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Abstract
In recent years, Cross-Modal Retrieval (CMR) has made sig-
nificant progress in the field of multi-modal analysis. How-
ever, since it is time-consuming and labor-intensive to col-
lect large-scale and well-annotated data, the annotation of
multi-modal data inevitably contains some noise. This will
degrade the retrieval performance of the model. To tackle
the problem, numerous robust CMR methods have been de-
veloped, including robust learning paradigms, label calibra-
tion strategies, and instance selection mechanisms. Unfortu-
nately, they often fail to simultaneously satisfy model per-
formance ceilings, calibration reliability, and data utilization
rate. To overcome the limitations, we propose a novel robust
cross-modal learning framework, namely Neighbor-aware In-
stance Refining with Noisy Labels (NIRNL). Specifically, we
first propose Cross-modal Margin Preserving (CMP) to ad-
just the relative distance between positive and negative pairs,
thereby enhancing the discrimination between sample pairs.
Then, we propose Neighbor-aware Instance Refining (NIR)
to identify pure subset, hard subset, and noisy subset through
cross-modal neighborhood consensus. Afterward, we con-
struct different tailored optimization strategies for this fine-
grained partitioning, thereby maximizing the utilization of all
available data while mitigating error propagation. Extensive
experiments on three benchmark datasets demonstrate that
NIRNL achieves state-of-the-art performance, exhibiting re-
markable robustness, especially under high noise rates.

Code — https://github.com/perquisite/NIRNL

Introduction
With the rapid development of multimodal data on the Inter-
net, cross-modal retrieval (CMR) has become a research hot
topic in the field of multimodal learning. Recently, a large
number of CMR methods have been proposed, which aim to
retrieve semantically related samples across heterogeneous
modalities, such as image-text (Wehrmann, Kolling, and
Barros 2020; Ge et al. 2023) or video-image scenarios (Gorti
et al. 2022; Fang et al. 2023). Although these methods ob-
tain the desired performance, most of them (Zhen et al.
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2019; Pu et al. 2025b) rely heavily on clean-annotated data
to learn multi-modal representations in a shared semantic
space. In practice, collecting perfectly labeled data is both
expensive and time-consuming. Due to annotation mistakes
and ambiguous semantics, this inevitably results in noisy la-
bels. The presence of noisy labels can severely harm the
learning model, thereby weakening retrieval performance.
To this end, some weakly supervised or semi-supervised
CMR methods (Mandal, Rao, and Biswas 2019) have been
proposed, which attempt to alleviate the influence of perfect
labeling. However, they still have an implicit assumption,
that is, the available labels are entirely correct. Therefore,
how to robustly learn from noisy data has become a key chal-
lenge.

Recently, various CMR methods (Feng et al. 2025a, 2023;
Pu, Peng, and Hua 2024; Feng et al. 2025b; Pu et al. 2025c;
Wang et al. 2024) have been proposed to robustly learn rep-
resentations from multi-modal data with noisy labels. They
could be roughly divided into three strategies, i.e., robust
learning (Hu et al. 2021; Feng et al. 2023), label calibra-
tion (Pu, Peng, and Hua 2024; Okamura, Harakawa, and
Iwahashi 2023), and instance selection (Pu et al. 2025c;
Wang et al. 2024). To be specific, robust learning aims to de-
sign a robust loss, thereby directly tolerating the influence of
noisy labels. To directly eliminate the influence of noisy la-
bels, label calibration refines the labels from the source, thus
improving the upper limit of model performance. To filter
out instances with noisy labels, instance selection first iden-
tifies the wrong labels and then trains the model with clean
data. Although they have demonstrated promising outcomes,
these strategies generally suffer from some limitations. For
example, robust learning relies on prior assumptions about
noise distribution and can only tolerate noise, but cannot
eliminate its limitations on the upper limit of model perfor-
mance. Label calibration could introduce new noise or am-
plify the errors when class boundaries are ambiguous or the
noise distribution heavily overlaps with the true distribution.
Instance selection is sensitive to the pre-set threshold, which
can easily lead to the filtering of clean instances or the omis-
sion of noisy instances. Meanwhile, it could also result in a
significant waste of training data. In summary, dynamically
coordinating model performance ceilings, calibration relia-
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Figure 1: The framework of our proposed NIRNL. Our framework comprises two core modules operating in parallel: the
Cross-modal Margin Preserving (CMP) module and the Neighbor-aware Instance Refining (NIR) module. The CMP
module refines the global structure of the embedding space, promoting proximity between positive pairs (indicated by light
yellow and light pink) while enforcing separation of negative pairs (indicated by dark yellow and dark pink). For clarity, only
image samples are visualized in the NIR module. The NIR module initially computes the Wasserstein Barycenter of samples
and generates soft labels through KNN. It subsequently partitions the dataset into pure, hard, and noisy subsets by evaluating
the consistency between soft labels and ground-truth labels. Finally, we design three different loss functions for each subset to
dig up as much semantic information as possible.

