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Abstract

Multi-modal learning aims to learn predictive models based
on the data from different modalities. However, due to the re-
quirement of data security and privacy protection, real-world
multi-modal data are often scattered to different agents and
cannot be shared across the agents, which limits the applica-
tion of existing multi-modal learning methods. To achieve ro-
bust multi-modal learning in such a challenging scenario, we
propose a novel optimal transport-based mixer (OTM), which
works as an effective latent code alignment and augmenta-
tion method for unaligned and distributed multi-modal data.
In particular, we train a Wasserstein autoencoder (WAE) for
each agent, which encodes its single modal samples in a latent
space. Through a central server, the proposed OTM computes
a stochastic fused Gromov-Wasserstein barycenter (FGWB)
to mix different modalities’ latent codes, so that each agent
applies the barycenter to reconstruct its samples. This method
neither requires well-aligned multi-modal data nor assumes
the data to share the same latent distribution, and each agent
can learn a specific model based on multi-modal data while
achieving inference based on its local modality. Experiments
on multi-modal clustering and classification demonstrate that
the models learned with the OTM method outperform the cor-
responding baselines.

Introduction
Real-world data, such as healthcare records and multime-
dia signals, are multimodal in general, consisting of multi-
ple modalities describing different aspects of the same ob-
ject (Sharma and Giannakos 2020). Multi-modal learning
aims to obtain a comprehensive representation across all
modalities within the data, uncovering and fusing the high-
level semantics lying in different modalities (Baltrušaitis,
Ahuja, and Morency 2018) for downstream tasks. This
learning task is important for many applications, e.g., di-
agnosing diseases based on heterogeneous clinical records
and test results (Zhang et al. 2019), fraud detection based on
various social behaviors (Abilov et al. 2021), and so on.

The common approach to represent all modalities simul-
taneously is to fuse them together to get an unified repre-
sentation in a latent space through supervised or unsuper-
vised learning (de Cheveigné et al. 2019; Wang et al. 2015;
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Guo et al. 2014). However, this learning paradigm requires
well-aligned multi-modal data and assumes different modal-
ities to share the same latent space, which are questionable
even unavailable in practical applications, especially in those
distributed scenarios. In particular, as shown in Figure 1(a),
real-world multi-modal data are often scattered to different
local agents, and each agent can only access the data in a
single modality. Due to privacy protection and data security,
sharing data directly across different agents is forbidden in
many applications. What is worse, for some agents, the data
associated with its modality may be insufficient for down-
stream tasks because the number of the data can be limited
and the features can be not informative enough for represen-
tation learning. Take healthcare records as an example. Dif-
ferent hospitals might have different modalities of patients
data in various formats, which are not supposed to be shared
directly due to legal regulations, private information leakage
risks, and financial considerations (Vepakomma et al. 2018).
The precise diagnose of diseases and the development of ef-
ficient drugs urgently demand plenty of patients data with
complementary modalities, especially when the number of
patients are rare and distributed across various places. Be-
sides, raw data from different modalities are likely unaligned
since patients can choose medical tests autonomously de-
pendent on their symptoms. Therefore, the multi-modal data
in practice are often unaligned and distributed, and thus a
robust multi-modal learning framework is required to learn
representation models based on such data.

In this study, we propose a novel optimal transport-based
mixer (OTM) for achieving robust multi-modal learning
based on unaligned and distributed multi-modal data. As
illustrated in Figure 1(b), our method leverages a multi-
head Wasserstein auto-encoder (MWAE) (Tolstikhin et al.
2018) to map different modalities’ samples to the common
latent space, in which each WAE head is deployed locally
in an agent. A central server receives latent codes from
the agents and fuses them by solving a stochastic fused
Gromov-Wasserstein barycenter (FGWB) problem, leading
to the proposed OT-based mixer module. The central server
pushes the learned barycenter forward to different modal-
ities, and the agents receive the pushforward results and
reconstruct the corresponding modalities’ samples accord-
ingly. The MWAE model is learned by minimizing the re-
construction loss of each modality and regularizing the la-
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(a) Practical multi-modal case (b) The scheme of OTM-based multi-modal learning

Figure 1: (a) An illustration of the practical multi-modal learning scenario with unaligned and distributed multi-modal data. (b)
The scheme of our multi-modal learning framework based on the OT-mixer module. In this framework, for the modality with
less informative data, the OT-based mixer can leverage other modalities’ information to train the model of this modality, which
helps improve model performance.

tent codes (e.g., enhancing the clustering structure of the
barycenter for unsuperivsed learning and predicting labels
for supervised learning).

