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Abstract

Cross-modal matching shows enormous potential to recog-
nize objects across different sensory modalities, which is
fundamental to numerous visual-language tasks like image-
text retrieval and visual captioning. Existing works generally
rely on massive and well-aligned data pairs for model train-
ing. Unfortunately, multimodal datasets are extremely diffi-
cult to annotate and collect. As an alternative, the co-occurred
data pairs collected from the internet have been widely ex-
ploited to train a cross-modal matching model. However, the
cheaply-collected dataset unavoidably contains mismatched
pairs (i.e., noisy correspondence), which are detrimental to
the matching model. In this paper, we propose an alternative
method termed noisy correspondence rectification via Asym-
metric Similarity Learning (ASL), and it allows for deal-
ing with insufficient learning of positive and negative pairs
caused by the popular triplet-based symmetric learning fash-
ion. Specifically, the learning of positive or negative pairs
within a triplet is conducted in an asymmetric fashion, and the
self-paced weighting boundary is imposed on positive pairs to
mitigate the effect of noise. Meanwhile, the optimization of
negative samples will not be affected in the process of pun-
ishing potentially-noisy positive samples. To verify the effec-
tiveness of our proposed approach, a series of experiments are
conducted on three widely-used benchmarks (i.e., Flick30k,
MS-COCO and CC152k), and the results show superior per-
formance compared to the state-of-the-art methods.

Introduction

Cross-modal matching (Pan, Wu, and Zhang 2023; Wei et al.
2023a; Zhang et al. 2022) aims to establish the relationship
between different modalities (e.g, image and text), facilitat-
ing the downstream tasks such as image/video captioning
(Liu et al. 2023; Nguyen et al. 2024), cross-modal retrieval
(Wang and Peng 2022; Kim, Kim, and Kwak 2023; Yang
et al. 2023b; Wu et al. 2023), and visual question answer-
ing (Shao et al. 2023). The common practice in cross-modal
matching is to project the representations of different modal-
ities into a common subspace, so that the semantic correla-
tion across modalities can be obtained by similarity mea-
sures such as cosine similarity and Euclidean distance.
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With the rapid advance of computing resources, recent
works have achieved impressive performance by training
models on larger-scale datasets. Unfortunately, it is costly
to collect and construct a well-annotated dataset in a real-
world scene, especially multimodal datasets. Thus, current
multimodal datasets unavoidably contain mismatched pairs,
resulting in noisy correspondence (Huang et al. 2025). For
example, the popular cross-modal datasets MS-COCO (Lin
et al. 2014) and CC152K (Sharma et al. 2018) include
a great number of inaccurate descriptions in image-text
pairs. Different from the traditional noisy label (Song et al.
2022; Huang, Zhang, and Shan 2023; Wei et al. 2023b),
the noisy correspondence refers to mismatched cross-modal
data pairs, while these mismatched pairs are regarded as
matched pairs when training model. Therefore, the perfor-
mance of existing cross-modal tasks has nearly reached a
bottleneck. Recently, some methods (Yang et al. 2023a; Han
et al. 2023; Zha et al. 2024) have been presented to deal
with noisy correspondence in cross-modal tasks, mitigating
the adverse impact of noise. These works seek to model the
difference of distribution about per-sample loss at the early
period of training based on the memory effect of deep neu-
ral networks (DNNs), where DNNs tend to fit simple sam-
ples at this early stage. Next, the dataset would be classified
into clean subset and noisy subset, in which the small-loss
samples are more likely to be clean samples. Subsequently,
soft label estimation strategies are employed for the two sub-
sets, and the soft label is expressed as a margin in the triplet-
based matching loss to penalize the noisy pairs, preventing
the deep neural networks from over-fitting noisy data. How-
ever, the effect from such margin in triplet loss acted on the
positive and negative pairs is symmetrical, so the penalty for
the potentially-noisy positive sample will act on the negative
sample with the same force, resulting in insufficient learning
and suboptimal performance. Therefore, how to effectively
exploit the supervision from positive and negative pairs re-
mains a critical challenge in noisy correspondence.

