ensure stable initial convergence. The ob-
jective function for this phase incorporates standard triplet
loss that encourages semantic alignment, along with cross-
entropy loss for pseudo-label supervision and entropy regu-
larization for promoting confident predictions. Specifically,
the loss for clean data training is defined as:

Eclean = /\t . ETriplet(Icv TC) + >\ce . ECE + )\en : ﬁEn (7)



Flickr30K [ MSCOCO 1K
. Image— Text Text—Image Image— Text Text—Image
Noise | Methods R@l R@5 R@I0 | Rel R@5 Rel0 | ™ || Rel Re@5 R@10 | R@l R@5 R@Ilo | UM
SCAN (ECCV’18) 59.1 834 904 | 366 670 775 | 4140 || 662 91.0 964 | 450 802  89.3 | 468.1
SGR (AAAI'21) 612 843 915 | 445 721 802 | 4338 || 49.1 838 927 | 425 777 882 | 4340
NCR* (NIPS’21) 735 932 966 | 569 824 885 | 491.1 || 766 956 982 | 608 888 950 | 515.0
DECL* (ACMMM’22) | 77.5 938 97.0 | 56.1 81.8 885 | 4947 || 775 959 984 | 61.7 893 954 | 5182
20% | MSCN* (CVPR’23) 774 949 976 | 596 832 892 | 5019 || 78.1 972 988 | 643 904 958 | 524.6
BiCro* (CVPR’23) 781 944 975 | 604 844 899 | 5047 || 788 961  98.6 | 637 903 957 | 5232
RCL* (TPAMI’23) 759 945 973 | 579 826 886 | 4968 || 789 960 984 | 628 899 954 | 5214
CREAM* (TIP'24) 774 950 975 | 587 841 898 | 5023 || 789 963 987 | 633 905 953 | 523.0
L2RM* (CVPR’24) 779 952 978 | 598 836  89.5 | 503.8 || 802 963 985 | 642 90.1 954 | 5247
PCSR* 787 951 979 | 609 837 894 | 5057 || 80.5 973 989 | 638 897 951 | 5254
SCAN (ECCV’18) 299 605 725 | 164 385 486 | 2664 || 301 652 792 | 189 511 69.9 | 3144
SGR (AAAI'21) 472 764 832 | 345 603 705 | 3721 || 439 783 893 | 370 728 851 | 406.4
NCR* (NIPS’21) 753 921 952 | 562 80.6 874 | 4868 || 765 950 982 | 607 885 950 | 5139
DECL* (ACMMM22) | 72.7 923 954 | 534 794 864 | 4796 || 756 955 983 | 595 883 954 | 5120
40% | MSCN* (CVPR’23) 744 944 969 | 572 817  87.6 | 4922 || 748 949 980 | 603 885 943 | 5109
BiCro* (CVPR’23) 746 927 962 | 555 81.0 874 | 4875 || 770 959 983 | 61.1 892 949 | 517.1
RCL* (TPAMI’23) 727 927 961 | 548 800  87.1 | 4834 || 770 955 984 | 612 902 951 | 5153
CREAM* (TIP'24) 763 933 971 | 570 826 887 | 4950 || 765 950 982 | 61.7 894 956 | 516.8
L2RM* (CVPR’24) 758 932 969 | 563 81.0 873 | 4905 || 775 958 985 | 620 891 949 | 5177
PCSR* 766 945 973 | 574 824 889 | 4971 || 777 960 981 | 631 894 955 | 519.8
SCAN (ECCV’18) 169 393 539 2.8 7.4 114 | 1317 || 278 598 748 | 168 478  66.4 | 293.4
SGR (AAAI'21) 287 580 710 | 238 495 607 | 2917 || 37.6 733 863 | 338 686 817 | 3813
NCR* (NIPS°21) 687 899 955 | 520 776 849 | 468.6 || 727 940 976 | 579 870 941 | 503.3
DECL* (ACMMM’22) | 652 884 940 | 468 740 822 | 4506 || 73.0 942 971 | 570 868 940 | 5025
60% | MSCN* (CVPR’23) 704 910 949 | 534 778 841 | 4716 || 744 951 979 | 592 871 928 | 506.5
BiCro* (CVPR’23) 67.6 900 944 | 512 776 847 | 4663 || 739 944 978 | 583 872 935 | 5055
RCL* (TPAMI'23) 677 89.1 936 | 480 749 833 | 4566 || 740 943 976 | 576 864 935 | 503.3
CREAM* (TIP’24) 706 912 961 | 533 792  87.0 | 4774 || 747 947 980 | 597 880 946 | 509.9
L2RM* (CVPR’24) 700 908 954 | 513 764 837 | 467.6 || 754 947 979 | 592 874 936 | 508.4
PCSR* 728 919 958 | 548 797 865 | 4805 || 763 948 979 | 617 875 940 | 5122
SCAN (ECCV’18) 5.1 181 273 3.9 131 19.1 86.6 222 519 675 138 411 586 | 255.1
SGR (AAAI'21) 137 351 476 | 121 309 419 | 1813 || 267 607 756 | 253 582 726 | 319.1
NCR* (NIPS’21) 1.4 7.1 11.7 1.5 5.4 9.3 36.4 216 526 676 | 151 381  49.8 | 2448
DECL* (ACMMM’22) | 534 788 869 | 37.6 638 739 | 3944 || 648 905 962 | 537 817  93.0 | 4730
80% | MSCN* (CVPR’23) 1.0 4.4 9.1 0.4 1.4 2.5 18.8 668 91.6 962 | 527 830 909 | 4812
BiCro* (CVPR’23) 3.6 139 205 1.7 75 130 | 60.2 622 886  96.1 | 474 792 885 | 4605
RCL* (TPAMI"23) 517 758 844 | 345 612 707 | 3783 || 674 908 960 | 506 81.0  90.1 | 4759
CREAM* (TIP'24) 587 833  90.1 | 408 67.1 763 | 4163 || 68.6 920 964 | 524 848 928 | 487.2
L2RM* (CVPR’24) 557 808 878 | 394 654 749 | 4040 || 69.0 920 962 | 527 824 923 | 4826
PCSR* 631 871 932 | 446 709 786 | 4375 || 7.6 929 967 | 553 839 933 | 493.7

