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Abstract

Cross-modal retrieval aims to match related samples across
distinct modalities, facilitating the retrieval and discovery
of heterogeneous information. Although existing methods
show promising performance, most are deterministic mod-
els and are unable to capture the uncertainty inherent in
the retrieval outputs, leading to potentially unreliable re-
sults. To address this issue, we propose a novel frame-
work called FUzzy Multimodal lEarning (FUME), which is
able to self-estimate epistemic uncertainty, thereby embrac-
ing trusted cross-modal retrieval. Specifically, our FUME
leverages the Fuzzy Set Theory to view the outputs of the
classification network as a set of membership degrees and
quantify category credibility by incorporating both possi-
bility and necessity measures. However, directly optimizing
the category credibility could mislead the model by over-
optimizing the necessity for unmatched categories. To over-
come this challenge, we present a novel fuzzy multimodal
learning strategy, which utilizes label information to guide
necessity optimization in the right direction, thereby indi-
rectly optimizing category credibility and achieving accu-
rate decision uncertainty quantification. Furthermore, we
design an uncertainty merging scheme that accounts for de-
cision uncertainties, thus further refining uncertainty esti-
mates and boosting the trustworthiness of retrieval results.
Extensive experiments on five benchmark datasets demon-
strate that FUME remarkably improves both retrieval per-
formance and reliability, offering a prospective solution for
cross-modal retrieval in high-stakes applications. Code is
available at https://github.com/siyuancncd/FUME .

1. Introduction

Cross-modal retrieval (CMR) [1] seeks to search for related
samples across different modalities, which has garnered sig-
nificant attention from both academia and industry, driven
by the exponential growth of multimedia data, including
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(b) Counter-intuitive problem of Evidential Deep Learning in uncer-
tainty estimation.

Figure 1. (a) Illustration of the problem of incredible re-
sults in cross-modal retrieval. Experiments are conducted by
GNN4CMR [5] on the Pascal Sentence dataset [10]. This figure
reveals that relying solely on inter-modality similarity scores in
the common space can cause mismatches for challenging samples,
a problem that most methods fail to address, leading to incredi-
ble retrieved results. (b) Illustration of the counter-intuitive prob-
lem of EDL [11] for uncertainty estimation. In the middle case,
conflicting evidence should intuitively result in high uncertainty;
however, the calculated uncertainty is low. Conversely, in the right
case, confident prediction should intuitively yield low uncertainty,
yet the estimated uncertainty is high.

images, text, and audio [2, 3]. The primary challenge in
CMR lies in calculating the similarity between heteroge-
neous samples [4]. To this end, most existing methods [5–9]
address this by projecting different modalities into a shared
latent space, enabling semantically related heterogeneous
samples to be represented with similar embeddings.

Although these methods have shown promising perfor-
mance, they are deterministic models, relying solely on sim-
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ilarity scores while neglecting the possibility of unreliable
or untrustworthy outcomes. This limitation is especially
concerning in applications where reliability is crucial, such
as healthcare, autonomous driving, and other high-stakes,
cost-sensitive applications. However, as shown in Figure 1
(a), the existing similarity-based methods cannot discern
challenging samples due to the epistemic uncertainty inher-
ent in the models, leading to unreliable outcomes. To ad-
dress this, an intuitive solution is to quantify the epistemic
uncertainty associated with retrieved results.

To quantify uncertainty, various methods have been de-
veloped using different techniques [12], including Bayesian
deep learning [13], MC-dropout [14] and Deep Ensem-
bles [15]. While these approaches are effective in uncer-
tainty estimation, they often suffer from high computational
costs. To address this issue, Evidential Deep Learning
(EDL) [11] offers an alternative by treating neural network
predictions as subjective opinions and directly inferring un-
certainty. However, EDL’s uncertainty estimation depends
solely on total evidence and the number of classes. This im-
plies that the uncertainty is underestimated when the num-
ber of categories is low relative to the total evidence and
overestimated when the total evidence is low relative to the
number of categories. As Figure 1 (b) shows, it’s counter-
intuitive that conflicting evidence would lead to low-level
uncertainty (middle case), and confident prediction would
result in high-level uncertainty (right case).