To address the above issues, we propose a method dubbed
noisy correspondence rectification via Asymmetric Similar-
ity Learning (ASL) for robust image-text matching. It con-
structs an alternative paradigm that enables positive and neg-
ative pairs to be optimized in an asymmetric way, achiev-
ing independently penalizing potentially-noisy positive pairs
without impacting the optimization of negative pairs. The
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Figure 1: illustrates the typical triplet loss, which mainly fo-
cuses on maintaining the margin between positive pair and
negative pair. Thus it produces a suboptimal performance
when the score of positive pairs and negative pairs is am-

biguous or close.

traditional triplet loss is designed to narrow the distance of
positive pairs and enlarge the distance of negative pairs in a
symmetric fashion, where the single margin in triplet deter-
mines the decision boundary of model convergence (Wang
et al. 2019b; Yang et al. 2023b). However, such a learning
strategy inevitably leads to insufficient optimization of neg-
ative and positive pairs. For example, assuming the value of
decision boundary is 0.3 in the triplet unit (AP;,AN;) shown
in Fig. 1, where AP; and AN; denote the similarity of positive
pair and negative pair, respectively. The set (0.5, 0.2) can be
considered as an ideal convergence, while another set (0.8,
0.5) is also an ideal state for the same decision boundary.
This situation would inevitably result in a suboptimal per-
formance. In our proposed ASL, the positive and negative
pairs are decoupled, and they can be optimized in an asym-
metric way. It allows for penalizing potentially-noisy posi-
tive samples without impacting the optimization of negative
ones.

The main contributions of this work are summarized as
follows:

* We propose a method termed noisy correspondence rec-
tification with Asymmetric Similarity Learning, which
aims to correct the noisy correspondence via a general
asymmetric learning paradigm, thereby mitigating the ef-
fect of noise on image-text matching.

We propose to model the distribution of per-sample loss
using a Variational Bayesian Gaussian Mixture Model,
which incorporates prior distribution and Bayesian infer-
ence to fit the distribution of loss in noisy scenarios, ob-
taining better probability density parameters.

A novel asymmetric dynamic matching loss is pre-
sented to independently regulate the optimization of pos-
itive and negative pairs. It enables accurately punishing
potentially-noisy positive samples without impacting the
optimization of negative ones.

Extensive experiments are conducted on three widely-
used benchmarks, and the results demonstrate the effec-
tiveness of our proposed method in both synthetic and
real noise scenarios.
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Related Works
Cross-modal Matching

Cross-modal matching is a fundamental research in the field
of multimodal learning (Lee et al. 2018; Jia et al. 2022;
Huang et al. 2022; Schlarmann and Hein 2023), and it usu-
ally projects the representations of different modalities into
a common subspace, thereby retrieving readily similar items
of other modality given the query modality (Pan, Wu, and
Zhang 2023). According to different matching fashions, ex-
isting works can be classified into two categories in image-
text matching: 1) Coarse-grained matching. The images and
texts are matched from a global feature computed by deep
neural networks. VSE++ (Faghri et al. 2017) attempts to em-
ploy the hard negatives in triplet loss to enhance the global
feature matching. TIMAM (Sarafianos, Xu, and Kakadiaris
2019) proposes to learn the modality-invariant global rep-
resentation by Generative Adversarial Networks, improving
the image-text matching. The similar works (Wang et al.
2019a; Zhang et al. 2020) employ a two-stream global fea-
ture learning network and compute the pairwise similarity
according to global feature. 2) Fine-grained matching. The
regions within an image and words in a sentence correspond
with each other so that fine-grained information is cap-
tured by embedding semantically-similar regions and works.
For example, DVSA (Karpathy and Fei-Fei 2015) proposes
to take the maximized matching score between regions of
image and words of sentence as the image-text matching
score. VSRN (Li et al. 2019) tries to reason the visual se-
mantic relationship between the regions of image via graph
convolutional network for enhancing cross-modal matching.
SGRAF (Diao et al. 2021) further constructs a graph struc-
ture for multimodal data to infer relation-aware similarities
via graph reasoning. However, all these alignment methods
assume that the multimodal data are perfectly aligned in
training, while it is impossible to satisfy due to a high-cost
collection and annotation.

Noisy Correspondence Learning

Different from the traditional noisy label, noisy correspon-
dence refers to the mismatch issue in paired data. NCR
(Huang et al. 2021) first investigates this issue and proposes
a noise-robust solution according to the memorization ef-
fect of DNNs. It considers mismatched cross-modal pairs
instead of incorrect annotations. After that, a series of meth-
ods are presented to rectify noisy correspondence in various
visual-language tasks, like graph matching (Lin et al. 2023),
image captioning (Kang et al. 2023), multi-view learning
(Yang et al. 2021), person re-identification (Yang et al. 2022)
and cross-modal retrieval (Feng et al. 2024; Han et al. 2024;
Zhang, Li, and Ye 2024). DECL (Qin et al. 2022) proposes
a cross-modal evidential learning solution and dynamically
filters out noisy correspondences within each batch. MSCN
(Han et al. 2023) utilizes meta-learning to distinguish the
clean and noisy pairs via jointing the triplet-based match-
ing objective. BiCro (Yang et al. 2023a) constructs a soft
label estimation strategy and expresses it as a margin in
triplet loss to correct the noisy correspondence in image-text
matching. Recently, L2ZRM (Han et al. 2024) leverages op-
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Asymmetric Similarity Learning

