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Abstract—Semi-supervised multimodal emotion recognition
faces two critical challenges: inadequate disentanglement of
shared versus modality-specific features, and modality dominance
under limited labeled data. These issues lead to information loss
and reduced performance. To address these problems, we propose
Semi-Supervised Multimodal Emotion Recognition via Adaptive
Barlow Twins and Mixture-of-Experts (SABTM). Specifically,
SABTM comprises three key components: (1) Adaptive Barlow
Twins (ABT) that dynamically disentangles shared and modality-
specific representations, (2) Sample-wise Fusion Mixture-of-
Experts (SF-MoE) module employs dynamic routing and load
balancing to generate sample-specific weights, mitigating modal-
ity dominance while achieving dual-pathway fusion through
feature-level and decision-level fusion to capture cross-modality
interactions, and (3) Dual-Strategy Consistency Learning that
enforces prediction coherence and improves pseudo-label relia-
bility. Extensive experiments on CH-SIMS 2.0, CMU-MOSI, and
CMU-MOSEI demonstrate state-of-the-art performance, with
accuracy improvements of 4.62% on CH-SIMS 2.0, and 1.28%
and 1.93% in 7-class accuracy on CMU-MOSI and CMU-
MOSEI respectively, compared to supervised and semi-supervised
learning methods.

Index Terms—Semi-supervised, Multimodal, Adaptive Barlow
Twins, MoE.

I. INTRODUCTION

Multimodal Emotion Recognition (MER) integrates signals
from multiple modalities to recognize human emotional states
[1] [2], which has gained significant attention in both academia
and industry. However, existing MER models are limited
by the scale and quality of labeled datasets, and effectively
leveraging unlabeled data to improve performance remains a
core challenge [3].

Semi-Supervised Learning (SSL) [4] leverages both labeled
and unlabeled data, typically in a two-stage manner with a
labeled warm-up followed by pseudo-labeling on unlabeled
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(a) Existing semi-supervised learning
paradigm

(b) Information-theoretic view of
shared and modality-specific features

Fig. 1. Overview of semi-supervised learning and an information-theoretic
illustration of shared and modality-specific representations.

samples (Fig. 1(a)). It has achieved strong results in unimodal
tasks, including consistency regularization [5]. However, ex-
tending SSL to MER is not straightforward. Multimodal
data inherently contains shared semantic and modality-specific
information, and effective fusion should preserve both, as
conceptually illustrated in Fig. 1(b). Many existing approaches
rely on a single alignment strategy, using techniques like
contrastive learning [6], to force representations from different
modalities into a common space [7]. This alignment, while
useful, tends to suppress modality-specific signals, discard-
ing unique information that is critical for recognizing subtle
emotional cues [8]. In SSL, such loss of representational
quality directly reduces the reliability of pseudo-labels, further
amplifying errors during training [9].

Another key limitation lies in current fusion strategies.
Semi-supervised multimodal methods typically treat all modal-
ities with a uniform fusion scheme [10] [11]. This overlooks
differences in modality importance and struggles to capture
nuanced interactions across modalities [12]. A promising alter-
native is to use multi-path predictions, which allow the model
to explore richer cross-modal information. Yet this flexibility



introduces new difficulties: different prediction paths may
produce inconsistent outputs. In a semi-supervised setting,
such inconsistencies reduce pseudo-label stability, making it
harder to distinguish reliable labels from noisy ones [13].
These conflicts ultimately degrade performance and limit the
effective use of unlabeled data [4].

To address these challenges, we proposes SABTM, a novel
semi-supervised framework for MER. The main contributions
of this paper are summarized as follows:
• We introduce Adaptive Barlow Twins (ABT) that adap-

tively balances shared and modality-specific information,
preserving modality-specific details while reducing in-
formation loss, leading to more expressive multimodal
features.

• We develop Sample-wise Fusion Mixture-of-Experts (SF-
MoE) that assigns modality importance weights at the
sample level through a routing network. This enables
adaptive modality fusion based on relevance to each
input, addressing modality importance differences across
samples while preventing modality dominance through
load balancing.