Due to the merits of the Fused Gromov-Wasserstein
(FGW) barycenter (Vayer et al. 2020; Ma et al. 2024), the
OTM is suitable for handling the heterogeneous and totally
unaligned multi-modal data while remaining the instinct re-
lationship among each modality. For each agent, the re-
ceived pushforward results contain the information of other
modalities, which helps improve its WAE model when the
local modality is less informative. In addition, the proposed
framework does not require the agents to send raw data to the
central server, which can avoid data leakage. Experiments on
multi-modal clustering and classification demonstrate the ef-
fectiveness of our method compared with the existing base-
lines, especially in the unaligned multi-modal scenarios.

Related Work and Preliminaries
Multi-modal Learning
As aforementioned, traditional multi-modal learning meth-
ods such as MCCA (de Cheveigné et al. 2019), DC-
CAE (Wang et al. 2015), MVKSC (Guo et al. 2014) and
MultiNMF (Liu et al. 2013) are dependent on the well-
aligned data, while in practice the distributions of each
modality might be different from each other due to techni-
cal restrictions (Ramachandram and Taylor 2017) and the
correspondence among modalities might be unknown be-
cause of privacy protection (Yu et al. 2021). To extend
these methods for unaligned multi-modal data, the method
in (Ma et al. 2021) proposes a multi-modal imputation
method for incomplete or partially unaligned multi-modal
data. The method in (Guo et al. 2022) proposes a super-
vised multi-modal learning framework for totally-unaligned
multi-modal data. The work in (Duan et al. 2022; Yu et al.
2021) achieves the multi-modal alignment in the latent space
for two modalities. The deep generative learning methods
in (Ramachandram and Taylor 2017; Hu, Nie, and Li 2019)

also show great potentials in the multi-modal learning for
missing or unaligned modalities. However, these methods
seldom consider aligning more than three modalities due to
their scalability issues. In addition, these methods often re-
quire the interaction and fusion of raw data, which makes
them inapplicable in the distributed scenarios with privacy-
preserving considerations.

Optimal Transport-based Mixup
Data mixing (Zhang et al. 2018) is an effective technique
to augment data, which helps enhance the diversity of train-
ing data and, accordingly, the generalization power of target
model. Typical mixing strategies, e.g., Mixup (Zhang et al.
2018) and CutMix (Yun et al. 2019), are proposed to aug-
ment data in the Euclidean space by linear interpolation.
For example, given a pair of labeled samples, denoted as
(x1,y1) and (x2,y2), Mixup generates a new sample by

xλ = λx1 + (1− λ)x2,yλ = λy1 + (1− λ)y2.

For multi-modal data, however, data mixing becomes chal-
lenging since the data of different modalities are likely to
be heterogeneous and even unaligned in distributed scenar-
ios. In such a situation, the simple linear interpolation of raw
data becomes less interpretable even inapplicable (Lee et al.
2020), and mixing their latent codes would be more efficient
and reasonable (Bengio et al. 2013).

From the viewpoint of optimal transport theory, data mix-
ing can be treated as the pushforward of data distribu-
tion (Peyré, Cuturi et al. 2019). Such OT-based data mixing
has been widely used in domain adaptation tasks (Courty
et al. 2016), and recently, some OT-based mixing method is
proposed for multi-modal learning. The work in (Luo, Xu,
and Carin 2022) proposes a differentiable hierarchical op-
timal transport model to learning multi-modal representa-
tion model for unaligned data, in which different modali-
ties’ samples are fused by sliced Wasserstein distance. The
method GWMAC in (Gong, Nie, and Xu 2022) shows great
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potentials of Gromov-Wasserstein barycenter (Peyré, Cu-
turi, and Solomon 2016) to aggregate information across dif-
ferent modalities’ kernel matrices in the totally unaligned
situation. The work in (Ma et al. 2024) makes use of the
Fused Gromov-Wasserstein (FGW) distance to mix up two
graphs for the classification tasks, which considers both the
structural information and the node attribute relationship,
and thus gets an excellent performance. Inspired by the
above work, we implement a new OT-based mixer based on
stochastic fused Gromov-Wasserstein barycenter (FGWB),
which fuses as well as aligns the latent codes of different
modalities for robust multi-modal representation learning.