To address the problems mentioned above, we propose
a novel framework to quantify cross-modal uncertainty
based on the Fuzzy Set Theory [16], called FUzzy Multi-
modal lEarning (FUME), enabling trusted cross-modal re-
trieval. The architecture of FUME is illustrated in Figure 2.
Specifically, to capture decision uncertainty and resolve the
counter-intuitive issues in EDL, we incorporate Fuzzy Set
Theory to view the outputs of the classification network as
a set of membership degrees and quantify category cred-
ibility by considering both possibility and necessity mea-
sures. However, directly optimizing category credibility
could mislead the model by over-optimizing the necessity
for unmatched categories. To address this, we propose a
novel fuzzy multimodal learning strategy that leverages la-
bel information to guide necessity optimization in the right
direction, thereby indirectly optimizing the category credi-
bility. Moreover, we utilize the normalized entropy of the
category credibility as a metric for decision uncertainty,
which avoids the counter-intuitive issues inherent in EDL.
Finally, we incorporate classifiers into the CMR model to
quantify decision uncertainty during the retrieval process
and design an uncertainty merging scheme that accounts
for uncertainty across two modalities, providing an accurate
cross-modal uncertainty quantification. This uncertainty,
along with similarity scores, enables trusted and reliable
cross-modal retrieval. In summary, the primary contribu-

tions of this work are as follows:
• We reveal and investigate a rarely studied yet practically

significant issue—the occurrence of incredible results in
CMR. To the best of our knowledge, our FUME could
be one of the first methods that focus on quantifying the
epistemic uncertainty associated with CMR results.

• To capture epistemic uncertainty, we propose category
credibility along with a tailored loss function for opti-
mization. Our FUME not only inherits the low computa-
tional cost and direct uncertainty inference but also avoids
the counter-intuitive problem associated with EDL.

• We propose a novel metric, cross-modal uncertainty,
which is leveraged to promote trusted and reliable re-
trieval by accurately capturing the uncertainty of each re-
trieved result.

• Extensive experiments demonstrate that FUME achieves
superior precision and reliability, attributed to its robust
performance and accurate uncertainty estimation.

2. Related Work
2.1. Cross-modal Retrieval
Cross-modal retrieval methods typically involve projecting
different modalities into a shared latent space where their
similarities can be measured [17–20]. Early solutions pri-
marily employed linear transformations to map different
modalities into common representations [21–23]. With the
advent of deep learning, recent methods have leveraged its
nonlinear learning capability to bridge the cross-modal gap,
including unsupervised [24–26], semi-supervised [27–29],
supervised [1, 2, 6, 18, 19, 30], along with a variety of hash-
ing methods [31–34]. Among supervised methods, Deep
Supervised Cross-Modal Retrieval (DSCMR) [1] takes ad-
vantage of label information for cross-modal retrieval but
suffers from retraining requirements when encountering
new modalities. To address this, Scalable Deep Multimodal
Learning (SDML) [18] decouples modality-specific train-
ing for better scalability. However, these models are often
sensitive to noise between modalities. The Deep Eviden-
tial Cross-modal Learning framework (DECL) [30] intro-
duces the Dempster-Shafer Theory of Evidence to model
the uncertainty in retrieved results, improving the robust-
ness. Nevertheless, it lacks fine-grained uncertainty mod-
eling for each individual result, which is crucial for trusted
cross-modal retrieval.

2.2. Uncertainty-based Deep Learning
Recently, uncertainty-based deep learning has seen exten-
sive research, with a range of techniques proposed over
the years [12]. Bayesian deep learning offers a principled
way to estimate uncertainty by applying a distribution over
model parameters, but its high computational costs limit
widespread adoption [13]. To mitigate this, Monte Carlo
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Figure 2. The overview of the proposed Fuzzy Multimodal learning (FUME) method. Firstly, modality-specific DNNs (fI(·) and fT (·))
project image modality samples X I and text modality samples X T into a common space. Secondly, the representations (zI and zT ) in the
common space map to membership degrees (mI and mT ). Finally, the membership degrees and labels (Y) are inputted into the function
ϕtr(·, ·) to determine the category credibility during training (rI and rT ). These category credibilities are then used to compute loss Lfml

and supervise the learning of the entire neural network. At the same time, Consistency learning is employed to eliminate the cross-modal
discrepancy. During the optimization process, FUME will reduce the decision uncertainty of each modality, ultimately reducing the cross-
modal uncertainty.

dropout (MC-dropout) introduces dropout layers to neu-
ral networks, using prediction distributions to estimate un-
certainty [14]. However, without proper dropout layers,
MC-Dropout can’t effectively estimate uncertainty. An-
other popular method, Deep Ensembles [15], quantifies un-
certainty by comparing predictions from multiple indepen-
dently trained models. While effective, these methods are
computationally intensive. In contrast, Evidential Deep
Learning (EDL) [11], based on subjective logic theory, pro-
poses an alternative approach by estimating uncertainty di-
rectly from the network outputs without the need for multi-
ple models or weight sampling. Despite its success, EDL’s
reliance on total evidence and the number of classes of-
ten leads to counter-intuitive uncertainty estimation, mak-
ing the predicted uncertainty inaccurate. Alternatively, Un-
certainty Theory [35], which draws from Fuzzy Set The-
ory [16], provides a more nuanced perspective, incorpo-
rating both possibility and necessity measures, making it
particularly well-suited for addressing complex scenarios in
cross-modal retrieval.