• We propose a dual-strategy consistency learning module,
enforcing consistency across fusion predictions to address
prediction conflicts and improve pseudo-label stability
and reliability in semi-supervised learning.

II. RELATED WORK

A. Semi-Supervised Learning

Semi-supervised learning aims to leverage large amounts
of unlabeled data together with limited labeled samples to
improve model generalization. Early SSL methods focus on
generative modeling and graph-based label propagation, while
recent advances are dominated by consistency regularization
and pseudo-labeling strategies [4]. Consistency-based methods
enforce prediction invariance under perturbations or model
stochasticity, such as Mean Teacher [9] and its variants, which
have shown strong performance across vision and speech
tasks. Pseudo-labeling approaches iteratively assign labels to
unlabeled samples based on confident predictions, exemplified
by FixMatch and its variants [14], [15].

Despite their success in unimodal settings, extending SSL to
multimodal scenarios introduces additional challenges. Mul-
timodal data exhibits heterogeneous noise levels, modality
imbalance, and complex cross-modal dependencies, which can
amplify pseudo-label noise when modality-specific cues are
misaligned. Recent studies explore multimodal SSL via cross-
modal consistency [16], [17], uncertainty-aware pseudo-label
selection [13], and modality-aware interaction modeling [3].

B. Multimodal Emotion Recognition

Multimodal Emotion Recognition seeks to identify hu-
man emotional states by integrating information from mul-
tiple modalities, typically including text, audio, and visual
signals [18]. To capture higher-order cross-modal interac-
tions, a line of work has proposed explicit fusion operators.
TFN [19] models unimodal, bimodal, and trimodal interactions

via tensor products, while LMF [20] reduces the computa-
tional overhead of tensor fusion through low-rank factoriza-
tion. Graph-based fusion has been investigated for model-
ing inter-modality dependencies [21]. Moreover, uncertainty-
aware methods combine cross-modal attention with Bayesian
inference to improve robustness under noisy multimodal sig-
nals [22].

Recent advances in MER focus on learning modality-
invariant and modality-specific representations to better exploit
complementary information across modalities. Methods such
as MISA [23], Self-MM [7], and ConFEDE [6] explicitly de-
compose multimodal representations into shared and modality-
specific components. Transformer-based architectures [10],
[24] further enhance cross-modal modeling capacity through
attention mechanisms. More recently, mixture-of-experts and
uncertainty-aware routing strategies have been introduced to
address modality dominance and reliability imbalance [11],
[25].

III. METHODOLOGY

A. Overview

As depicted in Fig. 2, the overall architecture of SABTM
follows a modular design, where ABT operates at the represen-
tation level, SF-MoE enables adaptive multimodal fusion, and
the consistency module regularizes predictions across fusion
pathways.

B. Problem Formulation

Semi-supervised multimodal emotion recognition aims to
classify multimodal samples based on a training set consisting
of labeled and unlabeled data. The labeled dataset is formally
defined as DL = {(Xi, yi)}NL

i=1, where each sample Xi =
{xv

i ,x
t
i,x

a
i } consists of features from visual (v), textual (t),

and acoustic (a) modalities, and yi ∈ {1, 2, . . . , C} denotes the
corresponding emotion category label. The unlabeled dataset
is denoted as DU = {Xj}NU

j=1.
For each modality m ∈ {v, t, a}, the raw input features

xm ∈ RLm×dm are first passed through dedicated modality
encoders Em(·), which include pre-trained feature extraction
models followed by modality-specific transformer encoders
and MLP layers, to extract semantically rich hidden represen-
tations hm = Em(xm) ∈ Rdh , where dh denotes the shared
hidden dimension across all modalities. Lm and dm denotes
the feature length and dimension of modality m.

C. Adaptive Barlow Twins (ABT)

To address inadequate disentanglement between shared and
modality-specific representations in semi-supervised multi-
modal emotion recognition, we propose Adaptive Barlow
Twins (ABT), a decoupling mechanism designed to be robust
to noisy pseudo-supervision.