Figure 2: the framework of the proposed ASL for robust image-text matching, which mainly consists of soft boundary com-
puting and asymmetric similarity learning. In soft boundary computing, the VBGMM is exploited to model the distribution of
per-sample loss for estimating its label, and then the estimated label is leveraged to compute the optimized boundary of per-
sample. In asymmetric similarity learning, a novel asymmetric dynamic matching loss is presented to independently regulate

the optimization of positive and negative pairs.

timal transport to discover potential matching relationships
among mismatched pairs, thus utilizing useful knowledge
from mismatched pairs for improving image-text match-
ing. However, most of existing works leverage the triplet-
based symmetric learning fashion to correct noise corre-
spondence. The penalty enforced on the potentially-noisy
positive samples would react on the negative ones with the
same intensity, leading to insufficient learning of image-text
pairs. In this paper, we present an asymmetric learning fash-
ion to conduct noisy correspondence rectification, which ef-
fectively exploits the supervision from positive and nega-
tive pairs, achieving the potentially-noisy positive samples
penalty without affecting the optimization of negative ones.

Methodology
Problem Definition

Following the common practice, we utilize image-text
matching as a proxy for revealing noise correspondence. Fig.
2 gives the framework of our proposed ASL, which mainly
consists of soft boundary computing and asymmetric simi-
larity learning.

Given a dataset D = {(1;,T;,y;)}Y,, where N denotes
the total number of training samples, (I;,T;) represents an
image-text pair and y; € {0,1} is the binary label. The la-
bel y; is a hard-defined correspondence that indicates the
image-text pair ([, T;) is positively correlated (y; = 1) or not
(yi = 0). The objective of image-text matching is to embed
the features of image and text in the original space into a
unified common representation space via feature encoders,
where the similarity of positive pairs should be maximized
as far as possible. The similarity of an image-text pair can
be generally written as S(f(;),g(T;)), in which S is a sim-
ilarity metric like cosine similarity, f and g are the feature
encoder of image and text modalities, respectively. For ease
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of description, we denote S(f(;),g(T;)) as S(I;,T;) in the
following context. The typical triplet loss is widely used to
train the feature encoders:
i1, T3) =[S(1;, Tj) = S(1, ) + o]
(S, T) =S, Ti) + 0]+,
where 0.>0 denotes a given margin, [x] = max(x,0). In the
triplet loss, the first term treats /; as a query taking over all
negative texts fj, and the second term treats 7; as a query
taking over all negative images J,.

The application of triplet loss highly relies on the assump-
tion that image-text pairs are correctly aligned. However, in
areal-world scenario, the cheaply-collected multimodal data
usually contain a part of mismatched pairs, which are erro-
neously labeled as matched pairs, i.e., the label y; = 1. How-
ever, the above objective tends to over-fit these noisy data,
and it inevitably leads to a performance decline in image-
text matching.

(D

Cross-modal Matching with Noisy Correspondence
To address the noisy correspondence, existing works pro-
pose to correct the original hard-label correspondence y; = 1
to a soft label y;, where ¥; is a continuous value within the
range [0, 1] describing the correspondence in image-text pair
(I, T;). To be specific, if the correlation of data pair is strong,
¥i would be close to 1, and vice versa. Subsequently, the soft
label is transformed into a soft margin in the triplet loss,
thereby achieving noise-robust cross-modal matching. The
triplet loss with a soft margin can be defined as follows:

(L T) =[S, T;) — S(5, T) + o]+
+[SUn ;) = S(I:, Ti) + '] 4,
i

where o = Z'_’lla, y; represents the soft-label correspon-
dence of the i-th data pair established on the correlation be-

2)




tween [; and T;, z is a relaxation factor, and « is a constant
margin.

