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Abstract

Recently, cross-modal retrieval is emerging with the help

of deep multimodal learning. However, even for unimodal

data, collecting large-scale well-annotated data is expen-

sive and time-consuming, and not to mention the additional

challenges from multiple modalities. Although crowd-

sourcing annotation, e.g., Amazon’s Mechanical Turk, can

be utilized to mitigate the labeling cost, but leading to the

unavoidable noise in labels for the non-expert annotating.

To tackle the challenge, this paper presents a general Multi-

modal Robust Learning framework (MRL) for learning with

multimodal noisy labels to mitigate noisy samples and cor-

relate distinct modalities simultaneously. To be specific, we

propose a Robust Clustering loss (RC) to make the deep

networks focus on clean samples instead of noisy ones. Be-

sides, a simple yet effective multimodal loss function, called

Multimodal Contrastive loss (MC), is proposed to maxi-

mize the mutual information between different modalities,

thus alleviating the interference of noisy samples and cross-

modal discrepancy. Extensive experiments are conducted

on four widely-used multimodal datasets to demonstrate the

effectiveness of the proposed approach by comparing to 14

state-of-the-art methods.

1. Introduction

With rapid growth of multimedia data, cross-modal re-

trieval becomes a compelling topic in the multimodal learn-

ing community due to its flexibility in retrieving semanti-

cally relevant samples across distinct modalities, e.g., im-

age query text [6, 16]. However, most existing methods

require clean-annotated training data, which are expensive

and time-consuming. Although some unsupervised multi-

modal learning methods can mitigate such labeling pres-

sure, their performance is usually much worse than the su-

pervised counterparts’ [60]. To balance performance and

labeling cost, semi-supervised multimodal learning meth-
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ods are proposed to simultaneously utilize labeled and un-

labeled data to learn common discriminative representa-

tions [61, 17]. However, semi-supervised approaches still

require a certain number of clean-annotated data to reach

reasonable performance.

To alleviate the high labeling cost, some non-expert

sources, e.g., Amazon’s Mechanical Turk and the surround-

ing tags of collected data, can be used to annotate large-

scale data, but resulting in unavoidable noise in labels [48].

Some recent unimodal studies reveal that DNNs easily over-

fit to noisy labels leading to poor generalization perfor-

mance [59, 28]. It is challenging to learn with noisy la-

bels. To tackle the challenge, numerous studies are con-

ducted to explore how to robustly learn with noisy labels,

such as correction methods [49, 9], MentorNet [19, 58], and

Co-teaching [10]. Although they achieve promising per-

formance in the unimodal scenario, they cannot simultane-

ously tackle multiple modalities, such as real-world multi-

media data. Hence, it is significant and valuable to explore

how to learn satisfactory representations from multimodal

data with noisy labels, but which is rarely touched in previ-

ous works.

We perform an empirical study of recent cross-modal

learning methods under noisy labels with results shown in

Figure 2. From the figure, one can see that the networks

will fast overfit to the noisy training set with a widely-used

loss function cross-entropy [50, 53] in multimodal learn-

ing. Moreover, different modalities exist a large diversity

in validation set since they may lay in completely different

spaces with heterogeneity, making learning from noisy sam-

ples more difficult. Lastly, noisy labels can confuse the dis-

criminative connections across distinct modalities, result-

ing in difficulty bridging the heterogeneous gap. Thus, it is

more challenging and complex to consider both noisy labels

and cross-modal discrepancy simultaneously.

To address the aforementioned problems, we propose a

Multimodal Robust Learning framework (MRL) to simul-

taneously mitigate the influence of noisy samples and nar-

row the heterogeneous gap in this paper. The pipeline of

the proposed method is shown in Figure 1 wherein our
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Figure 1: The pipeline of the proposed method for m modalities, e.g., images X1 with noisy labels Y1, and texts Xm with

noisy labels Ym. The modality-specific networks learn common representations for m different modalities. The Robust

Clustering loss Lr is adopted to mitigate the noise in labels for learning discrimination and narrow the heterogeneous gap.

The outputs of networks interact with each other to learn common representations by using instance- and pair-level contrast,

i.e., multimodal contrastive learning (Lc), thus further mitigating noisy labels and cross-modal discrepancy. Lc tries to

maximally scatter inter-modal samples while compacting intra-modal points over the common unit sphere/space.