Most existing disentanglement-based methods reduce cross-
modal redundancy via decorrelation objectives, where the
partition between shared and private subspaces is governed
by a dataset-level fixed ratio [26]. Such a static design,
although effective under full supervision, becomes fragile



Fig. 2. Overview of the proposed SABTM with three main components that synergistically process multiple modalities: (1) Adaptive Barlow Twins (ABT)
for dynamic feature decoupling, (2) Sample-wise Fusion Mixture of Experts (SF-MoE) for adaptive cross-modal fusion, and (3) Dual-Strategy Consistency
Learning for coherent predictions.

in semi-supervised settings, as noisy pseudo-labels induce
sample-dependent and stage-wise variations in cross-modal
correlations.

ABT addresses this limitation by replacing static ratio as-
signment with an adaptive, correlation-aware split mechanism.
It dynamically predicts the proportion of shared dimensions
based on current cross-modal alignment and stabilizes the
ratio evolution using an exponential moving average (EMA),
eliminating the need for large-scale ratio tuning.

Specifically, for each modality pair (p, q) ∈ {(a, t), (v, t)},
the ABT mechanism disentangles features dynamically. Fol-
lowing Barlow Twins [27], batch normalization is applied to
the modality representations hm along the batch dimension
to obtain normalized embeddings zm, which have zero mean
and unit variance within each batch. The normalized cross-
correlation matrix Cpq ∈ Rdh×dh between modalities p and q
is computed as:

Cpq
ij =

∑N
b=1 z

p
b,iz

q
b,j√∑N

b=1(z
p
b,i)

2

√∑N
b=1(z

q
b,j)

2
. (1)

Then a single-output MLP layer named RatioMLP is em-
ployed to predict the optimal splitting ratio for each modality
pair. The ratio prediction process is formulated as:

rrawpq = σ(RatioMLP([hp;hq])), (2)

where rrawpq ∈ [0, 1] represents the proportion of dimensions
allocated to common features, and σ denotes the sigmoid
activation function.

To maintain training stability, the predicted ratios are
smoothed using exponential moving averages:

r(t)pq = θ · r(t−1)pq + (1− θ) · rraw,(t)
pq , (3)

where θ is the decay factor controlling smoothness of ratio
updates, with initialization r

(0)
pq = 0.2 to provide a starting

point for the common-unique dimension split.
Based on the stabilized ratio r(t)pq , we adaptively determine

the dimensionality of shared and modality-specific subspaces
as:

dh,s = br(t)pq · dhc, dh,sp = dh − dh,s. (4)

Accordingly, the cross-correlation matrix Cpq can be written
in a block form as

Cpq =

[
Cpq

s Cpq
s→sp

Cpq
sp→s Cpq

sp

]
, (5)

where Cpq
s ∈ Rdh,s×dh,s measures cross-modal correlations

within the shared subspace, Cpq
sp ∈ Rdh,sp×dh,sp corresponds to

correlations within the modality-specific subspace, and Cpq
s→sp

and Cpq
sp→s denote the off-diagonal cross-correlations between

the two subspaces. In our implementation, we apply correla-
tion constraints only to Cpq

s and Cpq
sp to stabilize training in

the presence of noisy pseudo-labels.
For shared information, the shared correlation sub-matrix is

encouraged to approach an identity matrix:

Lpq
shr =

dh,s∑
i=1

(
Cpq

s,ii − 1
)2

+ λ

dh,s∑
i 6=j

(
Cpq

s,ij

)2
. (6)



For modality-specific information, redundancy reduction is
promoted by driving the modality-specific correlation sub-
matrix toward zero:

Lpq
sp =

dh,sp∑
i=1

(
Cpq

sp,ii

)2
+ λ

dh,sp∑
i6=j

(
Cpq

sp,ij

)2
. (7)

The complete ABT objective aggregates both modality
pairs:

LABT =
∑

(p,q)∈{(a,t),(v,t)}

(
Lpq
shr + L

pq
sp

)
. (8)

D. Sample-wise Fusion Mixture-of-Experts (SF-MoE)

To capture richer cross-modal information, we propose SF-
MoE that employs a dynamic router network enabling adaptive
fusion at both feature and decision levels. SF-MoE cap-
tures cross-modality interactions at feature- and decision-level
and addresses sample-level modality importance differences
through adaptive weighting.