bility, and data utilization efficiency under complex noise
scenarios remains a key yet challenging problem.

To overcome the aforementioned challenges, we propose
a novel Neighbor-aware Instance Refining with Noisy La-
bels (NIRNL) framework to mitigate the negative effects of
noisy labels. As shown in Fig.1, NIRNL is composed of two
core modules, i.e., Cross-modal Margin Preserving (CMP)
and Neighbor-aware Instance Refining (NIR). Firstly, CMP
imposes constraints on the relative distances between pos-
itive and negative pairs to enhance the discriminability of
representations in the shared semantic space. Then, NIR
retrieves nearest neighbors and evaluates their consistency
with ground-truth labels to generate soft labels, which could
effectively partition these instances into three distinct sub-
sets,i.e., pure, hard, and noisy subsets. For the pure subset,
where labels are highly reliable, NIR optimizes instances di-
rectly to fully exploit their supervisory signals. For the hard
subset, where label reliability is uncertain, NIR applies a
weighted optimization strategy to balance the influence of
potentially corrupted annotations while retaining useful in-
formation. For the noisy subset, where labels are deemed
unreliable, NIR performs label calibration to recover infor-
mative content and mitigate the adverse effects of noise. The
main contributions are summarized as follows:
• To achieve high tolerance to noisy labels, we propose a

robust cross-modal learning framework (NIRNL), which
unifies robust learning, label calibration, and instance se-
lection. To the best of our knowledge, this is the first
work to balance model performance ceiling, calibration
reliability, and data utilization rate in multi-modal learn-
ing with noisy labels.

• We propose neighbor-aware instance refining that dy-
namically partitions training instances into pure, hard,
and noisy subsets by perceiving the global neighborhood
distribution. Further, we design a customized optimiza-
tion strategy to explore all available information as much
as possible, thereby enhancing the robustness.

• Extensive experiments comprehensively verify that our
proposed NIRNL has remarkably superior performance
over the current state-of-the-art methods.

Related Work
Cross-modal Retrieval
With the exponential growth of internet data, cross-modal
retrieval (CMR) has emerged as a key technology for infor-
mation retrieval across diverse data types (Su et al. 2025;
Li et al. 2025b, 2024, 2025a). The fundamental challenge
in CMR lies in bridging the heterogeneity gap between dif-
ferent modalities (Luo et al. 2025; Sun et al. 2023; Yin
et al. 2025). Some methods focus on unsupervised methods.
Early approaches employed single methods, such as UD-
CMH (Wu et al. 2018), which extract features and gener-
ate hash codes as pseudo-labels for learning. However, these
methods heavily relied on the quality of the initial similarity
matrix. DJSRH (Su, Zhong, and Zhang 2019) utilizes ma-
trix fusion to incorporate neighborhood information from all
modalities, but this introduced redundancy. Further advanc-
ing the field, researchers have adopted hybrid models, such
as UGACH (Zhang, Peng, and Yuan 2018), UCCH (Hu et al.
2022), and UCGKANH (Lin et al. 2025). However, the per-
formance of these methods is inherently constrained by their
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reliance on pseudo-labels generated from the data itself.
Consequently, some supervised methods leverage explicit