Proposed OT-based Mixer
Problem Statement
Suppose that we have a set of multi-modal data, denoted as
D = {Xm}Mm=1, where M is the number of modalities.
The data of the m-th modality, i.e., Xm = {xm,j}Nm

j=1 ∈
RNm×Dm , contains Nm Dm-dimensional samples. We aim
to learn M WAE models, i.e., {fm, gm}Mm=1, in an unsuper-
vised way. The encoder fm : Xm 7→ Z maps the samples of
the m-th modality from the sample space Xm to the latent
space Z ⊂ Rd, and the decoder gm : Z 7→ Xm maps latent
codes in Z back to the corresponding data space.

As aforementioned, the data of different modalities are
scattered to different agents and sharing data across the
agents is forbidden. In addition, some modalities are less in-
formative than others, which cannot well support the learn-
ing of the corresponding WAE models. Therefore, we would
like to propose a robust multi-modal learning framework,
leveraging multi-modal information during training while
avoiding data sharing. In the following content, we will
show that we can achieve this aim by introducing an OT-
based mixer based on stochastic FGW barycenter.

An OTM Based on Stochastic FGW Barycenter
As shown in Figure 1(b), in the training phase, each agent
first derives the latent codes of its data locally, i.e., Zm =
[zm,j ] = fm(Xm) ∈ RNm×d. A central server collects all
the latent codes from the M agents and fuses the latent codes
by solving the following FGW barycenter problem:

ZB , {T ∗
m}Mm=1 = arg min

Z

M∑
m=1

FGW(Z,Zm;α) , (1)

where ZB ∈ RNB×d denotes the barycenter consisting NB

fused latent codes. FGW(Z,Zi;α) is the Fused Gromov-
Wasserstein distance (Vayer et al. 2020) defined as

FGW(Z,Zm;α)

= min
Tm∈Π(µ,µm)

∑
i,j,k,l

αd2Z(zi, zm,j)tm,ij︸ ︷︷ ︸
Wasserstein term

+ (1− α) |A(i, k)−Am(j, l)|2tm,ijtm,kl︸ ︷︷ ︸
Gromov-Wasserstein term

,

(2)

where dZ(zi, zm,j) is the distance metric between the fused
code zi in the barycenter and the j-th latent code of the m-
th modality (i.e., zm,j). A = [dZ(zi, zi′)] ∈ RNB×NB

Algorithm 1: Computation of FGW distance

1: Input: The latent codes and their distributions
{Zm,µm,Z,µB}, the hyperparameter α.

2: Initialize T = µBµ
⊤
m.

3: Construct A, Am, and Dm = [d2Z(zi, zm,j)].
4: while not converge do
5: (i) Apply the network flow algorithm: obtain T̃ by

minT∈Π(µB ,µm)⟨αDm − 2(1− α)ATTAm,T ⟩.
6: (ii) Apply the line search method:

a = −2(1− α)⟨A⊤T̃Am, T̃ ⟩,
g = (A⊙A)µB1

⊤
Nm

+ 1NB
µ⊤

m(Am ⊙Am),
b = ⟨αDm+(1−α)g, T̃ ⟩−2(1−α)(⟨AT̃Am,T ⟩+
⟨ATAm, T̃ ⟩),
c = ⟨αDm + (1− α)g − 2(1− α)ATA⊤

m,T ⟩
7: if a > 0 then
8: τ = min(1,max(0, −(b+c)

2a ))
9: else

10: τ = 1 if a+ b+ c < 0 else τ = 0
11: end if
12: (iii) Update OT matrix: T ← (1− τ)T + τ T̃
13: end while
14: Output: T ∗

m := T .

Algorithm 2: Computation of FGW barycenter

1: Input: The number of fused latent code NB , the latent
codes and their distributions {Zm,µm}Mm=1.

2: Initialize Z randomly.
3: while not converge do
4: for m = 1, . . . ,M do
5: Given Z and Zm, compute T ∗

m by Algorithm 1.
6: end for
7: Update ZB by

∑
m diag

(
NB

µB

)
T ∗
mZm.

