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Abstract

Effectively managing missing modalities is a
fundamental challenge in real-world multimodal
learning scenarios, where data incompleteness
often results from systematic collection errors
or sensor failures. Sparse Mixture-of-Experts
(SMoE) architecture has shown the potential to
naturally handle multimodal data, with experts
specializing in different modalities. However,
existing SMoE approaches often lack proper
ability to handle missing modality, leading to
performance degradation and poor generaliza-
tion in real-world applications. We propose
ConfSMOoE to introduce a two-stage imputation
module to handle the missing modality problem
for the SMoE architecture by taking the opinion
of experts and revealing the insight of expert
collapse from gradient analysis with strong
empirical evidence. Inspired by our gradient
analysis, ConfSMoE proposed a novel expert
gating mechanism by detaching the softmax
routing score to task confidence score w.r.t
ground truth signal. This naturally relieves
expert collapse without introducing additional
load balance loss function. We show that the
insights of expert collapse empirically align with
other gating mechanism such as Gaussian and
Laplacian gate. The proposed method is evaluated
on four different real-world datasets with three
distinct experiment settings to conduct compre-
hensive analysis of ConfSMoE on resistance to
missing modality and the impacts of proposed
gating mechanism. We have released our code
in: https://github.com/IcurasLW/
Official-Repository-of-ConfSMoE.
git
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1. Introduction

As modern applications increasingly involve data from
multiple heterogeneous sources, multimodal learning has
emerged as a critical paradigm to unlock complementary
insights and enhance decision-making in complex tasks
spanning medical decision support (Zheng et al., 2024a;c;
Zhai et al., 2025), cross-modal inference (Wu et al., 2017;
Cheng et al., 2024), temporal reasoning (Zheng et al., 2024b;
Ni et al., 2024; Tan et al., 2026b), and natural language
understanding (Fedus et al., 2022; Masoudnia & Ebrahim-
pour, 2014; Tan et al., 2026a). Sparse Mixture-of-Experts
(SMoE) architectures (Yao et al., 2024; Yun et al., 2024,
Mustafa et al., 2022) are widely used in multimodal learn-
ing for their ability to assign different experts to different
input patterns through conditional computation. They are
particularly effective when all input modalities are present,
enabling diverse feature extraction and flexible expert rout-
ing. However, this assumption is often violated in practice.
Incomplete modality observations are common in real-world
scenarios due to sensor failures, privacy restrictions, or het-
erogeneous data collection pipelines (Yun et al., 2024; Sun
et al., 2024; Shang et al., 2017; Wang et al., 2023). In addi-
tion, the use of softmax-based routing (Fedus et al., 2022) in
typical SMoE tends to produce sharp routing distributions,
leading to expert collapse problem, where only a few experts
dominate the computation as shown in Figure 1a, resulting
in poor diversity and limited generalization.

When one or more modalities are missing, many imputation
approaches aim to reconstruct absent views through cross-
modal information sharing (Ma et al., 2021; Wang et al.,
2023; Yao et al., 2024) as shown in Figure 1b and overlook
modality-specific information. We hypothesize that relying
solely on available-modality imputation can misdirect the
routing mechanism, leading to worse expert collapse; specif-
ically, because the imputed features are dominated by the
signal of available modality, the router becomes biased. For
instance, if a text modality is imputed from vision, the router
is likely to assign that ’pseudo-text’ to a vision expert rather
than a text-specific one, exacerbating expert collapse and
degrading gating reliability. Therefore, current modality im-
putation methods degrade the reliability of the gating mech-
anism and result in suboptimal expert selection. Although
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existing SMoE approaches attempt bypass imputation by
assigning different modality combinations to designated ex-
perts (Han et al., 2024), this strategy becomes computation-
ally intractable as the number of modalities grows. Another
recent work leveraged a learnable modality bank (Yun et al.,
2024) to impute missing modality by the missing pattern,
and enforce load balance by load balance loss. However, the
imputation bank is randomly initialized, similar to prompt
tuning (Jia et al., 2022; Lester et al., 2021), and fails to
capture modality-specific and fine-grained instance-specific
structure, limiting the reliability of modality imputation and
potentially misdirecting the router. Furthermore, enforc-
ing load balancing via auxiliary loss functions can lead to
ambiguous expert selection, as illustrated in Figure 3a.

To overcome the limited robustness of existing SMoE mod-
els under incomplete modality conditions, we propose a two-
stage imputation approach based on a core insight: a com-
plete modality imputation should consist of modality- and
instance-specific information, a property often overlooked
in prior work. Firstly, we estimate missing modalities using
intra-modality correlations, empowering modality-specific
information, and then refines these estimates through token-
level cross-modal alignment to existing modality of the same
sample, empowering instance-specific information. This re-
finement leverages the advantages of MoE that the data used
to refine missing modality are from different opinions of
experts. This approach is inspired by the modality gap phe-
nomenon discussed by (Liang et al., 2022) and illustrated
in Figure 1c, which suggests that a certain level of discrep-
ancy between modalities is both expected and beneficial for
downstream tasks. Thus, it is natural to first impute missing
modalities using intra-modality information subsequently
enhance them through token-level cross-modal refinement
to add up instance-specific features from available modality.

We further uncover and formalize a critical cause of expert
collapse in SMoE: the gradient concentration induced by
softmax gating, which suppresses routing diversity and lim-
its generalization (Fedus et al., 2022; Wang et al., 2024a;
Yun et al., 2024; Han et al., 2024; Chi et al., 2022). Through
gradient analysis, we show that conventional load-balancing
losses exacerbate this issue by introducing gradient conflicts
during optimization, reflected by the ”Sinusoidal Wave’
pattern in expert selection plot shown in Figure 3a. To re-
solve this, we design a confidence-guided expert routing
mechanism that replaces softmax gating with token-level
confidence scores. This formulation not only avoids the
adverse effects of entropy-based balancing but also enables
stable, interpretable expert selection. The two mechanisms
handling missing modality and Confidence-guided gating
consist of our final proposed method: ConfSMoE. By de-
coupling routing score from the optimization bottlenecks
of prior designs, ConfSMoE achieves both enhanced expert
diversity and consistent performance across a wide range of
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incomplete modality scenarios. Our contributions are the
following:

* A confidence-guided expert routing mechanism is pro-
posed to mitigate expert collapse by decoupling gating
from softmax-induced sharpness. Token-level confi-
dence is used as an interpretable signal for expert se-
lection.

* A two-stage imputation framework is developed,
where missing modalities are first reconstructed using
modality-specific patterns, then refined with instance-
level cross-modal context to preserve structural fidelity.

* Empirical results across three missing-modality set-
tings demonstrate strong robustness and generalization.
Performance improvements are further supported by
ablation studies that align with theoretical analysis.

2. Preliminaries
2.1. Mixture-of-Expert Architecture

In this work, we build upon the SMoE framework by in-
corporating expert routing into the Transformer’s feedfor-
ward layers, enabling dynamic token-to-expert assignment
based on learned routing scores. This architecture sup-
ports selective expert activation, where only the Top-K
experts are engaged per token, and proves especially ef-
fective in the joint expert setting (Han et al., 2024), al-
lowing tokens from different modalities to be routed to
shared experts for enhanced cross-modal interaction. We
begin with the standard Softmax SMoEs with N number
of expert as a baseline configuration. Denote that input
token embedding h € R¢ and the a learnable softmax

router G(u) = % =g =[91,92,.--,9n], where
J

u = W,h and W, € RV*? is the weight of router
to linearly map h to gating logits u € RY. G(u) pro-
duces routing score g; for each expert F; from expert pool
E = [E,Es,...,Ex] € R¥4 We consider the Top-
K operation as a binary mask m € {0,1}%V to select the
Top-K experts in forward as shown in Eq. 1. The final
tokens/samples representation is weighted summation from
Top-K experts with corresponding routing score g;. For-
mally, we can represent the forward process of SMoE as in
Eq. 2:

1 ifg; >
n=sort(g)x, m;= ! gz_.n 1
0 otherwise

N
f(h) =h+> mgEi(h) )
=1
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Figure 1. Expert Collapse of MoE and Comparison with Two Different Modality Imputation

2.2. What Causes Expert Collapse?

Top-K operation can be considered as constant during the
calculation of gradient. Thus, the Jacobian matrix of Eq. 2
w.r.t h can be analyzed to reveal the underlying cause of
expert collapse in SMoE. Therefore,

N N
dgi /
Tator = Y_migp Bi(h) + Y migiBi(h)  (3)
=1 =1

Note that expert F; (h) and softmax gating G(u) themselves
are differentiable w.r.t h and the mask m = Top-K(g, K)
is a piecewise-constant mask that only changes when the
ordering of routing score g changes. Conditioning on a
fixed mask m, Eq. 2 reduces to a linear combination
of differentiable functions (e.g. E;(h) and G(u)), where
the gradient will only propagate through the terms with
m; = 1, enabling parameter update for those activated
experts. Consequently, during training, only the selected
experts are differentiable. Therefore, we can denote the Ja-
cobian of softmax as Jo ftmas € RNVN*N where each entry

i’gftmax = gi(di; — g;) and J;; is Kronecker delta. In ma-
trix form, Jacobian of softmax is Jso ftmaz = diag(g)—gg '
and the Top-K J s, ftmas = m(diag(g) — gg"). Therefore,
we can rewrite Eq. 3 to Eq. 4: In first term, only those
experts with higher gating score will be chosen and the gra-
dient is backward in diag(g) — gg' to learn better routing
score. In the second term, the gradient is backward to those
selected experts F; to learn better representation. During
training, experts that receive more updates tend to be se-
lected more frequently, as their improved representations
attract higher gating scores. This creates a feedback loop
which those experts with more expressive power will lead
to higher gating score and thus more updates on weight for
strong expressive power, resulting expert collapse based on
token preference and produce rich-get-richer expert.