0 50 100

Epoch

0

0.2

0.4

0.6

0.8

1

A
c
c
u

ra
c
y

(a)

0 50 100

Epoch

0

0.1

0.2

0.3

0.4

0.5

0.6

A
c
c
u
ra

c
y

0

0.1

0.2

0.3

0.4

M
e
a
n
 A

v
e
ra

g
e
 P

re
c
is

io
n
 (

M
A

P
)

(b)

Figure 2: Training with Cross-Entropy loss (CE) [53] on

INRIA-Websearch [23] under 0.6 symmetric noise. (a) Ac-

curacy vs. epoch on the training set of INRIA-Websearch

for the image modality and the text modality, respec-

tively. (b) Accuracy/MAP vs. epoch on the validation set

of INRIA-Websearch. Accuracy is utilized to evaluate

the classification performance on the individual modality.

Mean Average Precision (MAP) is adopted to evaluate the

retrieval performance across different modalities, i.e., im-

age query text (Image → Text) and text query image (Text

→ Image). From the figure, we can see that noisy labels will

make the multimodal learning overfit on the noisy training

set while corrupting performance on the validation set.

method consists of multiple modality-specific networks and

two novel losses: Robust Clustering (RC) and Multimodal

Contrastive (MC) losses. To be specific, we present a novel

common clustering loss to alleviate traditional classifica-

tion loss functions (e.g., cross-entropy) overfitting to noisy

labels with a common classifier. From the previous stud-

ies [2, 10, 3], clean samples are easier for learning than

noisy/incorrect samples, and leading to faster learning and

lower loss for clean samples. This similar phenomenon

can be observed in Figure 2, wherein the networks can

faster learn clean samples and achieve a certain accuracy

but decreasing the performance with the interference of

noisy samples after further training. To distract the atten-

tion of deep networks from noisy samples to clean ones, our

RC automatically weakens the influence of minor losses,

which are more likely to be produced by noisy samples,

for alleviating the interference of noisy labels, thus em-

bracing more robustness. In addition to mitigating noisy

samples, RC also can narrow the heterogeneous gap by pro-

jecting different modalities into a common clustering space.

Besides, inspired by recent unimodal contrastive learning

works [54, 4], we propose a simple yet effective multimodal

loss function, termed Multimodal Contrastive loss (MC), to

simultaneously maximize the inter-instance and inter-pair

variances in the intra- and inter-modalities. Different from

previous contrastive learning methods, our MC maximizes

the mutual information between intrinsically co-occurred

modalities, which can further narrow the heterogeneous gap

across distinct modalities while excavating the discrimina-

tion from instance-level contrasting. Hence, our MC can

further mitigate the interference of noisy samples by con-

trasting their inter- and intra-modal counterparts with an un-

supervised manner.

The main novelties and contributions of this work are

summarized as follows:

• We propose a novel framework for cross-modal re-

trieval with noisy labels. It can robustly learn the com-

mon discriminative representations from noisy labels

by using both supervised and unsupervised manners.

• We present a Robust Clustering loss (RC) that im-

proves robustness and narrows the cross-modal gap on

noisy samples simultaneously.
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• A novel multimodal contrastive loss is proposed to

maximize the inter-instance variances while minimiz-

ing the intra-instance ones by considering the inter-

and intra-modality similarities.

• Extensive experiments are conducted on four widely-

used multimodal datasets to demonstrate the robust

performance of the proposed methods for noisy labels.

2. Related Work

This section briefly reviews some of the most related

works about learning with noisy labels and multimodal

learning approaches.

2.1. Learning with Noisy Labels

To learn from noisy labels, numerous approaches are

proposed to alleviate the noise in labels to learn the ob-

jective information. One typical direction is to improve

the learning quality by correcting the wrong labels or loss

functions, called correction methods [30, 49, 9]. How-

ever, such approaches always require extra ground-truth to

support their learning schemes, which is often unavailable

and cost-prohibitive in real-world applications [32, 48]. To

avoid false corrections, numerous works attempt to elab-

orately design adaptive training strategies to select true-

labeled samples for learning automatically, thus embracing

robustness to noisy labels, such as MentorNet [19, 58], and

Co-teaching [10]. Moreover, some methods try to divide the

noisy data into labeled and unlabeled data, while utilizing

semi-supervised paradigms to learn from the obtained la-

beled and unlabeled data iteratively [56, 35, 28]. Motivated

by its powerful learning ability, meta learning has been suc-

cessfully applied to improve the robustness of neural net-

works for noise samples [42, 29, 46]. The aforementioned

approaches are either dependent on complex adaptive train-

ing processes that need carefully tuning and designing or

sensitive to the hyper-parameters that will cost much time

for tuning [32]. Differently, another direction is to design

robust loss functions to make the optimization schemes ro-

bust to noise samples [8, 52, 32]. However, most prior arts

for noisy labels are specifically designed for unimodal sce-

narios, and it is challenging to extend them to multimodal

cases.