Given the modality-specific representations hv,ht,ha ∈
Rdh obtained from the modality encoders, the router network
dynamically assesses the importance of each modality for
individual samples:

w = Softmax
(

Router([hv;ht;ha])

φ

)
, (9)

where w = [wv, wt, wa] denotes the normalized modality
weights with

∑
m wm = 1, and φ is a temperature param-

eter controlling the distribution sharpness. Router(·) is an
MLP with an output dimension of 3. The softmax function
transforms these outputs into a probability distribution over
modalities.

At the feature level, weighted modality representations that
preserve the complementary nature of multimodal information
are computed through:

hfusion =
∑

m∈{v,t,a}

wm · hm. (10)

Simultaneously, at the decision level, each modality em-
ploys a dedicated classifier Classifierm(·) consisting of an
MLP with dropout regularization followed by a softmax layer
for emotion category prediction. The individual modality pre-
dictions pm = Classifierm(hm) are then combined using the
same sample-specific weights through:

pweighted =
∑

m∈{v,t,a}

wm · pm. (11)

To suppress modality dominance during fusion, we intro-
duce a confidence-aware load balancing mechanism that aligns
mixture-of-experts routing weights with modality reliability.
Unlike methods relying on static modality priors, our design
dynamically adjusts modality importance at the sample level
and applies to both labeled and unlabeled data.

For a given sample Xi and modality m ∈ {v, t, a}, let pm
i

denote the predicted class probability distribution produced by
the modality-specific classifier. To enable a unified formulation

for semi-supervised learning, we define a unified target label
ŷi as

ŷi =

{
yi, Xi ∈ DL,

ỹi, Xi ∈ DU ,
(12)

where ỹi denotes the pseudo-label generated by the fusion
classifier:

ỹi = arg max
c∈{1,...,C}

(
p
(i)
fusion

)
c
. (13)

Based on the unified label ŷi, the modality-wise prediction
uncertainty is defined as

emi = 1− pmi,ŷi
, (14)

where pmi,ŷi
represents the predicted probability assigned by

modality m to the target class ŷi. This uncertainty serves as
a confidence-based proxy for estimating the relative reliability
of each modality without requiring ground-truth annotations
for unlabeled samples.

Using the estimated uncertainties, we construct an ideal
modality importance distribution Ii = [Ivi , I

t
i , I

a
i ] as

Imi =
1/(emi + ε)∑

k∈{v,t,a} 1/(e
k
i + ε)

, (15)

where ε is a small constant to ensure numerical stability.
Modalities with lower uncertainty (higher confidence) are thus
encouraged to receive higher importance.

To align the router-generated weights wi = [wv
i , w

t
i , w

a
i ]

with the ideal importance distribution while preserving expert
diversity, we introduce an auxiliary load balancing loss:

Laux =
∑
m

wm
i log(wm

i + ε) + η ‖wi − Ii‖22 , (16)

where the first term promotes balanced expert utilization
via entropy regularization, and the second term encourages
consistency between routing decisions and modality reliability.
The hyperparameter η controls the trade-off between these two
objectives.

E. Dual-Strategy Consistency Learning

Although SF-MoE shows promising solution, it may
generate inconsistent predictions between feature-level and
decision-level fusion due to the dual-pathway design, po-
tentially degrading pseudo-label reliability. To address this,
we propose a dual-strategy consistency learning module that
enforces prediction coherence across both fusion pathways.

Given the fused features hfusion from SF-MoE, feature-
level predictions pfusion = Classifierfusion(hfusion) are
derived through a MLP Classifier. To ensure consistency with
decision-level predictions pweighted, a consistency constraint
minimizes the distribution deviation. The consistency loss is:

Lmcc =
∥∥(pfusion)

Tpweighted − Id
∥∥2
F
, (17)

where Id denotes the identity matrix.
The consistency loss promotes diagonal dominance while

suppressing off-diagonal correlations, encouraging the model



to produce consistent predictions across both fusion pathways
and reducing prediction uncertainty.