N
Jyor = E(h)m(diage) —gg") + Y migiE;(h)
Learning better routing score i=1

Learning better representation

“

2.3. Gradient of Load Balance Loss

This expert collapse phenomenon restricts the model learn-
ing capacity since many other experts are wasted and can
not reflect the actual expert diversity. One widely-used
solutions to achieve balance expert usage is to introduce
additional load balance loss (Yun et al., 2024; Han et al.,
2024). However, such load balance loss approach is difficult
to optimize since it produces gradient direction opposite
to routing score term in Eq 4. To show this, we consider
that any load balance loss L£;,4 Will eventually result a di-
verse softmax routing distribution, which encourages higher
entropy on the routing score distribution. From Assump-
tion C.1 defined in Appendix, we define that the objective

of any L;,qq as @ over the softmax distribution, where

H(g) = — EzN gilog g; represent the entropy of softmax
distribution g. Taking the Jacobian over the L;,,q Will give
us (See detailed in Appendix. C.2):

1

i) (log(g) +1)"] - (diag(g) —gg") (5)

Jload = [

Recall that Ex (h) in Eq.4 is a set of expert with ReLU
activation, we assume this network should not output nega-
tive value as the activation is located on positive side. We
also know the fact that the Jacobian of softmax J, f¢maz 18
symmetry and always Positive Semi-Definite (PSD) (Gao
& Pavel, 2017), making the optimization direction of better
routing score is always positive as the eigen-values are posi-
tive. In contrast, when sharp distribution appears, only one
gj is closed to 1 while other g;, (¢ # j), approach to 0 in

log(g) + 1 =[log(g1) + 1,log(g2) + 1,...,log(gn) + 1].
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Therefore, @(log(g) +1) T is exponentially dominated
by negative value, producing conflict gradient between J ;.44
and the first term of J7,g. Although recent works argue
that Sparse MoE is not fully differentiable (Puigcerver et al.,
2023; Wang et al., 2024b) since the experts are not fully ac-
tivated, the Top-K operation does not change PSD property
of the first term in Eq.4. In practice, we also do not observe
any optimization problem caused by this discontinuity and
this observation aligns with previous research (Fedus et al.,
2022). Gradient will still be backward through the term
where the activation mask is m; = 1 in Js,g. In addition,
we notice that first term gradient of Eq. 4 is only impacted
by the Top-K g; while the gradient in Eq. 5 is dominated
by the Top-K g;. The sharper the gating score distribution
is, the more gradient conflict will be. It is also worthy to
notice that gradient in Eq.5 conflict occurs for any Top-K
selection as the load balance loss consider all g; regardless
of number K expert selection. Taking an extreme example,
Top-1 selection (Fedus et al., 2022) generates one g; out of
g for the second term of Eq.4 while Eq.5 still take all g; to
gradient computation in practice. Therefore, the opposite
gradient from auxiliary load balance loss makes the training
difficult to converge to global minimum and Expert selection
becomes ambiguous, failing to reflect actual capacity of
expert.

3. Proposed Method
3.1. ConfNet:Confidence-Guided Gating Network

From Eq. 5 and Eq. 4, we understand that load balance loss
produces an opposite gradient to softmax router in typical
SMOoE. To avoid this gradient conflict and balance the load,
the potential solution is to remove the association of sharp
distribution from Eq. 4 and attempt to implicitly achieve
load balance. One is to replace the routing function as
illustrated in Figure. 2 (c) and one is to decouple the gating
score with softmax router as illustrated in Figure. 2 (d). A
typical example from a recent work, FuseMoE (Han et al.,
2024), they replace the Softmax router to Laplacian router
and calculate the routing score based on similarity of the
expert embedding by £; distance. Then, the Top-K experts
are selected with highest similarity to expert embedding
and Laplacian router is not a sharp distribution so that the
load shows implicit balance pattern as in Appendix Figure
8. The second approach is to decouple the connection of
gating score and softmax distribution. One simple approach
is to consider all expert equally important, then the final
representation is averaged from all selected expert. However,
this averaged approach does not emphasize the difference
of expert and lose the specification of expert.

Therefore, we propose a Confidence-Guided Gating Net-
work Pool (ConfNet), which introduces a novel routing
strategy guided by task confidence. Specifically, instead of

solely relying on conventional softmax-based gating, which
often results in sharp distributions and entangled gradient
contributions, ConfNet leverages the ground-truth label in-
formation to supervise the routing mechanism, encouraging
expert selection aligned with task-relevant confidence rather
than token or embedding similarity as in (Han et al., 2024;
Fedus et al., 2022). For each expert F; : Re — R9 we
introduce an auxiliary confidence estimation network: a
one-layer linear network U; : R? — R! that maps token
embedding h € R? to a single scalar logits v; € R!. v;
is then mapped to a confidence score ¢; € (0,1) as gating
score by Sigmoid, representing the confidence of ground
truth label y;. To learn the ground true confidence p; of
downstream task w.r.t y;, where y; is ground truth label. We
apply MSE loss as an auxiliary loss that minimize the differ-
ence between c; and p;. Formally, given any classification
dataset D with supervised signal y; and number of instance
| D|, we consider the task loss L, as Cross Entropy Loss
and the final objective is to optimize:

|D| ID| N
1 1
L=—=2% ylog(p:)+ 7= mi(ci — pr)?
D] 2 DR Z;
—_—
»Ctask ‘C'conf

(6)

Note that while the global optimization landscape of the
deep neural network remains non-convex, the selected loss
components (Cross-Entropy and MSE) are smooth and con-
vex with respect to the network outputs. This ensures that
the auxiliary confidence loss provides a stable, well-behaved
gradient signal during backpropagation. During both train-
ing and inference, c; serves as a proxy gating score for
each expert to token fusion in Eq. 3. The ¢; is Token-level
confidence, which each token has one corresponding c; for
aggregation as in Zil m;g; E;(h) as in Eq. 2, resulting
in a variant of proposed method for fine-grained feature
learning, denoted as ConfSMoE-T. Additionally, an expert-
level gating signal is also implemented for coarse-grained
information retrieval. We aggregate token-level representa-
tions assigned to each expert and average them to compute
expert-level gating signals as expert-level variant, denoted
as ConfSMoE-E in experiment. The multimodal interac-
tion is learned during the token assignment for all experts,
which all modalities are shared one identical expert pool.
This confidence-driven routing enables both fine-grained
specialization and robust multimodal interaction, leading to
improved generalization and interpretability.

3.2. Missing Modality Modeling: Two-Stage Imputation

Inspired by the modality gap phenomenon observed in con-
trastive learning (Liang et al., 2022), we hypothesize that a
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Figure 2. The Framework of ConfSMoE: (a) ConfSMoE considers the confidence learned from ConfNet pool as the alternative gating
score for expert aggregation. The ConfNet pool is a set of one-layer linear weight R* — R*. Missing modality imputation is achieved by
taking the mean of random instances from the corresponding modality of training data as modality specific feature. The instance-specific
feature are sparsely aggregated from existing modality. (b) Sharp gating score causes expert collapse. (c)(d) “Fair” gating score distribution
and decoupling gating score can alleviate the expert collapse without the helps of load balance loss.

similar gap exists in our multimodal setting, and it may con-
tribute positively to model performance, as illustrated in Ap-
pendix Figure 4. The presence of this modality gap suggests
that imputing a missing modality using only shared informa-
tion from the available modalities is inherently challenging,
due to the distinct representational spaces each modality
occupies. Ideally, the imputed modality should preserve
the characteristics of its original distribution without being
significantly biased by other modalities. To address this,
we propose a Two-stage Imputation strategy to first recon-
struct the representative feature from the missing modality
distribution itself, and further refine the pre-imputed modal-
ity by adding instance-specific features from the available
modalities.

Pre-Imputation: To retrieve modality-specific feature,
given a sample z; with missing modality M,, € R®*¢
and arbitrary available modality M, € R**9, where s is
the sequence length. Pre-imputation aims to obtain the
modality-specific feature from other instances of M, dis-
tribution. One typical way is to take the mean feature dis-
tribution of M,,,, but simply taking the mean may be over-
fitting to training set and all representation across different
modality samples will be deterministic and uninformative.
In contrast to mean representation, we wish to introduce
some stochasticity during the pre-imputation as this stochas-
ticity may prevent the representation from collapsing to
the same representation. Specifically, we generate an pre-
imputed modality embedding M,,, by sampling n number
of instances out of b number of instances in modality pool
M = [Mma, M2, -+, My, 5] as follows:

(N

Where 1 € {0,1}® is the selection vector for M,, and
1, = 1 represents the i-th instance from the modality pool
that is selected. M,,, will be sent to ConfSMOoE to learn the
interaction between different modalities. We denoted M,
as the pre-imputed modality representation after ConfSMoE
and M" as the available modality representation returned
from k-th expert.