2.2. Multimodal Learning

Multimodal learning methods target to project multi-

ple modalities into a common space, in which cross-modal

downstream tasks could be conducted on the learned com-

mon representations, such as cross-modal retrieval [45, 16].

One typical technique is to maximize the cross-modal cor-

relation across different modalities [12, 26, 38, 63, 18]. To

utilize the semantic information in class labels, some su-

pervised multimodal methods are proposed to utilize the

discrimination to learn a common discriminative space.

Specifically, discriminative criteria are introduced into mul-

timodal learning to maximize the within-class similarity

while minimizing the between-class similarity [21, 13, 27,

14]. Alternatively, a common classifier is directly adopted

to enforce the neural networks to learn a common discrim-

inative space [53, 62, 16, 55, 15]. To alleviate the over-

dependence on labels, some multimodal semi-supervised

paradigms are proposed to leverage the labeled and unla-

beled to learn common representations simultaneously [61,

17, 57]. Moreover, to clean the noise from labels, Mandal

et al. adopted a two-step pre-processing method to obtained

cleaned labels and feed to cross-modal methods [33]. How-

ever, it is much more difficult to directly learn common dis-

crimination from noisy labels, which is rarely touched in

previous studies.

3. The Proposed Method

3.1. Notations

For a clear presentation, we first give some defini-

tions for notations in the papers. Boldface uppercase let-

ters (e.g., X) and boldface lowercase letters (e.g., x) rep-

resent matrices and column vectors, respectively. Give a

K-category multimodal dataset with noisy labels as D =
{Mi}

m
i=1

, where Mi = {(xi
j , y

i
j)}

N
j=1

is the i-th modal-

ity, xi
j ⊂ R

di is the j-th sample from the i-th modality,

yij ∈ {1, 2, · · · ,K} is the label (possibly incorrect) for xi
j .

For the convenience of presentation, D can be seen as a

minibatch of N instances, each of which owns m samples

from distinct modalities, in the following sections. Note

that, although different modalities usually co-occur to de-

scribe the same objects or instances with the pairwise prop-

erty, the noisy labels of distinct modalities may be not be

paired, e.g., there are different annotators for the image

modality and the text modality separately.

3.2. Multimodal Robust Learning

The goal of cross-modal retrieval is to retrieve the corre-

lated samples across different modalities in a common rep-

resentation space Z . To project distinct modalities into Z ,

existing methods attempt to learn m modality-specific func-

tions {fi : Xi 7→ Z}
m
i=1

for m modalities, where fi can be a

DNN with parameters Θi for the i-th modality. Given a data

point xi
j , the common normalized representation zij can be

computed by

zij = fi(x
i
j) ⊂ R

L, (1)

where L is the dimention of the common space.

To learn the mapping functions {fi(·,Θi)}
m
i=1

with

noisy labels, we propose a general framework that consists

of a robust clustering loss and a cross-modal correlation

loss. A novel robust clustering loss, called Robust Cluster-
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ing loss (RC) Lr, is proposed to robustly extract the com-

mon discrimination shared across different modalities from

noisy labels. Specifically, it can simultaneously alleviate the

cross-modal discrepancy and noisy samples.

To further narrow the heterogeneous gap, we propose

a novel cross-modal correlation loss, termed Multimodal

Contrastive loss (MC) Lc, to excavate the instance- and

pair-level discrimination to boost the performance of cross-

modal retrieval. Following sections will elaborate the afore-

mentioned loss functions with details.

3.2.1 Robust Clustering Assignment

To excavate the discrimination from noisy labels, we pro-

pose to firstly cluster multimodal data to K common class-

specific clustering assignments C = {c1, · · · , cK} for alle-

viating outliers, where ck is the normalized clustering cen-

ter vector for the k-th class. Then, for a sample xi
j , its prob-

ability belonging to the k-th class can be defined as:

p(k|xi
j) =

exp( 1

τ1
cTk z

i
j)

∑K
t=1

exp( 1

τ1
cTt z

i
j)
, (2)

where τ1 is a temperature parameter [54, 34]. By max-

imizing the joint probabilities of Equation (2) with the

ground-truths, the multimodal points with the same seman-

tics could be compacted into the same cluster in the com-

mon space [37], which could be directly achieved by the

standard Cross-Entropy criterion (CE) as:

LCE = −
1

N

N
∑

j=1

K
∑

k=1

q(k|xi
j) log p(k|x

i
j), (3)

where q(k|xi
j) is the ground-truth probability over different

labels of sample xi
j . In this work, we only focus on single-

label case wherein each sample xi
j only belongs to one class

yij , i.e., q is simply a one-hot label vector defined as follows:

q(k|xi
j) =

{

1 if k = yij ;