Table 1: Image-Text Retrieval on Flickr30K and MS-COCO 1K datasets under different noise ratios. * indicates the noise robust
method. The best and sub-optimal indicators are represented in bold and underline respectively.

where the triplet 108s Lrripiet (I, T') is computed as:

. R
LripeI.T) = > [a — S(I,T) + S(1I, T)}
(I,T)eD
. +
+ la-s@n)+sAT)] ®
& is defined based on the work of (Duan et al. 2024):
Sp(pPip5) _ 1
) ©)
m—1
where m and o are predefined parameters, S, is a similarity
function used to calculate the similarity of two distributions.

Stage 2: Clean + Refinable. In this stage, we incorporate
refinable pairs R into training. These samples show con-

sistent pseudo-labels, suggesting that although their paired
captions may be misaligned, their images still provide use-
ful training signals. To correct this, we apply a caption re-
finement: for each image I] € R, we retrieve the most se-
mantically similar caption T’ from clean texts 7 based on
pseudo-label similarity.

j= argmgxxSp(p?,pg) (10)

Based on the rematched pairs (17, ch), the final training loss
used for refinable data training is formulated as:

ﬁreﬁnable = ACTriplet(IIa T;}) (1 1)
Stage 3: Clean + Refinable + Ambiguous. In the final
training stage, we incorporate ambiguous pairs A into the
optimization process to further exploit potentially informa-
tive supervision. However, due to their inherent uncertainty,
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we adopt a noise-robust loss function to stabilize training.
Specifically, we utilize the Generalized Cross-Entropy loss
(GCE), which combines the benefits of both mean absolute
error and standard cross-entropy by controlling the influence
of low-confidence predictions. The GCE loss is defined as:

1 B
Lcce = 5 Z
= (12)

v € (0,1] is a hyperparameter controlling the robustness of
the loss, set to 0.7 as recommended in (Zhang and Sabuncu
2018). The total loss used for ambiguous data training for
this stage is formulated as:

1— (p2(q0)”
Y

)N
Y

[fambiguous = )\t'ETriplel<Ia7 Ta)+)\gce'£GCE+)\en'£En (13)

Experiments
Datasets

We evaluate our proposed method on three widely used mul-
timodal datasets:

Flickr30K. This dataset comprises 31,000 images
sourced from Flickr, each paired with five descriptive cap-
tions that provide detailed semantic annotations. The dataset
encompasses a wide range of scenes, objects, and human
activities, making it a standard benchmark for cross-modal
retrieval. Following common practice, we utilize 29,000 im-
ages for training, 1,000 for validation, and 1,000 for testing.

MSCOCO. The MSCOCO dataset contains 123,287 im-
ages, each annotated with five captions describing various
visual scenes and objects in daily life. It serves as a key
benchmark for evaluating multimodal learning methods. In
our experiments, we adopt the data split: 113,287 images for
training, and 5,000 each for validation and testing.