The above formula is conducive to facilitating model con-
vergence when positive pairs are with noise, and it decreases
the likelihood of over-fitting on noisy pairs by reducing the
margin. However, the above optimization formula has a sig-
nificant short in noisy scenes. From the perspective of gradi-
ent, the gradients of positive and negative samples in triplet
loss are listed as follows:

,;,  [—3aS(,T})/dT; S(I,T;) < S(L;, T)) + o 3
ot 0 S(I,T) > S(I, T)) + o
Iy _ [O8U T[0T ST <S(huTy)+a'
ot 0 S T) > S(, 1) + o

For ease of observation, we only give the gradients of the
first term in Eq. (2) about the positive sample 7; and negative
sample ]A“] From Eq. (3) and Eq. (4), it can be observed that
the gradients about positive and negative samples are sym-
metrical, and the gradient is always O when the condition
holds S(I;, T;) > S(I;, Tj) + o. As we penalize noisy positive
samples by decreasing the margin, the symmetrical nature
of the gradient can cause premature termination of optimiza-
tion for negative ones, resulting in insufficient optimization.

Asymmetric Similarity Learning

Since the symmetrical structure of triplet loss leads to in-
sufficient optimization on the positive and negative sam-
ples, our method proposes to minimize the impact on nega-
tive samples optimization while penalizing potentially-noisy
positive ones in an asymmetric learning paradigm. Thus, it
allows penalizing noisy positive samples while maintaining
proper optimization for negative samples. Inspired by (Sun
et al. 2020), a novel asymmetric dynamic matching loss is
presented, achieving reliable penalization of noisy positive
samples without affecting the optimization of negative ones.

N .
lasy (15, T2 ) = log (1+ Y exp(— A} (S(1, ) = my))
oo ®
Y exp(uf(S(t; Ty) —m,)))
j=1

where A represents a scaling factor, m,, and m, denote the
margin for positive and negative pairs, respectively. With the
above formula, the optimization expectation of positive pair
is S(I;,T;) > my, and negative pair is S(;, T;) < m,,. Empir-
ically, m,, is set to 1 —mg and m,, is set to mgy, where my is
a constant margin with the default 0.2. y,, and , are non-
negative weight factors defined as follows:

w, = [oUp = S(L;, T)) ¢
,ul{ = [(S(IlaT]) - Un]+
where U, represents the ideal optimal boundary for positive
pairs, and U,, represents the ideal optimal boundary for neg-
ative pairs. Empirically, U, is set to 1 +mg and U, is set
to —my. []+ indicates a truncation operation to zero, ensur-

ing the weight factors ul’; and ;] are non-negative. Since

6)
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it is unclear whether the positive pair is clean or noisy, a
soft boundary denoted as cU), is computed according to the
soft label y;. oU, denotes the dynamic optimization upper
zfi—l
. z—1
factor. When the soft label §' = 1, the dynamic optimization
upper boundary equals to the ideal optimal boundary. Obvi-
ously, the soft label § is crucial to the learning of positive
pairs, we will elaborate detailedly the estimation of soft la-
bel §' in the next subsection.

With Eq. (§), we can accurately penalize the potentially-
noisy positive samples. The gradients for positive and nega-
tive samples in gy (£, Tj, f"j) are listed as follows:

boundary for positive pair, ¢ = , and z is a relaxation

7‘”"‘“‘;‘;” "_)"’Tf) —AAQS(1;,T}) — 6U, — (1 —m)) af;(]"T’i)T’) @
0. TT) _ ep((UL T —m?) o 3S(1.T)
P TP /P YR A e M R TC ) ®

where A = 1 — exp e (b ToT})  From the above two formu-
las, we can observe that due to the asymmetric optimization
fashion, penalizing noisy positive samples with the adaptive
upper boundary would have a minimal impact on the op-
timization of negative ones. As the model stops optimizing
noisy positive samples, it does not cease optimization for the
corresponding negative samples, enhancing the utilization of
supervision from negative ones.

Soft Label Estimation with VBGMM

Soft label estimation aims to distinguish the clean pairs from
noisy ones. Due to the memorization effect of DNNs, DNNs
tend to memorize simple pairs first, and the loss of clean pair
is lower than that of noisy pair at the initial stage of train-
ing. Therefore, like (Yang et al. 2023a), a warmup training is
conducted for training our image-text matching model, and
the loss of image-text pairs is denoted as ¢;:

Upgs) = L0 = L1, T )

According to the difference about loss distribution of
clean pair and noisy pair, the original dataset is divided
into clean subset and noisy subset. Existing works widely
use the Gaussian Mixture Model (GMM) (Huang et al.
2021) to model the difference about loss distribution, while
the vanilla GMM can’t exploit the priori for distribution
modeling, bringing a certain uncertainty to the parame-
ters of GMM. Recent research demonstrates that Variational
Bayesian Gaussian Mixture Model (VBGMM) shows better
performance in dividing different categories of data (Chak-
ladar, Roy, and Chang 2024), which introduces prior dis-
tribution of parameters and Bayesian inference to approxi-
mate a posteriori distribution p(7,Z, 1, X/X), and it allows
for dealing with the uncertainty of model parameters, gener-
ating more reliable parameters of probability density.