0 otherwise.
(4)

For convenience of presentation, cross-entropy loss LCE

can be rewritten as CE(p) = CE(p, y) = −log(p) for a

sample xi
j with its ground-truth y, where p = p(yij |x

i
j) and

y = yij . Then, the CE loss could be plotted as the blue

curve in Figure 3. From the figure, one can see that CE

tends to focus on optimizing harder samples since they pro-

ducing larger loss values, which has been proven to work

well in clean-annotated labels. However, for noisy labels,

recent studies [2, 10, 3] reveal that clean/correct samples

are easier for learning than noisy/incorrect ones, and lead-

ing to faster learning for clean ones as shown in Figure 2.

Like CE, conventional supervised loss functions usually put

more attentions on harder samples that possibly are noisy

ones in noisy-label cases [32, 28], thus leading to worse

performance on noisy datasets.

0 0.2 0.4 0.6 0.8 1
-5

0
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L
o
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Figure 3: Comparison between the standard Cross-Entropy

criterion (CE) and the proposed Robust Clustering loss

(RC). The proposed RC is to reduce the relative loss of CE

for hard samples that usually are with noisy/incorrect labels

[2, 10, 3]. Thus, our RC can put more focus on clean sam-

ples instead of noisy ones and mitigate noise interference.

To further alleviate the influence of noisy samples, we

propose to reshape the loss function to down-weight diffi-

cult samples and up-weight easy ones and thus focus train-

ing on clean samples instead of noisy ones. Different from

CE loss, we minimize the log-likelihood of negative sam-

ples instead of the negative log-likelihood of the positive

one. Our RC can be formulated as:

Lr =
1

N

m
∑

i=1

N
∑

j=1

log(1− p(yij |x
i
j)). (5)

Note that, the target of our RC is opposite to the fully super-

vised losses, such as Focal Loss [31], which mainly focuses

on hard samples from a clean dataset with no noisy labels.

The learning process of the RC function is visualized in

Figure 3 by comparing it with the standard cross-entropy

loss. From the figure, one can note that our RC loss can

remarkably down-weight the loss values of noisy samples

while up-weight the values of clean ones. That is to say,

the clean samples will produce much larger loss values than

noisy ones, and dominate the gradient into the correct di-

rection, thus embracing superior performance as evidenced

in our experimental results.

3.2.2 Multimodal Contrastive Learning

In the unimodal scenario, contrastive learning has achieved

promising performance in unsupervised learning applica-

tions [54, 4]. Unlike supervised methods, contrastive learn-

ing approaches apply instance-level classification to learn
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the discriminative representations. Specifically, to achieve

that, it maximizes the agreement between different aug-

mented views from the same sample via a contrastive

loss [54, 4]. Instead of augmentation, multimodal data in-

trinsically consist of multiple modalities that can be nat-

urally utilized to maximize their mutual information. In-

spired by such recent contrastive learning works [54, 4],

we present to learn common representations by maximiz-

ing agreement between different modalities in the common

space.

First, we define the probability of a sample xi
j belonging

to the j-th instance in m modalities as:

P (j|xi
j) =

∑m
l=1

exp
(

1

τ2

(

zlj
)T

zij

)

∑m
l=1

∑N
t=1

exp
(

1

τ2

(

zlt
)T

zij

) , (6)

where τ2 is a temperature parameter [54, 34]. P (j|xi
j) also

could be seen as the probability of a multimodal cluster cen-

tered by xi
j being correctly recognized as the j-th cluster.

To eliminate the cross-modal discrepancy and excavate

the instance-level discrimination, we make the multimodal

samples from the same instance (e.g., {xk
j }

m
k=1

for the j-

th instance) compact while the samples from distinct in-

stances (e.g., {xk
l }l 6=j for the j-th instance) scattered, i.e.,

maximizing the probabilities. Then, the learning objective

MC could be formulated as maximizing a joint probability
∏m

i=1

∏N
j=1

P (j|xi
j), which also can be equivalent to mini-

mize the following negative log-likelihood [54] as:

Lc = −
1

N

m
∑

i=1

N
∑

j=1

log
(

P (j|xi
j)
)

. (7)

By minimizing Equation (7), the multimodal networks

are enforced to compact the positive samples (considered

as the relevant cross-modal pairs, e.g., {xk
j }

m
k=1

for xi
j)

while scattering the negative samples (considered as irrel-

evant instances, e.g., {xk
l }l 6=j for xi

j) on the common unit

sphere/space as shown in Figure 1. The outputs of mul-

timodal networks contrast with each other to encapsulate

the common discrimination by using the instance- and pair-

level comparison, thus further mitigating noisy labels and

cross-modal discrepancy.

