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Abstract

Medical multi-modal learning is critical for integrating in-
formation from a large set of diverse modalities. However,
when leveraging a high number of modalities in real clinical
applications, it is often impractical to obtain full-modality
observations for every patient due to data collection con-
straints, a problem we refer to as 'High-Modality Learn-
ing under Missingness’. In this study, we identify that such
missingness inherently induces an exponential growth in
possible modality combinations, followed by long-tail dis-
tributions of modality combinations due to varying modal-
ity availability. While prior work overlooked this critical
phenomenon, we find this long-tailed distribution leads to
significant underperformance on tail modality combination
groups. Our empirical analysis attributes this problem to
two fundamental issues: 1) gradient inconsistency, where
tail groups’ gradient updates diverge from the overall op-
timization direction; 2) concept shifts, where each modal-
ity combination requires distinct fusion functions. To ad-
dress these challenges, we propose REMIND, a unified
[framework that REthinks MultImodal learNing under high-
moDality missingness from a long-tail perspective. Our
core idea is to propose a novel group-specialized Mixture-
of-Experts architecture that scalably learns group-specific
multi-modal fusion functions for arbitrary modality combi-
nations, while simultaneously leveraging a group distribu-
tionally robust optimization strategy to upweight underrep-
resented modality combinations. Extensive experiments on
real-world medical datasets show that our framework con-
sistently outperforms state-of-the-art methods, and robustly
generalizes across various medical multi-modal learning
applications under high-modality missingness.

1. Introduction

Multi-modal learning [49] has emerged as a significant
problem for numerous medical applications [1, 16], where
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integrating diverse data modalities is critical for compre-
hensive patient assessment and clinical decision-making.
These multi-modal applications often operate in a high-
modality learning regime [19], where the number and di-
versity of modalities per patient can be particularly high,
ranging from medical imaging, clinical notes, to laboratory
measurements. In real-world clinical scenarios, it is hard
to guarantee fully observed high-modality data for each pa-
tient sample due to practical constraints in data collection
protocol, such as high financial costs and radiation expo-
sure (e.g., PET scans), patient discomfort from invasive
procedures (e.g., biopsy), or technical failures [46]. Con-
sequently, practical multi-modal medical datasets are usu-
ally incomplete, characterized by numerous random miss-
ing modalities and arbitrary modality combinations [42].

High-modality settings under such missingness often
result in long-tailed distributions of modality combina-
tions (MCs), driven by the exponential increase in pos-
sible combinations as the number of modalities grows,
alongside significant variability in the availability of in-
dividual modalities. Take the Fundus Photography, Psy-
chological Assessment, Retina Characteristics, and Multi-
modal Imaging (FPRM) dataset [45] as an example, as
shown in Figure 1(a), basic modality combinations such
as Electronic Health Records (EHRs) and fundus imag-
ing are widely available across most patients; while more
complex combinations involving less accessible modalities
(e.g., EHR+3D scans+Fundus) occur infrequently due to the
higher cost and specialized technical skills required to ac-
quire high-quality data. Thus, the frequency distribution
of modality combinations always exhibits a pronounced
“long-tailed” pattern (Figure 1(b)). Despite recent research
efforts to address the multi-modal missingness through both
imputation-based approaches, such as learnable modality
embedding banks [9, 42], and imputation-free techniques
like cross-modal knowledge distillation [38], existing meth-
ods largely overlook this critical imbalance of modality
combination groups.

In this work, we revisit multi-modal learning in high-
modality settings with significant missingness, through the
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Figure 1. Missing modalities in high-modality multi-modal learning — A long-tailed distribution view.

lens of long-tailed distribution modeling. We conduct
experiments on several datasets using the state-of-the-art
methods [9, 39, 42] for high-modality learning, and observe
that the model performance on long-tailed modality combi-
nations is often inferior to that on head groups, as shown
in Figure 1(b) and Sec. 5. This suggests that the model is
not adequately trained to perform effective fusion involv-
ing less accessible modality combinations. To unveil the
underlying mechanisms, we hypothesize that this is due to
the inconsistent optimization of each group’s performance,
and further analyze the gradient dynamics of tail groups
v.s. head groups. As shown in Figure 1(b), we observed a
phenomenon of gradient inconsistency, where long-tailed
groups’ gradients diverge from the overall optimization di-
rection, which governs the model parameters’ updates. This
underscores the need for a robust approach to learn effective
multi-modal fusion across all possible modality combina-
tions including tail groups.