p(6,Z|X,m) =[] p(6k|Xe,m) p(Zc|Xi,m) — (10)
k

where Z is the hidden variable of model m, p(Z|X,m) is the
approximate posterior distribution of model parameters, and



p(0]X,m) refers to the solution of VBGMM, where Expec-
tation Maximization algorithm is used to perform optimiza-
tion. Through the above formula, we can get precious pa-
rameters of probability density, and the loss of per-sample is
fitted as follows:

K
p(ti|0) =Y mo(£i]6) (11)
k=1

where K = 2, m; and ¢ represent the mixture coefficient
and the probability density function of the k-th component
in VBGMM. Then, it computes the posterior probability
p(k|¢;) as the clean probability of i-th sample:

p(k|t:) = p(k)p(Lilk)/p(L:)

where k € {0,1} denotes the data pair (1;,T;,y;) is clean or
noisy. According to the above computed probability of each
pair, we can partition the dataset into clean subset D ;,,, and
noisy subset D5 as follows:

(12)

Dclean:{(lia’riﬂp(k:o'gi) > 87V(Ii;7;') ED} (13)

Dyoise = {(Iia Tl)|p(k = 0|€z) < 5av(1i7 Tl) € D}
where 0 is a threshold for partitioning the dataset into clean
and noisy subsets, which is generally empirically set to 0.5.
Since the model’s predictions can lead to self-reinforcing er-
rors and error accumulation in training, the co-training strat-
egy is employed to mitigate this error. Specifically, we train
two models simultaneously, and each model is equipped
with a different initialization and batch sequence. The de-
tailed calculation of soft label can be referred to (Huang
et al. 2021).

Robust Training

After obtaining the estimated soft label, we adopt the Eq.
(5) to perform cross-modal matching. To ensure consistent
performance across image and text modalities, we employ
bidirectional matching to encompass both image-to-text and
text-to-image tasks as follows:

LI, T3) = Lasy (I, T3, ) + Lusy (T3 1i, Iy (14)

With the above formula, we can accurately penalize the
potentially-noisy positive samples while having a mini-
mal impact on the optimization of negative ones, achieving
noise-robust image-text matching.

Experiments
Experimental Setting

Datasets To comprehensively evaluate the effectiveness of
our proposed method, a series of experiments are conducted
on three mainstream image-text matching benchmarks.
Specifically, the performances of our method are shown un-
der synthetic noise conditions on Filckr30K (Young et al.
2014) and MS-COCO (Lin et al. 2014), and under real-
world noise conditions on Conceptual Captions (Sharma
et al. 2018). More details of the three datasets are listed as
follows:
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* Flickr30K contains 31,000 images collected from the
Flickr website, and each image is accompanied with 5
corresponding descriptive captions. Following (Qin et al.
2022), we use 1,000 pairs for validation, 1,000 pairs for
testing, and 29,000 pairs for training.

MS-COCO is another popular dataset for cross-modal
learning, which collects 123,287 images associated with
5 captions. Following the split in (Lee et al. 2018), 5000
pairs are used for validation, 5,000 pairs for testing, and
113,287 pairs for training.

Conceptual Captions contains 3,334,173 images with one
caption. It is a large scale real-world dataset with about
3% ~ 20% pairs being mismatched, because it is au-
tomatically collected from the Internet. Following (Qin
et al. 2022), we use a subset of Conceptual Captions, i.e.,
CC152K. In our experiment setting, 1,000 pairs are used
for validation, 1,000 pairs for testing, and 150,000 pairs
for training.

Evaluation Metrics Recall at K(R@K) is a widely-used
metric to evaluate the performance of text-image retrieval.
R@K primarily reports the proportion of successfully re-
trieved relevant items in the top-K results given a query. In
our experiments, we mainly report R@1, R@5, R@10 and
the sum of the three Recalls (rSum) for both text-to-image
and image-to-text retrieval.