3.2.3 Optimization

The final loss function can be formulated as:

L = βLr + (1− β)Lc. (8)

By minimizing the joint loss function, our MRL can be

iteratively optimized in a batch-by-batch manner using a

stochastic gradient descent optimization algorithm, like

Adam [22]. Algorithm 1 summarizes the optimization pro-

cess of our MRL.

Algorithm 1 Main optimization process of our MRL.

Input: The training multimodal data D = {Mi}
m
i=1

, the

dimensionality of common representations L, batch

size Nb, maximal epoch number Ne, balance param-

eter β, temperature parameters τ1 and τ2, and learning

rate α.

1: for 1, 2, · · · , Ne do

2: repeat

3: Randomly select Nb samples from each modality

to construct a multimodal mini-batch {Xi,Yi}
m
i=1

.

4: Calculate the representations for all samples of the

mini-batch by using their corresponding modality-

specific mapping functions {fi(·,Θi)}
m
i=1

, ac-

cording to Equation (1).

5: Normalize the clusters C = {c1, · · · , cK}.

6: Compute RC and MC according to Equations (5)

and (7) on the mini-batch, respectively.

7: Update the network parameters {Θi}
m
i=1

and clus-

ters C by minimizing L in Equation (8) with de-

scending their stochastic gradient:

Θi = Θi −α(β ∂Lr

∂Θi

+(1−β)∂Lc

∂Θi

), i = 1, · · · ,m

C = C− αβ ∂Lr

∂C

8: until all samples selected

9: end for

Output: Optimized network parameters {Θi}
m
i=1

.

4. Experiments

To evaluate our MRL, we conduct extensive comparison

experiments on four widely-used multimodal datasets, i.e.,

Wikipedia [41], INRIA-Websearch [23], NUS-WIDE [5],

and XMediaNet [40].

4.1. Implementation Details

In this work, we employ ADAM [22] as our optimizer to

train our MRL. For all datasets, we use a maximal epoch

number of 100 (Ne in Algorithm 1). The learning rate

(α in Algorithm 1) is initialized with 0.0001. The tem-

perature parameters (τ1 and τ2 in Algorithm 1) are set as

1. The batch size is set as 50, 200, 500 and 500 for

Wikipedia [41], INRIA-Websearch [23], NUS-WIDE [5],

and XMediaNet [40], respectively. For Wikipedia, NUS-

WIDE and XMediaNet, we adopt the pretrained VGG-

19 [47] on ImageNet as the CNN backbone for images,

and the pretrained Doc2Vec model1 [25] as the text back-

bone for texts. On INRIA-Websearch, the pretrained

AlexNet [24] on ImageNet and LDA are used as the back-

bones for images and texts, respectively. Three fully-

connected (FC) layers are stacked on the backbones to learn

the common representations for all modalities. Each FC

1https://github.com/jhlau/doc2vec.
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layer follows a ReLU layer except the last layer. The num-

bers of FC hidden units are respectively 4, 096, 4, 096 and

L, where L is the dimensionality of common representa-

tions. For a fair comparison with baselines, all backbones

are frozen in the training stage. Our MRL is implemented

on the PyTorch framework [36].

4.2. Experimental Setup

In our experiments, we compare the proposed method

with 14 state-of-the-art methods that include four unsuper-

vised methods (i.e., MCCA [43], PLS [44], DCCA [1],

and DCCAE [51]) and ten supervised ones (i.e.,

GMA [45], MvDA [20], MvDA-VC [21], GSS-SL [61],

ACMR [50], deep-SM [53], FGCrossNet [11], SDML [16],

DSCMR [62], and SMLN [17]). For a fair comparison, all

baselines utilize the same features extracted from the corre-

sponding backbones as our MRL. For all methods, we re-

port their results on the testing set when they achieve the

best performance on the validation set. To evaluate the per-

formance of these methods, we perform m(m − 1) dis-

tinct cross-modal retrieval tasks on each dataset. Without

loss of generality, all experiments are conducted on bimodal

datasets to evaluate two cross-modal tasks: using an image

query to retrieve the related text samples (Image → Text),

and using a text query to retrieve the relevant image points

(Text → Image). We adopt Mean Average Precision (MAP),

which is the mean value of Average Precision (AP) scores

for each query, as the evaluation metric to measure the accu-

racy scores of retrieval results. MAP is extensively adopted

to measure the retrieval performance since it simultaneously

evaluates retrieval precision and ranking of returned results.