Addressing the long-tailed distribution of MCs intro-
duces unique challenges beyond classical long-tailed clas-
sification problems extensively studied in previous re-
search [30, 35, 43]. In traditional long-tailed problems, the
data label distributions differ across classes, yet the learned
mapping function from inputs to output labels remains con-
sistent and applies to all classes. In contrast, multi-modal
missingness introduces a concept shift scenario, where each
MC induces a fundamentally different fusion function due
to the varying availability across input modalities. Differ-
ent combinations produce unique cross-modal interactions
and hold distinct significance for downstream tasks [20].
For example, in ICU mortality prediction, lab tests and vi-
tal signs help capture physiological state information, but
adding clinical notes may create new synergistic informa-
tion by contextualizing numeric abnormalities with prior
patient history, requiring a fundamentally different multi-
modal fusion strategy for this new modality combination.
Prior works have also shown that when certain modali-
ties are unavailable, the models cannot easily recover the
distinct modality-specific information via alignment strate-
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gies [38], and thus need to rely exclusively on signals from
available sources for predictive tasks [2, 12]. Additionally,
given the exponentially growing number of possible MCs
in high-modality settings and severely limited samples in
tail groups, training separate models independently for each
combination is impractical. This challenge requires a uni-
fied framework capable of dynamically learning adaptive
multi-modal fusion functions across diverse modality com-
binations.

To tackle the above challenges, we propose a uni-
fied multi-modal learning framework, named REMIND,
by REthinking Mult/modal learNing under high-moDality
missingness from a long-tailed distribution perspective.
Our approach consists of two primary components. First,
we employ a group Distributionally Robust Optimization
(DRO) strategy to up-weight modality combinations that
are typically under-optimized due to limited data availabil-
ity, and thus ensure robust performance even for rare modal-
ity combinations. Second, to accommodate the inherent
concept shifts caused by modality missingness, we intro-
duce a scalable architecture building on soft Mixture-of-
Experts (MoE). It operates on a shared set of expert mod-
ules across all MC groups, but learns group-specific routing
matrices that dynamically determine how to combine these
experts based on the available modality combination. Our
contribution lies three-fold:

We are the first to formulate multi-modal learning with
high-modality missingness through the lens of long-tailed
distribution modeling, revealing that existing approaches
fail on tailed modality combinations due to gradient in-
consistency and concept shift challenges.

We propose a novel approach combining group distribu-
tionally robust optimization with adaptive multi-modal
fusion mechanisms based on soft MoE structure, en-
abling learning group-specific fusion functions to effec-
tively handle imbalanced distributions of modality com-
binations.

Extensive experiments on various real-world medical
multi-modal datasets with significant missing data consis-



tently demonstrate substantial improvements over state-
of-the-art methods, particularly on challenging tailed
modality combinations, validating the effectiveness of
our approach.

2. Related Work

2.1. High-Modality Learning with Missing Data

One branch of multi-modal learning methods leverages im-
putation [46] to handle the missingness. For example, Chen
et al. [3] trained a generative model to synthesize missing
medical images to create full-modality records; Hamgha-
lam et al. [8], Liu et al. [21], Yun et al. [42] rely on imput-
ing the latent representations of the missing modality, with
the supervision signals from prediction tasks. However,
due to the complexity of reconstruction learning objectives,
these methods either introduce instability and noise that ad-
versely affect the primary tasks, or suffer from limited flex-
ibility by requiring separate networks to be trained for each
missing modality case [2]. These disadvantages become
increasingly severe in the high-modality scenarios. Other
imputation-free [40] approaches aim to learn unified mod-
els that robustly extract task-relevant information from a
large range of modality combinations. Liang et al. [18], Liu
et al. [22] apply statistical constraints to learn representa-
tion spaces that are robust to possible missing modalities.
However, these methods still struggle to generalize to sce-
narios involving more than two modalities [48]. Recent
works [39, 42] focus on learning dynamical multi-modal
fusion (e.g. via MoE) functions or modeling the dynamic
relationship across modalities and tasks [10]. However,
these methods overlook the under-optimization of samples
from rare modality combinations and struggle with high-
modality learning under missing data, where many modal-
ity combinations have only a few samples.