Post-Imputation: To refine M, by available modality, we
proposed a post-modality imputation to further capture the
interactions between available and missing modality. Unlike
conventional approaches that solely rely on the shared rep-
resentation from an individual network, our method lever-
ages information from various experts by selectively in-
corporating tokens. This allows the model to absorb nu-
anced, instance-specific features and interaction between
modalities from different views of expert to available modal-
ity. We employ a sparse attention mechanism, under the
assumption that only a subset of modality-specific infor-
mation is meaningfully shared across MF¥. By enforcing
sparsity, the model is encouraged to attend to the most rel-
evant parts of the available modalities, thereby reducing
the risk of injecting modality-irrelevant or noisy informa-
tion into the imputed representation. Recall from Eq. 2,
Top-K MoE generate K specialized representation from
available modality M* € R**4 k =0,1,... K. Then, we
concatenate all the M* returned from K expert to form a
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representation of the opinion of different experts, denoted
as M € RE*K)xd We apply a sparse cross-attention
over M and M/ to select the most relevant tokens to re-
fine M € R**94. The SparseCrossAttention takes M,
as Query modality Q,, = W M;,, M> as Key modal-
ity K, = W,M} and Value modality V, = W,M/,
where Q,, € R**% and K,, V, € REXK)xd Note that
W,, W;., W, are shared between all modalities. The cross-
attention scores A, € R**(5*5) are first computed via the
dot product of Q,, and K,. To induce sparsity, we apply
a row-wise binary mask t € {0,1}**(*¥) where an ele-
ment ¢; ; is set to 1 if the corresponding score A, ; ; ranks
within the Top-T values of the ¢-th row A, ; ., and O other-
wise. The selection threshold is defined as 7' = S(‘MB#,
where | M | represents the number of modalities in the dataset
and B is a sparsity hyperparameter, set to 4 by default. Fi-
nally, the sparse attention map A is derived through the
Hadamard product of the raw scores and the binary mask as
ineq.9

1 if Aayj =

0 otherwise

v =sort(Aaji. )T, tij= { (8)

K T
Al =t®softmam(Qm\/ga) € R¥X(xK) (g)

Thus, we aggregate the value matrix V, using the
sparse attention weights A* to obtain the output of
SparseCrossAttention (SCA). When multiple available
modality M are presented in the dataset, we compute their
contributions individually and sum them to refine M),:

lal

M = LayerNorm | M}, + ZSCA(MT*WM;,M;‘)

lal

= LayerNorm | M, + Z AV,

In addition, we expect this refinement to redistribute the rep-
resentation of M, instead of generating large-scale repre-
sentation and lead to divergent training. A LayerNorm layer
is applied to scale the feature map back to a consistent dis-
tribution as in other layers. With SCA, the post-imputation
serves as a refinement module to add an instance-specific
feature to M, so that each modality can contribute dif-
ferently on different subsegment representations of M.
We visualize the attention weights after imputation in the
Appendix Figures 14, 15, and 16, showing that the query
modality can dynamically adjust the significance of infor-
mation by leveraging both expert specialization and shared

cross-modal cues, given that attention maps reveal distinct
weight distributions across different modalities and experts.

4. Experiment
4.1. Experiment Setting

To ensure a fair comparison with baseline methods, we adopt
the best-performing hyperparameter settings reported in
their respective papers and official implementations. Addi-
tionally, we standardize the hidden dimension to 128 across
all models. To eliminate confounding effects introduced by
varying encoder architectures, we use the same modality-
specific encoders for all models, as differences in encoder
design can significantly influence final performance. For
the MIMIC-III and MIMIC-IV datasets, we employ a pre-
trained Clinical BERT (Alsentzer et al., 2019) for textual
data, a one-layer patch embedding module for both irregular
time series and ECG signals, and a pretrained DenseNet
(Cohen et al., 2022) from TorchXRayVision for chest X-ray
(CXR) images. Experiment Setting I: Natural Missing
Modality. This setting reflects real-world missingness pat-
terns observed in clinical datasets. Experiment Setting I1:
Random Modality Dropout. A fixed percentage of modali-
ties are randomly dropped for each instance, while ensuring
that each instance retains at least one modality in both train
and test set. Experiment Setting III: Asymmetric Modal-
ity Dropout. Half of the modalities are randomly dropped
during training, while testing is performed with only one
or two modalities present per instance, simulating domain
shifts or deployment constraints. All experiments are 3-Fold
cross-validate in different seeds and on the same computing
device for fair comparison.

4.2. Primary Results

Experiment Setting I: In Table 1 and Appendix Table 6,
we provide the experiments results on experiment setting
I for three different ICU benchmarking tasks, where the
modalities are natural missing instead of random. We obtain
the following observations from the results: (1) In clinical
benchmarking tasks 48-IHM, LOS, and 25-PHE, our pro-
posed methods can significantly outperform the most recent
baseline approaches such as FuseMoE and FlexMoE and
other tradidtional multimodal learning methods in terms of
F1 and AUC score. For MIMIC-III, the improvement on
F1 and AUC is ranging from 1.81% to 3.91% and 0.92%
to 1.22% respectively. (2) The improvement is even further
when the size of dataset scale to bigger dataset but the same
domain like MIMIC-IV. The improvement on F1 and AUC
is ranging from 1.37% to 4.12% and 1.96% to 4.85%. The
above empirical evidence roots and supports our claims that
the model is strongly robust to missing modality and learn
more comprehensive understanding on multimodal inputs.
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Table 1. Experiment setting I: Main results on MIMIC-IV

Task Metric ‘ SMIL ShaSpec mmFormer TF LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T ConfSMoE-E
A8-THM F1 3958+ 1.12 3297 +£1.08 4539+1.60 11.60+0.54 43.76+0.44 30.14+1.15 4021 +1.29 3529+0.30 49.18+0.22 4832 +0.30
AUC | 76.60 +0.98 7829 +0.25 80.43+0.76 67.08+0.77 8297 +0.61 71.34+0.88 78.05+0.72 80.45+044 8524+0.10 8509 +0.17

LOS F1 5852+ 044 56224028 57.06+0.32 42.01 £1.12 59.03+0.39 57.59+0.76 58314046 56.96+0.53 61.33+0.39 61.35+ 0.41
AUC | 7586 +0.66 72.22+0.18 74.65+0.32 64.11+040 76.17+£0.17 7259+ 1.07 7259 +0.61 7481+0.37 7822+0.15 77.85+0.12

25-PHE F1 27.77+£091 2553+0.11 26.15+0.12 2652+029 2538+0.52 1245+0.54 1225+0.55 24.61+0.71 28.67+0.33 28.54 + 0.25
AUC | 6390+ 131 62.57+0.23 7033+£0.12 5628 +0.16 72.50+£0.67 55484+0.39 5852+£027 7157+047 7456+0.19 7442+ 0.34

Experiment Setting II: In Appendix Table 7 and Table
8, we implement Random Modality Dropout to study the
sensitivity of model to missing modality. In this setting, we
empirically find that those methods with missing modality
imputation usually shows higher tenacity in high proportion
of missingness such as FlexMoE and our propose method.
Although ShaSpec has also imputed the missing modality
by shared information, but it is weak on the backbone model
and struggles to optimize with multi-task objectives. Our
proposed method, on the other hand, shows superior perfor-
mance across all settings in CMU-MOSEI and CMU-MOSI
for all metrics.

Experiment Setting III: In Appendix Table 9, Table 10, Ta-
ble 11 and Table 12, we study which modality combination
is significant and how is the tenacity of our proposed method
to different distribution shift on missing modality. We find
that single modality shows very similar performance during
inference phrase in our proposed method and Flex-MoE
across AUC and F1, indicating the effectiveness of missing
modality imputation. In particular, our proposed also shows
the highest resistance to missing modality across different
combinations and remains competitive performance no mat-
ter what modality is missing. In addition, the modality com-
bination Audio-Video is the worst modality combination for
all implemented models. The potential reason may be that
the data interaction between those two modalities are weak
or even opposite. We show some visualization evidence in
Figure 4 that the embedding of those two modalities are
mostly symmetry.

4.3. Why Does Confidence-Guided Gating Improve
Performance?

We implemented experiment on switching different gating
mechanisms in our propose method as shown in Table 2 and
plot the expert selection heatmap in Appendix H. Figure 5
illustrates the softmax gating mechanism without load bal-
ance regularization, which exhibits severe expert collapse
where only a few experts are consistently selected through-
out training. Although load balance loss is adapted to dis-
tribute the load, it is hard to learn proper routing scores since
the optimization is opposite as stated in Section 2, leading
to suboptimal solution in this ablation. Softmax w/ L;,qq
variant shows ”Sharp Sinusoidal Wave” expert selection
pattern as shown in Figure 3a, indicating the selection is am-

biguous and difficulty on convergence. We also found that
considering the uniform weight for all experts can achieve
similar performance as sole softmax and generate similar
sinusoidal pattern as softmax w/ L;,44, shown in Figure 9.