Note that, we compute MAP scores on all retrieval results in

the experiments. Furthermore, to comprehensively evaluate

the robustness of the methods, we set the label noise to be

symmetric, and the noise rates to 0.2, 0.4, 0.6 and 0.8 in the

experiments.

4.3. Datasets

Without loss of generality, we adopt four widely-used

image-text datasets to evaluate the cross-modal perfor-

mance in the paper. In this section, we briefly introduce

them as follows:

• Wikipedia [41] contains 2,866 image-text pairs that

belong to 10 classes. Following [7], we divide the

dataset into 3 subsets: 2,173, 231 and 462 pairs for

training, validation and testing sets, respectively.

• INRIA-Websearch [23] consists of 71, 478 images

and 71, 478 text descriptions (sentences or tags). In our

experiments, we use the subset of INRIA-Websearch

provided by the authors of [53]. In this subset, 14, 698
samples of 100 largest classes are selected from the

original set. We randomly divide the dataset into three

subsets: 9, 000, 1, 332 and 4, 366 image-text pairs for

training, validation and testing sets, respectively.

• NUS-WIDE [5] consists of about 270, 000 images dis-

tributed over 81 categories. In the experiments, we

use a subset of NUS-WIDE provided by [39], wherein

each sample belongs to only one of ten classes. Be-

sides, we randomly split the dataset into three subsets,

i.e., 42, 941, 5, 000 and 23, 661 image-text pairs for

training, validation and testing sets, respectively.

• XMediaNet [40] is a large-scale multimodal dataset

with 200 non-overlap categories. In this paper, only

images and texts are selected to conduct experiments.

Following [40], we randomly divide the dataset into

three subsets: 32, 000, 4, 000 and 4, 000 pairs for train-

ing, validation and testing sets, respectively.

4.4. Comparison with the StateoftheArt

We apply cross-modal retrieval on four datasets to eval-

uate the performance of our MRL and the baselines. The

experimental results in terms of MAP scores are reported

in Tables 1 and 2 for four datasets, respectively. As shown

in these tables, our MRL is superior to the baselines on the

four datasets. From the experimental results, we can draw

the following observations:

• Some existing multimodal methods (e.g., GMA,

SDML, DSCMR, and SMLN) have certain anti-

interference ability to noisy labels since their super-

vised and unsupervised components like our MRL,

thus indicating that this framework has more robust-

ness to the noisy labels.

• Noisy labels remarkably influence the performance of

supervised multimodal methods. With the noise rate

increasing in labels, their accuracies will decrease fast.

On the contrary, unsupervised methods have no such

issues.

• The number of classes affects the anti-interference per-

formance of supervised methods to noisy labels. Neu-

ral networks have a powerful fitting ability, which

makes them easier to overfit the harder task (more

classes) on noisy labels than shallow methods, thus

leading to worse performance. The shallow super-

vised methods are more robust to noisy labels for more

classes than deep supervised approaches.

• Most supervised multimodal approaches are superior

to the unsupervised ones in lower noise rate, which ev-

idences that labeled data are important for cross-modal

retrieval even though noisy labels contained. Another

related observation also can be obtained, i.e., the more

pure labels, the better performance obtained.

• Our MRL is superior to both the unsupervised and su-

pervised approaches in the cross-modal retrieval tasks.
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Table 1: Performance comparison in terms of MAP scores under the symmetric noise rates of 0.2, 0.4, 0.6 and 0.8 on the

Wikipedia and INRIA-Websearch datasets. The highest MAP score is shown in bold.

Method

Wikipedia INRIA-Websearch

Image → Text Text → Image Image → Text Text → Image

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8

MCCA [43] 0.202 0.202 0.202 0.202 0.189 0.189 0.189 0.189 0.275 0.275 0.275 0.275 0.277 0.277 0.277 0.277

PLS [44] 0.337 0.337 0.337 0.337 0.320 0.320 0.320 0.320 0.387 0.387 0.387 0.387 0.398 0.398 0.398 0.398

DCCA [1] 0.281 0.281 0.281 0.281 0.260 0.260 0.260 0.260 0.188 0.188 0.188 0.188 0.182 0.182 0.182 0.182

DCCAE [51] 0.308 0.308 0.308 0.308 0.286 0.286 0.286 0.286 0.167 0.167 0.167 0.167 0.164 0.164 0.164 0.164

GMA [45] 0.200 0.178 0.153 0.139 0.189 0.160 0.141 0.136 0.425 0.372 0.303 0.245 0.437 0.378 0.315 0.251

MvDA [20] 0.379 0.285 0.217 0.144 0.350 0.270 0.207 0.142 0.286 0.269 0.234 0.186 0.285 0.265 0.233 0.185