3. The Proposed Method

3.1. Problem Formulation

For a clear presentation, we first define some notations as
follows. Bold uppercase letters (X) represent matrices, and
bold lowercase letters (x) denote column vectors. Con-
sider a K-category multimodal dataset D = {Mj}Mj=1 =

{Xj ,Yj}Mj=1, where M is the number of modalities and
N is the number of samples in each modality. Specifi-
cally, Mj = {(xj

i ,y
j
i )}Ni=1 represents the set for the j-th

modality, where xj
i ∈ Rdj is the i-th sample from the j-th

modality, dj is the dimensionality of the j-th modality, and

yj
i = [yji1, y

j
i2, ..., y

j
iK ] ∈ RK is the semantic label vec-

tor of xj
i , with K being the number of categories. If the

i-th sample belongs to the k-th category, yik = 1, otherwise
yik = 0. The goal of CMR is to learn projection functions
for each modality such that zj = f j(xj ,Θj) ∈ RL, where
zj is the normalized representation in the common space,
L is the dimensionality of the common space, and {Θj}Mj=1

are the trainable parameters for each modality. This enables
the comparison of samples across different modalities in the
shared space.

3.2. Fuzzy Multimodal Learning

3.2.1. Credibility Modeling
Fuzzy systems have the ability to effectively handle the un-
certainties and ambiguities inherent in real-world data [36].
In the Fuzzy Set Theory [16], the membership degree quan-
tifies how possible a sample belongs to a fuzzy set. Sim-
ilarly, the output probabilities of a classification network,
ranging from 0 to 1, represent the possibility of a sample
belonging to each category, with higher values indicating a
greater possibility of classification into that category. This
similarity allows us to view the classifier’s prediction for a
category as a membership degree of a category. Given a
sample xj

i , the membership degrees for each category can
be represented as mj

i1,m
j
i2, ...,m

j
iK , where K is the num-

ber of categories. However, membership degree only pro-
vides the possibility measure of an event (i.e., the possibility
that the sample belongs to a certain category), rather than
the necessity measure, which indicates the certainty that the
sample does not belong to other categories [35]. To address
this, we define the necessity belonging to each category as:

ejik = 1−max{mj
il | l ̸= k}, k = 1, ...,K, (1)
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where max{mj
il | l ̸= k} is the highest membership degree

among the other categories {l}l ̸=k. By integrating both pos-
sibility measure and necessity measure, we define the cate-
gory credibility as:

cjik =
1

2

(
mj

ik + 1−max{mj
il | l ̸= k}

)
, k = 1, 2, ...,K,

(2)
which can be arranged as cji = [cji1, c

j
i2, ..., c

j
iK ] ∈ RK .

3.2.2. Credibility Learning
To map the representations in common space to the corre-
sponding category, first, the representations are multiplied
by an orthogonal weight matrix W ∈ RK×L. Subse-
quently, an activation function (i.e., ReLU) is applied to
yield output values in the range of [0,1]. These values de-
note the membership degrees. The calculation formula is as
follows :

mj
i = ReLU(Wzji ), (3)

where zji = f(xj
i ), zji is the normalized representation

of the i-th sample of j-th modality in the common space.
The corresponding category credibility could be derived by
Equation (2).

To learn discriminative representations for cross-modal
retrieval, we aim for each sample to have the highest possi-
ble category credibility for the category to which it belongs
while maintaining the lowest possible category credibility
for the category to which it does not belong. Intuitively, this
could be achieved by directly aligning the category credibil-
ity cji with the corresponding one-hot labels yj

i , i.e., min-
imizing ||cji − yj

i ||2. However, this approach risks over-
optimizing the necessity for unmatched categories. Specifi-
cally, when yjik = 0, mj

ik would tend to 0, and the necessity
ejik = 1−max{mj

il | l ̸= k} would also approach 0, forcing
mj

il to approach 1. This is problematic because mj
il should

approach 0 when yjil = 0, rather than 1, leading to subopti-
mal performance. To address this issue, we propose a fuzzy
multimodal learning loss that optimizes the category credi-
bilities while guiding the model toward the correct solution:

Lfml =
1

Nb

M∑
j

Nb∑
i

||rji − yj
i ||2, (4)

where M denotes the number of modalities, Nb is the batch
size, and rji = ϕtr(mj

i ,y
j
i ) = [rji1, r

j
i2, ..., r

j
iK ] ∈ RK rep-

resents the category credibility during training, defined as:

rjik =


m

j
ik

+1−max{mj
il
|l ̸=k}

2
, if yj

ik = 1,
m

j
ik

+1−m
j
il

2
, if yj

ik = 0, l = argmax
k

yj
ik,

(5)
where k = 1, 2, ...,K. From Equation (4), one could see
that this loss function could ensure mj

ik approaches 0 for
unmatched categories for yjik = 0 and approaches 1 for

the matched category yjik = 1 by using label informa-
tion. Specifically, when yjik = 0 and yjil = 1 (where
l = argmax

k
yjik), we expect the membership degree of the

matched category to be greater than that of any unmatched
categories after training. For unmatched categories, the ne-
cessity should be calculated as 1 − mj

il, encouraging mil

to approach 1. In other word, mj
ik should tend toward 1

when yjik = 1, implying that max{mj
il | l ̸= k} should tend

toward 0. Thus, this approach could direct the necessity op-
timization correctly, thereby avoiding mis-optimization of
the model and achieving correct category credibility opti-
mization.

Moreover, our method could reduce both decision uncer-
tainty and cross-modal uncertainty by minimizing this loss
function, as introduced in Section 3.5 and illustrated in the
top right corner of Figure 2.

3.3. Consistency Learning
To eliminate the cross-modal discrepancy, we employ mul-
timodal contrastive learning to project different modalities
into a shared space by maximizing mutual information [19].
First, the probability of a sample xj

i belonging to the j
modality of the i-th instance is defined as :

P (i|xj
i ) =

∑M
v=1 exp(

1
τ (z

v
i )

T zji )∑M
v=1

∑Nb

t=1 exp(
1
τ (z

v
t )

T zji )
, (6)

where τ is a temperature parameter. Inspired by self-
supervised learning methods [37, 38], we could align cross-
modal samples from the same instance while pushing apart
those from different instances to alleviate the cross-modal
discrepancy and preserve instance-level discrimination in
the common space. To achieve this, we minimize the fol-
lowing negative log-likelihood:

Lcl = − 1

Nb

M∑
j=1

Nb∑
i=1

log
(
P (i|xj

i )
)
, (7)

thereby encouraging the model to compact positive
(matched) cross-modal pairs while scattering negative (un-
matched) pairs in the common space, as shown in Figure 2.

3.4. Optimization
By combining fuzzy multimodal learning and consistency
learning, the final loss function could be formulated as:

L = Lfml + αLcl, (8)

where α is a positive hyperparameter to balance the contri-
butions of Lcl. Finally, our FUME could minimize Equa-
tion (8) to optimize the network parameters iteratively in a
batch-by-batch manner by using gradient descent, as sum-
marized in Algorithm 1.
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Algorithm 1 Main optimization process of our FUME.

Input: The training multimodal data D = {Mj}Mj=1, the
dimensionality of representations in common space L,
the orthogonal weight matrix W ∈ RK×L, batch size
Nb, maximal epoch number Ne, temperature param-
eter τ , balance parameter α, learning rate η, and the
modality-specific DNNs {f j(·,Θj)}Mj=1.

1: for 1, 2, · · ·, Ne do
2: Randomly select Nb samples from every modality

to construct a mini-batch {(xj
i ,y

j
i )

Nb
i=1}Mj=1.

3: Calculate the common representations
{{zji}

Nb
i=1}Mj=1 for all samples of the mini-batch by

using their corresponding modality-specific DNNs
{f j(·,Θj)}Mi=j , and normalize them.

4: Calculate the membership degrees {{mj
i}

Nb
i=1}Mj=1

by Equation (3).
5: Calculate the category credibilities during training

{{rji}
Nb
i=1}Mj=1 by Equation (5).

6: Compute Lfml and Lcl according to Equation (4)
and Equation (7) on minibatch respectively.

7: Update FUME parameters {Θj}Mj=1 using gradient
descent algorithm with learning rate η.

8: end for
Output: Optimized network parameters {Θj}Mj=1.

3.5. Cross-modal Uncertainty Inference
In the inference stage, similarity is a widely used metric
for traditional CMR methods to measure whether two sam-
ples from distinct modalities match, e.g., cosine similarity.
However, these methods solely rely on similarity scores to
retrieve the related information from the database while ne-
glecting the uncertainty of the retrieved results, thus hinder-
ing trusted cross-modal retrieval. Intuitively, these methods
could directly use the classification probability or similarity
as the uncertainty. However, they cannot model the uncer-
tainty in the predictions, leading to incorrect uncertainty es-
timation. On the contrary, our FUME could provide multi-
dimensional predictions to measure the uncertainty inher-
ent to results indirectly. In brief, we first quantify the de-
cision uncertainty of prediction for each modality and sub-
sequently fuse the decision uncertainty of two modalities to
infer the cross-modal uncertainty of retrieved results.