For reliable pseudo-label generation, the mechanism selects
samples where both strategies demonstrate high confidence
and prediction consistency from the unlabeled dataset DU .
Specifically, the reliable sample set R includes samples
where at least one pathway exceeds the confidence threshold
(max(p

(i)
weighted) > τ or max(p

(i)
fusion) > τ ) and both

pathways predict the same class label (argmax(p
(i)
weighted) =

argmax(p
(i)
fusion)), where τ represents the confidence thresh-

old for pseudo-label generation. Besides, this dual-branch
training employs a unified cross-entropy loss combining su-
pervised learning on labeled samples and pseudo-supervision
on reliable unlabeled samples. Thus, the training sample set
becomes S = DL ∪ R with labels yS that utilize ground-
truth labels yi for labeled samples and generated pseudo-labels
ỹi = argmax(p

(i)
fusion) for reliable unlabeled samples.

Since both pathways predict the same class for samples
in R, either prediction pathway suffices for pseudo-label
generation. The classification loss follows:

Lcls = LCE(p
S
fusion,y

S) + LCE(p
S
weighted,y

S). (18)

F. Training Objective

The complete training objective integrates all proposed
components for end-to-end optimization:

Ltotal = Lcls + LABT + Laux + Lmcc. (19)

Here, the classification loss Lcls jointly optimizes shared and
modality-specific representations, which effectively prevents
degenerate solutions such as representation collapse when
ABT is optimized together with supervised and consistency-
based objectives.

IV. EXPERIMENTS

A. Datasets

To validate SABTM, we conduct comprehensive exper-
iments on three widely-used multimodal emotion recogni-
tion benchmarks: CH-SIMS v2.0 [28], CMU-MOSI [1], and
CMU-MOSEI [2]. CH-SIMS v2.0 is a Chinese in-the-wild
multimodal benchmark with utterance-level sentiment/emotion
labels and intensity annotations, and it additionally provides
unlabeled raw video segments for semi-supervised learning.
CMU-MOSI is an English dataset of opinionated video seg-
ments annotated at the utterance level for sentiment polarity
and intensity. CMU-MOSEI is a larger-scale English bench-
mark with more diverse speakers and topics, offering a more
challenging evaluation for multimodal models. Following stan-
dard benchmark protocols, Acc2 denotes binary accuracy by
mapping sentiment into negative and positive, while Acc7 de-
notes seven-class accuracy obtained by discretizing sentiment
intensity scores; F1-score is reported accordingly.

TABLE I
PERFORMANCE COMPARISON ON CH-SIMS V2.0. †: SUPERVISED
LEARNING; ‡: SEMI-SUPERVISED LEARNING. BEST RESULTS ARE

HIGHLIGHTED IN BOLD.

Method Acc2↑ F1↑
MAG-BERT [24]† 79.79 79.78
Self-MM [7]† 79.01 78.89
ConFEDE [6]† 81.88 81.84
TriagedMSA [32]† 83.75 83.67
Coupled Mamba [33]† 83.40 83.50
AV-MC [28]‡ 82.50 82.55
MC-Teacher [16]‡ 84.33 84.38
SABTM‡ 88.95 88.97

TABLE II
PERFORMANCE COMPARISON ON CMU-MOSI AND CMU-MOSEI

DATASETS. †: SUPERVISED LEARNING; ‡: SEMI-SUPERVISED LEARNING.
“REPROD.” DENOTES REPRODUCED RESULTS UNDER THE SAME

LABELED-DATA RATIO SETTING.

Method CMU-MOSI CMU-MOSEI
Acc2↑ F1↑ Acc7↑ Acc2↑ F1↑ Acc7↑

Self-MM [7]† 85.9 85.9 45.3 85.2 85.3 53.2
ConFEDE [6]† 85.52 85.52 42.27 85.82 85.83 54.86
EUAR [11]† 86.30 86.30 46.10 86.60 86.40 54.90
TriagedMSA [32]† 86.90 87.00 – 86.30 86.40 –
SMIN [3]‡ 81.55 81.45 – 86.82 86.81 –
MC-Teacher [16]‡ – – – 85.36 85.24 52.17
MC-Teacher (Reprod.)‡ – – – 86.82 86.83 55.85
SABTM‡ 87.50 87.56 47.38 87.62 87.66 56.79

B. Experimental Setup

All experiments are conducted on an NVIDIA RTX 3090
GPU. We extract modality features using frozen pre-trained
encoders: RoBERTa [29] for text, HuBERT [30] for audio,
and CLIP [31] for visual signals. For each modality, we
use the output of the last layer of the corresponding pre-
trained encoder as the input features for subsequent modality
encoders, and train the remaining modules end-to-end.