Conceptual Captions. This large-scale dataset, curated
from the web, consists of approximately 3.3 million image-
text pairs. Each image is associated with an automatically
mined caption, leading to a noise rate of 3%—-20%. Follow-
ing prior works (Huang et al. 2021; Duan et al. 2024), we
adopt the CC152K subset, which includes 150,000 training
images and 1,000 images each for validation and testing.

Evaluation Metrics

We adopt the standard Recall@K metrics (K = 1, 5, 10),
denoted as R@1, R@5, and R@10, to evaluate image-text
matching performance. These metrics measure the propor-
tion of ground-truth instances successfully retrieved within
the top-K ranked results, reflecting the effectiveness of the
retrieval model in ranking relevant pairs at higher positions.

Implementation Details

For fair comparison, we use SGR as our cross-modal re-
trieval backbone, same as NCR(Huang et al. 2021). We set
the number of pseudo-label categories to K = 256; the
corresponding ablation results are presented in Table 3. For
other training details, we set the batch size B = 128, pa-
rameters £k = 0.2, Aoz = 0.9, A\pin = 0.4, 5 = 0.7.
Following previous studies (Duan et al. 2024), we set the
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Methods Image-Text Text-Image Rsum
R@l R@5 R@10 | R@l R@5 R@I10
SCAN 30,5 553 653 | 269 530 647 |295.7
SGR 113 297 396 | 13.1 30.1 413 | 1654
NCR* 395 645 735 | 403 645 732 | 3555
DECL* 39.0 66.1 755 | 40.7 663 76.7 | 364.3
MSCN* 40.1 657 76.0 | 40.6 67.1 764 | 366.7
BiCro* 408 672 764 | 421 676 764 | 3702
RCL* 417 660 73.6 | 41.6 664 751 | 364.4
CREAM* 403 685 77.1 | 402 68.2 783 | 373.1
L2RM* 43.0 67,5 757 | 428 68.0 772 | 3742
PCSR(Ours) | 43.7 677 772 | 431 677 763 | 3753

Table 2: Image-Text Retrieval on CC152K. * indicates the
noise robust method. The best and sub-optimal indicators
are represented in bold and underline respectively.

loss weights A, = 10, Ay = Ace = Agee = 1 and parameter
m = 10, a« = 0.2. Specifically, we warm up the model for 5
epochs on Flickr30K and MSCOCO datasets, 10 epochs on
CC152K dataset. After warming up, we train our model for
50 epochs, Stage 1 corresponds to epochs 1-25, Stage 2 to
epochs 2040, and Stage 3 to epochs 41-50.

Main Results

We conduct experiments on three benchmark datasets to
validate the effectiveness of our method in both synthetic
and real-world noisy correspondence scenarios. To high-
light the robustness of our framework, we compare it against
two groups of baselines: (1) conventional cross-modal meth-
ods that do not account for noisy correspondence, including
SCAN (Lee et al. 2018) and SGR (Diao et al. 2021); and (2)
recent noise-aware methods, including NCR (Huang et al.
2021), DECL (Qin et al. 2022), MSCN (Han et al. 2023),
BiCro (Yang et al. 2023), RCL (Hu et al. 2023), CREAM
(Ma et al. 2024), and L2RM (Han et al. 2024).

Evaluation under Simulated Noise. To simulate noisy
training conditions, we introduce synthetic noise by ran-
domly mismatching a portion of image-caption pairs in
Flickr30K and MS-COCO datasets, with noise ratios set to
20%, 40%, 60% and 80%. As shown in Table 1, our ap-
proach consistently achieves superior performance across
all noise levels. Notably, when compared with the strongest
baseline CREAM(Ma et al. 2024), our method delivers abso-
lute improvements on Flickr30K, and MSCOCO 1K under
the corresponding noise ratios. Notably, in the 80% noise
setting, our PCSR method outperforms CREAM by +4.4
R@1 on image-to-text retrieval (63.1 vs. 58.7) and +3.8
R@1 on text-to-image retrieval (44.6 vs. 40.8), demonstrat-
ing superior robustness against noisy correspondences.

Evaluation under Real-World Noise. To assess perfor-
mance in realistic scenarios, we test our method on the
CC152K dataset, which contains naturally occurring image-
text mismatches due to imperfect web-crawled annotations.
This dataset presents a more challenging setting as the noise
is unlabeled and often semantically subtle. As shown in Ta-
ble 2, our method demonstrates strong retrieval capabili-



Image — Text Text — Image
K Rsum
R@l R@5 R@10|R@]l R@5 R@I10
32 | 69.0 90.0 950 |53.1 783 859 |4713
64 | 71.3 909 953 | 52.6 789 855 |4744
128 | 71.4 915 959 | 528 79.2 856 |4764
256 | 728 919 958 | 53.8 79.7 86.5 | 480.5
5121 70.0 913 954 | 532 79.1 86.1 |475.1

Table 3: Effect of different K values on retrieval perfor-
mance, conducted on Flickr30k under 60% noise.

