
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 41021–41032
July 2-7, 2026 ©2026 Association for Computational Linguistics

Beyond Static Alignment: Adaptive Arbitration for Semantic Incongruence
in Semi-Supervised Multimodal Sentiment Analysis

Huicong Li* Xiangbo Ji* Wei Wu†

School of Computer Science, Inner Mongolia University
{lihuicong,jixiangbo}@mail.imu.edu.cn, cswuwei@imu.edu.cn

Abstract

Multimodal sentiment analysis is fundamen-
tally challenged by semantic incongruence,
where ambiguous visual signals often conflict
with explicit textual cues. In semi-supervised
scenarios, naively fusing such noisy features
contaminates the joint representation, while
conventional static alignment strategies fail to
effectively arbitrate conflicting modalities in
this task, leading to error reinforcement dur-
ing self-training. To this end, we propose a
novel Adaptive Arbitration for Semantic Incon-
gruence (A2SI) framework for semi-supervised
multimodal sentiment analysis, which empha-
sizes stable cross-modal representations and
reliable supervision. Specifically, we first con-
strain unreliable visual representations by lever-
aging the reliable textual modality as an anchor
to align divergent embeddings and reduce repre-
sentation noise. Based on this, we further con-
sider the reliability of supervision signals and
calibrate pseudo-labels by adaptively weight-
ing evidentiary confidence from heterogeneous
views. Finally, to prevent error accumulation
caused by unreliable samples, we introduce a
progressive arbitration mechanism that verifies
pseudo-labeled data from dual perspectives, en-
abling the model to dynamically balance sam-
ple diversity and label purity throughout self-
training. Extensive experiments on the MVSA-
Single and MVSA-Multiple datasets demon-
strate that A2SI consistently outperforms state-
of-the-art methods under label-limited settings.

1 Introduction

With the rapid growth of social media and digi-
tal communication platforms, users increasingly
express their opinions and emotions through mul-
timodal content, such as text and images. This
trend has driven extensive research in Multimodal
Sentiment Analysis (MSA) (Zhu et al., 2025; Liu
et al., 2024; Wang et al., 2025), which aims to infer
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Figure 1: Examples of multimodal sentiment samples
illustrating semantic alignment and incongruence be-
tween image and text modalities.

user sentiment by integrating heterogeneous cues
into a unified representation. Benefiting from cross-
modal complementarity, MSA has been widely ex-
plored in areas such as social media analysis, user
profiling, and human-computer interaction (Yang
et al., 2023; Wu et al., 2024). However, given
the scarcity of high-quality annotations in practice,
extending MSA to semi-supervised scenarios is
desirable but remains hindered by the inherent un-
evenness of modality quality and the complexity of
pseudo-label generation.

Visual signals can perfectly align with textual
sentiment in ideal cases as shown in Figure 1(a),
but in scenarios characterized by visual ambigu-
ity, textual sentiment is often explicit, whereas
visual cues tend to be high-entropy and context-
dependent (Huang et al., 2026; Zhao et al., 2025;
Wu et al., 2026). As illustrated in Figure 1(b), the
text provides a clear semantic anchor, while the
visual view is dominated by task-irrelevant back-
ground patterns. Without explicit semantic regu-
larization, visual encoders are prone to overfitting
such dominant but sentiment-agnostic cues, caus-
ing the visual embedding to diverge from the un-
derlying sentiment manifold . When these unstable
visual representations are directly fused with reli-
able textual features, they dilute the discriminative
signal and degrade the robustness of the joint rep-
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resentation.
In semi-supervised learning (SSL), existing ap-

proaches often derive supervision signals primar-
ily from fused representations (Yang et al., 2019,
2021b), implicitly assuming that cross-modal fu-
sion yields the most reliable predictions. How-
ever, this assumption can break down under se-
mantic incongruence, where a noisy view can cor-
rupt the fused representation and lead to incorrect
joint predictions, even when unimodal evidence
remains reliable. More specifically, such incon-
gruence may induce a progressive degradation pro-
cess, where corrupted predictions result in noisy
pseudo-labels(Feng et al., 2022; Paul et al., 2019).
As these labels are iteratively reused during self-
training, they can further contribute to error accu-
mulation over time(Chen et al., 2022a). To mitigate
such noise, prior methods typically rely on static
confidence thresholds (Sohn et al., 2020). These
rigid criteria lack the flexibility to arbitrate con-
flicting heterogeneous views (Zhang et al., 2021;
Xu et al., 2021). As a result, they tend to discard
informative hard samples while failing to suppress
high-confidence errors induced by modality bias,
making it difficult to balance sample diversity with
label purity during self-training.