label information to learn a shared semantic space. These
methods leverage uncertainty modeling. PCME (Chun et al.
2021) regards each sample as a probability distribution in the
embedding space but heavily relies on paired data. Building
upon this, DECL (Qin et al. 2022) employs evidential learn-
ing to quantify uncertainty caused by potentially noisy cor-
respondences, yet it lacks uncertainty modeling for individ-
ual outcomes. Moreover, some methods have explored ad-
versarial learning (Wang et al. 2017), graph neural networks
DAGN (Qian et al. 2022; Liang et al. 2023), consistency
learning DRCL (Pu et al. 2025a). Although the supervised
methods discussed above have achieved impressive perfor-
mance on various benchmarks, their success is largely predi-
cated on a critical assumption: the availability of large-scale,
meticulously annotated training datasets.

Cross-modal Retrieval with Noisy Labels
In practice, however, collecting and annotating such high-
quality data is both prohibitively expensive and highly time-
consuming. Consequently, researchers often turn to col-
lecting web data, which offers scale, but is noisy, mis-
guides training, corrupts semantic alignment, and hurts re-
trieval (Han et al. 2025). Noise-robust learning is now crit-
ical for real-world cross-modal search. These methods gen-
erally fall into three main categories.

Robust Learning methods design loss functions or train-
ing strategies that tolerate noise. For example, RONO (Feng
et al. 2023) adopts discriminative center learning to pull
clean samples closer and push noisy ones away. However,
these methods suppress rather than correct noise. Instance
Selection methods filter out noisy samples and train on clean
subsets. RSHNL (Pu et al. 2025a) uses a self-paced learning
strategy, while NRCH (Wang et al. 2024) applies the small-
loss criterion. Yet, these methods often discard a large por-
tion of data, including hard-but-clean samples that are essen-
tial for learning robust decision boundaries. Label Calibra-
tion methods take a direct approach by correcting noisy la-
bels. UOT-RCL formulates label correction as a partial Op-
timal Transport problem to align noisy labels with corrected
ones, while TCL (Li et al. 2021) leverages a small trusted
dataset to guide co-learning. Although effective, these meth-
ods risk introducing new errors or amplifying existing ones.

However, these methods struggle to strike a balance be-
tween model performance ceilings, calibration reliability,
and data utilization efficiency. To address this, our proposed
NIRNL method uses consensus signals from heterogeneous
sources to identify, refine, and fully exploit the data.

The Proposed Method
Preliminaries
Without loss of generality, taking the visual-text retrieval
as an example, we define some denotations to present the
learning with noisy labels (LNL) problem in cross-modal
retrieval (CMR). Considering a dataset with noisy labels
D = {Vi, Ti,Yi}Ni=1 with N instances, where (Vi, Ti) is the
visual-text pair and Yi =

{
Y1
i ,Y2

i , ...,YC
i

}
∈ {0, 1}1×C

denotes the corresponding noisy label over C categories.
Further, if the i-th instance belongs to the c-th category,
Yc
i = 1, otherwise Yc

i = 0. The fundamental goal of CMR
is to learn a series of modality-specific sub-networks respon-
sible for projecting multimodal data into the common se-
mantic space where cross-modal similarity can be directly
measured. Let the dimensionality of the common semantic
space be d, sub-networks for the visual and text modalities
are denoted as FV(·,ΦV) ∈ R1×d and FT (·,ΦT ) ∈ R1×d,
respectively, where ΦV and ΦT are the learnable parame-
ters. For brevity, we use fV

i and fT
i to their outputs, i.e.,

fV
i = FV(Vi) and fT

i = FT (Ti), respectively.

Cross-modal Margin Preserving
To strengthen the distinguishability among sample pairs, we
propose Cross-modal Margin Preserving (CMP) to constrain
the relative distance between positive and negative pairs,
thereby yielding more compact representations for intra-
class samples and differentiated representations for inter-
class ones. Specifically, CMP enforces that the similarity
of positive pairs exceeds that of negative pairs by at least
a predefined margin. The CMP loss could be formulated as
follows:

LCMP =
1

N

N∑
i=1

N∑
j=1
j ̸=i

|Γ(fV
i , fT

j )− Γ(fV
i , fT

i ) +M|+

+
1

N

N∑
i=1

N∑
j=1
j ̸=i

|Γ(fT
i , fV

j )− Γ(fT
i , fV

i ) +M|+,

(1)

where M is the margin and | · |+ denotes the hinge function,
which returns the input if it is positive and zero otherwise,
i.e., |x|+ = max(0, x).