MvDA-VC [21] 0.389 0.330 0.256 0.162 0.355 0.304 0.241 0.153 0.288 0.272 0.241 0.192 0.286 0.268 0.238 0.190

GSS-SL [61] 0.444 0.390 0.309 0.174 0.398 0.353 0.287 0.169 0.487 0.424 0.272 0.075 0.510 0.451 0.307 0.085

ACMR [50] 0.276 0.231 0.198 0.135 0.285 0.194 0.183 0.138 0.175 0.096 0.055 0.023 0.157 0.114 0.048 0.021

deep-SM [53] 0.441 0.387 0.293 0.178 0.392 0.364 0.248 0.177 0.495 0.422 0.238 0.046 0.509 0.421 0.258 0.063

FGCrossNet [11] 0.403 0.322 0.233 0.156 0.358 0.284 0.205 0.147 0.278 0.192 0.105 0.027 0.261 0.189 0.096 0.025

SDML [16] 0.464 0.406 0.299 0.170 0.448 0.398 0.311 0.184 0.506 0.419 0.283 0.024 0.512 0.412 0.241 0.066

DSCMR [62] 0.426 0.331 0.226 0.142 0.390 0.300 0.212 0.140 0.500 0.413 0.225 0.055 0.536 0.464 0.237 0.052

SMLN [17] 0.449 0.365 0.275 0.251 0.403 0.319 0.246 0.237 0.331 0.291 0.262 0.214 0.391 0.349 0.292 0.254

Ours 0.514 0.491 0.464 0.435 0.461 0.453 0.421 0.400 0.559 0.543 0.512 0.417 0.587 0.571 0.533 0.424

Table 2: Performance comparison in terms of MAP scores under the symmetric noise rates of 0.2, 0.4, 0.6 and 0.8 on the

NUS-WIDE and XMediaNet datasets. The highest MAP score is shown in bold.

Method

NUS-WIDE XMediaNet

Image → Text Text → Image Image → Text Text → Image

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8

MCCA [43] 0.523 0.523 0.523 0.523 0.539 0.539 0.539 0.539 0.233 0.233 0.233 0.233 0.249 0.249 0.249 0.249

PLS [44] 0.498 0.498 0.498 0.498 0.517 0.517 0.517 0.517 0.276 0.276 0.276 0.276 0.266 0.266 0.266 0.266

DCCA [1] 0.527 0.527 0.527 0.527 0.537 0.537 0.537 0.537 0.152 0.152 0.152 0.152 0.162 0.162 0.162 0.162

DCCAE [51] 0.529 0.529 0.529 0.529 0.538 0.538 0.538 0.538 0.149 0.149 0.149 0.149 0.159 0.159 0.159 0.159

GMA [45] 0.545 0.515 0.488 0.469 0.547 0.517 0.491 0.475 0.400 0.380 0.344 0.276 0.376 0.364 0.336 0.277

MvDA [20] 0.590 0.551 0.568 0.471 0.609 0.585 0.596 0.498 0.329 0.318 0.301 0.256 0.324 0.314 0.296 0.254

MvDA-VC [21] 0.531 0.491 0.512 0.421 0.567 0.525 0.550 0.434 0.331 0.319 0.306 0.274 0.322 0.310 0.296 0.265

GSS-SL [61] 0.639 0.639 0.631 0.567 0.659 0.658 0.650 0.592 0.431 0.381 0.256 0.044 0.417 0.361 0.221 0.031

ACMR [50] 0.530 0.433 0.318 0.269 0.547 0.476 0.304 0.241 0.181 0.069 0.018 0.010 0.191 0.043 0.012 0.009

deep-SM [53] 0.693 0.680 0.673 0.628 0.690 0.681 0.669 0.629 0.557 0.314 0.276 0.062 0.495 0.344 0.021 0.014

FGCrossNet [11] 0.661 0.641 0.638 0.594 0.669 0.669 0.636 0.596 0.372 0.280 0.147 0.053 0.375 0.281 0.160 0.052

SDML [16] 0.694 0.677 0.633 0.389 0.693 0.681 0.644 0.416 0.534 0.420 0.216 0.009 0.563 0.445 0.237 0.011

DSCMR [62] 0.665 0.661 0.653 0.509 0.667 0.665 0.655 0.505 0.461 0.224 0.040 0.008 0.477 0.224 0.028 0.010

SMLN [17] 0.676 0.651 0.646 0.525 0.685 0.650 0.639 0.520 0.520 0.445 0.070 0.070 0.514 0.300 0.303 0.226

Ours 0.696 0.690 0.686 0.669 0.697 0.695 0.688 0.673 0.625 0.581 0.384 0.334 0.623 0.587 0.408 0.359

In particular, the proposed method outperforms the

best baselines by more than 6.5% with 80% noise. It

demonstrates that the proposed framework is more ro-

bust to the noisy labels and could give a guide for fu-

ture multimodal learning with noisy labels.