To overcome the limitations of static alignment
under semantic incongruence, we propose Adap-
tive Arbitration for Semantic Incongruence (A2SI),
a semi-supervised framework for image-text senti-
ment analysis, which consists of three components:
Fusion-Guided Modality Regularization (FGMR),
Reliability-Aware Calibration (RAC), and Dual-
View Arbitration Distillation (DVAD). Specifically,
for each text-image pair, we first utilize FGMR to
mitigate visual noise by leveraging the reliable tex-
tual semantics as a semantic anchor, thereby impos-
ing explicit semantic constraints on visual encoders
and stabilizing modality-specific representations.
Building on these stabilized representations, the
RAC module adaptively integrates unimodal and
multimodal evidence by re-weighting their confi-
dence, generating calibrated pseudo-label supervi-
sion. Finally, we introduce DVAD, which acts as
a progressive arbitration mechanism that verifies
pseudo-labeled samples from dual perspectives, en-
abling the model to effectively arbitrate conflicting
cues and dynamically balance sample diversity and
label purity during self-training.

The contributions can be summarized as follows:

• We propose a novel semi-supervised frame-

work, Adaptive Arbitration for Semantic In-
congruence (A2SI), for multimodal sentiment
analysis, which systematically addresses se-
mantic incongruence by improving represen-
tation stability and pseudo-label reliability in
self-training.

• We design an integrated learning strategy that
stabilizes noisy cross-modal representations
through text-guided semantic constraints and
calibrates pseudo-label supervision by model-
ing the reliability of heterogeneous evidence,
mitigating both representation noise and su-
pervision bias.

• We introduce a progressive arbitration mecha-
nism that adaptively verifies training samples
from complementary perspectives, effectively
preventing error accumulation and enabling
a dynamic balance between sample diversity
and label purity during self-training.

• Extensive experiments on two benchmark
datasets, including MVSA-Single and MVSA-
Multiple, show that our approach outperforms
the state-of-the-art methods across various
label-limited settings.

2 Related Work

2.1 Multimodal Sentiment Analysis
Multimodal Sentiment Analysis (MSA) integrates
heterogeneous signals via feature-level fusion,
evolving from early tensor-based and attention
mechanisms (Zadeh et al., 2017; Xu and Mao,
2017) to recent frameworks that address weak
correlations (Li et al., 2025) or leverage vision-
language model priors (Huang et al., 2024a; Ling
et al., 2022) for enhanced alignment. Comple-
menting this, decision-level fusion aggregates uni-
modal predictions, where recent approaches like
tag-assisted mechanisms (Zeng et al., 2023) em-
ploy importance weighting to robustly handle in-
complete data patterns. However, existing methods
mainly focus on fusion mechanisms or missing
modality recovery, which is inadequate to prevent
the semantic divergence of visual representations
caused by task-irrelevant background noise.

2.2 Semi-supervised Multimodal Learning
Semi-supervised multimodal learning leverages un-
labeled data via self-training and consistency reg-
ularization (Zhang et al., 2016; Sirbu et al., 2022),
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Figure 2: Overview of the proposed Adaptive Arbitration for Semantic Incongruence (A2SI) framework. Visual and
textual inputs are encoded into modality-specific and fused representations, followed by Fusion-Guided Modality
Regularization (FGMR) and Classification. Unlabeled samples are refined through the Reliability-Aware Calibration
(RAC) and the Dual-View Arbitration Distillation (DVAD).

often enforcing cross-modal alignment through co-
training paradigms (Liang et al., 2020). To miti-
gate unreliable predictions, recent works focus on
refining supervision quality, evolving from class-
balanced selection strategies (Chen et al., 2023)
to dynamic learnable filter networks (Yuan et al.,
2024) that effectively distill knowledge by filter-
ing noisy pseudo-labels. Considering the reliability
asymmetry across different views, our method re-
calibrates prediction confidence to adaptively arbi-
trate between conflicting predictions, thereby cor-
recting biased pseudo-labels without relying on
rigid thresholds.