Implementation Details

The experiments are conducted on NVIDIA RTX 3090 in
Pytorch-2.0.1. For fairness in our experiments, our approach
employs the same backbone as NCR, and the SGR model
(Diao et al. 2021) is adopted at capturing the relationship
between local alignments. Specifically, we first leverage the
Faster-RCNN (Ren et al. 2015) to extract the top 36 re-
gions for every image as a preprocess, and incorporate a
fully-connected layer to serve as image feature encoder f.
The Bi-GRU (Schuster and Paliwal 1997) serves as text fea-
ture encoder g. The similarity function S is computed by
combining local and global features using graph reasoning
techniques (Diao et al. 2021). To mitigate errors from self-
reinforcement, we employed a co-training strategy. For the
Flickr30K, we conduct 5 warmup training epochs, while
10 warmup epochs for MS-COCO and CC152K. The total
number of training epochs after warmup is 40, 30, and 40
for Flickr30K, MS-COCO and CC152K, respectively. The
Adam optimizer is used for training with a batch size of 180,
and the initial learning rate is 0.0002. In hyperparameter set-
tings, the margin value my is set to 0.2, the scaling factor
A is set to 64, and the relaxation factor z is 3. For fitting
VBGMM, we set the maximum number of iterations to 10
with a regularization penalty coefficient of 0.0005.

Comparison with State-of-the-art Methods

To demonstrate the effectiveness of our proposed ASL, we
compared our approach with several state-of-the-art meth-
ods, including baseline models like SCAN (Lee et al. 2018),
SGR, SAF (Diao et al. 2021), and robust noisy learning
methods including NCR (Huang et al. 2021), DECL (Qin
et al. 2022), RCL (Hu et al. 2023), MSCN (Han et al. 2023),



Noise Flickr30K MS-COCO
ratio Methods Image—Text Text—Image Image—Text Text—Image
R@l R@5 R@]10 | R@l R@5 R@I0| rSum | R@l R@5 R@10|R@] R@5 R@I0 | rSum
SCAN 585 81.0 908 | 355 650 752 |406.0| 622 90.0 96.1 | 462 80.8 8§92 | 4645
SGR 559 815 889 | 402 668 753 |408.6 | 257 588 751 | 235 589 751 |317.1
SAF 62.8 887 939 | 49.7 736 780 |446.77| 715 940 975 | 57.8 864 919 | 499.1
NCR 75.0 939 975 | 583 83.0 89.0 |496.7| 76.6 956 982 | 625 893 953 |5175
20% DECL 745 929 971 | 53,6 795 86.8 |484.4 | 756 951 983 | 599 883 947 | 5119
RCL 742 918 969 | 556 812 875 |4872| 770 955 98.1 | 613 88.8 948 | 5155
MSCN 764 945 976 | 588 835 892 |500.0| 781 97.2 988 | 643 904 958 | 524.6
BiCro 76,5 931 974 | 581 823 885 4959 | 76,6 954 982 | 613 888 948 | 515.1
CRCL 789 948 979 | 587 83.0 892 |5025| 77.8 96.1 985 | 634 903 959 | 5220
L2RM 765 937 973 | 555 815 88.0 |4925| 784 957 983 | 62.1 89.1 949 | 5185
ASL(Ours) | 79.2 933 970 | 59.6 843 90.2 |503.8| 79.7 969 989 | 653 90.7 959 | 5274
SCAN 26.0 574 718 | 17.8 405 514 2649 | 429 746 851 | 242 526 63.8 | 3432
SGR 4.1 16.6  24.1 4.1 132 197 | 81.8 1.3 3.7 6.3 0.5 2.5 4.1 18.4
SAF 74 196 267 44 122 170 | 873 | 135 438 482 | 16.0 390 508 |211.3
NCR 68.1 896 948 | 514 784 848 |467.1 | 76,6 956 982 61 889 949 |5152
40% DECL 727 923 954 | 534 794 86.4 | 4796 | 756 955 983 | 595 883 948 | 5120
RCL 713 911 953 | 514 780 852 | 4723 | 739 949 979 59 874 939 |507.0
MSCN 744 932 960 | 553 804 86.8 |486.1 | 745 96 98.1 | 60.8 89.0 950 |5134
BiCro 746 9277 962 | 555 81.1 874 4875 | 751 959 983 | 598 89.1 949 | 513.1
CRCL 741 926 969 | 555 809 876 |487.6| 76,6 956 985 | 623 89.7 954 |518.1
L2RM 75.8 932 969 | 563 81.0 873 4905 | 752 948 98.1 | 594 87.8 94.1 | 509.4
ASL(Ours) | 775 933 974 | 583 83.0 894 |4989 | 79.0 966 98.6 | 63.5 89.7 956 | 523.0
SCAN 136 365 503 48 136 198 | 1386 299 609 748 0.9 24 4.1 173.0
SGR 1.5 6.6 9.6 0.3 23 42 245 | 0.1 0.6 1.0 0.1 0.5 1.1 34
SAF 0.1 1.5 2.8 0.4 1.2 23 8.3 0.1 0.5 0.7 0.8 35 6.3 11.9
NCR 139 377 505 | 11.0 30.1 414 |184.6| 0.1 0.3 0.4 0.5 1.0 1.0 24
60% DECL 652 884 940 | 46.8 740 822 |4506 | 73.0 942 979 | 57.0 86.6 93.8 | 5025
RCL 623 863 929 | 451 713 802 | 4381 | 623 863 929 | 451 713 80.2 | 438.1
MSCN 675 884 931 | 4877 76.1 823 |456.1 | 737 951 985 | 57.0 869 94.0 | 505.2
BiCro 67.6 908 944 | 512 776 847 | 4663 | 739 947 979 | 587 870 93.8 | 506.0
CRCL 704 904 949 | 526 78.1 851 |4715| 752 949 980 | 60.1 885 948 | 5115
L2RM 70.0 90.8 954 | 513 76.4 837 | 4676 | 754 947 979 | 592 874 93.8 | 5084
ASL(Ours) | 739 924 962 | 548 80.7 87.1 |4851 | 771 948 982 | 60.7 88.6 948 | 514.2