8: end while
9: Output: {T ∗

m}Mm=1 and ZB .

and Am = [dZ(zm,j , zm,j′)] ∈ RNm×Nm are the dis-
tance matrices that capture the relations between the la-
tent codes within the barycenter and the modality, respec-
tively. Tm = [tm,ij ] is the transport map, whose feasible
domain is Π(µB ,µm) = {Tm ∈ RNB×Nm

+ | Tm1Nm
=

µB ,T
⊤
m1NB

= µm}, where 1 denotes all-one vector, and
µB and µm are empirical sample distributions of Z and
Zm, respectively, which are set to be uniform distributions
in our implementation. According to the definition, FGW
distance in (2) jointly considers the distance between two
latent code sets and that between the pairwise latent code
relations within the two sets, in which the hyperparameter
α ∈ [0, 1] achieves the trade-off between the corresponding
Wasserstein and Gromov-Wasserstein terms.

Computation of FGW Barycenter The FGW barycen-
ter can be computed in an alternating optimization frame-
work. Specifically, we need to compute the M FGW dis-
tances in (1) to derive optimal transport matrices and then
update the barycenter accordingly. Repeating the above two
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steps till convergence, we obtain the optimal transport ma-
trices and the barycenter. When computing the optimal
transport matrices, we apply the conditional gradient algo-
rithm in (Vayer et al. 2020) in this study, which can ob-
tain sparse optimal transport matrices with relatively lower
computational cost (compared to the proximal gradient algo-
rithm (Peyré, Cuturi, and Solomon 2016; Xu et al. 2019) and
the Bregman ADMM algorithm (Xu 2020)). Algorithm 1
shows the computational pipeline of optimal transport ma-
trix, and Algorithm 2 summarizes the scheme of FGW
barycenter, where⊙ is Hadamard product of matrix and ⟨·, ·⟩
is the inner product operation.

Stochastic Mixing By solving the FGW barycenter prob-
lem in (1), we can derive a set of fused latent codes (i.e.,
ZB), whose FGW distance to the latent codes of each
modality is minimized. In addition, the optimal transport
matrix between ZB and each Zm, denoted as T ∗

m, is de-
rived, which indicates the correspondence between the latent
codes in Zm and the fused ones in ZB . In particular, given
T ∗
m, the large value t∗m,ij implies that the latent code zm,j

contributes significantly to the fused latent code zi. As a re-
sult, the optimal transport matrices provide strong evidence
for data mixing.

Based on the optimal transport matrices, the proposed
OTM derives the mixing result as follows:

Z̃B = NB

M∑
i=1

Mm ⊙ (T ∗
mZm), with

M∑
m=1

Mm = 1NB×d,

where T ∗
mZm is the pushforward of Zm based on the op-

timal transport matrix T ∗ (Courty et al. 2016), and ⊙ is
Hadamard product of matrix. Instead of using the barycen-
ter directly as the data mixing result, OTM imposes random
masks, denoted as {Mm ∈ {0, 1}NB×d}, on the pushfor-
ward results, which introduces randomness to the mixing
results. Note that, the summation of the masks equals to
an all-one matrix, which means that for each fused code
in Z̃B , each of its feature dimensions is determined by a
single modality. Compared with the barycenter ZB , which
equals to NB

∑
m T ∗

mZm, introducing the masks helps
avoid over-smoothed mixing results, which leads to the pro-
posed stochastic FGW barycenter.

As a result, the m-th agent receives Z̃B and T ∗
m from the

central server and augments their local latent codes by

Z̃m = (T ∗
m)⊤Z̃B . (3)

As shown in Figure 1(b), such augmented latent codes can
improve the latent distributions of those less information
modalities, which improves the learning of the correspond-
ing WAE model.

In our framework, different modalities only share their un-
aligned latent codes rather than the raw data when applying
our OT-mixer. Because the raw data are not shared and each
modality only accesses its own decoder, it cannot recover
the data of the other modalities based on its own decoder.
In addition, like differential privacy strategies, the random
mask matrix in Eq.(3) further introduces additional uncer-
tainty into the barycenter. In Eq.(4), although the barycenter

contains the information of other modalities, it has aggre-
gated all the modalities’ information, making them indistin-
guishable. The m-th modality cannot recover the raw data of
the other modalities purely based on Tm and Zb.