3 Method

3.1 Overall Architecture

We present an overview of our framework in Fig-
ure 2, which consists of four core modules. (1)
The Multimodal Feature Encoder maps visual and
text inputs into disentangled modality-specific and
fusion-oriented semantic spaces. (2) The Fusion-
Guided Modality Regularization (FGMR) module
stabilizes training by anchoring unimodal repre-
sentations to the reliable fusion center for seman-
tic coherence. (3) The Reliability-Aware Calibra-
tion (RAC) module recalibrates pseudo-labels by
synthesizing evidence from all branches to filter
noisy modalities. (4) The Dual-View Arbitration

Distillation (DVAD) module adaptively arbitrates
between the calibrated and fusion views to distill
high-quality supervision signals. Next, we describe
these modules in detail.

3.2 Multimodal Feature Encoding

Our framework processes image-text pairs from
both a labeled batch X = {(xb,v, xb,t, yb)}Bb=1 and
an unlabeled batch U = {(ub,v, ub,t)}µBb=1. Visual
and text inputs are first processed by distinct back-
bones to obtain raw representations Fv and Ft.
These are then mapped into two sets of features:
modality-specific features Sv, St via individual en-
coders, and fusion-oriented features Cv, Ct. The
latter are summed to form the unified multimodal
representation Cm:

Sv = fv(Fv), St = ft(Ft),

Cm = fm(Fv) + fm(Ft).
(1)

Classification & Supervised Loss. With the se-
mantic space aligned, the stabilized features Sv,
St, and Cm are fed into their respective classi-
fiers, yielding predicted logits zb,v, zb,t and zb,m
for each sample b. For labeled data in X , utilizing
the ground-truth label yb, the model is optimized
via a multi-branch supervised loss based on the
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standard cross-entropy function ℓCE:

Lsup =
1

B

B∑

b=1

∑

k∈{v,t,m}
ℓCE (zb,k, yb) . (2)

3.3 Fusion-Guided Modality Regularization
As aforementioned, visual modalities in real-world
scenarios are often plagued by ambiguity and high
entropy. Lacking explicit semantic constraints, the
visual encoder is prone to overfitting task-irrelevant
background patterns, causing the visual embedding
Sv to diverge from the true sentiment manifold. To
rectify this divergence, we propose Fusion-Guided
Modality Regularization (FGMR).

FGMR serves as a lightweight constraint mech-
anism that stabilizes modality-specific representa-
tions. Specifically, it encourages semantic coher-
ence among the embeddings by constraining their
pairwise distances:

Lreg = ∥St − Sv∥2
+ α (∥St − Cm∥2 + ∥Sv − Cm∥2) .

(3)

Crucially, the fusion representation Cm explic-
itly integrates the robust semantics from the textual
branch, thereby functioning as a stable semantic
anchor. By minimizing ∥Sv − Cm∥2, the frame-
work acts as a semantic rectifier: it compels the
visual encoder to suppress irrelevant background
noise and re-align its feature distribution with the
robust sentiment context, effectively mitigating the
feature divergence problem.

Feature Decoupling. To further disentangle
multimodal and modality-specific representations,
we incorporate an auxiliary feature-decoupling
loss (Li et al., 2023). This component complements
FGMR by preventing shortcut correlations, ensur-
ing that sentiment-relevant fused features remain
discriminative while preserving modality-unique
information. The decoupling objective is thus com-
posed of reconstruction, cycle-consistency, margin-
based, and orthogonality terms:

Ldec = Lrec + Lcyc + γ(Lmar + Lort). (4)

3.4 Reliability-Aware Calibration Module
As analyzed previously, pseudo-labels derived
solely from a single fusion classifier are vulner-
able under asymmetric modality contributions. In
such cases, a noisy modality can contaminate the
joint representation, causing the fusion prediction
to deviate from the truth even when valid eviden-
tiary support is preserved in unimodal branches.