2.2. Long-Tailed Modeling

Long-tail learning aims to provide high precision for tail
classes that have rare occurrences [24, 35], or ensure tail
groups have comparable performance with the majority
groups of the dataset [23, 43]. Classical long-tail learn-
ing methods focus on reweighting-based methods like re-
sampling [30], logits-adjustment [24], distributionally ro-
bust optimization [33], or mixing up tail groups and head
groups to ensure fair optimization [4]. However, these
methods share an assumption that the conditional probabil-
ity P(Y|X) is consistent across groups [47], which does not
hold in the missing modality cases. Thus, directly adapting
these methods would fail to solve the high-modality learn-
ing under missingness problem.
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3. Method

3.1. Problem Formulation and Modeling

Problem Formulation. Suppose we are given a multi-
modal dataset with m modalities My, Ms, ..., M,, and a
prediction task Y. In practical applications, these modal-
ities are not always completely available across differ-
ent individual samples. This potentially yields at most
2™ — 1 missing modality cases, forming a modality
combination family consisting of different groups G =
{{My, },{My, Mz}, ..., {My, My, ..., M,, } }. Given such a
high-modality dataset with random missingness, our goal is
to develop a unified multi-modal learning framework that
can accurately predict Y for any arbitrary modality combi-
nation within G [19].

Long-Tailed Modality Combination Groups. First of all,
the targeted high-modality setting involves a significantly
larger number of modalities compared to classical two-
modal learning scenarios (e.g., medical image and text),
inherently leading to an exponential increase in possible
modality patterns. For simplicity and the purpose of il-
lustration, given a multi-modal dataset with m modalities
My, Ms, ..., M,,, we assume each modality M; is inde-
pendently missing with probability p;. The probability of
observing a specific combination gy, is given by:

Pr(gr) = [[ =») [] »s-

M;€gy M;é&gr

In practice, even slight deviations from uniform missing-
ness probabilities (i.e., p; # 0.5) result in the majority of
samples clustering into a few dominant modality combina-
tion groups, leaving the rest as rare “tail groups”. Our re-
sults in Sec. 5 empirically show that directly training mod-
els on such imbalanced dataset leads to inconsistent perfor-
mance across different modality combinations. To under-
stand this, recent studies [5, 7] suggest that the parameter
updates in deep networks are largely determined by the gra-
dient direction aligned with the principal eigenvector of the
Neural Tangent Kernel (NTK) matrix, which captures the
dominant gradient descent direction across the input space.
Motivated by this, we introduce a gradient-based analysis
to understand why the performance on tail modality combi-
nation groups is significantly lower. Specifically, for each
group gr € G, we randomly sample an equal number of
data points X}, and obtain the averaged gradient direction
GD(XY?) for the fusion block parameterized by 6. Details
of gradient direction calculation are attached in the Ap-
pendix. For the whole dataset, we similarly compute the
gradient direction G D(X?). The gradient consistency score
between group g; and the entire dataset is defined as the
similarity between their gradient directions:

GD(X?) - GD(XY?)
IGDX)||[|GDX)I|

6]

simy =



As shown in Fig. 1(b), for existing methods, the gradient di-
rection of the whole dataset aligns closely with that of ma-
jority groups, maintaining high consistency scores during
training. In contrast, the gradient direction for tail groups
increasingly diverges from that of the whole dataset as train-
ing progresses, a phenomenon that prior research has linked
to suboptimal learning outcomes [34, 41]. There is a clear
correlation between the prevalence of modality combination
groups and their gradient consistency scores, explaining im-
paired performance on tail groups. This phenomenon moti-
vates the development of methods that effectively leverage
each group g, € G during training, ensuring adequate opti-
mization for samples from underrepresented groups.