Neighbor-aware Instance Refining
To mitigate the negative impact of noisy labels, previous
methods (Yang et al. 2022; Pu et al. 2025c) typically se-
lect confident instances in small batches based on the small-
loss criterion to guide model training. However, this strategy
overlooks the global neighborhood structure among samples
and discards potentially informative instances, making the
performance of the model susceptible to the training data
distribution and prone to performance bottlenecks. For this
issue, we propose Neighbor-aware Instance Refining (NIR)
to integrate neighborhood consistency for generating soft la-
bels, thereby achieving a refined partitioning of samples and
formulating corresponding learning strategies to maximize
the use of all available information. First, NIR generates soft
labels for the two modalities by using,

p̂(c | Vi) =
1

K

K∑
k=1,Vk∈NV

i

I[yc
k = 1], c ∈ [1, 2, . . . , C],

p̂(c | Ti) =
1

K

K∑
k=1,Tk∈NT

i

I[yc
k = 1], c ∈ [1, 2, . . . , C],

(2)

where NV
i and N T

i denote the sets of the K nearest neigh-
bors of Vi and Ti in the visual and textual modalities, re-
spectively. Then, we evaluate the consistency between the

23910



learned soft labels and ground-truth labels to divide in-
stances into three subsets, i.e., pure subset, hard subset, and
noisy subset. Among these, if an instance achieves consis-
tency in two modalities, and it can be incorporated into the
pure subset, which could be written as:

DP ={(Vi, Ti,Yi) : Yargmaxc p̂(c|Vi)
i = 1 &

Yargmaxc p̂(c|Ti)
i = 1, i ∈ [1, 2, ..., N ]}.

(3)

Further, if an instance only achieves consistency in one
modality, and it can be incorporated into the hard subset,
which could be formulated as:

DH ={(Vi, Ti,Yi) : Yargmaxc p̂(c|Vi)
i = 1 |

Yargmaxc p̂(c|Ti)
i = 1, i ∈ [1, 2, ..., N ]} − DP .

(4)

At last, if an instance can not achieve consistency in any
modalities, and it can be incorporated into the noisy subset,
which could be given by:

DN ={(Vi, Ti,Yi) : Yargmaxc p̂(c|Vi)
i = 0 &

Yargmaxc p̂(c|Ti)
i = 0, i ∈ [1, 2, ..., N ]}.

(5)

For the three subsets, we deploy corresponding optimization
strategies to learn semantic-consistency representations un-
der the interference of noisy labels. To achieve this, we first
extract semantic barycenters (Agueh and Carlier 2011) for
each class based on the feature distribution, and this process
could be expressed as:

ūc = argmin
u

Nc∑
i=1,Yc

i =1

∑
∗∈{V,T }

ω∗
i · W2

2,λ(u, f
∗
i ),

s.t.
Nc∑

i=1,Yc
i =1

∑
∗∈{V,T }

ω∗
i = 1, ∀ω∗

i ≥ 0, c ∈ [0, 1, ..., C],

(6)

where Nc is the number of samples belonging to class c, ω∗
j

denotes the weight for each sample (uniform weight in this
paper), W2

2 (·, ·) denotes the 2-Wasserstein distance, and λ
is the regularization coefficient. In our paper, we use the ex-
pectation maximization (EM) algorithm (Dempster, Laird,
and Rubin 1977; Feng, Ren, and Xie 2023) to converge the
barycenters.