Connections to Existing OT-based Methods Similar to
the OT-based multi-modal fusion methods in (Luo, Xu, and
Carin 2022; Gong, Nie, and Xu 2022), our OTM is appli-
cable for unaligned multi-modal data with the help of the
optimal transport matrices. In addition, because the fusion
is applied to latent codes, our method does not require the
share of raw data, which is friendly to privacy-preserving
distributed scenarios. Note that, the GWMAC in (Gong, Nie,
and Xu 2022) only considers the GW barycenter when fus-
ing latent codes, while the DHOT in (Luo, Xu, and Carin
2022) only considers the sliced Wasserstein distance be-
tween paired modalities. Our OTM jointly considers both
the Wasserstein distance and the GW distance between la-
tent codes, which can lead to more reliable fusion results. In
addition, the stochastic masking used in OTM mitigates the
over-smoothness issue that is common in the existing OT-
based fusion methods.

Robust Multi-modal Learning Framework
As shown in Figure 1(b), we can learn the WAE mod-
els by minimizing the Wasserstein distance between each
modality’s data distribution and model distribution, i.e.,
min{fm,gm}M

m=1
W (pm, qm), where pm is the data distribu-

tion of Xm, and qm is the distribution parametrized by the
model. As shown in (Tolstikhin et al. 2018), this learning
task can be approximately implemented as the reconstruc-
tion loss of each modality with a regularization on the latent
representations (Xu et al. 2020).

min
{fm,gm}M

m=1

M∑
m=1

∥Xm − X̂m∥2F + λR({Zm}Mm=1), (4)

where X̂m is the data reconstructed by latent codes, R(·) is
the regularizer of latent codes, and λ > 0 is the weight of
the regularizer.

In our framework, the reconstruction loss of each modal-
ity is derived based on both its original data and the mixing
results, i.e.,

Lmix =
M∑

m=1

∥Xm − gm(Zm)∥2F + ∥Zm − Z̃m∥2F , (5)

where the first term is the reconstruction loss for samples,
while the second term penalizes the discrepancy between
the latent codes of a single modality and the fused latent
codes, which impose the information of other modalities to
the learning of the target modality.

For the regularizer, we can implement it according to the
availability of data label and downstream tasks.

Unsupervised Multi-modal Clustering In our approach,
the unsupervised clustering is performed on the fusion of
the latent representation from each modality, i.e., Z̃B . Fol-
lowing the work (Gong, Nie, and Xu 2022), we perform
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the spectral clustering on Z̃B by computing the Gromov-
Wasserstein distance between Z̃B and a predefined identity
matrix with size C × C, i.e., IC , where C is the number of
clusters. As a result, the regularizer is implemented as

min
T∈Π(µB ,µC)

∑
i,j,k,l

|K(i, k)− IC(j, l)|2tijtkl︸ ︷︷ ︸
GW (Z̃B ,IC)

,
(6)

where K = [κ(z̃i, z̃i′)] ∈ RNB×NB is the similarity matrix
of Z̃B , which is a Gaussian kernel. µC = 1

C1C denotes the
distribution of the clusters. T = [tij ] is the optimal transport
map, whose feasible domain is Π(µB ,µC).

Supervised Multi-modal Learning For supervised multi-
modal classification and regression tasks, we combine OTM
with existing multi-modal fusion paradigms to obtain the
augmented latent representations. Given a labeled modality
(Zm,ym), where ym ∈ RNm is the labels of the samples
(the latent codes), we can augment the data as (Z̃m,ym)
Accordingly, the regularizer becomes

Ls(hm(Z̃m),ym) + Ls(hm(Zm),ym), (7)

where Ls is the supervised loss (e.g., MAE (Willmott and
Matsuura 2005) or MSE for regression and CrossEntropy
for classification). hm : Z 7→ Y is the local predictor for the
m-th modality.

Experiments
To demonstrate the effectiveness our OTM method on robust
multi-model learning, we apply it to unsupervised multi-
modal clustering tasks and superivsed mulit-modal classi-
fication and regresstion tasks, respectively, and compare it
with state-of-the-art methods. In addition, the impact of the
stochastic mixing strategy on the robustness of our method
is analyzed as well. The code and more experimental results
can be found at https://github.com/redLinmumu/OTM.

