Select the Key, Then Generate the Rest: Improving Multi-Modal Learning
with Limited Data Budget

Xinyu Zhao!, Kaishen Wang?, Jiaye Yang!, Jie Peng!,
Lirong Xiang®, Faizan Siddiqui*, Kwonjoon Lee*, Behzad Dariush*, Tianlong Chen""

"UNC of North Carolina at Chapel Hill, >University of Maryland,
3Cornell University, “Honda Research Institute

“Corresponding author

Abstract

Multimodal learning serves as a promising ap-
proach for applications with diverse informa-
tion sources. However, there are numerous
challenges when scaling up multimodal learn-
ing data from all modalities due to availability
or varied cost of data collection. We formu-
late and study multimodal learning under lim-
ited data collection budgets as a modality se-
lection problem, demonstrating that selectively
collecting a subset of modalities and synthesiz-
ing the missing ones can match or outperform
models trained with uniformly augmented full
modalities. Our research problem is formu-
lated as: given a limited data collection bud-
get, how to find the appropriate modalities to
collect new data and generate for the rest to
maximize model performance gain? To answer
this, we propose a new paradigm - Select the
Key modality, then generate the rest to enable
learning with limited data (SK-11). SK-11 con-
tains two essential components: (1) Select the
key. We propose a modality importance indica-
tor to find the optimal modalities by assessing
their single modal marginal contribution and
cross-modal interactions. (2) Generate the rest.
We substitute with generated embeddings for
the rest of modalities. We conducted exten-
sive experiments applying SK-11 across affec-
tive computing, healthcare with diverse multi-
modal learning backbones, obtaining average
accuracy gains of {2.37%, 6.55%, 6.73%} on
{MOSI, MOSEI, ADNI} respectively. Meanwhile,
we present interesting empirical insights such
as the data efficiency. Codes are provided in
https://github.com/UNITES-Lab/SK-11.

1 Introduction

Multimodal learning (MML) integrates informa-
tion from different modalities, such as text, vi-
sual, sensor, biomarkers to learn implicit repre-
sentation, which has been applied to diverse areas
including visual question answering (Ilievski and
Feng, 2017; Ding et al., 2022; Lu et al., 2023),

sentiment analysis (Soleymani et al., 2017; Chen
et al., 2017; Gandhi et al., 2023), robotics (Sun
et al., 2021a), and healthcare application (Yun et al.,
2024). Despite its great potential in these applica-
tions, collecting data with full modalities in real-
world scenarios can be challenging and costly. This
is due to restrictions in real life, for example in
biomedical settings, measurement devices would
destroy paired samples (Xi et al., 2024). In ad-
dition, the cost of collecting different modalities
varies significantly, with easily accessible image-
text data being far more abundant than more com-
plex modalities such as depth or thermal maps (Zhu
et al., 2024; Girdhar et al., 2023), tactile data re-
quires specialized sensors (Zou et al., 2017; Yang
et al., 2017; Meribout et al., 2024). Previous stud-
ies have devised various approach on multimodal
learning with missing modalities (Qiu et al., 2023;
Wang et al., 2023a; Wu et al., 2024; Lee et al,,
2023a; Guo et al., 2024). These methods simulate
missing modalities by randomly dropping obser-
vations from fully available data, sometimes us-
ing the dropped modality for reconstruction learn-
ing (Wang et al., 2023a). Our setting addresses
prospective acquisition, where modality scarcity is
present before training and a fixed collection bud-
get determines which new observations can be ob-
tained. This budgeted acquisition setting remains
underexplored in MML.

We conducted preliminary experiments over a few
affective computing datasets (Zadeh et al., 2016,
2018) to show the importance of multimodal learn-
ing, while the contribution of different modality
combinations differs substantially. We first inves-
tigate the efficiency of data utilization of multi-
modal learning compared to unimodal learning.
This is experimented with evaluating the perfor-
mance of a multimodal transformer (Yu et al., 2019)
across different training data ratios against the per-
formance of the best unimodal transformer model

15727

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 15727-15741
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/UNITES-Lab/SK-ll

MoOsSI MOSEI

Acc2
cC
°
&
g

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Data Data
Mosi Full Modalities MOSEI

Audio - Audio
—— Subset of Modalities

Video+Audio

Video Video

Text

Audio+Video

Audio+Text

Audio+Video

Audio+Text

Figure 1: Top: Accuracy of multimodal model at different
training data ratios (0.1 to 1.0) across affective computing

datasets, compared to best unimodal learning ( )
at full training data. Bottom: Test accuracy of multimodal
models learned on different modality combination ( )
compared to the model trained on full modalities ( )

across 2 affective computing datasets. Acc2 denotes binary
accuracy, while Acc7 denotes 7-class accuracy.

trained with the complete dataset. As illustrated in
Figure 1 (Upper) for both the MOSI and MOSETI af-
fective computing datasets, the models trained with
full multimodality surpass the best unimodal base-
line even when using as little as 10% of the total
training data. However, not all modalities or their
combinations contribute equally to the performance
of multimodal learning. To further assess the poten-
tial of utilizing a subset of modalities, we trained
multimodal models with various combinations of
the available modalities. Their test accuracies were
then compared to a model trained on the full set of
modalities. As depicted in Figure 1 (Bottom), spe-
cific subsets of modalities (indicated by the green
line) can achieve strong performance relative to
other subsets, and in some cases, can approach the
performance of the model trained with all modali-
ties (indicated by the orange line). For example, in
the MOSI dataset, the Audio+Text combination is
a notably high-performing subset. For the MOSEI
dataset, combinations such as Video+Text and Au-
dio+Text also yield strong results. The observation
that the most effective modality subsets can vary
by dataset highlights that a strategic selection of
modalities is crucial. This approach can lead to su-
perior or more efficient performance, particularly
when data acquisition or processing resources are
constrained, without needing a complete set of all
available modalities.