In addition, Laplacian (Han et al., 2024) and Gaussian gat-
ing (Han et al., 2024; Xu et al., 1994) function can achieve
comparable to softmax w/ L;,,4 gating mechanism without
helps of L;,44, providing further evidence to support the ad-
vantage of balanced expert selection. Our proposed ConfNet
without helps of £, is the best and significantly outper-
forms other gating function in CMU-MOSI and MIMIC-III.
As illustrated in Figure 6 and supported by the quantitative
results in Table 2, ConfNet not only preserves expert special-
ization but also achieves better load balancing than Lapla-
cian, albeit slightly less balanced than softmax with Ljq,q
and Gaussian gating as shown in Appendix H. This com-
parison provides two insights: First, optimization of L;,q4
is simply against to optimization of softmax gating score
but does not help to identify the best expert, reflecting the
”Sharp Sinusoidal Wave” pattern in expert selection and am-
biguous expert selection. Second, learning specialization of
expert can also benefit to downstream performance. Notably,
both ConfNet and Laplacian gates demonstrate a common
pattern: they maintain the specialization of dominant experts
while redistributing some load to less active ones, which
highlights that strict load balancing may suppress expert
specialization and degrade performance, whereas maintain-
ing a balance between specialization and load distribution
leads to superior results. We provide further explanation in
Appendix H for supporting our claims.

4.4. How ConfNet and Modality Imputation integrate
together?

We implement the experiment in Table 14 by removing
ConfNet and the two-stage imputation module gradually.
This experiment demonstrates that both novel modules,
ConfNet and the two-stage imputation, are effective on
their own, while their integration provides strong robust-
ness against the missing modality challenge. Specifically,
ConfNet captures informative features from the imputed
modality, and the adaptive two-stage imputation operation
reconstructs high-quality features, thereby complementing
each other to achieve robust performance. Specifically, we
dropped the entire imputation module and kept the missing
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(a) Expert selection of softmax w/ Loqq

(b) Expert selection of ConfNet

Figure 3. Expert selection: X-axis represents epoch and Y-axis represents expert ID. The darker the color, the more selection will be for a

particular expert. See detailed and more plots in Appendix H

Table 2. Ablation I: Different router. CMU-MOSI adopt 50% missing setting in Experiment 111

Task Metric ‘ Mean Softmax Softmax w/ Liqq LFB Gaussian Laplacian ConfNet
MIMIC-IIT Fl1 48.34 £0.22 48.59 +£1.97 51.67 + 0.62 48.36 £ 0.88 46.50 £ 1.62 50.10 £ 1.17 53.44 £+ 0.27
AUC | 85.134+0.16 8591 +0.84 85.97 £ 0.52 85.05 £ 0.67 86.70 £0.33 8547 +1.05 87.05+0.58
CMU-MOSI F1 4229 +£0.87 4147 £0.94 4243 +1.34 4386 £0.56 4257 +1.81 43.154+1.53 44.34 +0.77
) AUC | 68.01 +1.68 68.77 + 1.66 67.40 £+ 0.54 66.60 £2.24 67.74+045 67.60+1.54 7041+ 1.31
modality as zeros (w/o impute), we can see that F1 and AUC 5. Related Works

dropped off by 3.85 and 0.74 on MIMIC-III, 1.88 and 1.97
on CMU-MOSI. This performance drop is even worse when
imputation and ConfNet gating mechanism is removed from
proposed method, providing strong empirical evidence for
effectiveness of our design. We further remove the post-
imputation (w/o post-impute) and observe that ConfNet
can still take advantage of modality-specific feature for
their downstream task, showing robustness against miss-
ing modality.

4.5. Complexity Analysis

In Table 13, we control the number of parameters in three
different scales to compare performance. We aims to find the
best model given similar parameter and computational costs.
Although ShaSpec and TF achieve lower FLOPs given the
same parameter amount, their performance remains less
competitive than most Transformer- and MoE-based mod-
els. Among MoE-based models, ConfSMoE-T delivers the
best performance while maintaining similar MFLOPs and
parameter counts to the second-best baseline. Under compa-
rable parameter settings, LIMoE and mmFormer fail to keep
FLOPs as low as ConfSMoE-T and yield suboptimal results.
Moreover, LIMoE is particularly inefficient, as its MFLOPs
are substantially higher than those of other models with
similar parameter sizes. By increasing the number of pa-
rameter to a larger scale, we can observed different amount
of increment across the selected models while none of the
baselines can achieve the same performance as ConfSMoE-
T. Many baselines are still less competitive to small-scale
ConfSMOoE-T, demonstrating the scalability of ConfSMoE.

While many works consider that the interaction between
multimodal data can bring a comprehensive understanding
for downstream task. Initial multimodal fusion approach
usually incorporates neural kernel fusion(Bucak et al., 2013;
Poria et al., 2015), early/late network fusion (Xu et al., 2023;
Baltrusaitis et al., 2018; Guo et al., 2019). Approaches such
as Tensor Fusion Network(Zadeh et al., 2017), Multimodal
Transformer(Tsai et al., 2019) and Multimodal Adaption
Gate(Rahman et al., 2020), LIMoE(Mustafa et al., 2022)
all highlights the multimodal interactions are beneficial to
downstream tasks. In medical domain, MedFuse (Hayat
et al., 2022) incorporated CXR and EHR modality to jointly
fuse modality with early and later fusion in a single fusion
network. MISTS (Zhang et al., 2023) incorporated multi-
time attention mechanism to encode irregular time serires
and adapts multimodal cross attention to fuse two differ-
ent modality. (Yang & Wu, 2021) fused multimodal data
in a attention gate and compute a replacement vector for
modality fusion. However, these approaches are limited to
full modality only and difficult to extend to increasing num-
ber of modality. Missing modality is realistic and practical
problem in real life application such as medical diagnosis.
SMIL (Ma et al., 2021) proposed a Bayesian meta-learning
solution with reconstruction network to impute the missing
modality from in hidden state during fusion. (Du et al., 2018;
Shang et al., 2017) propose generative adversarial networks
to impute the missing modality by semi-supervised learn-
ing. ShaSpec (Wang et al., 2023) and DrFuse (Yao et al.,
2024) designed multiple loss functions to learn share and
specific representation of different modality. However, the
reconstruction network from SMIL and ShaSpec requires
multiple additional auxiliary loss functions, which occu-
pies the great amount of gradient in optimization process
instead of task specific loss. (Sun et al., 2024) In addition,
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recent studies like FuseMoE (Han et al., 2024) respect the
missingness of modalities and wish to assign each combina-
tion of multimodal data to different experts. Flex-MoE(Yun
et al., 2024) further expand the advantages of FuseMoE and
introduce a modality bank to impute the missing modality.

6. Conclusion

In this work, a novel ConfSMoE model, a confidence-guided
sparse mixture-of-experts framework, is proposed to ro-
bustly handle multimodal learning with missing modalities.
We proposed two key innovations: a two-stage imputation
strategy that preserves modality-specific structure, and a
novel confidence-driven gating mechanism that decouples
expert selection from softmax-induced sharpness. These
components jointly improve both expert specialization and
routing stability without requiring entropy-based balancing
losses.
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A. Impact Statements

This paper presents work whose goal is to advance the field of machine learning. There are many potential societal
consequences of our work, none of which we feel must be specifically highlighted here

B. Notation

Table 3. Notation

Variable | Definition

E; i-th expert function
E Expert pool
U ConfNet pool
h Embedding of arbitrary data input
K Number of K selection
T Number of T selection in Post-Imputation
N Total number of expert
n Number of instances selected in Pre-Imputation
G() Gating function
g Gating score vector
H(-) Information entropy
Dt Confidence of ground truth
A Sparse attention map
M,, Representation of Missing modality m before model backbone
My, Modality pool with b instance for M,,
M,, Imputed representation of M, after pre-imputation
M, Imputed representation of M, after expert forward and Post-imputation
M, Representation of available modality a before model backbone
MF Representation of M, returned from k-th expert
M7 Representation of M, after expert forward
B Sparsity hyperparameter
b Number of instance in modality pool
| M| Number of modality
diag(-) | Diagonal matrix
dij Kronecker delta
Uu; Softmax logits input at i-th entry
C; Confidence score for expert E;
Gi Gating score for expert F;

To facilitate understanding of the model formulation and derivations, Table 3 outlines the notations used throughout this
paper. These include variables associated with expert routing, gating mechanisms, modality assignments, and sparsity
control, which are central to our proposed ConfSMoE framework.

C. Derivation of Jacobian for MoE and Load Balance Loss
C.1. Jacobian for Softmax

This section provides detailed mathematical derivations of the Jacobian matrix used in the gating function of ConfSMoE and
its relation to the load balance loss. We first derive the Jacobian of the softmax operation applied to the gating logits, which is
essential for analyzing expert selection dynamics. We then extend this analysis to derive gradients of the entropy-based load
balance loss. These derivations provide theoretical insights into how sparse expert routing and balanced expert utilization
can be jointly optimized.