After mining barycenters, for the i-th sample in two
modalities, we can obtain its probability that it belongs to
its corresponding barycenter as follows:

s(∗i) =
C∑

c=1

Yc
i

Γ(f∗
i , ūc)∑C

j=1 Γ(f
∗
i , ūj)

, ∗ ∈ {V, T }, (7)

where γ(·, ·) refers to the cosine similarity operator. Then,
we adopt different optimization techniques for DP , DH , and
DN . For the pure subset DP , we assume with high con-
fidence that the labels are reliable and expect each sample
to align closely with the corresponding semantic barycenter.
To this end, we adopt the cross-entropy (CE) loss, which is
known for its strong generalization ability (Ghosh, Kumar,
and Sastry 2017) to optimize the model, i.e.,

LP = − 1

|DP |

|DP |∑
i=1

∑
∗∈{V,T }

log s(∗i), (8)

where | · | means the size of a set. For the hard subset DH ,
we believe that a majority of the samples are still clean, but
due to label uncertainty, we cannot be fully confident. To
address this, we adopt a loss-weighting strategy that allows
the model to place greater emphasis on instances that are
more likely to be clean, thereby improving robustness. The
weight for each instance can be obtained as follows:

ℓi = 1− (1− s(Vi)) · (1− s(Ti)). (9)

Then, we guide the model optimization by adopting the
weighted CE loss as follows:

LH = − 1

|DH |

|DH |∑
i=1

ℓi
∑

∗∈{V,T }

log s(∗i). (10)

For the noisy subset DN , we assume with high confidence
that all samples are mislabeled and apply a label correction
strategy to exploit useful information from them. For the i-
th instance, we first fuse the soft labels from two modalities
as follows:

p̂ci = 1−(1− p̂(c|Vi)) ·(1− p̂(c|Ti)), c ∈ [1, 2, ..., C] (11)

Then, we use the maximum value of p̂ci as the corrected la-
bel, i.e., ŷi = argmaxc p̂

c
i . Further, we construct the cor-

responding one-hot encoded label Ŷi ∈ {0, 1}C , where
Yc
i = 1 if and only if c = ŷi. At last, recognizing that la-

bel correction may introduce biased predictions in complex
data distributions, we mitigate the risk of overfitting caused
by accumulated historical errors by the robust Mean Abso-
lute Error (MAE) loss (Ghosh, Kumar, and Sastry 2017) as
follows:

LN = − 1

|DN |

|DN |∑
i=1

∑
∗∈{V,T }

(
1− Γ(f∗

i , ūŷi)∑C
j=1 Γ(f

∗
i , ūj)

)
. (12)

Optimization
Combining the aforementioned loss functions, the objective
loss function of NIRNL is shown as follows:

L = (LP + LH + LN ) + αLCMP , (13)

where α is the balance coefficient to control the contribution
of the corresponding loss term. Notably, the first three terms
are applied only to samples within their corresponding sub-
sets (i.e., DP , DH , and DN ), while the last term is applied
to all samples.

Experiments
Dataset
To verify the effectiveness of our NIRNL, we conduct ex-
tensive experiments on three available benchmark datasets,
including Wikipedia (Rasiwasia et al. 2010), XMedia (Peng
et al. 2015), and INRIA-Websearch (Krapac et al. 2010). A
detailed description of all datasets is provided as follows:
• Wikipedia is made of 2,866 image-text pairs, which are

labeled with one of 10 semantic categories. In our ex-
periment, the image modality is represented by a 4,096-
dimensional vector extracted by the pre-trained VGG-19
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Method
Wikipedia

0.2 0.4 0.6 0.8 MeanI2T T2I I2T T2I I2T T2I I2T T2I
DGCPN 31.5 26.9 31.5 26.9 31.5 26.9 31.5 26.9 29.2
CIRH 23.6 22.5 23.6 22.5 23.6 22.5 23.6 22.5 23.1
UCCH 38.6 37.4 38.6 37.4 38.6 37.4 38.6 37.4 38.0

ALGCN 41.9 40.1 30.9 28.8 18.4 17.2 13.4 14.1 25.6
RONO 50.5 47.1 48.8 45.8 45.3 41.8 41.6 38.2 44.9

GNN4CMR 47.6 44.1 42.0 39.8 32.3 30.6 20.9 20.4 34.7
DHRL 46.2 42.8 45.0 42.2 35.5 33.3 24.0 24.5 36.7
NRCH 43.6 42.3 39.5 37.7 33.6 32.0 31.6 31.2 36.4
DRCL 47.5 41.6 36.5 32.3 23.4 20.4 16.1 14.7 29.1

RSHNL 49.1 45.4 44.3 41.6 38.3 36.4 27.8 26.8 38.7
NIRNL 51.6 46.6 51.7 46.5 49.2 46.1 41.7 39.4 46.6

Table 1: The MAP scores with different noise rates.