Based on Shannon’s entropy, which characterizes the un-
certainty resulting from information deficiency, we define
decision uncertainty. For convenience, we denote Shan-
non’s funcion, S(t) = −t ln t−(1−t) ln(1−t) with the con-
vention that 0·ln 0 = 0 [39]. It is evident that t = 0.5 serves
as the symmetry axis of S(t), and the maximum value of
ln 2 also occurs at t = 0.5. Using the function S(t), we
give the following definition of decision uncertainty:

Definition 1: Let cji = [cji1, c
j
i2, ..., c

j
iK ] ∈ RK be the

vector of category credibility of j-th modality and i-th sam-

ple and ∀cjik ∈ [0, 1], k = 1, 2, ...,K. Then, the decision
uncertainty is defined by

uj
i = U(cji ) =

H(cji )

K · ln 2
=

∑K
k=1 S(c

j
ik)

K · ln 2

=

∑K
k=1 −cjik · ln(cjik)− (1− cjik) · ln(1− cjik)

K · ln 2
,

(9)

where H(cji ) is the entropy of category credibility and K is
the number of categories. This uncertainty is in the range
[0, 1] [40].

The aforementioned decision uncertainty solely captures
the uncertainty within a single modality, thus rendering it
unsuitable for cross-modal retrieval applications. There-
fore, a merging scheme is needed to consider the two
modalities simultaneously. Let u1

i ∈ [0, 1] and u2
i ∈ [0, 1]

represent the decision uncertainties for the i-th sample from
two modalities, 1 and 2, respectively. The cross-modal un-
certainty (u1⇔2

i ) is expected to have the following reason-
able properties:
• It ranges should from 0 to 1, i.e., u1⇔2

i ∈ [0, 1];
• It considers two different modalities, so it should be

greater than or equal to either of the uncertainty of any
single modal, i.e., u1⇔2

i ⩾ max{u1
i , u

2
i };

• As long as one of the two modalities is definitely un-
certain, the cross-modal uncertainty should be 1, i.e., if
u1
i = 1 or u2

i = 1, u1⇔2
i = 1 ;

• When u1
i or u2

i increases, u1⇔2
i also should increase, i.e.,

if u1
2 ⩾ u1

1 and u2
2 ⩾ u2

1, where u1
1, u1

2, u2
1 , and u2

2 ∈
[0, 1], u1⇔2

2 ⩾ u1⇔2
1 .

Based on the above four properties, we propose a merge
function (g(·, ·)):

Definition 2: let u1
i ∈ [0, 1] and u2

i ∈ [0, 1] represent
the decision uncertainties of the i-th sample from modalities
1 and 2, the cross-modal uncertainty across them is defined
by

u1⇔2
i = g(u1

i , u
2
i ) = 1− (1− u1

i )(1− u2
i ). (10)

Due to space limitations, the properties and proof of de-
cision uncertainty and the proof of the above properties of
cross-modal uncertainty are provided in the supplementary
material.

4. Expriments

In this section, we validate the effectiveness of our FUME
through comprehensive experiments. We evaluate our
FUME on five widely used benchmark datasets and com-
pare it against 13 state-of-the-art cross-modal retrieval
methods. Without loss of generality, we focus on evaluating
the accuracy and trustworthiness of retrieved results on two
modalities: image and text.

20751



4.1. Experiment Settings
4.1.1. Datasets
We conduct experiments on five widely-used datasets: Pas-
cal Sentence [10], Wikipedia [41], NUS-WIDE-10K [42],
INRIA-Websearch [43], and XMediaNet [44] to evaluate
cross-modal retrieval performance. Additional dataset de-
tails are provided in the supplementary material.

4.1.2. Implementation Details
For feature extraction, we use VGGNet [45] for images and
word2vec [46] for text. Each modality-specific subnet con-
sists of four fully connected layers for the NUS-WIDE-
10K [42] and INRIA-Websearch [43] datasets and three
fully connected layers for the other three datasets. Each
layer consists of 4,096 hidden units and employs ReLU
[47] as the activation function. The temperature param-
eter (τ in Algorithm 1) is set as 1, while batch sizes of
100, 200, 300, 300, and 100 are applied to the Pascal Sen-
tence [10], Wikipedia [41], NUS-WIDE-10K [42], INRIA-
Websearch [43], and XMediaNet [44], respectively. The
balance parameter (α in Algorithm 1) is set as 10, 0.05, 0.5,
0.05, and 1 for these datasets, respectively. The dimension-
ality of representations in the common space (L in Algo-
rithm 1) is set to the same value as the number of categories
for each dataset. To ensure a fair comparison for RONO [6]
and HOPE [8], we replaced inputs without altering the core
models and loss functions. Our FUME is implemented in
PyTorch and trained on an Nvidia GTX 2080Ti GPU with
a maximum of 200 epochs, using the Adam optimizer [48]
with a learning rate of 5× 10−5 for training.