Experimental Setup
Datasets For clustering tasks, we conduct the experiments
on four conventional multi-modal dataset used in (Hu, Nie,
and Li 2019; Guo et al. 2014; Gong, Nie, and Xu 2022).
Each dataset contains well-aligned samples and correspond-
ing labels, which are used only in the validation stage. The
dataset for the classification and regression tasks are cho-
sen from Multibench (Liang et al. 2021), which is a well-
known systematic large-scale multi-modal learning bench-
mark. The dataset for the classification and regression tasks
are pre-processed and filtered in the same way as the frame-
work Multibench (Liang et al. 2021) does. The informa-
tion of the dataset is summarized in Table 1. To imitate un-
aligned multi-modal data, we permute the training data of
each modality randomly and train multi-modal models by
various methods on well-aligned and unaligned multi-modal
data, respectively. The validation and testing data are main-
tained to be well-aligned for a fair comparison.

Dataset Size Dimensions {Dm}Mm=1 C M

Caltech7 1474 [48, 40, 254, 1984, 512, 928] 7 6
ORL 400 [288, 288] 40 2
Movies 617 [1878, 1398] 17 2
Prokaryotic 551 [438, 3, 393] 4 3
ENRICO 1458 [98304, 98304] 2 2
CMU-MOSI 2183 [1750, 3700, 15000] 2 3
AV-MNIST 70000 [784, 12544] 2 2
MUJOCO 37990 [48, 112, 16384, 112] - 4

Table 1: Summary of datasets.

Data type Datasets Caltech 7 ORL Movies Prokaryotic
Algorithms Purity Purity Purity Purity

Aligned

MCCA 0.5313 0.3475 0.0989 0.5620
DCCAE 0.4110 0.5625 0.1572 0.5070
AttnAE 0.4600 0.4600 0.1880 0.5390
MVKSC 0.5196 0.3013 0.2285 0.6188

MultiNMF 0.4525 0.6900 0.1726 0.5771
MWAE+OTM 0.6072 0.6563 0.3177 0.5952

Unaligned
MVC-UM 0.3112 0.5431 0.1841 0.4451
GWMAC 0.3568 0.5118 0.1928 0.5479

MWAE+OTM 0.5788 0.6550 0.2925 0.5438

Table 2: The performance of different clustering methods.

Baselines For clustering tasks, we compare our
method with five methods for well-aligned data (i.e.,
MCCA (de Cheveigné et al. 2019), DCCAE (Wang et al.
2015), AttnAE, MVKSC (Guo et al. 2014), and Multi-
NMF (Liu et al. 2013)) and two state-of-the-art unaligned
clustering methods (i.e., GWMAC (Gong, Nie, and Xu
2022) and MVC-UM (Yu et al. 2021)). For each method,
we concatenate the latent codes of all the modalities and
apply K-means (Teknomo 2006) to obtain the clustering
result. For the classification and regression tasks, we
combine OTM with five common multi-modal methods:
Late fusion (Baltrušaitis, Ahuja, and Morency 2018), Multi-
modal Factorized Model (MFM) (Tsai et al. 2018), Tensor
Fusion (TF) (Zadeh et al. 2017), Low-rank Tensor Fusion
(LRTF) (Liu et al. 2018), and Multiplicative Interactions
(MI) MATRIX (Jayakumar et al. 2019), all of which are
implemented in MultiBench (Liang et al. 2021).

Backbones and Evaluation Metrics In the following
clustering experiments, we implement all encoders and
decoders of MWAE by two-layer multi-layer perceptrons
(MLPs). We choose the clustering purity to evaluate the clus-
tering performance. For a fair comparison, the baselines use
the same model architecture. For the classification and re-
gression tasks, we apply the backbone models provided by
Multibench and plug OTM into their training phase. Each
model is trained by five-fold cross validation. For the cluster-
ing models, we apply the clustering purity to evaluate their
performance. For the classification and regression models,
we apply the classification accuracy and MAE (Willmott and
Matsuura 2005) to evaluate them, respectively.
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Figure 2: The t-SNE plots of the well-aligned latent codes
and the fused ones achieved by OTM. The latent codes are
learned on Caltech7 and different colors indicate different
image classes. For the fused latent codes, we determine their
colors by the labels of the 6-th modality.