(Simonyan 2014) model, while the text modality is de-
noted as a 300-dimensional vector obtained by the pre-
trained Doc2vec (Lau and Baldwin 2016) model. Fol-
lowing previous works (Pu et al. 2025a), we randomly
partition it into three subsets: 2,173, 231, and 462 pairs
for training, validation, and testing, respectively.

• XMedia is a benchmark dataset with 5 modalities be-
longing to 20 semantic labels. In this work, we just
use 5,000 image-text pairs to conduct experiments.
Specifically, the image modality is encoded as 4,096-
dimensional vectors using a pre-trained VGG-19 model,
while the text modality is represented by a 3,000-
dimensional Bag-of-Words (BOW) embedding. Follow-
ing previous works (Pu et al. 2025a), we randomly split it
into three subsets: 4,000, 500, and 500 pairs for training,
validation, and testing, respectively.

• INRIA-Websearch is a widely-used dataset that com-
prises over 70,000 image-text pairs from 353 semantic
categories. In this work, we use a subset including 14,698
pairs within semantic categories to perform experiments.
Specifically, we employ the 4096-dimensional fea-
tures extracted by the pre-trained AlexNet (Krizhevsky,
Sutskever, and Hinton 2017) as image input, while uti-
lizing the 1000-dimensional features mined by the LDA
(Hu et al. 2021) as text inputs. Like previous works (Pu
et al. 2025a), we randomly divide it into three subsets:
9,000, 1,332, and 4,366 pairs for training, validation, and
testing, respectively.

Baselines
To demonstrate the effectiveness and superiority of the
proposed NIRNL, we compare it with 10 state-of-the-art
(SOTA) cross-modal retrieval (CMR) methods, including
three unsupervised methods (i.e., DGCPN (Yu et al. 2021),
CIRH (Zhu et al. 2022), and UCCH (Hu et al. 2022)), four
robust methods against noisy labels (i.e., RONO (Feng et al.
2023), DHRL (Shu et al. 2024), NRCH (Wang et al. 2024),
and RSHNL (Pu et al. 2025c)), and three supervised meth-
ods (i.e., ALGCN (Qian et al. 2021), GNN4CMR (Qian
et al. 2022), and DRCL (Pu et al. 2025a)). For the sake

of rigor, all comparisons are conducted using results repro-
duced under the same dataset settings.

Experimental settings and Evaluation Metric
To evaluate the performance of the proposed NIRNL and
SOTA methods, we perform two common CMR tasks, i.e.,
using image modality samples as queries to retrieve seman-
tically similar samples from the text modality (I2T), and us-
ing text modality samples as queries to retrieve semantically
similar samples from the image modality (T2I). Following
previous work (Pu et al. 2025c), we assess the robustness of
each method under varying levels of symmetric label noise,
with noise rates set to 0.2, 0.4, 0.6, and 0.8, respectively.
To intuitively quantify retrieval performance, we adopt the
Mean Average Precision (MAP) score (Qian et al. 2021; Pu
et al. 2025a) as the evaluation metric. For fairness, we keep
the original backbone networks frozen during training and
report the MAP scores on the test set at the epoch where
MAP reaches its peak on the validation set.

Comparisons with State-of-the-Art Methods
To verify the superiority of NIRNL, we compare it with 10
SOTA methods in terms of MAP scores. Tab.1 and Tab.2
report the MAP scores on the three datasets under vary-
ing noise rates. In the tables, the second-best scores are
underlined, and the best scores are highlighted in bold.
Then, we provide the precision-recall curves under the 0.6
noise rate in Fig.2 to further assess the retrieval performance
of NIRNL. According to the detailed analysis of these re-
sults, we can draw the following conclusion:

• Although unsupervised methods (i.e., DGCPN, CIRH,
and UCCH) are inherently unaffected by label noise due
to the absence of supervision signals, their performance
is limited by a clear bottleneck, as evidenced by their
inferior results compared to some supervised methods
(such as RONO and NIRNL).