For semi-supervised settings, CH-SIMS v2.0 uses its labeled
subset as DL and the provided unlabeled raw segments as DU .
Since CMU-MOSI and CMU-MOSEI do not provide unla-
beled splits, we adopt cross-dataset unlabeled augmentation.
Specifically, training on MOSI uses MOSEI utterances as DU

while discarding all ground-truth annotations from MOSEI;
conversely, training on MOSEI uses MOSI utterances as DU

with MOSI labels ignored.
We optimize the model using Adam with a batch size of 256

and a learning rate of 1× 10−5. The hidden dimension is set
to dh = 512, and each modality-specific Transformer encoder
contains 2 layers with 4 attention heads. We set η = 0.15
for Laux, the router temperature φ = 1, and ε = 0.1 for
numerical stability. We follow a warm-up strategy by training
on DL for the first 15 epochs, and then enable pseudo-labeling
to optimize on DL ∪R.

C. Results

Table I shows that SABTM outperforms existing competi-
tive state-of-the-art approaches on CH-SIMS v2.0, achieving a
substantial 4.62% improvement over the previous best method



MC-Teacher. Table II presents results on CMU-MOSI and
CMU-MOSEI, where SABTM achieves highly competitive
performance on MOSI and superior state-of-the-art results on
MOSEI across both binary and 7-class classification tasks.
On CMU-MOSI, SABTM achieves a 0.6% improvement in
Acc2 (87.50% vs. 86.90%) compared to TriagedMSA, while
on CMU-MOSEI, SABTM shows a 0.8% improvement in
Acc2 (87.62% vs. 86.82%) over SMIN. Moreover, SABTM
yields consistent gains in Acc7, indicating improved fine-
grained sentiment discrimination rather than merely coarse
polarity separation. The larger margin on CH-SIMS further
suggests that SABTM can better exploit naturally available un-
labeled data, benefiting from more reliable pseudo-supervision
under the proposed disentanglement, routing, and consistency
mechanisms. This advantage is also reflected in improved F1
scores, suggesting that SABTM better balances precision and
recall across sentiment classes. Overall, these results validate
the effectiveness of SABTM’s three modules and demonstrate
stronger cross-modal generalization under semi-supervised
training, establishing new state-of-the-art performance across
all evaluated benchmarks.

D. Ablation Study

Effect of the proposed components. To validate the ef-
fectiveness of each proposed component, we conduct com-
prehensive ablation studies by progressively removing key
modules from SABTM. Table III reports a cumulative ab-
lation, where each row removes one additional component
on top of the setting in the previous row. The performance

TABLE III
CUMULATIVE ABLATION RESULTS ON CH-SIMS V2.0. EACH ROW

REMOVES ONE ADDITIONAL COMPONENT ON TOP OF THE PREVIOUS
SETTING. NOTE: “W/O ROUTER” REPRESENTS USING AVERAGE WEIGHTS.

Configuration Acc2↑ F1↑
Full Model 88.95 88.97
w/o LABT 84.65 84.66
w/o LABT + w/o Lmcc 82.87 82.87
w/o LABT + w/o Lmcc + w/o Laux 80.22 80.24
w/o LABT + w/o Lmcc + w/o Laux + w/o router 82.06 82.11

degrades monotonically as more components are removed,
confirming that the three modules contribute complementary
benefits rather than overlapping functionality. The results
demonstrate clear contributions from each component through
progressive ablation. Removing ABT loss causes a 4.3% drop
in Acc2, highlighting its critical role in dynamic feature
disentanglement and preserving both modality-invariant and
modality-specific characteristics. Further removing the mutual
consistency constraint (Lmcc) leads to additional degradation
(82.87% Acc2), demonstrating its importance for coherent
dual-pathway predictions and reliable pseudo-label generation.
Progressively removing the auxiliary loss (Laux) results in the
most severe degradation (80.22% Acc2), confirming its essen-
tial role in preventing modality dominance and maintaining
expert diversity within the MoE framework. Finally, replacing
the router network with average weights shows a 6.89% drop
from the full model, validating the necessity of adaptive