To mitigate this contamination and fully leverage
unimodal expertise, we introduce the Reliability-
Aware Calibration (RAC) module. This module
recalibrates predictions by synthesizing evidence
from visual, textual, and fusion logits zv, zt, and
zm.

Reliability Quantification. To quantify the evi-
dentiary quality of each branch i ∈ {v, t,m}, we
first apply temperature scaling to enhance the dis-
criminability of class probabilities and extract the
maximum prediction confidence:

imax = max
(
Softmax

(zi
T

))
, (5)

where T controls the sharpness of the distribution,
and imax serves as a dynamic indicator of how trust-
worthy the i-th modality is for the current instance.

Adaptive Calibration & Filtering. These con-
fidence cues are subsequently used to compute
adaptive modality weights, yielding the corrected
pseudo-label P̃s:

P̃s =
∑

i∈{v,t,m}

imax

vmax + tmax +mmax
Pi. (6)

This formulation naturally shifts the decision
focus to the most reliable branch. In scenarios
where fusion is compromised by noise, for exam-
ple background-heavy images, RAC allows clean
unimodal cues, for example explicit text, to over-
ride the contaminated fusion output. Finally, a soft
confidence filter is applied:

P̂s =




P̃s, max(P̃s) ≥ τsoft,

0, otherwise,
(7)

which yields the corrected pseudo-label candidate
P̂s for the subsequent adaptive arbitration stage.

3.5 Dual-View Arbitration Distillation
Traditional approaches often rely on a single static
gate to select pseudo-labels, overlooking the dy-
namic reliability shifts between modalities. To ad-
dress this, the Dual-View Arbitration Distillation
(DVAD) module is designed to adaptively distill
high-quality supervision signals by arbitrating be-
tween two complementary experts: the calibration-
based pseudo-label P̂s generated by the RAC mod-
ule, and the fusion-based prediction Pf derived
from the fusion logits zm via Softmax.

Adaptive Arbitration Strategy. For each un-
labeled sample, the two views yield predictions
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P̂s = (ps, cs,ms) and Pf = (pf , cf ,mf ), where
p denotes class probabilities, c represents confi-
dence scores, and m ∈ {0, 1} is the binary selec-
tion mask. DVAD evaluates their relative reliability
on a per-sample basis. The final pseudo-label tar-
get psel is selected based on a confidence margin
δ, which allows flexible arbitration between the
calibrated and fusion views:

psel =




argmax ps, cf − cs < δt,

argmax pf , otherwise.
(8)

To stabilize training, δt follows a linear warm-up
schedule over epochs t:

δt = δbase+(δmax−δbase)×min

(
1,

t

Twarmup

)
.

(9)
This curriculum-style schedule gradually increases
the margin as the model converges. Initially, a
smaller margin allows the fusion branch to con-
tribute more freely. By imposing a stricter con-
straint in later stages, it defers to the calibrated
view, ensuring the fusion view is selected only
when a significant confidence gap exists (cf ≥
cs + δt), thus preventing instability during self-
training.

Progressive Tightening & Distillation. To en-
sure the framework transitions from robust explo-
ration to high-precision exploitation, we apply a
Progressive Tightening Filter. An unlabeled sam-
ple is accepted only if the average confidence of
both views exceeds a adaptive threshold γ(t):

mfinal = I
(
mscs +mfcf

2
≥ γ(t)

)
, (10)

where the threshold γ(t) increases linearly from
γmin to γmax as the epoch t advances. This design
enforces a strict purity constraint to eliminate low-
confidence noise as the model converges.

Finally, the filtered probabilities P∗ = {psel} are
obtained and incorporated into the training process.
For an unlabeled batch of size µB, these targets
form the supervision set Tu = {(psel

b ,mb,final)}µBb=1.
This set guides the unsupervised learning by align-
ing the unlabeled logits zunsup

b,k across all branches
with the selected pseudo-labels. Implemented via
the unsupervised loss, this process serves as a self-
distillation mechanism to transfer reliable knowl-

edge across all modalities k ∈ {v, t,m}:

Lunsup =
1

µB

µB∑

b=1

mb,final

∑

k

ℓCE

(
z

unsup
b,k , psel

b

)
.