We first derive the Jacobian of the softmax function as used in the MoE formulation Eq. 2.
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C.2. Jacobian for Load Balance Loss

Assumption C.1. For any load balance loss L)o,4 applied to a Softmax-based MoE, the effect of L.,q is to encourage a flat
expert selection distribution, which is equivalent to maximizing the entropy of the gating scores.

With Assumption C.1, We have load balance loss L;qq = %, where H(g) = — Zf\; gilog(g;) is the entropy of the
gating distribution.
By applying the chain rule, we obtain:
9Lioad _ 1 ajff 1 ({LH@ (15)
ou  H@?2ou  H(u)? dg du
The intermediate gradients are given by:
OH 1 og . T
b Y S -1, ==d — 16
98 0g(g) — 8 . og(g) —1, -~ =diag(g) —gg (16)
Therefore, he final Jacobian of the load balance loss Jj,qq iS:
0L1vad 1 T . T
Jioad = = logg+1) | - (diag(g) — gg 7)
og  |Hige Y] :

D. Experiment Details
D.1. Dataset

MIMIC-III (Johnson et al., 2016) is a public dataset contains irregular time series and clinical notes modality. We follow the
preprocessing scripts from MMIMI-III benchmark (Harutyunyan et al., 2019) and (Zhang et al., 2023) to form multimodal
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patient instance. However, (Zhang et al., 2023) filter the instances with missing modality and we modified the scripts to
preserve with instances with missing modality. MIMIC-IV (Johnson et al., 2023) is a public dataset that contains irregular
time series, clinical notes, ECG signal and chest image. We follow the preprocessing scripts from MedFuse (Hayat et al.,
2022) to preprocess irregular time series and further preprocess clinical notes, ECG signal and chest image by ourself.
We follow the dataset split in MedFuse (Hayat et al., 2022) and form multimodal patient instances. CMU-MOSI (Zadeh
et al., 2016) is a multimodal sentiment analysis dataset comprising audio, video, and text modalities. CMU-MOSEI
(Bagher Zadeh et al., 2018) is an extension of the CMU-MOSI dataset, utilizing the same modalities—audio, text, and video
from YouTube recordings. We follow preprocessing script of CMU-MOSI and CMU-MOSEI from MMML(Mustafa et al.,
2022).

D.2. Baselines

SMIL(Ma et al., 2021) impute missing modality with Bayesian meta-learning. ShaSpec(Wang et al., 2023) leverages
multiple loss function to learn the modality-share and modality-specific information and impute the missing modality with
modality-shared information. TF(Zadeh et al., 2017) extract the modality interaction by multimodal sub-networks and
tensor fusion layer. mmFormer(Tsai et al., 2019) is a typical multimodal transformer with multihead attention mechanism.
LIMoE(Mustafa et al., 2022) achieves the multimodal learning with contrastive learning. FuseMoE(Han et al., 2024)
respect the missing modality and jointly learn single and missing modality combination data input and FuseMoE implement
Laplacian gating mechanism for modality fusoin and expert selection. In experiment, we denote FuseMoE-S as softmax
gating and FuseMoE-L as Laplacian gating. FlexMoE(Yun et al., 2024) assigns the combination of modality to different
experts and impute the missing modality by modality bank. For our approach, we use ConfSMoE-T denotes Token-Level
confidence fusion and ConfSMoE-E denotes Expert-level confidence fusion.

D.3. Dataset and Task Description

Table 4. Dataset statistics

Dataset Task #Samples Modality #Classes Is Imbalanced? Missing Ratio

48-IHM 6621 Time Series, Text 2 Yes 24.21%
MIMIC-IIT LOS 6621 Time Series, Text 2 Yes 24.21%
25-PHE 12,278 Time Series, Text 25 Yes 24.25%
48-IHM 22,733 Image, ECG, Time Series, Text 2 Yes 47.10%
MIMIC-1V LOS 22,733 Image, ECG, Time Series, Text 2 Yes 47.10%
25-PHE 47,027 Image, ECG, Time Series, Text 25 Yes 50.32%

CMU-MOSI | Sentiment Analysis 1870 Audio, Video, Text 3 Yes 0% - 50%

CMU-MOSEI | Sentiment Analysis 20,985 Audio, Video, Text 3 Yes 0% - 50%

48-THM is a binary classification task, where the time series is truncated to 48 hours readings and predict whether the patient
in-hospital mortality in ICU.

LOS is also binary classification task. We formulate task similar to 48-IHM and those patients who spent at least 48 hours
in the ICU are filtered to predict the remaining Length Of Stay.

25-PHE is a multilabel classification problem. We attempt to predict one 25 acute care conditions presented in a givem ICU
stay record. The definition of those 25 acute care conditions are defined in MIMIC benchmark (Johnson et al., 2016)

CMU-MOSI and CMU-MOSEI are multimodal sentiment analysis benchmarks consisting of video clips annotated with
sentiment scores. Each sample includes aligned audio, video, and text modalities. To simulate modality missingness, we
introduce controlled random dropout during training.

All datasets are publicly available and widely adopted in multimodal research. Those datasets can be found and downloaded
from the following links:

* CMU-MOSI and CMU-MOSEI download link: https://github.com/zehuiwu/MMML

* MIMIC-III download link: https://physionet.org/content/mimiciii/1.4/ and benchmark:
https://github.com/YerevaNN/mimic3-benchmarks
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e MIMIC-IV download link: https://physionet.org/content/mimiciv/2.2/ and benchmark: https://github.com/nyuad-
cai/MedFuse

D.4. Hyperparameter and Hardware Setting
All experiments are conducted in a remote server with 4 x RTX4090 24 GB with 256 GB RAM and 96-cores CPU.

Table 5. Hyperparameter setting

Parameter Value
#Expert 8 for MIMIC-III and MIMIC-1V, 4 for CMU-MOSI and CMU-MOSEI
#Top-K Expert 2
Learning Rate 3e-4
Hidden Size 128
#MOE layers 1
Training Epoch 50
Weight for L., ¢ 1
#Instance for Pre-imputation 10
Random Seed 2023, 2024, 2025
Dropout 0.1

E. Other Gating Mechanism and Load Balance Loss
E.1. Mean Gating

The Mean Gate considers the gating score for all experts equally important. Given gating weight W,., and arbitrary
representation h and gating score g; = % produced by router G(u), where N is the number of expert.

E.2. Softmax Gating
Given a token embedding h € R? and there are N expert Ey, Es, -, Ex with gating scores collected in g =
(91,92, ,gn]. We introduce a linear weight W,. to map h to expert logits u = W,h € RY. As in expert selec-

tion, we use softmax to convert the logits to probability distribution:

exp(u;)

i exp(u;)

gi =

E.3. Loss-Free Balance Gating

As the Loss-Free Balance Gating (LFB) (Wang et al., 2024a) is not officially open-source, we found a github repository
that reproduces the implementation: https://github.com/ambisinister/lossfreebalance. Formally, the
number of instances assigned to each expert z; = [21, 22, - - , 2;] and the average number of instance z. We introduce a
expert-wise bias term {b;}¥ | initialized as zeros and update iteratively in a rule-based manner. This bias term will be added
to gating logits u = W, h € R¥ of each expert to get a biased gating score u}.

ul =u; + by, b =b;+axsignle), e=z—z (18)

Where, e; is a load violation error and « is hyperparameter to control the strength of adjustment from violation error. Note
that this « is only used for expert selection in Top-K function instead of expert forward. The gating score g; used to
forward is generated as g; = Sigmoid(u;). The authors used sigmoid as they believe the sigmoid achieve slightly better
performance than softmax.
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E.4. Gaussian Gating

We follow the implementation of FuseMoE (Han et al., 2024) for the Gaussian gate baseline. Given a token embedding
h € R? and there are N expert Fy, Es, - - - , i with gating scores collected in g = [91,92, - ,9n] € RY. We introduce
a matrix of Gaussian gate centers, a learnable parameter denoted as ¢ = [c1,¢2, -+ ,cn] € RN for each expert. For a
single token, we define the gaussian logits as negative square Euclidean distance h and each gate center c;:

UZ:—Hh—CZ|‘§7 Z:].,7N

As in expert selection we still use softmax to convert the logits to probability distribution:
2
exp(—|h —ci3)

P = .

N
=1 exp(=h = ¢;3)

E.S. Laplacian Gating

We follow the implementation of FuseMoE (Han et al., 2024) for the Laplacian gate baseline. Given a token embedding
h € R% and N experts Fy, Es, - - - , Ex with gating scores collected in g = [g1, g2, - - - , gn] € RY, we introduce a matrix
of Laplacian gate centers, a learnable parameter denoted as ¢ = [c;,Ca, - - - ,cy]| € R?*Y for each expert. For a single
token, we define the Laplacian logits as the negative Euclidean distance between h and each gate center c;:

ui=—|h-gcil,, i=1---,N.

As in expert selection, we still use softmax to convert the logits into a probability distribution:

. exp(—h—c,)
9iS = — .
Zj:l exp(— [h— Cj”g)

E.6. Load Balance Loss

We follow (Shazeer et al., 2017) to implement load balance loss used in our experiment.