Dataset (Task) Method Result

AV-MNIST Late fusion 0.7295
(Classification) Late fusion + OTM 0.7316

MI matrix 0.4815
ENRICO MI matrix + OTM 0.5034

(Classification) Tensor matrix 0.4814
Tensor matrix + OTM 0.4911

Late fusion 0.5194
Late fusion + OTM 0.5368

CMU-MOSI LRTF 0.5245
(Classification) LRTF + OTM 0.5327

MFM 0.5391
MFM + OTM 0.5410

Late fusion 1.3710
CMU-MOSI Late fusion + OTM 1.3630
(Regression) Tenser fusion 1.3691

Tenser fusion + OTM 1.3644

MUJOCO Tensor fusion 1.583×10−3

(Regression) Tensor fusion + OTM 1.369×10−3

Table 3: Classification accuracy and regression MAE under
5-fold cross validation.

Numerical Comparisons
Clustering The clustering performance of different meth-
ods is summarized in Table 2. We can find that for well-
aligned multi-modal data, applying OTM achieves reliable
data augmentation and thus leads to at least comparable clus-
tering performance for the original data. In other words, the
augmented latent codes achieved by OTM yield the same la-
tent distribution of original well-aligned data. For unaligned
multi-modal data, the clustering can only be achieved based
on the fused latent codes. In such a situation, our OTM
works better than its competitors — compared with the
matrix factorization-based method MVC-UM and the GW
barycenter-based method GWMAC, our OTM achieves sig-
nificant improvements in three of four datasets. These results
verify that applying OTM helps achieve competitive perfor-
mance for multi-modal clustering.

The random mask helps augment barycenter and intro-
duce uncertainty for privacy protection. To demonstrate the

Dataset (Task) Method Selected Modality
1 2 3

Prokaryotic MWAE 0.4936 0.6261 0.4791
(Clustering) MWAE+OTM 0.5554 0.5209 0.5426

Late fusion 0.5369 0.5373 0.5163
CMU-MOSI Late fusion+OTM 0.5428 0.5328 0.5268

(Classification) LRTF 0.5190 0.5241 0.5131
LRTF+OTM 0.5131 0.5222 0.5209

Late fusion 1.3721 1.3581 1.4055
CMU-MOSI Late fusion+OTM 1.3804 1.3629 1.3698
(Regression) Tenser fusion 1.3684 1.3680 1.3853

Tenser fusion+OTM 1.3674 1.3669 1.3716

Table 4: The performance on single modality.

rationality of applying the mask, our method is compared
with the classic weighted barycenter, i.e.,

∑
m λmTmZm,

means setting Mm = [λm]. From this viewpoint, Eq.(3)
can be treated as a randomized extension of the classic set-
ting. From Table 2, we can find that replacing Eq.(3) with
the classic weighted barycenter (WB) leads to performance
degradation on clustering purity.

In addition, we show the t-SNE plots of the latent codes
learned on Caltech7 in Figure 2. We can find that even if
the multi-modal data are unaligned, applying our OTM can
align different modalities well. In particular, after training
MWAE+OTM, the fused latent codes Z̃B have clustering
structures that are similar to the latent codes learnt from
well-aligned data. This visualization demonstrates that the
alignment obtained by OTM is reasonable, leading to se-
mantic clustering structure.

Classification and regression For classification and re-
gression tasks, we combine OTM with a series of multi-
modal methods in Multibench (Liang et al. 2021), vary-
ing from traditional methods to neural learnable ones. Ta-
ble 3 shows that OTM helps improve classification accuracy
and MAE for various methods. These results demonstrate
that our OTM is also applicable in supervised multi-modal
learning tasks. In particular, the augmented data achieved by
OTM are aligned well to the original ones, so that they can
share the same labels. As a result, the augmented data help
improve the generalization power of model.

Robustness Analysis
Robustness to missing modalities In distributed multi-
modal learning scenarios, each agent may have to rely on
its local modality to make prediction, which corresponds to
a challenging learning task with missing modalities. In such
a situation, learning a predictor based a single modality of-
ten leads to sub-optimal performance, especially when the
modality is less informative. Applying our OTM module,
each agent can leverage the information of other modalities
in the training phase and thus improve the latent distribution
of its own modality, which helps learn a robust model.