Due to the information asymmetry [2, 12] introduced by
modality missingness and the unique cross-modal interac-
tions associated with specific modality combinations [20],
each modality-combination group needs a distinct and tai-
lored fusion strategy based on the available modalities.
This requires a unified model parameterized by 6 that
can dynamically instantiate group-specific fusion functions
for(Xgr;0) — Y for each modality combination gj. It
is challenging to learn these |G| distinct fusion functions
within a single framework while maintaining parameter ef-
ficiency across the exponentially large combination space.
This motivates us to employ a Mixture-of-Experts (MoE)
architecture, naturally suited for such adaptive parameter
sharing and dynamic fusion learning.

3.2. Overall Distributionally Robust Framework

In this section, we will present the overall design of our
proposed approach for learning a robust multi-modal model
on datasets with long-tailed modality combination distribu-
tions. As demonstrated in Fig. 2(a), our framework consists
of a set of modality-specific feature encoders and a MoE-
based fusion block for integrating multi-modal information.
The feature encoders are first jointly optimized with the fu-
sion block for several iterations to adapt to each modality,
and then they are kept frozen in subsequent model training.

Given a multi-modal input data sampled from arbitrary
modality combination g;, € G,k € {1,...,2m — 1} (|G| =
2™ —1 is the total number of all potentially possible modal-
ity combination groups in G), the model first extracts em-
beddings Z; € Ri*4 i € {1,...,m}, M; € g, for each
available modality respectively, using the modality-specific
encoders. Here, d is the dimension of the embedding space,
and /; is the token length of the embedding. For missing
modalities, instead of zero-padding, we follow the process-
ing in Yun et al. [42] to create a set of learnable embed-
dings By, € R% k € {1,...,2™ — 1} for each modality
combination group respectively. For all missing modalities
M ¢ g, we assign Z; € R4 by broadcasting By, to
represent a group-specific yet modality-agnostic learnable
embedding for the missing data within this group. These
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two sets of embeddings form a consistent input embedding
space Z1, ..., Z, shared by all the data samples. They are
then concatenated and fed into the soft MoE block to fuse
the multi-modal representations H, which will be projected
by the task head to predict the final task output Y.

As demonstrated in Sec. 3.1, modality combinations fol-
low a long-tailed distribution and could cause inconsistent
optimization across groups. To mitigate this imbalance is-
sue, we build our approach upon the group distribution-
ally robust optimization (DRO) framework [17, 29]. Dur-
ing training, it up-weights samples from under-optimized
modality-combination groups, facilitating the model to
achieve more accurate prediction especially on the worst-
performing groups. Specifically, DRO assumes the over-
all data can be grouped by G and defines a set of distribu-
tions QY based on G. It evaluates the model on QY, so
as to dynamically assign weights to sample from different
modality combination groups (Fig. 2(a)). In our paper, G is
the modality combination family. QY is built on grouped
distributions Dy, k € {1,...,2™ — 1} of each modality
combination, and thus contains a set of potential testing do-
mains () € Q9. Formally, it is defined as f-divergence
ball {Q : Dy(Q|| DY) < p}, where DY is the distribution
when the entire data distribution is grouped based on G [44].
Here the uncertainty radius is set to zero, because we do not
consider out-of-distribution shifts in this paper. This set of
potential test domains could be further written as a convex
hull Q9 = { Z‘kg:ll . Di ‘ A e A|g‘_1}, where Ag|_;
is the probability simplex.