TABLE IV
ABLATION ON SF-MOE FUSION PATHWAYS ON CH-SIMS V2.0. IN

SINGLE-PATH VARIANTS, Lmcc IS NOT APPLICABLE BECAUSE ONLY ONE
PATHWAY IS RETAINED.

Setting Lmcc Acc2↑ F1↑
Dual-Path (Full SF-MoE) X 88.95 88.97
Dual-Path – 87.99 88.00
Feature-only – 87.31 87.31
Decision-only – 87.04 87.01

sample-specific modality weighting over static fusion strate-
gies. This comparison reveals the key difference between SF-
MoE with load balancing and conventional uniform weighting
approaches, where dynamic weight assignment proves crucial
for handling varying modality importance across samples.

Effect of dual-pathway design in SF-MoE. SF-MoE
generates two predictions via feature-level fusion (pfusion)
and decision-level fusion (pweighted). To evaluate the necessity
of this design, we construct two single-path variants: Feature-
only, which uses only feature-level fusion, and Decision-
only, which relies on decision-level fusion. In both cases, the
mutual consistency loss Lmcc is removed. Pseudo-labels are
selected based on the confidence of the remaining pathway
using the same threshold τ . As shown in Table IV, removing
Lmcc leads to a clear drop in performance (Acc2: 88.95 →
87.99; F1: 88.97 → 88.00), indicating its role in stabilizing
predictions and improving pseudo-label quality. Even without
Lmcc, the dual-path model still outperforms both single-path
variants (87.99 vs. 87.31/87.04 Acc2), suggesting that the two
fusion strategies provide complementary information. Between
the single-path settings, Feature-only performs slightly better
than Decision-only (87.31 vs. 87.04 Acc2), indicating that
feature-level fusion is more effective for capturing cross-modal
interactions in this task.

Sensitivity to ABT regularization and adaptive ratio
learning. To examine the sensitivity of SABTM to key hy-
perparameters, we report the effect of the ABT regularization
coefficient λ in Fig. 3 and compare fixed-ratio splitting with
adaptive ratio learning under different EMA decay factors
θ in Table V. As shown in Fig. 3, SABTM achieves the
best performance when λ = 0.01. Smaller values (e.g.,
λ < 0.01) provide insufficient redundancy reduction, while
larger values over-regularize the cross-modal correlations and
degrade performance. Table V shows that adaptive ratio learn-
ing with EMA consistently outperforms fixed ratio baselines,
and θ = 0.9 yields the best results, indicating that moderately
smoothing ratio updates improves both stability and adaptivity.
Compared with the best fixed split (r = 0.2), ABT+EMA with
θ = 0.9 yields consistent gains on both MOSI and MOSEI,
confirming robust adaptivity.

Qualitative analysis of feature disentanglement. To qual-
itatively assess whether ABT decouples shared and modality-
specific representations, we visualize the learned embeddings
using t-SNE. Fig. 4 presents the shared subspace (blue) and
modality-specific subspaces (red/green) for two modality pairs
(T–V and T–A). The modality-specific representations form



Fig. 3. Effect of the ABT regularization coefficient λ on model performance.

TABLE V
FIXED VS. ADAPTIVE RATIO WITH EMA ON ACC7↑ (INIT=0.2 FOR ALL

ADAPTIVE SETTINGS).