Inspired by the findings from the preliminary ex-
periment and data collection difficulty in reality,
we introduce a new research problem: given a cer-
tain limited data collection budget, how to deter-
mine which modalities should be collected and the
rest should be generated for improved multimodal
learning? To address this question, we propose a
novel multimodal paradigm, Select the Key, then
generate the rest to enable learning with limited
data (SK-11). Specifically, SK-11 consists of two
key components: the modality importance indica-
tor and the missing modality generation.

Firstly, the modality importance indicator selects
the key modality combination by evaluating both
the marginal contribution of each modality and
their cross-modality interactions. Given a multi-
modal dataset, we apply our proposed Step-wise
Maximization of Modality Selection algorithm to
identify the most informative modality combina-
tion. We then allocate the data collection budget
to the key combination to ensure that the most in-
formative modalities are prioritized. Secondly, we
generate the missing modalities based on the com-
bination to ensure the completion of multimodal
data while mitigating modality interference. This
approach enables more effective model training
even with a limited data collection budget. To vali-
date the effectiveness of SK-11, we conduct exper-
iments across MML backbones and applications.
The contributions of this paper are:

o We investigate multimodal learning under limited
data collection budgets, addressing the practical
constraint of varying modality acquisition costs.
We reveal that MML is more data-efficient than
unimodal approaches, while performance varies
significantly across modality subsets, necessitating
principled modality selection for achieving optimal
MML performance under budget constraints.

e We introduce a novel framework that first Select
the Key modality subsets for new data collection,
then generate for the rest modalities, thus enable
Learning with Limited new data. Then, we develop
an indicator for assessing the relative importance
of each modality subset, which guides modality
selection in SK-11. Experiments demonstrate a
strong correlation between the rankings of this indi-
cator and the accuracy of actual MML task across
different subsets of modality.

e Our framework offers flexibility by adapting
to any available data at any new data budget
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constraint, enhancing performance across diverse
MML tasks. We validate the effectiveness of SK-11
through extensive experiments across multiple mul-
timodal backbones. Our approach demonstrates
consistent performance improvements across affec-
tive computing and healthcare. For example, SK-11
obtains average accuracy gains of {2.37%, 6.55%,
6.73%, 0.59%} on {MOSI, MOSEI, ADNI, MIMIC}
compared to the baseline approach.

2 Related Work

Multimodal Learning with Missing Modality.
Real-world multimodal systems often face the chal-
lenge of uncertain modality missingness due to vari-
ous factors such as environmental interference, sen-
sor malfunctions, and privacy concerns, which can
significantly degrade model performance (Ma et al.,
2022; Wei et al., 2023; Lee et al., 2023b; Qiu et al.,
2023; Zhang et al., 2023b; Wu et al., 2024). Recent
studies have explored modality robustness and uni-
fied frameworks to mitigate these effects: Hazarika
et al. (2022) and Lin and Hu (2023) analyze robust-
ness against modality drops, while UniMF (Huan
et al., 2023) proposes a unified framework for un-
aligned and missing sequences. Techniques range
from simple imputation (Tran et al., 2017; Pham
et al., 2019; Wang et al., 2023b) to noise imitation
(Yuan et al., 2023) and multimodal mixup (Lin and
Hu, 2024), with other approaches using deep gen-
erative models to synthesize missing data or latent
representations (Hoffman et al., 2016; Zheng et al.,
2021; Zhou et al., 2021; Zhi et al., 2024). Huang
et al. (2025) further explore out-of-modal gener-
alization without instance-level modal correspon-
dence. However, these studies focus on handling
missing values within fixed, pre-existing datasets.
In contrast, we address the prospective challenge
of prioritizing which modalities to collect under a
limited budget to maximize performance gain.

Modality Imbalance and Selection in MML.
While MML leverages complementary informa-
tion from multiple sources, some modalities are
more dominant than others (Du et al., 2023; Peng
et al., 2022), and different modalities overfit and
converge at different rates (Wang et al., 2020),
leading to modality imbalance and counterproduc-
tive MML performance (Ismail et al., 2020; Sun
et al., 2021b; Fan et al., 2023). Methods to ad-
dress this include modulating learning pace (Zhang
etal., 2023a), alternating unimodal learning (Zhang
et al., 2024), sparse mixture-of-experts (Peng et al.,

2023), Pareto-optimal unimodal assistance (Wei
and Hu, 2024), and dynamic modality gap bridg-
ing (Yang et al., 2024). Gradient conflicts have
also been studied to mitigate modality collapse
(Javaloy et al., 2022). Most related to ours, He
et al. (2024) select modalities via Shapley values to
improve inference efficiency by pruning modalities
at test time. Our work instead targets the data ac-
quisition stage: we select synergistic modalities for
collection and generate the rest, optimizing both
acquisition cost and modality interference.