DRO aims to consistently optimize the model’s perfor-
mance on each test domain ) € QY which is obtained by
guaranteeing the model has a lower loss even in the worst-
performing case. Motivated by Sagawa et al. [31], Zhang
et al. [44], we adopt the simplex-constrained formulation to
optimize on the worst-case distribution:

1G]

)\egllag‘cil kz::l M Ri(0),  Ri(0) =Ezy~p,[t(fo(z),9)],
2)

where 6 is the model parameter, Ry (6) is the loss on the
grouped distribution Dy,. During training, we alternate be-
tween optimizing model parameters and group weights:

min
0

p(t+1) — p(t) _ nz )\;(:)VeRk (Q(t))’
k

(3)

B )\](:) exp(y Ry (D))

525 A exply By (0))
where 7 is the learning rate and v > 0 is the hyper-
parameter that controls the sharpness. The exponentiated
update smoothly approximates maxy, Ry (#) while keeping
non-zero gradients for all groups [32]. We refresh A every
N training steps in practice.
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3.3. Tackling Concept Shift with Soft MoE max:
| o o en((Z®),) ]
As aforementioned, each modality combination group re- i = (©6)

quires its own dynamic fusion function due to the inherent
concept shift across different modality availability patterns.
Mixture-of-Experts (MoE) architectures provide a natural
foundation to satisfy this need, as they can dynamically cre-
ate input-dependent routing pathways that have the poten-
tial to enable learning group-specific fusion strategies.

Soft MoE-based Multi-modal Fusion Architecture. We
adopt a Soft MoE [26] model architecture consisting of
three primary components: a self-attention module, an ex-
pert layer comprising n expert networks, and a learnable
routing matrix ®. Given the modality-specific embed-
dings {Z1,...,Z,} € R4 with [ token length for each
modality in latent dimension d, they are first concatenated
and projected through the self-attention module to produce
Z € RMxd where M = Im.

The router matrix & € R*™ generates sample-adaptive
routing strategies through a softmax-based assignment, pro-
viding dispatch weights D € R *™ and combine weights
C € RM*n_ Dispatch weights D are computed by column-
wise softmax on Z®, specifically:

exp((Z2®);)

D;; = ,
Sl exp((Z®);)

(&)

This dispatch weights D determine the modality-to-experts
routing function to derive expert-specific input representa-
tions Z = DTZ. Each expert j processes its input through
a neural network f;, yielding outputs Y. i=1 (Z. ). Simi-
larly, combine weights C are computed via a row-wise soft-
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doh_ exp((Z®)iyr)

which indicates how to combine the outputs from all experts
to obtain the final fused output representation for prediction
head: Y = CY.

Group-Specific Adaptive Routing via Residual Matri-
ces. While Soft MoE can dynamically create fusion func-
tions, the learned routing matrix ®g.eq shared across all
groups limits the model’s ability to provide group-adaptive
routing strategies, particularly for tail modality combination
groups that are under-optimized during the training.

To address this limitation, instead of training separate ex-
perts per group, we propose a group-specific adaptive rout-
ing approach by introducing additional residual matrices
® .. It enables scalable adaptivity to a wide range of modal-
ity combinations, by facilitating both knowledge sharing
across groups through shared routing matrix ®gpareq, and
the extraction of fine-grained differences via residual ma-
trix ®. Specifically, for modality combination group gy,
we define the final group-specific adaptive routing function
as:

P = ¢shared + ‘I’k- (7)

During training, the residual design of the zero-initialized
group-specific routing matrices ®;, allows them to incre-
mentally refine rather than override the shared knowledge
encoded in ®. This ensures controlled specialization of the
routing function.

Additionally, to determine when these group-specific
residual adjustments should be applied, we employ an
uncertainty-based gating strategy. We use the entropy



of routing logits Z®gp,eq as one such uncertainty metric,
though it can also be substituted by other measures (e.g.,
KL-divergence). During the model inference, we use shared
matrix Pgpareq alone, if the entropy H(ZPgpareq) is below a
predefined threshold &, which indicates confident routing.

Z®);
H(28) = - Y pilogpy, by = = S0 L2)ul

]

)

When the uncertainty exceeds the threshold, implying un-

certain modality-to-expert assignment or near-uniform rout-

ing, which are found to be suboptimal in previous MoE lit-

erature [25, 27], the model will activate the group-specific

routing adjustment @, to learn a group-adaptive function.