(11)
Finally, the overall training objective inte-

grates the supervised learning, unsupervised self-
distillation, feature decoupling, and regulariza-
tion constraints. With λreg controlling the relative
strength of the stabilization constraint, the total loss
is formulated as:

Ltotal = Lsup + Lunsup + Ldec + λregLreg. (12)

4 Experiments

4.1 Dataset Dataset and Evaluation Metrics
Datasets. The original MVSA dataset (Niu et al.,
2016) includes two versions with sentiment po-
larity labels for both image and text modalities:
MVSA-Single, which contains 4,869 data pairs,
and MVSA-Multiple, which contains 19,600 data
pairs. These sentiment annotations are provided
independently for the textual and visual modali-
ties, leading to a notable degree of cross-modal
inconsistency. To address this issue, we evaluate
our method on the relabeled MVSA-Single and
MVSA-Multiple datasets released by (Xia et al.,
2025), which introduce independent annotations
for image, text, and overall multimodal sentiment,
thereby providing a more coherent and reliable su-
pervision signal for multimodal learning.

Evaluation metrics. We adopt accuracy as the
primary evaluation metric. Additionally, to mon-
itor the reliability of the self-training process, we
report Pseudo-Label Accuracy (PLA), calculated
against the ground truth of unlabeled data, and Uti-
lization Ratio (UR), defined as the proportion of
unlabeled samples selected for training. Follow-
ing previous semi-supervised works (Sun et al.,
2020; Yang et al., 2019; Sirbu et al., 2022; Xia
et al., 2025), we report the mean and variance of
the 5-fold experiment accuracy.

4.2 Implementation Details.
All experiments are implemented in PyTorch 2.5.0
and conducted on an NVIDIA GTX 3090 GPU.
We adopt ResNet-18 as the visual encoder and
BERT-base as the text encoder. For the RAC mod-
ule, the temperature scaling parameter T is set to
0.7. For the training-scheduled margin δt in the
DVAD module, we set δbase to 0.02, δmax to 0.05,
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Model Venues
MVSA-Single MVSA-Multiple

50 200 600 100 600 1500

MGNNS ACL 2021 43.62±0.68 52.86±0.74 60.45±0.64 46.77±0.71 53.60±0.58 59.12±0.76

Hgraph-CL COLING 2022 41.34±0.74 45.69±0.54 51.47±0.47 43.04±0.43 48.37±0.65 54.26±0.69

INIT TMM 2022 44.14±0.87 50.48±0.76 58.37±0.64 45.65±1.29 52.60±0.99 57.33±0.73

CLMLF NAACL 2022 53.55±0.67 57.02±0.52 62.33±0.33 48.27±0.87 54.12±0.82 57.76±1.20

DPRN TMM 2023 46.52±0.72 53.64±0.62 58.02±0.84 46.20±0.52 53.67±0.48 56.97±0.68

MVCN ACL 2023 42.60±0.94 52.52±0.85 59.12±0.74 50.12±0.67 57.59±0.94 60.33±1.03

DMD CVPR 2023 46.24±0.65 55.69±0.75 61.67±0.57 52.48±0.72 57.48±0.59 63.77±0.67

CMGCN COLING 2024 45.82±0.45 53.84±0.58 60.24±0.42 49.56±0.47 56.25±0.62 59.24±0.75

SPFVTE ICMR 2024 53.09±0.63 57.87±0.76 64.60±0.50 60.79±0.84 64.06±0.79 66.35±0.56

ArkMSA ICME 2024 51.66±0.69 62.31±0.52 66.55±0.76 61.52±0.53 65.17±0.83 66.27±0.49

MixText ACL 2020 58.16±0.68 61.48±0.62 63.14±0.62 58.47±0.48 61.39±0.67 65.01±0.66