The cosine similarity metric is exploited to measure sim-
ilarity scores between different samples: s(zi, zj) = (zi ·
zj)/(|zi| · |zj |). In the experiments, cross-modal retrieval
performance is evaluated using the Mean Average Precision
over all retrieved results (mAP@all) [49], which assesses
both the precision and ranking quality of the results. It is
computed by averaging the average precision (AP) across
all retrieved results for each query.

4.2. Comparison With State-of-The-Art Methods
To verify the effectiveness of our FUME in cross-modal
retrieval, we compare it with 13 state-of-the-art meth-
ods, including MCCA [22], ACMR [50], DSCMR [1],
SDML [18], MAN [51], DRSL [52], ALGCN [53], EL-
RCMR [54], MARS [55], GNN4CMR [5], RONO [6],
SCL [28] and HOPE [8]. For a fair comparison, all methods
use the same image and text features with the default pa-
rameters provided by their authors. Notably, for the semi-
supervised baselines (i.e., SCL [28] and HOPE [8]), their
supervised variants are used for fair comparison, namely
training with their supervised learning components only.

Experimental results are reported in Table 1. Here,
‘FUME’ does not employ our proposed uncertainty estima-

tion method, while ‘FUMEu=0.5’ incorporates this method
with an uncertainty threshold set at 0.5. This thresh-
old excludes retrieved results whose cross-modal uncer-
tainty exceeds 0.5. The experimental results lead to the
following observations: (1) Supervised methods, includ-
ing our FUME, significantly outperform the unsupervised
method (MCCA) because supervised models can lever-
age label information to learn more discriminative repre-
sentations, thereby enhancing retrieval accuracy. (2) Our
FUME method outperformed all baselines across the five
datasets, achieving a notable 7.2% improvement on XMe-
diaNet. These results highlight FUME’s effectiveness for
CMR, as it fully utilizes label information to optimize cat-
egory credibility, learning more discriminative representa-
tions. (3) When our uncertainty estimation is employed to
assist the model in retrieval, the retrieval performance of
the model is significantly improved. Notably, upon setting
the uncertainty threshold to 0.5, a performance boost is ob-
served across all five datasets (16.9% on Pascal Sentence,
21.3% on Wikipedia, 18.0% on NUS-WIDE-10K, 32.7%
on INRIA-Websearch, and 21.3% on XMediaNet). This
underscores the effectiveness of the proposed cross-modal
uncertainty in enhancing the retrieval capabilities of the
model, thereby facilitating reliable and trusted retrieval out-
comes. Additional comparisons, including the Precision-
Recall curve, are available in the supplementary material.

4.3. Uncertainty Effect Analysis
To empirically validate the efficacy of our proposed cross-
modal uncertainty estimation approach, we conduct a
comprehensive comparative analysis against state-of-the-art
methods. On the one hand, to show the effectiveness of
cross-modal uncertainty over the similarity score, FUME is
compared with the best two similarity-based baselines on
each dataset. On the other hand, to further verify the advan-
tage of the proposed uncertainty estimation method over the
Evidential Deep Learning (EDL) [11] in CMR, FUME is
also compared with the method that replaces Fuzzy Multi-
modal Learning in Section 3.2 with EDL and removes nor-
malization for representations in the common space. To
qualify the uncertainty of each retrieved result, for this
method, Equation (10) is also employed to combine uncer-
tainties across modalities for fair comparison. To compare
these methods on the same metric, we introduce a metric:

Deletion Rate (DR) is defined as the ratio of the num-
ber of retrieved samples removed based on specific criteria
(e.g., similarity score or uncertainty) to the total number of
original samples:

DR =

∑Nq

i=1

∑Nd

j=1 Iij
Nq ·Nd

, Iij =

{
1; Dij ⩾ t

0; Dij < t
, (11)

where Nq is the number of query samples and Nd is the
number of samples in the retrieval database, D ∈ RNq×Nd
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Table 1. Performance comparison of mAP@all scores on Pascal Sentence, Wikipedia, NUS-WIDE-10K, INRIA-Websearch, and XMedi-
aNet datasets. Bold font and underlined font indicate the highest and second-highest scores, respectively. The abbreviations of ’I’ and ’T’
represent Image and Text, respectively.