This mechanism preserves the model’s confident routing

patterns, while improving performance in cases where the
shared routing matrix struggles.

Dispatch and combine matrices are then recomputed ac-
cording to the learned adapted logits Z(®gpeq + P ). Im-
portantly, this design is highly scalable to large numbers of
modalities. Unlike previous MoE designs [9, 39, 42] that
require additional modality-specific or MC-specific experts
when scaling, the experts in our approach are shared across
all modality combinations, and the parameter overhead is
merely confined to lightweight residual routing matrices of
MC groups. The choice of the threshold value and compu-
tational costs analysis are included in the Appendix.

4. Experiments

Datasets. To verify the generalizability of REMIND across
high-modality multi-modal learning applications, we con-
duct extensive experiments over three publicly available
medical multi-modal datasets for different tasks. Each
dataset consists of at least three modalities with significant
missing modality issues. Specifically, we use:

EMBED (EMory BrEast Imaging Dataset) [13] contains
4 modalities, including M1: C-View synthetic Cranio-
Caudal view (CC), M2: C-View synthetic 2-D Medio-
Lateral Oblique view (MLO), M3: full-field digital mam-
mography (FFDM) CC, and M4: FFDM MLO, which are
used to train a breast density prediction model.
MIMIC-IV (Medical Information Mart for Intensive Care
IV Dataset) [14]. Following [9], we extract 3 modalities
of M1: ICD-9 codes, M2: clinical text, and M3: labs’ vi-
tal values, and use them to perform the 48-hour mortality
prediction task.

FPRM (Multi-modal Eye Imaging, Retina Characteris-
tics, and Psychological Assessment Dataset) [46], where
we utilize 4 modalities, including M1: 2D fundus pho-
tos, M2: 3D videos of retinal blood flow, M3: 2D oxygen
saturation, and M4: tabular data for health deterioration
grade classification. For evaluation, we report the accu-
racy and F1-score of the compared methods on each clas-

L]

i exp[(Z®)ij]
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sification task.

In all experiments, we run each method with 3 different ran-
dom seeds and report the mean and standard deviation of
the performance. Groups with approximately less than 15%
frequency are denoted ’Tail groups’. Full results are in the
Appendix.

Baselines. We compare REMIND with the state-of-the-art
methods in tackling missingness in high-modality learning,
including Soft MoE [27, 39], FuseMoE [9], FlexMoE [42].
Besides, we also compare with other long-tailed learn-
ing approaches, by adapting them to multi-modal learn-
ing models. Specifically, we combine multi-modal MoE
with group robustness strategies including Distribution Ad-
justment [24], GroupDRO [33], FairBatch [30], and Fair-
Mixup [4].

Implementation Details. We use ViT-Base [0] as the fea-
ture encoder for image modalities in EMBED, and the T5
encoder [28] for text modalities in the MIMIC-IV dataset.
For the FPRM dataset, we use a 3D-ResNet [37] for 3D
modalities, 2D-ResNet [11] encoders to encode 2D image
modalities, and a patch embedder to encode tabular modal-
ities. In main experiments, we set the batch size to 32, and
use the Adam optimizer [15] with a weight decay of 5e — 5.
For EMBED and FPRM datasets, we use the learning rate
5e — 5, and le — 4 learning rate for the MIMIC dataset.
More implementation details and hyperparameter ablation
analysis are included in the Appendix.

5. Results
5.1. Main Results

Our method better handles high-modality learning un-
der missingness. As shown in Tables 1, 2, and 3,
our method demonstrates consistent superior performance
across various datasets, under different missing modality
scenarios. Either simply applying existing group robust-
ness methods to multi-modal learning, or directly fusing
multi-modalities, fail to address the core challenges posed
by long-tailed modality distributions.

Our method excels on tail groups, where existing
state-of-the-art methods such as FuseMoE, FlexMoE, and
Soft MoE struggle. Our approach achieves superior ac-
curacy regardless of whether tail groups consist of sin-
gle modalities (MIMIC) or complex/full modality combi-
nations (FPRM).