SAT EMNLP 2022 57.09±0.57 60.33±0.63 62.87±0.45 60.70±0.64 63.47±0.49 65.53±0.34

S2-VER ECCV 2022 57.49±0.78 60.57±0.69 63.03±0.74 60.64±0.45 63.86±0.59 64.68±0.36

CHMatch CVPR 2023 56.18±0.98 60.14±0.77 63.84±0.55 58.84±0.69 64.01±0.45 65.88±0.43

CMML IJCAI 2019 52.16±0.66 55.79±0.56 61.31±0.84 58.88±0.61 60.48±0.74 63.44±0.42

TCGM ECCV 2020 55.10±0.68 59.77±0.47 63.54±0.44 59.12±0.77 62.15±0.53 65.03±0.41

FixMatchLS COLING 2022 60.16±0.73 62.01±0.73 63.59±0.56 62.42±0.52 64.80±0.58 66.28±0.38

SCRD CVPR 2025 60.51±0.32 64.27±0.72 66.60±0.59 64.22±0.47 65.29±0.36 67.76±0.39

A2SI Ours 61.77±0.53 64.64±0.78 68.75±0.43 66.09±0.39 67.40±0.41 68.38±0.35

Table 1: The accuracy (%) and variance (%) of 5-fold cross-validation on the MVSA-Single and MVSA-Multiple
datasets, comparing our Adaptive Arbitration for Semantic Incongruence (A2SI) with state-of-the-art supervised
and semi-supervised approaches, where labels represent the number of annotated samples used in training.

and the warm-up period Twarmup to 100 epochs.
For pseudo-label filtering, the confidence threshold
γ(t) linearly ramps up from an initial γmin to 0.95.
Specifically, we set γmin to 0.15 with a 70-epoch
warm-up for MVSA-Single, and 0.20 with an 80-
epoch warm-up for MVSA-Multiple. For loss de-
sign, we set the FGMR regularization weight λreg

to 0.05. We train the model on both datasets for 150
epochs under a semi-supervised setting, using an
initial learning rate of 1× 10−4 with cosine decay.

In our semi-supervised setting, a subset of in-
stances from dataset is randomly selected as la-
beled data, while the remaining samples are treated
as unlabeled by discarding their ground-truth an-
notations during training. The model is trained us-
ing ground-truth supervision on the labeled subset,
while pseudo-labels are generated for the unlabeled
data to enable semi-supervised learning. The spe-
cific numbers of labeled samples used for training
are indicated in Table 1.

4.3 Comparison with State-of-the-art
Methods

To comprehensively evaluate the effectiveness of
our approach, we compare it with a broad range of
state-of-the-art (SOTA) methods, including:

Fully supervised methods: MGNNS(Yang

et al., 2021a), Hgraph-CL(Lin et al., 2022),
INIT(Zhu et al., 2023), CLMLF(Li et al., 2022),
DPRN(Wang et al., 2024), MVCN(Wei et al.,
2023), DMD(Li et al., 2023), CMGCN(Zhang
et al., 2024), SPFVTE (Huang et al., 2024b),
ArkMSA(Pang et al., 2024).

Extensions of unimodal methods: Mix-
Text(Chen et al., 2020), SAT(Chen et al., 2022b),
S2-VER(Jia and Yang, 2022) and CHMatch(Wu
et al., 2023).

Multimodal methods: TCGM(Sun et al., 2020),
CMML(Yang et al., 2019), FixMatchLS(Sirbu
et al., 2022) and SCRD(Xia et al., 2025).

As shown in Table 1, our method consistently
outperforms SOTA methods across all settings on
both datasets. While the previous state-of-the-art
method SCRD (Xia et al., 2025) demonstrates com-
petitive performance, it relies on static thresholds
to select pseudo-labels primarily from the fusion
prediction. This rigid strategy limits flexibility,
often discarding high-quality predictive cues pre-
served in unimodal branches when the fused view
is compromised. In contrast, A2SI utilizes adap-
tive confidence weighting to dynamically synthe-
size evidence from all modalities and introduces
a progressive arbitration mechanism to adjudicate
between the calibrated and fusion results. This
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Models MVSA-S MVSA-M
A2SI 68.58 67.73
w/o FGMR 67.96 66.92
w/o RAC 67.14 66.76
w/o DVAD 65.23 66.52

Table 2: Ablation study in terms of accuracy on MVSA-
Single and MVSA-Multiple with different components.