3 Methodology

3.1 Task Formulation of Multimodal
Learning under Limited Data Budget

We study resource-constrained multimodal learn-
ing with an available paired seed dataset and a
limited budget for collecting additional observa-
tions. Let M = {M;, ..., M,,} denote the modal-
ity set and D = {(z;, %)}E'l the available train-
ing data, where z; = (z!,...,27") and a7 is the
observation of modality M; for sample 7. Each
acquisition of one modality for one new sample
consumes one modality-sample unit. An alloca-
tion 8 = (B1,...,5m) € Ni', where j3; is the
number of newly acquired observations of M, is
feasible when

> Bi<B (1)
j=1

Let D'(B8) denote the observations acquired
under this allocation, and define J(3) =
Perf(Train(D, D’(8))) for a fixed training and
evaluation procedure. The budgeted acquisition
problem is

m
B* € argmax J(B) s.t. Zﬁj <B. (2
BENT =

When n aligned samples are collected for every
modality in a selected subset S of size k, 3; = n
for M; € S and 0 otherwise, so the acquisition
cost is B = kn. Our experiments therefore study
finite-sample allocation at equal acquisition cost,
complementing population-level analyses of the
information available from the full modality set.

3.2 Select the Key Modality

The introduction of a new modality usually
could bring a non-negative effect, as prior work
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Figure 2: Overview of SK-11. Top-left shows the task setting, where there are some available multimodal data along with a
limited new data budget B. Right illustrates SK-11 framework approaching MML under limited new data with two steps. (1) We
first select the key modality subset by evaluating the cooperation indicator C(S), ranking all possible subsets, and allocating the
data budget B to the top subset. (2) We then synthesize missing modalities corresponding to increased sample amounts through
generators. In the second step, we start model training by updating both the generator and multimodal backbone with available
full modal data, then continue improving the multimodal backbone with new data from SK-11. Bottom-left contrasts with a naive
solution that evenly distributes the new data budget to all modalities.

shows that learning with more modalities provably
achieves a smaller population risk (Huang et al.,
2021). However, the marginal benefit from new
modalities may also decrease as more modalities
are included. Therefore, being able to proactively
select the most useful modalities can help reduce
the cost of collecting and maintaining weak modal-
ities, and improve computational efficiency.

There is a line of works that explore how to quantify
the contributions of modality and modalities inter-
action in multimodal learning. (Gat et al., 2021)
introduce the perceptual score that assesses the
degree to which a model relies on the different
subsets of the input features. (Hu et al., 2022) use
the Shapley value to evaluate the cross-modal co-
operation for the whole dataset. (Wei et al., 2024)
further improve the multimodal cooperation at the
sample level using the introduced Shapley-based
metric. (Wenderoth et al., 2024) introduces Inter-
SHAP that dissects cross-modal interaction uses
the Shapley interaction index.

Our work focuses on measuring the importance
of individual modalities and cooperation in a data-
limited scenario. We formalize this intuition by
defining an indicator of importance for the combi-
nation of modality that captures both the contribu-

tion of the individual modalities and the degree of
complementarity between the modalities.

Inspired by the cooperative game theory, the
Shapley value (Roth, 1988) ¢(-, -) measures each
player’s contribution to overall performance via the
weighted average of their marginal contributions
to all possible coalitions. Multimodal learning is
considered a coalition game of | M| modalities, and
the Shapley value of modality M; is defined as:

ISEAM]| = [S] = D!

dam; (M, fu) =
™ SQ/\Z/‘:\U} M 3
(fu(SU{M;}) = fu(9))

where S is a modality subset of M, and j ¢ S. The
contribution of each modality (subset) is measured
by the utility function f,(-) : 2M — R.

We quantify the utility of an input-modality subset
S by the reduction in the best achievable expected
loss relative to a constant predictor. Let G(.S) be
the predictor class that observes Xg, and let G(0)
contain constant predictors. For the classification
experiments, we instantiate the loss as ¢o.1(y, y) =

1ly # ]
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fu(S) = min E[lo1(Y,c)] — min E[lo.1(Y, g(Xs))]

c€G(0) gEG(S)
4)

Under 0-1 loss, the optimal constant is the
majority-class predictor and the second term equals
one minus the best achievable classification accu-
racy. Thus, f,(S) equals the accuracy gain from
observing S over the majority-class predictor, di-
rectly connecting the loss-based definition to the
accuracy used in our experiments. Empirically, we
fit both the subset model and the majority-class
predictor on the training portion of the seed set and
evaluate both on its held-out validation split. Indi-
vidual marginal contributions characterize the addi-
tive component of joint utility, and the interaction
score below captures its non-additive component.

Concretely, we use a scaled Shapley value to mea-
sure each modality’s individual contribution, where
Z is the total utility gain of the full model, acting
as a dataset-level normalization factor (Gat et al.,
2021):

QASMJ (M; fu) = %czﬁMj (M; fu) (5)

The Shapley value allocates the total payoff to in-
dividual modalities. To additionally represent the
interaction structure of a particular subset, we de-
fine Interaction Synergy as the departure of joint
utility from an additive unimodal reference. Specif-
ically, for S C M, the normalized cooperation
score C(.5) is

¢s) = (1) - X RLD). ©
M;€S
where  f,(S) is the joint utility and

> omjes Ju{M;}) is an additive reference
built from the unimodal utilities. This reference is
only a computational baseline; it does not assume
the modalities are statistically independent. C(.5)
measures how far the joint utility departs from it.
We normalize by Zg = f,,(S) to compare subsets
at different utility scales. A positive C(.S) indicates
synergy beyond the additive reference, a negative
value indicates redundancy or interference, and
zero indicates approximately additive utility.