N N
Lpatance = CV? Z importance; | + CV? Z load;
J J
ID| D]
importance; = Zgi’j’ load; = Zé(gm > 0)
3 K2

2
where CV?(x) = (:E;;) , 0(z) is the standard deviation of z, importance; is the expert importance of expert j and

load; is load of expert j, 6(- > 0) is an indicator function that is 1 when the inner value is greater than 0.

Now we show that the load balance function used in the experiment encourages flat gating score distribution, which is
equivalent to having the same mathematical behaviour as the general load balance loss in gradient analysis. The denominator
is the average across all expert, then we have:

1 N 1 N D] 1 el al |D|
= N Zimportancej =N Z Zgi,j - N Z Zgi,j - N 19
. ; i i J

Note that Z;V gi,; = 11is the summation of gating score out of softmax router. From above, the denominator is a constant
only impacted by the number of instances |D| and the number of experts N. Thus, the applied load balance loss will
minimize the variance of importance for each expert, which encourages flat gating score distribution. This is equivalent to

minimizing the reverse of gating score entropy % as we show in gradient analysis.
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F. Limitation

This work may be limited to expert discontinuity as it is build upon on sparse MoE backbone. A key limitation lies in the
dichotomy between fully differentiable MoE and sparse MoE architectures. These two paradigms embody opposite design
philosophies, one prioritizing differentiability and comprehensive training, the other emphasizing efficiency through sparsity,
making it difficult to simultaneously leverage the benefits of both within a single unified framework.

G. Additional Results

These experiments extend the main results presented in Section Experiment and highlight the scalability of our method to
real-world multimodal challenges.

Table 6. Experiment setting I: Main results on MIMIC-III

Task Metric ‘ SMIL ShaSpec mmFormer TF LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T ConfSMoE-E
48-THM F 4856+ 035 3436+0.73 43.80+£0.67 23.09+1.13 47.624+021 48.62+027 51.63+0.39 47.81+0.31 53444027 50.00+2.17
AUC | 8400+ 1.10 79.864+0.53 81.274+0.76 78.47+£0.65 83.30+£0.64 8581 +0.13 86.224+0.15 8510+0.61 87.05+0.58 87.14 +0.21

LOS F 62.01 +0.54 5727+036 61.10+£0.65 5623+0.79 62.754+0.10 62.26+036 6227 +1.61 64.18+0.34 66274040 66.39 + 0.23
AUC | 80.08 £0.35 74.714+0.07 77.944+0.12 72.60+0.79 79.80£0.27 80.05+0.51 79.70+0.43 80.49+048 81.66+0.26 81.71+0.18

25-PHE F 33.01 £0.30 19.524+0.39 35104038 3038 +£0.38 3622+0.39 3348+0.22 34.07+0.51 3531+057 3740+0.13  40.13 £ 0.40
AUC | 75.17£1.84 6461 +£0.25 71.794+026 66.56+0.17 7793 +£044 77224+0.29 77.194+0.33 77.37+0.10 78.93+0.38 78.28 +0.73

Table 7. Experiment setting II: Main results on CMU-MOSI

Missing Rate  Metric ‘ ShaSpec TF mmFormer LIMoE FuseMoE-S ~ FuseMoE-L FlexMoE ConfSMoE-T  ConfSMoE-E
0% F1 4178 £0.64 4328 £0.36 50.22+020 5091 +0.19 47.69+039 48.15+0.57 51.50+055 51.83+0.27 51.70 +0.29

‘ AUC | 65.084+0.39 6448 £0.51 74624049 78.12+£031 75264020 7596+£029 79384023 80.56+0.10 80.62+ 0.07

10% F1 43.40+0.74 40.14 £0.13 48.66 +1.20 4991 +0.33 46.81 £0.45 48.81+042 4992+028 49.99+085 50.89 +0.07

? AUC | 6545+0.56 61.54+0.66 77.21+£0.76 77.12+£0.14 70254093 72.36+0.50 77.07+£0.21 78.06+0.64 78.03 +£0.21

20% F1 39.154+0.13  42.64 £0.30 4851+ 1.15 4884 +0.61 47924058 4500+044 49.164+0.24 50.58+0.73 50.17 + 0.31

? AUC | 60.87 £0.29 65524+098 74.16£0.71 76.64£0.23 71.05+036 72.15+0.37 73.80+1.43 77.17+0.55 77.18 + 0.11

30% F1 39.54 4+ 0.17 4042+0.75 46.66+ 1.24 46.13 £0.55 43.78 :0.51 4448 £0.63 45494044 47.57+0.10 47.52+0.77

? AUC | 60.80+0.44 60.57£0.99 71254057 7433+£049 70384056 7225+048 72544092 75.59+0.18 75424049

40% F1 35324032 38.69+£042 42224044 4331+038 41.884+042 4320+020 43.13+0.61 45124027 44.18+0.10

? AUC | 59.58+0.13 61.62+£0.07 6844+0.14 6721 £043 64.61+0.63 66.14£0.11 68.124+0.34 71.65+0.47  69.55 + 0.49

50% F1 36394+ 097 38.46+1.09 41.144+031 41.54+£0.77 38554034 4090+049 41954048 44.34+0.77 42.48+0.12

? AUC | 55.60+0.12 60.49 £0.80 61.87+0.67 67.43+£0.34 62284028 6573+£0.30 6647+049 7041+131 69.04 +0.32

Table 8. Experiment setting II: Main results on CMU-MOSEI

Missing Rate  Metric ShaSpec TF mmFormer LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T ConfSMoE-E
0% Fl1 4748 £0.27 38.89+£0.54 56.75+£047 59.13+0.52 57.04+£0.15 5871+£023 60.62+096 61.31+£0.14 62.35+0.12

‘ AUC | 67.93+0.56 6426+0.61 76424024 80.29+0.31 7854+042 7813+034 8134+020 82.87+0.10 82.75+0.44

10% Fl1 47.41+£0.18 3494+ 1.10 5537+047 5746+1.10 5590+055 56.68+0.31 58.66+1.10 59.81+034  60.22 +0.31

? AUC | 6926 £0.22 61.05+0.34 753640.53 79.38+0.94 7638 +039 7644+0.12 7948+0.23 81.00+0.10 81.05+0.17

20% Fl1 46.54+£1.04 3537094 5291+0.75 5535+0.88 54.44+027 5460+£0.19 5596+1.67 58.06+ 0.21 57.66 + 0.20

? AUC | 68.05+0.56 59.544+0.22 73.024+0.65 77.29+047 7432+£0.16 7492+0.64 78.05+0.10 78.85+0.28 78.83 +0.22

30% F1 45.05+£090 3536+0.84 49.71+£030 5393+1.13 5227+035 49.92+0.36 52.00+047 54.164+049 5483 +£0.15

? AUC | 66.89 +£0.31 6023+0.31 71.284+0.10 76.50+0.31 72.22+052 7252+029 76.14+038 7691+041 77.10+0.30

40% Fl1 43494095 3223+0.61 48.06+0.54 50.95+0.99 4932+0.17 4936+0.60 49.29+028 50.724+0.37 50.66 £0.18

? AUC | 6532+£0.59 60.09+0.35 69.314+0.10 73.24+0.76 69.85+0.11 70.05+046 72.08+1.27 73.63+048 73.88+0.25

509 Fl1 4275+1.22 33.01 £0.51 47.39£0.16 46.69+0.63 43.08+0.47 4444+£036 46.19+034 4731+£020 48.13 +0.33

? AUC | 6232+042 58204+0.17 66.61 022 70.90+0.82 67.63+£055 6744+£0.16 70.15+1.10 71.74+0.14 7048 +0.11
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Table 9. Experiment setting I1I: Main results on CMU-MOSI