Subsets Image — Text Text — Image | Rsum
Sc Sa Sr|R@1 R@5 R@10|R@1 R@5 R@I10
v v v |728 919 958 |53.8 79.7 86.5 |480.5
v v | 71.8 92.0 957 [53.9 793 86.1 |478.8
v v 709 915 959 |52.8 787 85.6 (4754
v 70.8 90.6 94.8 | 53.1 78.8 855 [473.6

Table 4: Component ablation study on retrieval perfor-
mance, conducted on Flickr30k under 60% noise.

ties under real-world noise. It surpasses the best-performing
baseline L2RM by a margin of 1.1 points in overall retrieval
metrics. This demonstrates our framework’s ability to effec-
tively model and utilize noisy data, maintaining robust cross-
modal alignment even in complex environments.

Ablation Studies

To assess the effectiveness of each PCSR component, we
conduct ablation on Flickr30K with 60% noise ratio.

Effect of K value. Our PCSR framework relies on the cat-
egory predictions generated by the pseudo-classifier, making
the value of K particularly critical. As shown in Table 3, a
moderately sized K allows our pseudo-classifier to model
image semantics with appropriate granularity, which facili-
tates more accurate supervision from clean samples and en-
hances the quality of pseudo-caption selection.

The impact of each subset. To evaluate the contribution
of different subsets in our training strategy, we conduct an
ablation study on the inclusion of clean (S¢), ambiguous
(S4), and refinable (Sg) pairs. As shown in Table 4, training
with all three subsets achieves the best performance, with
an Rsum of 480.5. Removing either ambiguous or refinable
pairs leads to a noticeable drop in retrieval accuracy, con-
firming the complementary benefits of both pseudo-label-
guided strategies. Notably, excluding S 4 slightly degrades
performance compared to the full setting, while removing
Sg causes a larger drop in R@1 for both image-to-text and
text-to-image. This confirms the effectiveness of exploiting
confident refinable pairs via semantic realignment, as well as
the robust handling of ambiguous data via the Lgc g loss.

The impact of method components. As shown in Ta-
ble 5, T'r denotes the use of the refinable subset’s training
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Components Image — Text Text — Image Rsum

CGD APO |R@]1 R@5 R@10|R@1 R@5 R@10
v v | 728 919 958 |53.8 79.7 86.5 |480.5
v Tr |71.8 917 955 | 534 78.8 85.6 [476.9
v T4 |70.8 90.6 948 |53.1 788 855 |473.6
70.8 903 944 |53.1 79.0 859 |4735

Table 5: Component ablation study on retrieval perfor-
mance, conducted on Flickr30k under 60% noise.

2 — :

. = L =2 =
PCS, =28 PCS, =126 PCS,=1 PCS,=0
PCSg =25 PCSg =29 PCSg =0 PCSgp=2

Figure 3: At epoch 40, we computed PCS values across all
images using both model A and model B. These examples il-
lustrate that semantically simpler images (left) lead to more
stable pseudo-label predictions and thus higher PCS, com-
plex semantics (right) correspond to lower PCS.

method (Eq. (11)) for both refinable and ambiguous subsets,
while T4 applies the ambiguous subset’s training strategy
(Eq. (13)) to train both refinable and ambiguous subsets. Our
experiment proves that in the absence of accurate data parti-
tioning, loss functions that were previously effective may no
longer offer reliable supervisory signals.

Effect of PCS value. PCS measures the consistency of
pseudo-classifier predictions, indicating an image’s seman-
tic complexity. As shown in Figure 3, images with fewer dis-
tinctive features yield higher PCS, while semantically com-
plex ones exhibit lower PCS due to prediction instability.

Conclusion

In this paper, we propose a novel Pseudo-label Consistency-
Guided Sample Refinement (PCSR) framework for ro-
bust image-text retrieval under noisy correspondence. Our
method explicitly distinguishes between clean, refinable,
and ambiguous samples based on pseudo-label consistency.
We design a three-stage optimization strategy: clean samples
are directly trained, refinable samples are enhanced via text
replacement, and ambiguous samples are optimized using
noise-tolerant loss. This fine-grained division allows us to
apply targeted training strategies according to sample char-
acteristics, enabling better use of partially reliable supervi-
sion. Extensive experiments demonstrate that our method
achieves substantial performance gains over existing state-
of-the-art methods, especially under high-noise conditions.
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