5.2. Analysis

Q1: Has gradient inconsistency been alleviated? Our
earlier analysis identified a significant correlation between
gradient consistency and the frequency of modality combi-
nations encountered in datasets. Specifically, rare modal-
ity combinations tend to exhibit substantial gradient diver-
gence, severely limiting model learning. Figure 3 demon-



Modality Availability Tail  Multi-modal Learning Methods Long-Tailed Learning Methods Ours
My Mo Ms My Trans  FuseMoE FlexMoE FairMixup  Reweigh ~ GroupDRO  FairBatch REMIND

4 v 74.1 73.9 73.1 72.8 69.8 72.0 75.8 74.6

4 4 v 78.1 753 79.2 84.2 74.9 77.0 82.8 79.9

v v 70.7 734 70.7 74.4 72.8 69.9 74.6 74.6

v v 77.2 76.9 77.5 78.7 71.7 78.0 78.0 79.5

4 4 v v 733 67.3 70.9 71.5 67.3 69.7 64.9 74.0

v v v v 81.8 81.4 81.9 83.2 81.7 81.8 83.1 84.0

Entire Dataset 78.5 78.2 78.6 79.9 78.9 78.9 79.7 80.7

Table 1. Performance comparison (ACC™) on EMBED dataset.

overall best performance.

Across different missing-modality scenarios, REMIND achieves the

Modality Availability Tail Multi-modal Learning Methods Long-Tailed Learning Methods Ours
M, Mo Ms Trans FuseMoE FlexMoE FairMixup Reweigh GroupDRO FairBatch REMIND

v v 89.3 87.2 86.6 89.3 86.9 85.2 86.9 90.8

v v 80.1 82.8 83.1 82.3 76.3 77.7 67.8 78.5

4 v 84.8 83.4 84.2 86.6 85.7 85.2 85.2 86.8

4 v 67.8 72.6 76.2 67.8 61.5 64.8 68.6 76.4

v 4 86.0 85.6 84.9 85.5 86.1 86.5 85.1 88.1

v v 78.8 79.8 75.6 82.6 71.8 81.3 76.4 82.3

v v v 84.4 85.6 85.3 87.7 86.9 87.6 86.2 88.0

Entire Dataset 83.0 83.7 83.1 85.2 82.5 84.3 82.6 86.1

Table 2. Performance comparison (ACC") on MIMIC-IV dataset. Across different missing-modality scenarios, REMIND achieves the

overall best performance.

Modality Availability Tail  Multi-modal Learning Methods Long-Tailed Learning Methods Ours

My, My Mz M,y Trans  FuseMoE FlexMoE FairMixup ~ Reweigh ~ GroupDRO  FairBatch  REMIND
4 v 82.1 84.0 84.3 83.6 83.2 84.8 84.3 85.5
4 v 4 v 89.0 85.2 74.8 76.8 86.1 84.2 82.9 93.8
4 v 81.4 81.5 82.3 78.8 81.4 82.2 82.0 82.5
4 v v v 66.7 66.7 75.0 78.3 66.7 83.3 75.0 100
4 v 4 v v 77.6 79.7 74.8 71.1 76.0 73.2 71.0 86.2
Entire Dataset 81.0 81.5 80.9 78.2 80.8 81.2 81.4 83.8

Table 3. Performance comparison (ACC") on FPRM dataset. Across different missing-modality scenarios, REMIND achieves the

overall best performance.

strates that this gradient inconsistency problem worsens as
training progresses. The head groups maintain high gradi-
ent consistency throughout training, creating a stark diver-
gence that prevents effective learning on tail combinations.
In contrast, our method demonstrates a more stable gradi-
ent consistency for both head and tail groups throughout
the training. REMIND helps global updates become less
head-dominated; head-vs-global consistency drops while
the head—tail gap shrinks. Ablation results (Table 4) fur-
ther verify that both components of DRO and expert spe-
cialization are crucial for alleviating this issue and improv-
ing model performance.