Test Modality ‘ Dataset: CMU-MOSI / Evaluation Metric: AUC
Video Text Audio ‘ ShaSpec mmFormer TF LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T ConfSMoE-E
v v 62.18 +£0.88 72.72+0.08 59.37+1.12 74.63+0.13 5535+ 1.11 56.44+148 74594150 75.57+0.55 75.56+0.33
v v 5579 +£253 5221+031 57.87+0.32 56.84+034 5624+196 5511+0.77 52284123 5842+4+0.14 58.66 + 0.20
v v 6522+ 1.01 71.96 +£047 57.89+0.65 7559+0.39 5436+ 1.67 5610+ 1.76 7555+1.64 77.02+0.63 76.96 + 0.64
v 5510+ 1.59 71.01 £0.53 5857 +044 7473+051 5594+1.51 5566+1.66 7435+1.60 75.07+0.70 75.11 +0.54
v 61.60 +4.80 73.77+044 6028 +142 7573+0.33 5545+095 5658+129 74424139 75.584+0.55 7550+ 041
v 66.85 £3.01 69.04 £094 57.19+0.72 7329+0.53 56.04+191 5785+0.74 7534+146 77.02+0.63 7647 + 0.63
Table 10. Experiment setting III: Main results on CMU-MOSI
Test Modality ‘ Dataset: CMU-MOSI / Evaluation Metric: F1
Video Text Audio ‘ ShaSpec mmFormer TF LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T ConfSMoE-E
v v 4127 £081 4825+0.11 3496+0.72 4445+0.33 30.51+2.53 29904258 50.54+0.73 54.07+0.29 54.04 £ 0.36
v v 36.99 £2.03 3579 +0.55 34.83+054 3520+0.64 2429+423 27.89+623 30.02+7.82 3740+0.16 3817 +0.13
v v 4372+ 1.64 4553+033 3725+0.53 47.79+046 20.68+2.14 2988+455 50414155 52.86+0.75 51.13+0.15
v 4298 £021 4649 +091 38.11+£0.35 44.86+094 2567+2.82 2734+294 5039+0.87 53.76+043 54.57 £0.35
v 4136 £2.27 47.13+0.54 3799 +£040 43.81+042 2570+£2.82 2730+295 50.65+090 53.77+045 49.93 +£0.06
v 4545+273 46.02+1.21 3879 +0.56 45504047 2523+459 29.73+351 50574135 53.724+094 50.69 + 0.47
Table 11. Experiment setting III: Main results on CMU-MOSEI
Test Modality ‘ Dataset: CMU-MOSEI / Evaluation Metric: AUC
Video Text Audio ‘ ShaSpec mmFormer TF LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T ConfSMoE-E
v v 64.47 £0.10 76.60 +£0.39 56.98+0.20 81.23+0.07 7581+0.82 76.62+0.37 80.63+0.41 81.45+0.02 81.52+0.07
v v 5841 +0.10 56.72+0.84 5841+0.17 59.64+0.56 57.32+0.62 5722+0.12 5828+ 1.51 60.33+0.03 60.00 + 0.23
v v 64.46 +£0.14 7591 +0.04 58.64 £0.13 80.00+0.29 77.24+0.60 77.31+0.16 80.00+0.10 81.26+0.10 81.23+0.14
v 63.52+0.19 75.82+0.28 58.71+0.35 80.69+0.34 7684+0.14 7627+0.70 81.06+0.20 81.60 +0.13  81.53 £ 0.22
v 6440 £ 024 75.83+0.28 58.89+040 80.96+0.26 7685+0.14 76.51+0.50 80.48+0.21 81.49+0.13 81.65=+0.17
v 65.16 £0.04 75.85+0.09 5832+0.04 80.19+0.11 77.13+£0.75 7723+024 80.21+0.11 81.25+0.10 81.23+0.14
Table 12. Experiment setting III: Main results on CMU-MOSEI
Test Modality ‘ Dataset: CMU-MOSEI / Evaluation Metric: F1
Video Text Audio | ShaSpec mmFormer TF LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-T  ConfSMoE-E
v v 40.75+0.14 56.02+0.56 31.38+0.61 58974053 5585+0.69 53.59+1.07 60.10+£0.76 61.56+0.22 61.78 + 0.58
v v 38.154+0.92 37.12+0.66 31.73+0.16 3826+240 29.40+1.67 33294289 3628 +3.51 39.76+0.23 39.36+ 1.45
v v 40.82 £0.12 56.06+0.29 31.86+0.23 5858+0.31 57.02+1.60 5338+0.65 58.70+2.10 61.37+0.28 61.15+0.39
v 4037+ 046 5570+ 0.35 31.59+023 61.20+046 54.02+2.88 53.08+040 5858+0.71 61.84+0.70 61.78 +0.58
v 4216 £ 022 55.89+£0.37 30.84+026 59354012 5587 +0.68 54.11+049 58424027 61.564+0.61 61.94+0.37
v 4245 +085 56.06+0.29 30.71+0.71 60.00+0.85 56.64+1.65 5292+1.11 59.50+0.80 61.10+0.10 61.00 £ 0.76
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G.1. Additional Ablation Study

Table 13. Control Complexity Study: We control the complexity of model to evaluate performance

Scale Metrics ShaSpec TF LIMoE mmFormer FuseMoE FlexMoE ConfSMoE-T
MFLOPs 21,73 4.20 1245.03 237.39 143.93 40.32 39,62

Small #Params 2,177,406 2,101,571 2,130,227 2,378,371 20,971,020 2,184,963 2,184,730
Flscore | 39.124+1.21 3581 +£0.85 41.11+£0.90 41.14+0.31 36.52+0.84 42.124+1.18 44.63 £1.65
MFLOPs 111.27 45.28 6803,84 2830.37 286.02 263.94 268.62

Medium | #Params 11,137,046 11,320,153 11,469,437 11,490,403 11,524,392 11,371,473 11,330,062

F1score | 41.56 £0.67 38.624+0.38 4321 +0.56 4244+0.79 39.44+0.81 43.78+0.36 4537+1.73
MFLOPs 331.87 133.47 19668.02 9282,03 308.14 1181.48 1078,82

Large #Params | 33,203,156 33,368,335 33,000,827 33,428,969 33,182,556 33,385,803 33,398,654
Flscore | 42.82+0.74 37.64 £0.88 4345+0.82 41.50+0.66 40.84 £0.67 43.46+136 4555=£1.69

Table 14. Ablation II: Module dropout. CMU-MOSI adopt 50% missing in Experiment II

Variants MIMIC-III CMU-MOSI
F1 AUC F1 AUC
w/o Conf 4859 £1.97 8591+£0.84 | 4247 +£094 68.77 £ 1.66
w/o impute 4959 £0.29 86.31+£0.12 | 42.46 £2.29 68.44 £1.82
w/o post-impute 4986 +1.89 86.53 £0.10 | 43.14 £1.32 69.13 £1.45
w/o impute & Conf | 46.32 £ 1.66 85.15+£0.57 | 41.98 £0.74 68.48 = 1.90
ConfSMoE-T 5344 +£0.27 87.05+0.58 | 4434 £0.77 7041 £ 1.13

Ablation III: We evaluate ConfNet in supervised learning as it is one of the most foundational learning paradiam. For sure,
we can adapt ConfSMoE to unsupervised learning setting with proper constructed unsupervied learning loss or proxy task.
A typical example is contrastive learning. The supervision signal will be confidence of anchor to it’s positive samples. In
multimodal setting, contrasitve loss can be computed as the confidence score between two modality in one instance. But this
can be combinatorial complexity when the number of modality grows. Specifically, given an instance containing multimodal
data M = { My, My, --- , Mp}. The contrastive loss of any arbitary modality M; is defined as:

eMi -M; /T

> eMi-M; /T

(20)

Where, M; is interacted modality representation of other modadlity data in one instance. In our setting, M; is the mean
representation of other modality. The negative samples are the interacted modality representation of other instances. We
first pre-train ConSMoE with contrastive loss stated above and finetune a 3 layer MLP for performance evaluation as it is a
common setting for constrastive learning.

As shown in Table 15, we evaluate the unsupervised variant ConfNet on MIMIC-III-48THM task and CMU-MOSI with
50% missingness. It is clear that the supervised learning setting does not outperform ConfSMoE under supervised learning
setting (ConfSMoE-SuP) since supervised learning usually wins well due to the direct supervision signal for a relative small
dataset. However, ConfSMoE-UnS significantly outperform FuseMoE with softmax gate (FuseMoE-S), ShaSpec, TF, and
achieve comparable performance to LIMoE, mmFormer and FlexMoE under supervised learning setting. This experiment

Table 15. Ablation III: Verification of ConfNet on Unsupervised Learning Setting

Dataset Metric ‘ ShaSpec TF mmFormer LIMoE FuseMoE-S  FuseMoE-L FlexMoE ConfSMoE-UnS  ConfSMoE-SuP
MIMIC-TII F1 3436 +0.73 43.80£0.67 23.09+1.13 47.62+0.21 48.624+0.27 51.63+0.39 47.81+0.31 51.70 £ 0.63 53.44 £0.27
AUC | 79.86 £0.53 81.27+0.76 78.47+0.65 83.30+0.64 85.81+0.13 86.22+0.15 85.10=£0.61 86.88 + 0.88 87.05 + 0.58
CMU-MOSL50% F1 3639+ 097 3846+1.09 41.14+£031 41.54+0.77 38.554+0.34 40904049 41.95+0.48 40.78 £ 0.39 4434 £0.77
Y AUC | 5560+0.12 60.49+080 61.87+0.67 67.43+034 6228+028 6573+0.30 6647+ 0.49 67.48 £0.15 7041 £ 1.31
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Table 16. Ablation IV: Sensitivity Analysis on Sparsity Hyperparameter (B) in Post-imputation

Metric‘ B=1 B=2 B=3 B=4 B=5 B=6 B=7

Fl1 4471 £1.72 4337+£141 43.134+032 4434+0.77 4333+£048 4351+£0.71 43.19£0.19
AUC | 6933 £097 6845+£057 69.45+1.60 70414131 69.77+131 6892+1.15 68.12+0.23

should be sufficient to show that ConfSMoE can be extended to unsupervised learning scenario. We also highlight that the
performance may be impacted by the proxy task as it dirrect impact the quality of representation.