4.5. Ablation Study

In this section, we evaluate the performance of the pro-

posed components (i.e., Lr and Lc) for cross-modal re-

trieval. To extensively investigate the contributions of each

component, we compare our MRL with its three counter-

parts on the Wikipedia dataset, which are the cross-entropy

(CE) baseline [53] and two variations of our MRL: MRL

with Lc only and MRL with Lr only. All the compared

methods are train with the same settings as our MRL for a

fair comparison. The experimental results are shown in Ta-

ble 3. From the results, one can see that the performance

of MRL without Lc or Lr are worse than our full MRL on

Wikipedia, which indicates that both of the two components

contribute to cross-modal retrieval in our framework. By
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comparing to CE, we can see that our Lr can achieve much

more robust performance, which indicates that the proposed

Lr can alleviate the interference of noisy labels.

Table 3: Comparison between our MRL (full version) and

its three counterparts (CE and two variations of MRL) under

the symmetric noise rates of 0.2, 0.4, 0.6 and 0.8 on the

Wikipedia dataset. The highest score is shown in bold.

Method
Image → Text

0.2 0.4 0.6 0.8

CE 0.441 0.387 0.293 0.178

MRL (with Lr only) 0.482 0.434 0.363 0.239

MRL (with Lc only) 0.412 0.412 0.412 0.412

Full MRL 0.514 0.491 0.464 0.435

Text → Image

CE 0.392 0.364 0.248 0.177

MRL (with Lr only) 0.429 0.389 0.320 0.202

MRL (with Lc only) 0.383 0.382 0.383 0.383

Full MRL 0.461 0.453 0.421 0.400

4.6. Parameter Analysis
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Figure 4: Cross-modal retrieval performance of our MRL

in terms of MAP scores versus different values of β on

the validation sets of the Wikipedia and INRIA-Websearch

datasets, respectively. The noise rate is 0.6.

To evaluate the impact of the trade-off hyper-parameter

β, we plot the cross-modal retrieval accuracy versus β on

the validation sets of Wikipedia and INRIA-Websearch in

Figure 4. From the figure, we can see that both Robust

Clustering loss (Lr) and Multimodal Contrastive loss (Lr)

contribute to excavating the discrimination from the multi-

modal data, which is consist with our ablation study. How-

ever, the contributions of each component are distinct for

different datasets, which may be caused by the difficulty

level of the datasets (e.g., the more classes there are, the

more difficult it will be). Furthermore, the sensitivity of

β is also different on distinct datasets. To be specific, our

method can obtain stable performance in a relatively larger

range (i.e., 0.5 ∼ 0.8) on Wikipedia, but smaller range (i.e.,

0.85 ∼ 0.95) on INRIA-Websearch.

4.7. Robustness Analysis
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Figure 5: Validation accuracies and MAP scores of the pro-

posed method versus cross-entropy on INRIA-Websearch

under 0.6 symmetric noise.

To visually investigate the robustness improvement, we

plot accuracies/MAP scores versus epochs on the valida-

tion set of INRIA-Websearch for cross-entropy [53] and the

proposed method in Figure 5. From the results, we can

see that the proposed method can achieve much more stable

performance on the validation set, which indicates that our

method has alleviated the interference of noisy labels, and

embracing more robust performance.

5. Conclusion

In this paper, we proposed a novel robust multimodal

framework for learning from noisy labels, termed Multi-

modal Robust Learning (MRL), to project different modal-

ities into a latent common space. Our MRL consists of

multiple modality-specific networks, a multimodal robust

clustering loss Lr, and a multimodal contrastive loss Lc.

The robust clustering loss Lr aims to mitigate the interfer-

ence of noisy labels and the cross-modal discrepancy. The

multimodal contrastive loss Lc is conducted to narrow the

heterogeneous gap between different modalities while ex-

cavating the apparent discrimination. Comprehensive ex-

periments are conducted on four widely-used datasets. The

experimental results demonstrated the effectiveness of the

proposed method. Specifically, our MRL is superior to 14

state-of-the-art multimodal methods on noise settings. At

the same time, we revealed that the existing cross-modal

retrieval approaches are vulnerable to noisy labels.
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