Methods Ref. Pascal Sentence Wikipedia NUS-WIDE-10K INRIA-Websearch XMediaNet
I→T T→I Avg. I→T T→I Avg. I→T T→I Avg. I→T T→I Avg. I→T T→I Avg.

MCCA [22] SiKDD’2010 0.658 0.640 0.649 0.296 0.283 0.290 0.387 0.392 0.390 0.369 0.393 0.381 0.090 0.098 0.094
ACMR [50] ACM MM’2017 0.663 0.591 0.627 0.434 0.414 0.424 0.537 0.542 0.540 0.420 0.426 0.423 0.506 0.466 0.486
DSCMR [1] CVPR’2019 0.679 0.683 0.681 0.527 0.481 0.504 0.575 0.585 0.580 0.542 0.567 0.555 0.513 0.501 0.507
MAN [51] KBS’2019 0.680 0.700 0.690 0.528 0.480 0.504 0.565 0.575 0.570 0.537 0.550 0.544 0.439 0.423 0.455
SDML [18] SIGIR’2019 0.672 0.695 0.684 0.522 0.488 0.505 0.597 0.587 0.583 0.542 0.571 0.557 0.561 0.576 0.567
DRSL [52] INS’2021 0.689 0.694 0.691 0.498 0.472 0.485 0.557 0.556 0.557 0.479 0.509 0.494 0.143 0.135 0.139
ALGCN [53] TMM’2021 0.666 0.682 0.674 0.485 0.451 0.468 0.569 0.570 0.570 0.415 0.411 0.413 0.362 0.368 0.365
ELRCMR [54] ACM MM’2022 0.705 0.700 0.702 0.543 0.501 0.521 0.549 0.567 0.558 0.300 0.283 0.292 0.056 0.073 0.065
MARS [55] TCSVT’2022 0.678 0.685 0.682 0.548 0.496 0.522 0.551 0.555 0.553 0.545 0.564 0.555 0.584 0.574 0.579
GNN4CMR [5] TPAMI’2023 0.705 0.701 0.703 0.521 0.480 0.501 0.595 0.591 0.593 0.523 0.538 0.531 0.566 0.568 0.567
RONO [6] CVPR’2023 0.711 0.701 0.706 0.521 0.473 0.497 0.559 0.590 0.575 0.456 0.464 0.460 0.172 0.149 0.161
SCL [28] TMM’2023 0.694 0.693 0.693 0.539 0.504 0.522 0.577 0.589 0.583 0.456 0.472 0.464 0.170 0.163 0.178
HOPE [8] TPAMI’2024 0.672 0.691 0.681 0.499 0.474 0.487 0.538 0.570 0.554 0.480 0.504 0.492 0.516 0.515 0.515

FUME Ours 0.723 0.724 0.723 0.558 0.501 0.530 0.600 0.597 0.598 0.567 0.587 0.577 0.654 0.649 0.651
FUMEu=0.5 Ours 0.890 0.894 0.892 0.767 0.719 0.743 0.775 0.781 0.778 0.870 0.938 0.904 0.860 0.868 0.864
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Figure 3. mAP@all across different deletion rates on five datasets (Pascal Sentence, Wikipedia, NUS-WIDE-10K, INRIA-Websearch, and
XMediaNet). ‘u’ indicates that uncertainty is used to filter out retrieved results with high uncertainty, while ‘s’ indicates that similarity
score is used to filter out retrieved results with low similarity scores.

is the similarity matrix or cross-modal uncertainty matrix, t
represents a threshold.

The experimental results are presented in Figure 3, from
which we can make the following observations: (1) As
the deletion rate increases, retrieval performance improves
across all methods, but methods based on similarity score
improve less due to ignoring the uncertainty of results and
retaining implausible results post-filtering. (2) As the dele-
tion rate increases, EDL gradually outperforms similarity-
based methods across nearly all datasets, indicating that the
uncertainty estimated by EDL can capture some incredible
retrieved results that would degrade retrieval performance.
However, EDL has limitations: Its performance is not as
good as the most advanced methods at low deletion rates,
and its retrieval performance declines with increasing dele-
tion rates in Figure 3 (c), (d), and (f) due to imprecise un-
certainty estimation. (3) FUME consistently outperforms
all comparison methods at equal deletion rates, with its su-

periority becoming more pronounced as the deletion rate
increases. This is due to the proposed FUME effectively
capturing incredible retrieved results. Therefore, the results
confirm FUME’s ability to reduce performance losses from
incredible results and also confirm FUME’s ability to pro-
vide trusted predictions by providing precise uncertainty.