Table 1 presents the modality importance scores
over a few affective computing datasets under lim-
ited data availability, using classification accuracy
as the utility function. We take the majority-class

accuracy as a baseline when certain modalities are
absent. All possible permutations are evaluated so
that both unimodal contributions and cross-modal
interactions are thoroughly assessed.

3.3 Modality-Interference-aware Incomplete
Modality Generation

Informed by SK-11, we collect a selected subset
Sava C M and synthesize the unobserved modali-
ties Spiss = M \ Sava. The incomplete-modality
generation process comprises feature extraction
and missing-modality generation. (1) Shallow
feature extraction. For each sample, we extract
features X Mi) for every M; € Sava and project
them into a shared-dimensional space. (2) Miss-
ing modality generation. For the classification
tasks, we use class-conditional normalizing flows
to transfer the available representations into each
missing-modality space (Wang et al., 2023a). The
class condition shapes a discriminative latent distri-
bution during training, while the available features
provide the instance-specific input. Given an avail-
able sample of class c, the flows are optimized by
the cross-modal distribution transfer loss

Z [long(Mi) (Z<Mi) | Yy = c)
]\’Iiesava
(M;)
der (220
OX (M)

where the first term is the class-conditional la-
tent log-density and the second is the flow log-
Jacobian determinant. In particular, Z(M:) =
FM) (X))~ N (e, ¥.) is a deterministic
function of that sample’s available feature. To
generate a missing target modality M;, the cross-
modal transfer module decodes the sample-derived
latent through the target inverse flow, X(M) =
(FMe)y=1(z(Mi)) The class label parameterizes
the training prior but is not the input to this re-
verse mapping. Consequently, two samples in the
same class with different available features produce
different missing-modality representations: the ob-
jective is class-conditional, whereas generation is
instance-conditional.

lgen = -

Q)
+ log

The entire model is trained end to end by jointly
optimizing multimodal fusion and incomplete-
modality generation: £ = liaek + algen, Where
ltask 18 the appropriate classification loss (cross-
entropy or binary cross-entropy) and « controls the
weight of the generation objective.
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Table 1: Accuracy (Acc.) of MuLT on MOSI and MOSEI, all
with 40% training data . The cooperation C(-) scores over
each modality subset S, our proposed indicator to measure the
importance of modality in multimodal learning, and the rank
of each subset in C(.5).

Datasets | S | Acc. | C(S) | Rank.
T.A | 7502 | -0.015 2
MOSI TV |7152 ) 0014 1
A,V | 55.63 | -0.066 3
TA | 7092 | 0.037 1
MOSELI | 7,V | 70.35 | 0.029 2
A,V | 5257 | -0.101 3

The overview of our method is illustrated in Figure
2. The complete algorithm for crafting a recipe for
dataset in the limited data regime is summarized
in Algorithm 1. Algorithm 1 starts with an empty
set, and subsequently adds to the current set the
new modality that maximizes the marginal gain at
each iteration. For each candidate modality M;,
we (1) train two models on S and S U M; respec-
tively until training losses converge, and (2) record
the difference between two sets of performance
metrics, and compute the importance scores; (3)
select the top p modalities (where p is the cardi-
nal constraint of modalities that can be selected)
based on the ranked importance score, and add the
selected modality to .S to construct S;;. Normally
we end up with more complementary modalities,
ensuring that the modality importance score (i.e.,
¢ or C(S) values) selected in each iteration is a
positive value. The modality selection process ter-
minates when no modality with a positive effect
on the current combination can be found in any
iteration. Given the optimal modality combination,
we next utilize available data modalities to generate
missing modality, to form full modal representa-
tions.

4 Experiment

4.1 Implementation Details

Backbone Models and Benchmarks. We evalu-
ate our proposed SK-11 across below multimodal
learning backbones and application:

o Affective Computing: We apply SK-11 on
Multimodal Transformer (Yu et al., 2019) with
Flow-based generation (Wang et al., 2023a) on
MOSI (Zadeh et al., 2016) and MOSEI (Zadeh et al.,
2018), which provide Text (T), Video (V), and Au-
dio (A) modalities aligned at the clip level. Each
sample is labeled with sentiment valence from -3
to +3. We also apply SK-11 on CoMM (Dufumier
et al., 2025) with UR-Funny (Hasan et al., 2019)

and MUStARD (Castro et al., 2019). Accuracy? is
used for evaluation.

e Healthcare Application: We apply SK-11 on
Flex-MoE (Yun et al., 2024) with ADNI (Weiner
et al., 2010) (four modalities for AD stage predic-
tion) and MIMIC-IV (Johnson et al., 2019) (ICD-9
codes, clinical text, and vital values). Only samples
with all modalities are kept for training. F1 is used
for evaluation.

Baselines. The baseline allocates the data col-
lection budget evenly across all modalities. In
SK-11, the modality importance indicator selects
the key modality combination, and the budget is
distributed across this combination, with missing
modalities generated to complete the data. The up-
per bound allocates a separate, dedicated budget
to each modality.

Training and Evaluation Details. We conduct
four groups of experiments per dataset with initial-
data ratios of 10%, 20%, 30%, and 40%, each
repeated with five random seeds (mean =+ stan-
dard deviation). The new-data acquisition budget
is fixed at B = 10% of the full training-set size in
modality-sample units. Detailed hyperparameters
are provided in Appendix A.3.