• Some supervised methods (i.e., ALGCN, GNN4CMR,
and DRCL) heavily rely on accurate annotations. As the
noise rate increases, they suffer significant performance
degradation or even fail due to their inability to handle
noisy labels. In contrast, some robust supervised methods
(i.e., RONO, NRCH, RSHNL, and NIRNL) demonstrate
greater robustness by incorporating mechanisms specifi-
cally designed to mitigate the impact of label noise.

• From the PR-curves, it shows that the curve of NIRNL
lies above that of other methods, demonstrating NIRNL
can achieve higher retrieval precision at the same recall
rates. In general, by refining training instances to capture
the global neighborhood structure and exploit all poten-
tial information, our proposed NIRNL demonstrates su-
perior and more robust performance.

Ablation Study
To investigate the contribution of specific components in
our method, we conduct ablation experiments on the three
datasets at a 0.6 noisy rate. Specifically, we construct four
variants and the corresponding results are reported in Tab.3,

23912



Method Ref.
XMedia INRIA-Websearch

0.2 0.4 0.6 0.8 Mean 0.2 0.4 0.6 0.8 MeanI2T T2I I2T T2I I2T T2I I2T T2I I2T T2I I2T T2I I2T T2I I2T T2I
DGCPN AAAI’21 48.4 33.6 48.4 33.6 48.4 33.6 48.4 33.6 41.0 4.6 4.4 4.6 4.4 4.6 4.4 4.6 4.4 4.5
CIRH TKDE’22 83.9 82.0 83.9 82.0 83.9 82.0 83.9 82.0 83.0 30.9 31.2 30.9 31.2 30.9 31.2 30.9 31.2 31.1
UCCH TPAMI’23 78.6 79.5 78.6 79.5 78.6 79.5 78.6 79.5 79.1 7.4 6.2 7.4 6.2 7.4 6.2 7.4 6.2 6.8

ALGCN TMM’21 85.6 84.6 74.7 72.3 44.3 40.2 14.1 12.1 53.5 29.6 28.1 17.4 16.0 6.7 6.2 2.4 2.1 13.6
RONO CVPR’23 90.7 91.7 90.1 90.6 88.8 89.4 87.6 87.4 89.5 44.4 44.4 41.9 42.1 38.2 37.4 34.5 32.6 39.4

GNN4CMR TPAMI’23 85.4 85.1 80.6 80.5 69.5 68.6 43.9 43.2 69.6 47.3 47.1 42.0 40.9 35.8 34.4 29.9 28.3 38.2
DHRL TBD’24 90.6 91.1 86.6 86.5 73.5 73.3 43.8 45.5 73.9 37.1 37.3 24.3 24.1 14.0 13.7 6.2 7.1 20.5
NRCH ACM MM’24 88.4 89.8 89.7 90.6 85.5 86.1 84.8 85.9 87.6 42.3 43.6 42.1 43.4 41.1 42.6 40.6 41.9 42.2
DRCL TMM’25 83.2 81.5 64.0 64.2 35.8 37.1 12.2 13.4 48.9 47.2 46.5 34.7 32.4 17.4 16.2 5.5 5.1 25.6

RSHNL AAAI’25 91.2 91.2 90.2 90.0 87.8 87.1 86.2 84.9 88.6 52.7 53.4 52.0 52.3 49.8 50.4 42.7 43.0 49.5
NIRNL ours 92.5 92.0 92.1 91.6 91.6 92.0 91.3 91.2 91.8 52.9 53.3 52.2 52.8 51.6 52.5 49.9 50.8 52.0

Table 2: The MAP scores with different noise rates on the XMedia and INRIA-Websearch datasets.
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Figure 2: Precision-recall curves under the 0.6 noise rate.

where NIRNL-1 denotes the removal of CMP, NIRNL-
2 represents the discarding of the noisy subset, NIRNL-3
means treating the hard subset the same as the pure sub-
set, without applying instance loss-weighting, and NIRNL-
4 refers to the exclusion of the barycenters alignment mech-
anism for all samples and only using CMP to optimize the
model. From the results, it could be concluded that:
• The removal of CMP weakens the discriminability

among inter-class samples, thereby leading to a drop in
retrieval performance.