Table 1: Comparison of different methods with noise 20%, 40%, and 60% on the Flickr30K and MS-COCO 1K. Best results

are highlighted in each column.

BiCro (Yang et al. 2023a), CRCL (Qin et al. 2023) and
L2RM (Han et al. 2024). For fairness in comparison, the
SGR model is employed to capture the relationship between
local alignments in the compared methods. Since the data
in Flickr30K and MS-COCO are considered as correctly-
matched pairs, we synthesize noisy pairs by randomly shuf-
fling the descriptions corresponding to the images, where
three kinds of noise rates are set by 20%, 40% and 60%. The
CC152K dataset collected from the web reflects the noise
conditions of real-world dataset.

Experiment on Synthetic Noise Table 1 shows the exper-
imental results of different methods on the Flickr30K and
MS-COCO datasets with synthetic noise rate of 20%, 40%
and 60%. Note that we report the average results over 5
folds of 1K test images for MS-COCO. The results show that
our proposed ASL is significantly superior to the compared
baselines like NCR, DECL, CRCL and L2RM. Specifically,
compared to the pioneer method NCR, our ASL improves
the sum of Recall from 487.2 to 503.6 on the Flick30k with
noise rate 20%, and 517.5 to 527.4 on the MS-COCO with
noise rate 20%. Under the medium noise rate 40%, our ASL
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achieves the improvements about sum of Recall by 11.3 and
8.4 on the Flick30k compared to the baselines CRCL and
L2RM, as well as the improvements by 4.9 and 13.6 on the
MS-COCO. Under the high noise rate 60%, the ASL consis-
tently outperforms the baselines at all of the metrics R@1,
R@5 and R@10. The R@1 metric also demonstrates the
highest accuracy, and our ASL exceeds the baseline methods
on the two datasets. From the above results, we can observe
ASL shows a significant gain with the noise rate increas-
ing, and this means that our method is robust to noisy data.
The explanation is that (1) we are the first to construct an
asymmetric learning fashion to penalty the potentially-noisy
positive samples while having a minimal effect on the op-
timization of negative ones; (2) The VBGMM is presented
to model the distribution of per-sample loss for effectively
distinguishing clean pairs from noisy ones.

Experiment on Real-World Noise Table 2 gives the ex-
perimental results of our proposed ASL and the baselines on
the CC152K dataset in both Image—Text and Text—Image
retrieval tasks. From this table, as can be seen that our
method demonstrates more competitive retrieval perfor-



Image—Text Text—Image
Methods ' pGT R@5 RET0[R@T R@5 R@I0|rSum
SCAN 30.5 553 653 | 269 53.0 64.7 |295.7
SGR 11.3 297 39.6 | 13.1 30.1 41.6 |1654
SAF 31.7 593 682 | 319 59.0 679 |318.0
NCR 395 645 735 | 403 64.6 73.2 |355.6
RCL 383 63.0 704 |392 632 723 |3464
DECL 36.2 63.6 732 |37.1 63.6 73.7 |3474
MSCN 40.1 657 766 |40.6 674 763 |366.7
BiCro 39.7 64.6 726 | 392 650 74.1 |3552
L2RM 39.5 662 760 |41.8 659 749 |364.3
ASL(Owurs) | 39.1 652 769 | 42.7 674 76.6 |367.9