We equalize acquisition cost across methods, while
the number of completed training instances fol-
lows from how many modalities are acquired per
new sample. For a dataset with m modalities, the
Baseline spends B/m units on each modality for
aligned samples, adding B/m complete real in-
stances. If SK-11 selects a subset of k modali-
ties, it spends B/k units on each selected modality
for aligned samples and generates the remaining
modalities, adding B/k complete instances. Thus,
with m = 3, £k = 2, and B = 10%, the Base-
line adds 3.33% complete real instances, whereas
SK-11 adds 5% completed instances from two ac-
quired and one generated modality. At an initial-
data ratio r, their respective training-instance ratios
are r + B/m and r + B/k. The upper bound ac-
quires all modalities for an additional B complete
instances and consequently uses acquisition cost
mB; the Baseline and SK-11 each use B.

4.2 Superior Performance of SK-11

Naively allocating new data budget to all modal-
ities results in suboptimal performance gain and
even decrease. Table 2 shows that the return from
uniform allocation depends on the dataset and data
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Table 2: Performance of SK-11 across applied to classification tasks and traditional multimodal model. 4 groups of experiments
are shown in rows with same color ( , , , ), with upper and lower adjacent experiments trained on full modality data as upper
and lower bound. Best results are bolden. “Ava. D” stand for available data ratio. “Gen.” stand for whether we generate data
embedding for missing modalities. “Baseline” method simply allocate quota to all modalities evenly. For Baseline and SK-11 we

select data budget B as 10%.

Ava. D Gen. Method MulT CoMM Flex-MoE
MOSI MOSEI UR-Funny  MUStARD ADNI MIMIC
- - 720125 69.83x143 | 51.794200  59.07x032 | 30.614715  57.34x0s5
10% X Baseline | 70.52+3s3  71.944033 | 51.10+282  59.60+047 | 32.341405 57.70+061
v SK-11 7518+136  76.821667 | 51.62:11  59.191004 | 48.87 1365 58.41+105
- - T1.78+232  71.07x067 | 50.164265 59.67x0s2 | 40.90+£724  59.16x055
20% X Baseline | 76.24+077  70.63+128 | 57.72+111  59.73+015 | 44.441601  59.78+075
v SK-11 77.93:060 80.81:037 | 52.06+320 61.61+102 | 54.06+540 60.13-031
- - 76.241072  71.29+065 | 52.99+097  59.271037 | 49.69+455  60.37x073
30% X Baseline | 76.53+142  71.71+0s0 | 54.284315 61.61+020 | 54.114212  61.52+0s3
v SK-11 79.18+056 80.36+050 | 59.41+1129 61.87+007 | 54.831599 61.83r056
- - 7726082 71211114 | 53.86x152  60.37x022 | 53.70+432  60.48+0s2
40% X Baseline | 77.11x170  71.10x0s4 | 55.934336  61.51x020 | 54.284223 61.30+103
v SK-11 79941087 80.16+025 | 57.701216 62.24+019 | 61.76:043 62.87 050
50% - - 76.82+105  T1.841052 | 56.82+155 61.40x048 | 63.964320 62.19+178

Table 3: Performance of SK-11 on MOSI (Acc) under three new-data budgets (+10%, +30%, +50%), each evaluated at 10% -
50% available data. For a budget 4, the per-modality acquisition quota is i /| M|, where | M| is the number of modalities.

Ava. D +10% Data +30% Data +50% Data
Baseline SK-11 Baseline SK-11 Baseline SK-11
10% 70.524385  7518+136 | 71.781232  75.83+142 | 73.61148¢  76.1210m
30% 76.53+142 79.18x0s6 | 77.26+082  77.67 095 | 77.63+158  79.59+039
50% | 77.93+099 79.24+070 | 78.68+25¢ 79.49+068 | 79.131104  80.10-£0.44

regime. On MOSI at 10% and 40% available data,
the Baseline falls below training on the initial data
alone. The same pattern occurs on UR-Funny at
10% and MUStARD at 40%, whereas uniform ac-
quisition improves performance on ADNI. These
results motivate directing new observations toward
modalities that contribute most effectively under
the available-data regime.

SK-11 surpasses Baseline with significant mar-
gins. Our proposed method SK-11, which first de-
termines key modalities for budget allocation and
generates missing data, demonstrates substantial
performance improvements across the all bench-
marks. It consistently outperforms the initial avail-
able data setting and, in most cases, surpasses
the Baseline approach, often by significant mar-
gins. @ Generalization across tasks and back-
bones: The effectiveness of SK-11 is not confined
to a specific task or model architecture. On affec-
tive computing, we experiment with both fusion-
based (MulT on MOSI/MOSETI) and self-supervised
(CoMM on UR-Funny/MUStARD) multimodal mod-

els, where SK-11 consistently yields significant
gains over Baseline. On healthcare tasks with MoE-
based Flex-MoE (ADNI/MIMIC), SK-11 also deliv-
ers strong results, achieving a 6.73% average im-
provement over Baseline on ADNI. These consistent
improvements across different task domains and ar-
chitectures highlight the broad applicability of our
selective budget allocation strategy. @ Generaliza-
tion across data ratios: The advantages of SK-11
hold across the spectrum of initial data availability
from 10% to 40%. At low ratios, SK-11 provides
substantial benefits even with minimal data — the
improvement on MOSEI at 10% (76.82 vs. 71.94
Baseline) exemplifies this. At higher ratios, SK-11
maintains its edge, as seen on MIMIC at 40% (62.87
vs. 61.30) and MOSET at 40% (80.16 vs. 71.10).