• The noisy subset contains potentially useful information,
which can be leveraged through label correction to im-
prove overall performance. In contrast, directly discard-
ing these samples may lead to suboptimal results due to
the loss of informative signals.

• When the loss-weighting mechanism designed for the
hard subset is deleted, the model treats all samples as
equally reliable, which amplifies the effect of noisy la-
bels and results in performance degradation.

• Excluding the barycenter alignment mechanism is equiv-
alent to discarding label information as a supervisory sig-
nal, leading to a noticeable decline in performance.

Overall, the ablation studies highlight the complementary
roles of each component within the NIRNL framework.

Robustness Analysis
To intuitively demonstrate the robustness of the proposed
NIRNL, we compare it with RSHNL in terms of MAP
scores versus epochs under the 0.6 noise rate. As illustrated
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Figure 3: The MAP scores versus epochs under the 0.6 noise rate.
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Figure 4: The number of instances versus epochs under the 0.6 noise rate.

Dataset Wikipedia XMedia Websearch
Task I2T T2I mean I2T T2I mean I2T T2I mean

NIRNL-1 25.9 22.9 24.4 40.0 41.6 40.8 7.9 8.7 8.3
NIRNL-2 47.1 42.4 44.8 88.8 88.4 88.6 46.3 47.1 46.7
NIRNL-3 48.4 45.8 47.1 90.0 90.6 90.3 50.5 51.6 51.1
NIRNL-4 41.2 39.8 40.5 90.1 91.4 90.8 49.9 50.9 50.4
NIRNL 49.2 46.1 47.7 91.6 92.0 91.8 51.6 52.5 52.1

Table 3: Ablation study under the 0.6 noise rate, where
‘Websearch’ denotes the INRIA-Websearch dataset.

in Fig.3, our NIRNL consistently outperforms RSHNL
across all three datasets. Specifically, RSHNL exhibits
lower performance on the XMedia and INRIA-Websearch
datasets due to its failure to leverage noisy samples. On the
Wikipedia dataset, RSHNL even shows signs of overfitting
to noisy labels, as it fails to capture the global distributional
structure of neighboring instances. In contrast, NIRNL em-
ploys the Neighbor-aware Instance Refining (NIR) mod-
ule to adaptively refine all instances by capturing global
distributional information, thereby maximizing the use of
available sample information and achieving superior perfor-
mance.

Additionally, to further evaluate the robustness of NIRNL,
we track the number of three types of instances across differ-
ent training epochs under a 0.6 noise rate, including the total
number of clean instances in the training set and the num-
ber of truly clean instances within this selected pure sub-
set. As shown in Fig.4, NIRNL can incorporate the majority

of clean samples into the training process over time. This
may be attributed to the Neighbor-aware Instance Refining
(NIR) mechanism, which enables the model to perceive the
global distribution of instances and refine instances to max-
imize the use of all available information. These findings
strongly support the effectiveness and robustness of the pro-
posed NIRNL.

Conclusion
In this paper, to robustly learn with noisy labels, we
propose a novel unified cross-modal learning framework,
termed Neighbor-aware Instance Refining with Noisy La-
bel (NIRNL). Our NIRNL inherits the advantages of the
three existing paradigms to balance the upper limit of model
performance, calibration reliability, and data utilization rate.
Specifically, we first construct Cross-modal Margin Pre-
serving (CMP) to structurally regularize the embedding
space to boost representation discriminability. Then, we pro-
pose Neighbor-aware Instance Refining (NIR) to fully ex-
plore the semantic information of each instance. To be spe-
cific, NIR employs neighborhood consensus to tri-split data,
thereby obtaining pure, hard, and noisy instances, respec-
tively. Moreover, NIR designs three different loss functions
to process these instances respectively, thereby achieving
more robust learning with noisy labels. We conduct various
experiments on three benchmarks with different noise rates.
Experimental results show that our NIRNL obtains the best
retrieval performance and robustness, especially under high
noise rates.
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