Setting CMU-MOSI acc7↑ CMU-MOSEI acc7↑
Fixed r = 0.1 45.63 54.30
Fixed r = 0.3 44.90 54.86
Fixed r = 0.2 46.21 56.02
ABT+EMA (θ = 0.9) 47.38 56.79
ABT+EMA (θ = 0.8) 45.92 55.91
ABT+EMA (θ = 0.7) 45.77 56.43
ABT+EMA (θ = 0.6) 45.34 54.33

compact, well-separated clusters, indicating that modality-
unique cues are preserved rather than absorbed into the
shared space. Meanwhile, the shared representations exhibit a
clear cross-modal mixing trend, suggesting that ABT captures
modality-invariant semantics without forcing all information
into a single cluster. Notably, a small portion of samples shows
local proximity between shared and modality-specific points,
which is expected under ABT’s dynamic shared–specific split-
ting: some cues are largely shared while still retaining weak
modality-dependent nuances, and may therefore lie near the
boundary in the 2D projection.

Impact of pseudo-label confidence threshold. We inves-
tigate the sensitivity of SABTM to the pseudo-label confi-
dence threshold τ , which determines the selection of reliable
unlabeled samples. Table VI reports Acc7 on CMU-MOSI
and CMU-MOSEI under different τ values. When τ is small,
more unlabeled instances are included in the reliable set,
but the increased coverage also introduces noisier pseudo-
labels, which may introduce confirmation bias. Conversely, a
large τ yields higher-quality pseudo-labels but selects fewer
samples, reducing effective supervision from DU and limiting
performance. Overall, τ = 0.90 achieves the best trade-off
between quality and quantity and is adopted as the default
setting in all experiments. Notably, a similar trend is observed
on both MOSI and MOSEI, indicating that the optimal τ
is not strongly dataset-dependent and generalizes well across
different data scales and distributions.

Effect of Unlabeled Data (Semi-supervised vs. Fully-
supervised) To quantify the contribution of unlabeled data,
we conduct an additional ablation by comparing the fully-
supervised setting (training only on labeled data DL) with the
semi-supervised setting (training on DL+DU ) under the same
model architecture and optimization protocol. As shown in Ta-

Fig. 4. t-SNE visualization of ABT-decoupled representations on a ran-
domly sampled mini-batch. Blue denotes the modality-shared subspace, while
red/green denote modality-specific subspaces. Left: T–V. Right: T–A.

TABLE VI
EFFECT OF PSEUDO-LABEL THRESHOLD τ ON ACC7↑.

τ CMU-MOSI acc7↑ CMU-MOSEI acc7↑
0.70 45.19 54.73
0.80 46.21 55.57

0.90 (default) 47.38 56.79
0.95 46.79 56.65

ble VII, introducing unlabeled samples consistently improves
performance on both datasets. On CH-SIMS v2.0, semi-
supervised training yields gains of +1.91% in Acc2 (88.95
vs. 87.04) and +1.91% in F1 (88.97 vs. 87.06). On CMU-
MOSI, semi-supervised learning improves Acc2 by +1.98%
(87.50 vs. 85.52), F1 by +1.97% (87.56 vs. 85.59), and Acc7
by +1.17% (47.38 vs. 46.21). These results demonstrate that
SABTM can effectively exploit unlabeled data to enhance gen-
eralization under limited supervision, validating the necessity
of the proposed semi-supervised training framework.

V. CONCLUSION
This paper investigates semi-supervised multimodal emotion

recognition and proposes SABTM, an adaptive framework
designed to address insufficient shared–private disentangle-
ment and modality dominance under limited supervision.
SABTM integrates three key components: Adaptive Barlow
Twins to dynamically separate shared and modality-specific
representations and preserve complementary cues, a Sample-
wise Fusion Mixture-of-Experts module to perform sample-
dependent routing with load balancing and enable dual-path
fusion at both feature and decision levels, and dual-strategy
consistency learning to regularize cross-path predictions for
more stable training and higher-quality pseudo-labels. Exten-
sive experiments on multiple benchmark datasets demonstrate
consistent improvements over strong supervised and semi-
supervised baselines, while ablation studies further confirm
that each component contributes complementary benefits. In
future work, we plan to develop more noise-robust semi-
supervised frameworks that explicitly model and mitigate
pseudo-label corruption to further improve reliability under
challenging unlabeled data.
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