4.3 Extra Studies

SK-11 Performs Consistently Under Varied New
Data Budgets In our primary experiments, we
fixed the new data budget to 10% across varying
availability levels. To examine the generalizability
of SK-11 across different data budget scenarios, we
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Table 4: Ablation study on the Budget Allocation Strategy.
We fix the modality subset from the “Selection” step and vary
the budget ratio assigned to the identified “Primary Modality.”
The baseline is a uniform split (50% for 2 modalities). The
dataset is MOSI and metrics is Acc2.

Ava. D Modality Subset Ratio for Primary Modality
Selected Primary 50% 60% 70% 80%
10% T A T 7518+136 7417092 73.89+170  74.05+1.00
30% vV T 79.18+0s6  78.20+136  77.86+061  77.67 1060
50% TV T 79.24070 7824070 77.90+0ss 77.36+076

Table 5: The stability of our modality importance indicator
C(S) on MOSI. The indicator’s ranking aligns with the actual
subset performance (Acc2) as the amount of available data
changes. Best performing subset at each data ratio is bolded.

Ava. D Accuracy (Acc) Indicator C(S) Value
T+A T+V A+V T+A T+V  A+V
10% | 71.05+116  68.48+226 48.57+46 | 0.120 0.035 0.078
20% 76.33104s  73.00+116  52.65+205 | 0.092 0.035 -0.010
30% | 7554414 76.70+139  55.02+15 | -0.008 0.041  0.006
40% | 75.02+131  77.52+06s 55.63+120 | -0.015 0.014 -0.066

Table 6: Model performance (Accuracy) by subgroups on the ADNI dataset.

Model and Ava. D Male Female Gender Gap | Young Old Age Gap
No-Gen (40%) 0.489 0.485 0.004 0.457 0.492 0.035
Baseline (40%+10%) | 0.552  0.549 0.003 0.457 0.551 0.094
SK-11 (40%+10%) | 0.631  0.655 0.024 0.571 0.638 0.067
No-Gen (50%) 0.659  0.645 0.014 0.714  0.647 0.067

conduct additional experiments using three differ-
ent budget ratios (10%, 30%, and 50%), represent-
ing multimodal learning contexts ranging from low
to high resource availability. The results presented
in Table 3 demonstrate consistent and significant
performance improvements by SK-11 across all
tested budget settings, highlighting its robustness
and flexibility in data resource constraints.

Balanced Data Allocation Strategy Improves Ef-
ficiency and Stability We investigate the effec-
tiveness of different budget allocation strategies
for newly collected data. Specifically, we com-
pare a weighted allocation strategy, where modal-
ities within a subset are ranked according to their
single-modal Shapley values, prioritizing modali-
ties with higher contributions (denoted as the “Pri-
mary Modality”) against a balanced allocation. Re-
sults summarized in Table 4 indicate that perfor-
mance differences among various allocation strate-
gies are marginal, with excessively emphasizing
the primary modality potentially harming overall
performance. Consequently, for simplicity and
pipeline efficiency, we uniformly distribute the data
budget among modalities.

Separating Subset Selection from Generation
and Sample Count. Table 7 holds the acquisi-
tion budget, generator, and training-instance count
fixed while varying only the acquired pair. The pair
selected by our indicator performs best at every
data ratio, exceeds the worst pair by 10.62-13.17
Acc?2 points, and remains within 0.28 points of the
corresponding SK-11 result in Table 2. Table 8
controls for sample count: the Generation baseline

creates B new instances versus B/2 for SK-11,
yet SK-11 scores 1.68-2.13 points higher. These
controls isolate the benefit of subset choice and
conditioning generation on two real modalities.

Generator Choice. On MOSI with 20% available
data and a 10% new-data budget, the normalizing
flow achieves 77.93+0.60 Acc2, compared with
75.4941.28 for diffusion, while reducing average
training time per epoch from approximately 15 to
3 seconds. The flow therefore provides both higher
completion accuracy and a 5x training-speed ad-
vantage in this setting.

Generation Cost. The flow generator adds
8.40M parameters (7.13%), 12.8% forward-pass
overhead for one generated modality (26.4% for
two), and 2.14 GiB peak memory; Appendix Ta-
bles 10 and 11 report the full breakdown.

Evaluating the Modality Importance Indicator.
To evaluate our modality importance indicator, we
compare its ranking against actual downstream ac-
curacy for all modality pair combinations on MOSTI.
With a 20% lower bound, Algorithm 1 orders the
pairs as {T, A} >~ {T,V} = {A,V}, matching
the experimental ranking (details in Appendix A.1).
We further test stability by varying the available
data ratio from 10% to 40%. As shown in Ta-
ble 5, the optimal subset shifts with data avail-
ability—from {7', A} at 10-20% to {T', V'} at 30—
40%—and C(S) correctly tracks this shift at every
stage, confirming the indicator’s robustness across
data-limited regimes.
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Table 7: Controlled subset selection on MOSI. Each column
acquires two modalities and generates the third with the same
budget, generator, and new-instance count. Bold marks the
selected subset.

Table 8: Sample-count control on MOSI. At the same budget,
Generation generates two modalities per instance and adds
twice as many new instances as SK-11.