4.4. Identification of Out-of-distribution Data

To further evaluate the estimated cross-modal uncertainty,
we visualize the distribution of in-/out-of-distribution sam-
ples in terms of cross-modal uncertainty in Figure 4.
we could draw three observations: (1)The in-distribution
and out-of-distribution curves rarely overlap, with out-of-
distribution samples showing significantly higher uncertain-
ties compared to in-distribution samples, thus confirming
our method’s ability to capture precise epistemic uncer-
tainty. (2) In Figure 4 (b), the out-of-distribution uncer-
tainty is higher than in Figure 4 (a) because XMediaNet,
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Figure 4. Density of cross-modal uncertainty obtained by our
FUME. For NUS-WIDE-10K, ‘out-distribution’ is the XMediaNet
dataset, and for XMediaNet, it is the NUS-WIDE-10K dataset.

with 32,000 training samples, provides more sample for the
neural network to learn its sample distribution than NUS-
WIDE-10K, which has only 8,000 training samples. (3)
The uncertainty density centers of in-distribution samples
for both datasets are skewed to the right (i.e., greater than
0.5) because the neural network has not learned the features
of all data within the distribution. Qualitative results can be
found in the supplementary material.

4.5. Counter-intuitive Problem Analysis
To investigate the counter-intuitive problem in EDL, we cal-
culate the uncertainty and entropy of the classification re-
sults for EDL and our method on the image modality of the
XMediaNet dataset’s testing set, as shown in Figure 5. The
observations are as follows: (1) On the whole, the entropy
and uncertainty of correct predictions are lower than that
of false predictions. (2) For EDL, the uncertainty is unre-
lated to the entropy, which implies that the uncertainty for
conflicting and non-discriminatory evidence (high entropy)
may be underestimated. In contrast, the decision uncer-
tainty calculated by our method positively correlates with
the entropy, thereby avoiding this problem. (3) EDL’s un-
certainty remains narrowly concentrated within the range of
0.93–1.00, despite a classification accuracy of 0.768, sug-
gesting that EDL may overestimate uncertainty on large-
category datasets such as the XMediaNet dataset with 200
categories. In contrast, our method mitigates this problem.

The root cause of the above counter-intuitive problems
in EDL lies in its dependence on total evidence and cate-
gory count for uncertainty estimation, overlooking how the
evidence is distributed across each category. In contrast,
our method achieves more precise uncertainty estimates by
incorporating possibility and necessity measures, making
it especially suitable for cross-modal retrieval applications.
Implementation details for this experiment and more analy-
sis are provided in the supplementary material.

4.6. Ablation Study
In this section, we conduct ablation experiments on the
NUS-WIDE-10K and XMediaNet datasets to investigate
the impact of individual components of the proposed FUME
on retrieval performance. The results showcased in Table 2
lead to the following observations: (1) Both Lfml and Lcl

xxx

(a) EDL (Accuracy = 0.768)

xxx

(b) Ours (Accuracy=0.804)

Figure 5. Scatter plots of entropy and uncertainty of the classifica-
tion results on the image modality in the XMediaNet testing set.

Table 2. Ablation studies on the NUS-WIDE-10K and XMediaNet
datasets.

No. Lfml Lcl
NUS-WIDE-10K XMediaNet

I→ T T→ I Avg. I→ T T→ I Avg.

#1 ! 0.585 0.587 0.586 0.646 0.644 0.645
#2 ! 0.496 0.518 0.507 0.362 0.368 0.365
#3 ! ! 0.600 0.597 0.598 0.654 0.649 0.651

are contribute to cross-modal retrieval in our framework.
(2) Compared with Lcl, the proposed Lfml has a greater
impact on retrieval performance, especially on the XMedi-
aNet dataset with 200 categories.

5. Conclusion
In this paper, we propose a novel method called Fuzzy
Multimodal Learning (FUME) to capture and leverage the
epistemic uncertainty in cross-modal retrieval. Our method
frames the outputs of the classifier as a set of membership
degrees and introduces a category credibility metric that
incorporates both possibility and necessity measures. To
address the counter-intuitive issue of existing uncertainty
learning methods, we redefine decision uncertainty using
the category credibility. Additionally, a merging scheme
is proposed to combine the uncertainty from two modali-
ties to qualify cross-modal uncertainty. This uncertainty,
combined with the similarity scores, enables trusted cross-
modal retrieval. Experimental results on five benchmark
datasets demonstrate that our FUME remarkably improves
both retrieval performance and reliability.
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