Ablation I'V: The sparsity hyperparameter in post-imputation determines the amount of feature retrieved from available
modality and filtering out irrelavant feature from them. The higher the sparsity B is, the sparser the attention mechanism
will be. The post-imputation module will be standard attention if B = 1. In the paper, we keep B = 4 as this is the
best parameter we search in range [1, 7]. To show the sensitivity of B, we implemented experiment to evaluate how B
hyperparameter impact the model performance as shown in Table 16

Table 17. Ablation V: Sensitivity Analysis on Calibration of Confidence Supervision

Metric ‘ Temp=0.3 Temp=0.6 Temp=1 Temp=2 Temp=3

Fl1 43.62 +1.07 43.77+£094 4435+£0.77 44.18=£0.11 43.08 £+ 0.37
AUC 69.75 £1.34 68.74 £0.38 7041131 71.14+0.61 69.22+0.6
ECE(%) | 1085+ 1.72 861127 832+127 634£280 9.01 £0.96

Ablation V: As shown in Table. 17, by changing the temperature parameter of softmax in downstream task head, we can
easily control the calibration of model. We use a wildly used metrics Expected Calibration Error (ECE) to measure how
well the model is calibrated to actual accuracy. The ECE is closer to 0, the better the calibration is. Specifically, we set
the temperature as 1 to indicate normal softmax, and large temperature value to make over-calibrated model and small
temperature to make under-calibrated model. Both cases are not well-calibrated. We can clearly observed that temp = 2 is
the best calibration setting and it is also the best performance in terms of AUC and comparable performance in F1 score.
we can observed that worse calibrated confidence is definitely harmful to ConfNet as it is a true reflection of the instance
contribution to downstream task. But the model performance is not very sensitive to calibration of model. A clearer trend is
that better calibration may lead to better performance and vice versa.

G.2. Further Clarification

Connection of Both ConfNet and Tow-Stage Imputation: Conceptually, when a modality is missing, the input signal to a
standard softmax-based gating network is partial, producing unreliable representations for gating score learning (Eq. 3).
Traditional softmax gating always produces high gating scores for the selected expert due to the natural exponential function
of softmax even if the input signal is unreliable. This is counterintuitive: an unreliable modality representation receives a
high gating score. The model will propagate this error during training: it always produces strong gating scores no matter
the quality of the modality representation. This leads to worse expert collapse and thus worse performance and unreliable
routing.

ConfNet gating mechanism, however, measures the input signal’s downstream task confidence. When the input signal is
unreliable, the confidence score will be relatively small for the downstream task. We take this low confidence score as the
gating score to select experts such that the output of the selected expert will contribute less to the final representation from
this unreliable signal. Therefore, the router will tend to select other experts for better representation learning for the next
round, leading to a natural balance of expert load. Our two-modality imputation here is to reconstruct the missing modality
to guide the routing process with the confidence score to learn better gating scores w.r.t. the quality of representation.

In addition, the key characteristic of post-imputation is to integrate the “opinion” from different experts, which brings better
imputation capability than a single model and this is also the key difference compared to other single-model imputation.
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H. Visualization of Experiment

In this section, we provide visual evidence to further support our claims regarding expert selection dynamics and modality
robustness.

Figure 4 shows the UMAP projection of multi-modal embeddings on CMU-MOSI. It clearly demonstrates that imputed
modalities form distributions consistent with their original counterparts, suggesting that our imputation module maintains
semantic alignment across modalities.

Figure 5 illustrates the softmax gating mechanism without load balance regularization, which exhibits severe expert collapse
where only a few experts are consistently selected throughout training. In contrast, Figure 6 shows that our proposed
ConfNet gating maintains both load balance and expert specialization, effectively mitigating collapse and enabling more
stable and diverse expert routing. We further compared the visualization of our proposed method with Figure 7. SoftMax
gating with load balance loss indicate severe ambiguous selection, experts that were heavily selected in one epoch tend to
be suppressed in the next epoch. This is a clear empirical result to our gradient analysis that the optimization process of
load balance is opposite to learning better routing score. This ambiguous selection, ’Sinusoidal Wave” in another word,
is also observed in Mean and Gaussian gating as shown in Figure 9 and Figure 11. Mean gating considers all experts
equally important and failed to reflect the specification of each expert, resulting suboptimal performance shown in Table 2.
By comparing Figure 7 and Figure 9, 11, we observe softmax and gaussian exhibits similar ”Sinusoidal Wave” to Mean
selection. We can draw a preliminary conclusion that this ambiguous selection, usually leads to suboptimal solution given
empirical facts in 2. Moreover, although Laplacian and ConfNet gating are not fully balanced, the ”Sinusoidal Wave’
exists only to a mild extent and lead to a worth noting performance in 2. All these empirical findings are consistent with
our gradient analysis and further support our claim that load distribution should preserve specialization while ensuring a
non-trivial load is assigned to less active experts.

s

Finally, Figures 12 and 13 report and visualize Experiment III results. ConfMoE demonstrates superior resilience across
increasing missing rates, with both F1 and AUC metrics degrading gracefully. These results visually confirm the effectiveness
of confidence-guided gating and modality imputation under challenging conditions.
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Figure 4. UMAP Visualization of Multi-modal Embedding Space: CMU-MOSI
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Figure 5. Softmax Score-based without Load Balance Expert Selection: Expert collapse is consistently occurred after epochs 10. While a
few certain experts are preferred, this preferred selection becomes worst when the training progresses
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Figure 6. ConfNet Gating Expert Selection: Expert collapse is consistently mitigated throughout training. While certain experts are

preferred, less frequently selected experts are still actively utilized. Moreover, expert selection becomes increasingly balanced as training
progresses, indicating improved stability and diversity in routing.
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Figure 7. Softmax Gate with Load Balance Loss Expert Selection: An optimization conflict arises, often reflected in a ”Sharp Sinusoidal

Wave” pattern, experts that were heavily selected in one epoch tend to be suppressed in the next. This oscillatory behavior indicates that

the typical load balancing loss does not promote true specialization or expertise among experts. Instead, it merely enforces uniform usage,
potentially at the cost of performance, by prioritizing balanced selection over actual expert quality.
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Figure 8. Laplacian Gating Expert Selection: Laplacian gating can partially alleviate the load imbalance issue and achieves better
expert utilization than softmax. However, as training progresses, selection becomes increasingly skewed, with only a few experts being
consistently chosen. This eventually leads to expert collapse, where most experts become inactive and underutilized.
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Figure 9. Mean Gating Expert Selection: The ”Sharp Sinusoidal Wave” pattern persists under mean gating, where experts heavily selected
in one epoch are suppressed in the next. This oscillatory behavior reflects ambiguity in expert selection, stemming from the absence of
explicit guidance in the routing mechanism. While mean gating achieves better load balance than Softmax with Lo, it ultimately results
in inferior performance, as shown in Table 2.
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Figure 10. Gaussian Gating Expert Selection: The ”Sharp Sinusoidal Wave” pattern persists under Gaussian gating, where experts heavily
selected in one epoch are suppressed in the next. This oscillatory behavior reflects ambiguity in expert selection, stemming from the
inappropriate gating score guided from Gaussian. While mean gating achieves better load balance than Softmax with Lo, it ultimately
results in inferior performance, as shown in Table 2.

23



Rethinking Gating Mechanism in Sparse MoE: Handling Arbitrary Modality Inputs with Confidence-Guided Gate

. 30000
oy
i 25000
- -
20000
[
£
Y] - 15000
o @-
>
W oo -
I e 0 Il ' [
—_
]
-
o
- 5000
™o
]
= -
T T T T O T T T TR T T O N T O T A T N O T T A T A R T A T AR A S N A N SN -0
0 2 4 6 81012 14 16 158 20 22 24 26 258 30 32 34 36 38 40 42 44 46 48 50 52 54 56 56 60 62 64 66 68 70 72 74 76 78 60 52 84 86 85 90 92 94 96 93

Epochs

Figure 11. Loss-Free Balance Expert Selection: The ~’Sharp Sinusoidal Wave” pattern is mitigated under Loss-Free Balance. But this
balance technique works too slow as it start balancing load since epoch 50.
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Figure 12. Experiment III: CMU-MOSEI Performance Plot
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Figure 13. Experiment III: CMU-MOSI Performance Plot
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Figure 14. Attention Map from post-imputation: Text as query and Vision, Audio as key. The key tokens are obtained by concatenating
tokens from K=2 expert, resulting 100 length of token. The darker the color, the lower attention weight is.
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Figure 15. Attention Map from post-imputation: Vision as query and Audio, Text as key. The key tokens are obtained by concatenating
tokens from K=2 expert, resulting 100 length of token. The darker the color, the lower attention weight is.
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Figure 16. Attention Map from post-imputation: Audio as query and Vision, Text as key. The key tokens are obtained by concatenating
tokens from K=2 expert, resulting 100 length of token. The darker the color, the lower attention weight is.

From Figure 14 15 16, we can clearly observed that the attention map are distinctly different when the key are set to different
modalities. This indicate that the post-imputation module can dynamically learn, which token are needed depending on
characteristics of token and experts. For example, the Figure 16 indicates that 25 - 45th tokens of the first expert are more
important than others while the text modalities shows that the second experts are more important. Similar observation are
also shows in 14 15 as well. This observation also indicates that modality not only dynamically select information from
existing modality but also the specialization of experts. Therefore, we can conclude that the post-imputation can capture
expertise of different expert and refine the missing modality accordingly.
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