Method Budget 10% 20% 30% 40%
Ava. D T+A=V T+V — A A+V =T Baseline B/3 | 70.52+3.83 76.24+0.77 76.53+1.42 77.11+1.70
10% 75.3240.62 71.40£0.61 62.154:0.58 Generation | B | 73.2040.64 75.80+1.23 77.50+0.40 78.1040.93
20% 77.651+0.58 74.50£0.50 65.20+0.90 SK-11 B/2 | 75.18+1.36 77.93+0.60 79.18+0.56 79.94-0.87
30% 76.204-0.90 79.4010.64 67.8040.29
40% 78.5040.42 79.7240.73 69.1040.73

Comparison with Alternative Indicators. We
compare our cooperation indicator with a Shapley-
only score (He et al., 2024), which captures in-
dividual modality contributions, and the SHAPe
interaction index (Hu et al., 2022), which measures
pairwise interactions. Across MOSI and MOSEI at
four data ratios, our indicator identifies the best
subset in 12 of 16 settings, compared with 10 for
Shapley-only and 9 for SHAPe. It also achieves
the highest average Kendall 7 with downstream
subset performance (0.750 vs. 0.667 and 0.417),
supporting the use of both individual importance
and cross-modal synergy for subset selection.

Scope of Subset Selection. Our results character-
ize two regimes that the indicator identifies before
any budget is spent. On MOSI, the { A, V'} pair has
C(S) = —0.066 at 40% available data and substan-
tially lower subset accuracy than {T', V'} (Table 5);
selecting a stronger pair yields gains of 10.62—
13.17 points under the controlled generation setting
(Table 7). On MIMIC, all three pairwise scores are
positive (0.141, 0.118, and 0.063), which the indi-
cator reads as broadly complementary modalities
with little interference to avoid. The minimum in-
teraction score thus distinguishes an interference
regime with substantial selection headroom from a
broad-complementarity regime, letting practition-
ers prioritize subset selection precisely when the
weakest interaction is negative.

Fairness Audit in Healthcare Application To
evaluate the fairness and potential biases of our
method in sensitive domains, we conducted a fair-
ness audit on the ADNI healthcare dataset. We
disaggregated the model’s performance by gender
and age subgroups, comparing our SK-11 frame-
work against the uniform-allocation baseline and
no-generation models under a 40% available data
and 10% new data budget setting. As shown in Ta-
ble 6, SK-11 mitigates the age-related accuracy gap
observed in the baseline (0.067 vs. 0.094) while
maintaining a comparable gender gap. This anal-
ysis suggests that our strategic data selection and

generation process not only enhances overall accu-
racy but also promotes more equitable performance
across different patient populations.

5 Conclusion

In this paper, we propose SK-11, which identifies
the most synergistic modality subset via a coop-
eration score C(.5), allocates the data acquisition
budget to it, and synthesizes the missing modalities.
On affective computing and healthcare benchmarks,
SK-11 consistently outperforms uniform allocation
across data availability ratios, budget sizes, and
multimodal backbones. A fairness audit on ADNI
further shows that SK-11 narrows the age-related
accuracy gap, suggesting that strategic data acqui-
sition can improve both utility and subgroup equity.
We hope this work motivates resource-aware data
collection as an important consideration in multi-
modal learning.

Limitations

The selection and generation pipeline relies on an
initially paired seed set. Its quality and representa-
tiveness influence the accuracy of the importance
assessment, and biases in demographic groups, do-
mains, or recording conditions can propagate to the
selected acquisition strategy. Future work can com-
bine the importance assessment with bias detection
and evaluate selection robustness under deliberately
imbalanced seed data.

Our experiments assume equal acquisition costs
across modalities. In practice, these costs may
vary due to different sensors, procedures, or an-
notation requirements. The selector can account
for such differences by prioritizing modality sub-
sets that provide stronger cooperation relative to
their collection cost. Future work can evaluate this
extension using application-specific costs.
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A Appendix

A.1 Extra Experiments

Evaluating Modality Importance Indicator As
shown in Table 9, we allocate extra data collection
budget to all possible modality combinations and
then report corresponding results. When setting
lower bound to 10%, our modality importance in-
dicator orders the modality combinations as T+A,
followed by T+V, then A+V. The results shown in
Table 9 is consistent with the order obtained by in-
dicator, proving the effectiveness of our proposed
modality importance indicator.

Evaluating SK-11 under Different Testing Con-
ditions. To assess the robustness of SK-11, we
take MOSI as an example, evaluating it under vari-
ous testing conditions using combinations of T', A,
and V modalities: {T', A}, {T,V}, {A4,V}, and
{T, A, V'}. For instance, the T+A condition uses
only the Text and Audio modalities during testing.
All results are based on the best models validated
with the full validation set. As shown in Table 12,
the {T, A} and {T,V} conditions perform simi-
larly to the full testing set {7, A, V'}, demonstrat-
ing the model’s robustness. In contrast, {A,V'}
yields lower results, which aligns with the indica-
tor’s findings that { A, V'} is less suitable for budget
allocation.

Computational Cost and Scalability Analysis
Computing the modality importance indicator re-
quires training or evaluating a model for each can-
didate subset. Table 13 reports this one-time wall-
clock cost on a single NVIDIA A6000 GPU, with
early stopping used throughout. We also estimate
the indicator on MOSI from five non-overlapping
subsets of 100 samples. Although the absolute
C(S) values change, Table 14 shows that every
subset preserves the full-data ordering {7, V'} >
{T,A} > {A,V}. The selection decision can
therefore be estimated from a compact paired seed
set, substantially reducing indicator-computation
cost.