Table 2: Comparison of different methods on the CC152K.

mance compared to the baselines under the real-world noise
condition. Specifically, our ASL achieves improvement by
1.2, 12.7 and 3.6 about the sum of Recall compared to
the methods MSCN, BiCro and L2RM, respectively. In the
Text—Image task, the most stringent retrieval metric R@1
achieves improvement by 3.5 and 0.9 compared to the meth-
ods BiCro and L2RM, respectively. Similarly, our ASL also
shows notable retrieval performance improvements about
the metrics R@5 and R@10. Additionally, compared to
the pioneering NCR, our approach surpasses NCR with a
12.3 increase about the sum of Recall. These results further
demonstrate that our method effectively enhances retrieval
accuracy in the real-world noisy scenario.

Experimental Analysis

Ablation Study To verify the effectiveness of each com-
ponent in our proposed ASL, we give the Recall value under
different combinations of VGBMM, the proposed loss /4y
as well as the Warmup in Table 3. The symbol v in this ta-
ble means that the corresponding component is used. Noting
that, if the VBGMM or I, is not selected, we employ the
plain GMM or triplet loss I/, as its corresponding alterna-
tive. For example, the fifth row denotes that it uses the plain
GMM as an alternative of VBGMM. From this table, we
can observe that the retrieval Recall suffers from a dramatic
degradation when the Warmup operation isn’t performed,
and it demonstrates the Warmup is crucial to the model’s
training. Meanwhile, the performance of the combination
Warmup + VBGMM or Warmup + I,y is inferior to the pro-
posed ASL, and these results demonstrate that all compo-
nents are important to achieve competitive results. Addition-
ally, the performance of combination Warmup + VBGMM
or Warmup + 4, still outperforms most of existing robust
methods like NCR, DECL and MSCN, which further proves
the effectiveness of the proposed ASL.

Hyper-parameter Analysis The ASL method incorpo-
rates two main hyper-parameters including A and z for ro-
bust image-text matching, and Fig. 3 shows its effect on the
Flick30k with noise 40%. z is a relaxation factor to com-
pute the self-paced weighting optimized boundary of pos-
itive pairs. According to the results, ASL shows stability
when z is in the range [2,5], while z = 3 is chosen for op-
timal performance. When z takes a bigger value, it would
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Methods Image—Text
Warmup VBGMM Lasy R@]1 R@5 R@10
v 13.9 37.7 50.5
v v 70.6 89.5 93.7
v v 71.3 90.4 94.1
v v 16.4 28.1 359
v v v 73.9 92.4 96.2
Methods Text—Image
Warmup ~ VBGMM [y R@1 R@5 R@10
v 11.0 30.1 414
v v 51.2 77.4 84.6
v v 52.5 78.1 85.8
v v 134 259 30.5
v v v 54.8 80.7 87.1

Table 3: Ablation study about different components on the
Flickr30K with noise 60%.

486 488
484 484
e o N\
=478 = 476
476 472
0 235 10 15 01632 64 96 128

Relaxation factor z Scale factor A

Figure 3: Analysis of different hyper-parameters on
Flicker30K with 60% noise. Left: z is a relaxation factor
to compute the soft boundary of each sample. Right: 4 is
a scale factor to control the robustness of our proposed loss.

impose a heavy penalty on optimizing positive sample, re-
sulting in a suboptimal performance. A is a scale factor to
control the robustness of our proposed asymmetric dynamic
matching loss. We provide the sum of Recall with the varied
value from 16 to 128. The results indicate a better perfor-
mance can be obtained when A = 64. It becomes unstable
with a larger value in our implementation, because a higher
value would bring a stronger gradient in the proposed loss,
causing the model unstable and underfit.

Conclusion

This paper reveals a common issue that insufficient op-
timization of positive and negative samples is caused by
the symmetric optimization in current noisy correspon-
dence rectification methods. It proposes a novel noise-robust
learning framework named ASL for image-text matching.
Specifically, through independently optimizing positive and
negative samples, we achieve separate optimization for
potentially-noisy positive samples, thereby avoiding inap-
propriate or insufficient penalty on negative samples. Ad-
ditionally, we present a variational Bayesian strategy in the
EM algorithm to enhance the modeling capability of GMM
for the distribution of per-sample loss, incorporating the
prior distribution of parameters for modeling. Extensive ex-
periments are conducted on three benchmarks, and The ef-
fectiveness of the proposed method has been validated in
both synthetic and real noise scenarios.
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