Q2: Have we achieved meaningful expert specializa-
tion? To investigate whether our group-adaptive MoE ar-
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Ml M2 M3 M4 W/oDRO W/oExpertSpec. Ours
1 73.6 72.0 74.6

1 1 80.6 82.8 79.9
1 75.1 68.8 74.6

1 1 79.1 78.7 79.5

1 1 1 727 727 74.0

1 1 1 1 84.3 83.8 84.0
Entire Dataset 80.5 80.0 80.7

Table 4. Ablation studies on EMBED dataset.

chitecture learns meaningful specialization patterns, we vi-
sualize the heatmaps of expert assignment scores across dif-
ferent modality combination groups (Fig. 4). The visualiza-
tion shows the frequency with which each expert falls into
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Figure 3. Gradient inconsistencies across training steps.
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Figure 4. Visualization of top experts patterns across modality
combination groups on FPRM Dataset.

the top-3 experts for different modality combinations. Our
method exhibits significantly clearer and more distinct spe-
cialization patterns across modality combinations compared
to the baseline Soft MoE, verifying REMIND has facilitated
learning of group-specific fusion functions.

Q3: Can our method handle extreme missing modal-
ity scenarios? Real clinical scenarios often involve certain
modalities with extremely high missing rates, which raises
the question of whether incorporating such sparsely avail-
able modalities in multi-modal model development pro-
vides any benefit. To investigate whether our method can
handle such scenarios, we manually created extreme miss-
ing scenarios for each modality in the FPRM dataset by sim-
ulating 80% missing rates. As shown in Table 5, for each
modality M;, we start from the subset of FPRM dataset
where all modalities are available, and artificially remove
a random 80% of samples from modality M/;, creating two
distinct sample groups: M, Available and M; Absent. We
then evaluate overall performance and performance on each
group separately to assess whether methods can (1) effec-
tively utilize sparse modalities when available and (2) main-
tain robustness when they are absent. Results demonstrate
that even under extreme missingness, our method can still
effectively incorporate these sparse modalities to achieve
substantial performance improvements over baselines.
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Basic Soft MoE Ours
Overall  M; Available M, Absent Overall M; Available M; Absent
M1 707 81.5 68.1 78.1 (+7.4%)  84.3 (+2.8%)  76.6 (+8.5%)
M2 739 71.5 74.6 84.1 (+10.2%) 842 (+12.7%)  84.1 (+9.5%)
M3 76.4 76.0 76.5 79.6 (+32%)  85.3 (+9.3%) 782 (+1.7%)
M4 794 79.4 79.4 87.3 (+7.9%) 87.8 (+8.4%)  87.2 (+7.8%)

Table 5. Performance under 80% artificial missingness for
each modality on FPRM dataset. For each row, 80% of samples
have modality M; removed. REMIND brings large improvements
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Figure 5. Performance of held-out tail groups in the FPRM
dataset. We show performances when unfreezing and finetuning
different model parts. X-Axis indicates the parts of model be-
ing finetuned: from zero-shot (’Nothing”’) to full finetuning (’Pred
Head +Router + 100% experts’).

Q4: Can our method adapt to unseen modality com-
binations? One interesting finding is that our framework
can be easily adapted to modality combinations unseen dur-
ing training by only finetuning the router matrix and pre-
diction head. We simulated this scenario by completely
excluding certain modality combinations from the train-
ing set, then evaluating different fine-tuning strategies on
them. As shown in Fig. 5, our analysis reveals that un-
freezing the prediction head and routing matrices could al-
ready achieve good performance with minimal parameter
updates. Our group-adaptive mechanism is able to learn
transferable representations and allows core expert knowl-
edge to be shared across groups, thus requiring only router
adaptation for novel modality combinations.

6. Conclusion

In this paper, we introduce REMIND, a novel frame-
work for high-modality learning under missingness. Our
analysis links prior methods’ underperformance on long-
tailed modality combinations to gradient inconsistency and
concept shifts. Extensive experiments demonstrate that
REMIND consistently improves performance, particularly
on tail modality-combination groups and under extreme
missing-modality scenarios.
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