A.2 Overview of Our framework

A.3 Extra Implementation Details

Hyperparameter Details. For unimodal train-
ing on affective computing datasets, the maximum
number of epochs is 100, learning rate is le-4,
batch size is 128, weight decay is 0.005, and early
stopping patience is 8. For multimodal training,

Algorithm 1 Step-wise Maximization of Modality Selection

1: Data: Full modality set M = {Mu,..., M}, fixed
sampling budget B
2: Inmput: Unimodal contribution ¢ (Eq. 5), cross-modal
cooperation C (Eq. 6), max number of modalities to select
k
Output: S,
So=10
fori =0,1,....k — 1do
if ¢ = 0 then N
M* = arg max ¢(M;)

M;eM

else
M* = argmax C(S; U {M;})
M;eM\S;

VX ANk w

10: end if _
11: $i+1 ISiU{MZ}
12: end for

the same settings apply except patience is set to 10.
The MOSI dataset contains 1,284 training, 229 val-
idation, and 686 testing samples; MOSEI includes
16,326 training, 1,871 validation, and 4,659 testing
samples. The ADNI and MIMIC settings follow (Yun
et al., 2024).

Generation Model Details For the MulT and
CoMM backbones, we employ a class-conditional
Normalizing Flow to synthesize missing modal-
ities. The architecture comprises a shallow fea-
ture extractor (kernel size 5), a cross-modal dis-
tribution transfer module consisting of 32 invert-
ible layers, and a reconstruction decoder utilizing
20 Residual Channel Attention Blocks. To ac-
commodate varying dataset complexities, the hid-
den dimensions are set to 64 for CMU-MOSI and
128 for CMU-MOSEI. For Flex-MoE, its learn-
able missing-modality bank supplies the generated
modality representation. This framework is con-
figured with a hidden dimension of 128 across
tasks; specifically, on the ADNI dataset, it employs
16 experts with a Top-4 gating strategy, while on
MIMIC-1V, it scales to 32 experts with a Top-3 gat-
ing strategy to effectively model diverse modality
combinations.

A.4 Visualization of Generated Data

To qualitatively evaluate feature generation quality,
we visualize the distributions of real and gener-
ated data using t-SNE (van der Maaten and Hinton,
2008). We randomly select 100 testing samples
from MOSI, projecting their multimodal features
onto a 2D plane. As illustrated in Figure 3, the gen-
erated features reside in the same latent manifold
as the authentic data, preserving modality-specific

15739



Table 9: Results of different modality combination for generation.

Combination Acc2 F1 Score Acc7
T+A 77.294+0.78 77.33+0.72  29.26+0.60
T+V 75.88+2.00 75914+2.06 28.69+1.92

A+V 63.14+11.72 59.11+£15.78 20.44+6.89

Table 10: Parameter cost of the MOSI generator. Table 11: Forward-pass cost on MOSI with batch size 32. Peak GPU
memory is 2.14 GiB.
Component Parameters Share
Generator (3 flows, 3 CATs, 7 priors) 840M  7.13% Setting ms/batch ~ Overhead
Backbone (including BERT) 109.48M  92.87% Full modalities, no generation 12.50 _
Total 117.88M  100% 2 real modalities, generate 1 (SK-11) 14.10  +12.8%

1 real modality, generate 2 (Uniform+Gen) 15.80  +26.4%

Table 12: Ablation results under different testing conditions
across different available data (Ava. D) on MOSI.

Testing Conditions
{1,Ay {T,v}y {AV} {T,AV}

0.1 7226 7372 4434 75.65
0.2 73.96 7644  47.82 77.95
0.3 7277 79.19 36.84 79.08
0.4 7426 7281 44.84 80.07

Ava. D

structures. This confirms that SK-11 effectively
synthesizes realistic representations without addi-
tional data collection. Furthermore, comparing the
visualization across different data settings reveals
that the feature clusters become more distinct and
structured with increased availability of initial train-
ing data (from 10% to 50%). This suggests that
SK-11 effectively leverages richer data contexts to
refine the separability and quality of the synthetic
features.
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Table 13: One-Time Indicator Computation and Model Training Time. We report the total wall-clock time (in minutes) for the
modality selection process on a single NVIDIA A6000 GPU across different datasets and data availability ratios.

Dataset Modalities Available Data SK-11 Indicator Computation SK-11 Model Training Baseline Model Training

1 1 ~2. ~1.
MOSI 3 0% 8.13 5 8
50% 13.99 ~3.5 ~2.5
MOSEI 3 10% 12.07 ~3.8 ~3.0
50% 222 ~6.5 ~5.0
10% 73 ~12 ~9
ADNI 4
50% 147 ~25 ~18
1 ~ ~
MIMIC 3 0% 39 8 6
50% 137 ~28 ~22

Table 14: Indicator Scores C(S) on MOSI computed from all available data versus 5 non-overlap small random subset of 100
samples

. The relative ranking of subsets (T,V > T,A > A,V) is preserved, demonstrating the feasibility of using a
small sample for efficient estimation.
Modality Subset Acc. with All Data C(S) with All Data C(S) with 100 Samples

T,V 77.52 0.014 0.121 £ 0.008
T, A 75.02 -0.015 0.062 £ 0.007
AV 55.63 -0.066 -0.094 £+ 0.005

Available Data: 10% | Selected Modality: L, A Available Data: 30% | Selected Modality: L, V Available Data: 50% | Selected Modality: L, V

L - L
Vv -V

A . s s, A
A (Gen) e A (Gen)

V (Gen)

Figure 3: Visualization of real and synthetically generated multimodal features (MOSI), at different availability levels (10%,
30%, and 50%) with an additional 10% data budget. Modality abbreviations: Text (T"), Video (V'), Audio (A).
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