To verify our claim, for each multi-modal dataset used
in the previous experiments, we consider learning a multi-
modal model with or without OTM, respectively. In the test-
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Figure 3: Robustness test on ENRICO dataset for classifica-
tion task with MI matrix fusion strategy.
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Figure 4: Robustness test on MUJOCO dataset for regres-
sion task with Tensor fusion strategy.

ing phase, we only apply the samples of the selected modal-
ity to evaluate the performance of the learned models. For
those multi-modal models, only the latent codes of the se-
lected modality are applied to make predictions. Table 4
shows the experimental results, we can find that applying
OTM helps improve the robustness of multi-modal model to
the missing modality issue in most situations. For the less-
informative modalities in each dataset, applying OTM intro-
duces the information of other modalities into their repre-
sentation models and thus improves model performance.

Robustness to data noise Besides missing modalities,
multi-modal data are likely to be corrupted by data noise.
Therefore, we further evaluate the robustness of models
trained with noisy-free data by testing on noisy test data for
classification and regression tasks and analyze the impact of
OTM accordingly. In the classification task, we choose the
MI matrix fusion strategy on the ENRICO dataset that has
two modalities, the visual image and the set of wireframe
image. In the regression task, we choose the Tensor fusion
method on the MUJOCO dataset and add noise to its image
and haptics modalities, respectively. For each modality, we
add random noise with increasing noise levels in the range
[0, 0.5]. Zero means no noise, and 0.5 means the energy of
noise is a half of data energy.

The comparison results for the models learnt with and
without OTM are illustrated in Figures 3 and 4. We can
find that applying OTM helps achieve higher classification

Dataset (Task) Method Result

Late fusion 0.4922
Late fusion+OTM 0.5062

LRTF 0.5073
LRTF+OTM 0.5122

CMU-MOSI MFM 0.5078
(Classification) MFM+OTM 0.5264

Late fusion 0.4877
Late fusion+OTM 0.5270

Tenser fusion 0.4959
Tenser fusion+OTM 0.5106

MUJOCO Tensor fusion 0.1971
(Regression) Tensor fusion+OTM 0.1906

Table 5: The robustness test on noisy data.

accuracy and lower MAE consistently. Table 5 further pro-
vides the numerical comparisons for more models and more
datasets when the noise level is around 0.2, which further
verifies the effectiveness of OTM. All these results demon-
strate that applying OTM can improve the robustness of
multi-modal model to data noise.

Conclusion
We propose a novel optimal transport-based mixer (OTM)
that achieves data alignment and augmentation for ro-
bust multi-modal learning. Our method leverages a multi-
head Wasserstein autoencoder (MWAE) to encode differ-
ent modalities’ samples in the same latent space, and
the proposed OTM computes a stochastic fused Gromov-
Wasserstein barycenter to mix different modalities’ latent
codes, then reconstructing the modalities’ samples accord-
ingly. Experiments on multi-modal dataset demonstrate that
our OTM could achieve promising performance in various
multi-modal learning tasks, which can deal with unaligned
and distributed multi-modal data and enhance the robustness
of model to data noise and missing modalities.

Limitations and future work. As shown in Table 4, al-
though applying OTM is useful for less informative modal-
ities, it leads to performance degradation for some other
modalities. It implies that our method introduces useless
noise to some significant modalities. How to suppress this
issue is one of our future work. In addition, we would like
to improve the efficiency of data mixing by accelerating the
computation of FGW barycenter, e.g., replacing the FGW
distance to sliced FGW distance (Xu et al. 2020). In the fu-
ture, we plan to test our method in real-world applications,
e.g., federated learning for healthcare data modeling.

Acknowledgments
This work was supported by National Natural Science Foun-
dation (62106271, 92270110), the Fundamental Research
Funds for the Central Universities, and the Research Funds
of Renmin University of China. We also acknowledge the
support provided by the fund for building world-class uni-
versities (disciplines) of Renmin University of China and

16832



by the funds from Engineering Research Center of Next-
Generation Intelligent Search and Recommendation, Min-
istry of Education, and from Intelligent Social Governance
Interdisciplinary Platform, Major Innovation & Planning In-
terdisciplinary Platform for the “Double-First Class” Initia-
tive, Renmin University of China.

References
Abilov, A.; Hua, Y.; Matatov, H.; Amir, O.; and Naaman,
M. 2021. Voterfraud2020: a multi-modal dataset of election
fraud claims on twitter. In Proceedings of the international
AAAI conference on web and social media, volume 15, 901–
912.
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