Visual Extractor MVSA-S MVSA-M
ResNet-18 68.78 67.68
ResNet-50 67.76 66.30

ResNet-101 64.88 65.79
ViT-B/16 62.42 67.58
ViT-L/32 65.09 65.91
ViT-H/14 63.24 67.17

Table 3: Comparison of different visual extractor on
MVSA-Single and MVSA-Multiple in terms of accu-
racy.

design allows for the retrieval of more reliable
predictions that static gates might miss, yield-
ing pseudo-labels of significantly higher quality.
Consequently, under the 600-label setting, our ap-
proach achieves notable improvements of 2.15% on
MVSA-Single and 2.11% on MVSA-Multiple com-
pared to SOTA. Robust improvements persist even
in low-data regimes, exemplified by a 1.26% gain
with 50 samples on MVSA-Single and a 1.87%
gain with 100 samples on MVSA-Multiple, and
extend to higher-resource settings like the 1500-
sample configuration, demonstrating the scalability
of our design.

4.4 Ablation Studies

To ensure a fair and consistent comparison, all
experiments in this section are performed using
600 labeled samples on MVSA-Single and MVSA-
Multiple datasets.

Component Effectiveness. Table 2 shows that
without the various components of the A2SI model,
the overall accuracy decreases. Further analysis re-
veals that the performance is most significantly af-
fected without DVAD, with the accuracy on MVSA-
Single decreasing by 3.35%. This indicates that the
adaptive arbitration between conflicting views is
crucial for robust learning in label-scarce settings.
As complementary modules, RAC and FGMR also
play significant roles in the framework. The perfor-
mance drop without RAC confirms the importance
of reliability-aware calibration, while the decrease
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Figure 3: (a) Effect of different threshold ranges and
training epochs on MVSA-Single in terms of accu-
racy.(b) Effect of different threshold ranges and training
epochs on MVSA-Multiple in terms of accuracy.

without FGMR suggests that stabilizing visual rep-
resentations via fusion guidance is beneficial for
enhancing model alignment.

Visual Encoder Architecture. Table 3 inves-
tigates the performance of various visual back-
bones, ranging from CNN-based architectures such
as ResNet variants (He et al., 2016) to Vision
Transformer models (Dosovitskiy, 2020). Counter-
intuitively, the lightest model, ResNet-18, con-
sistently achieves the highest accuracy on both
MVSA-Single and MVSA-Multiple. We observe a
clear trend that increasing model complexity does
not translate into performance gains; for example,
scaling from ResNet-18 to ResNet-101 leads to a
notable accuracy drop. These results suggest that
in label-scarce semi-supervised settings, scaling
up model capacity does not necessarily improve
performance. Although ViT-B/16 achieves compet-
itive results on the more complex MVSA-Multiple
dataset, the advantages of larger Transformer-based
backbones are difficult to fully realize under sub-
stantial irrelevant visual noise. Consequently, we
adopt ResNet-18 as the default visual extractor, of-
fering a superior balance between robustness, data
efficiency, and computational cost.

Hyperparameter Sensitivity. Figure 3 exam-
ines different annealing schedules for the confi-
dence threshold γ(t). On the Single dataset Figure
3(a), the best performance occurs when γ(t) in-
creases from 0.15 to 0.95 within 70 epochs, while
shorter or longer warm-up schedules degrade ac-
curacy. For the Multiple dataset Figure 3(b), a
stricter initial value 0.20 and a longer warm-up
80 epochs yield the highest accuracy, indicating
greater sensitivity to noisy pseudo-labels. Overall,
Single benefits from a more relaxed early thresh-
old, whereas Multiple requires conservative early
filtering.
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λreg 0.01 0.03 0.05 0.07 0.09
MVSA-S 66.52 67.14 68.78 68.19 67.55
MVSA-M 66.32 65.70 67.68 66.61 65.91

Table 4: Performance comparison on MVSA-Single and
MVSA-Multiple with different λreg values in terms of
accuracy.
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Figure 4: Self-training dynamics on MVSA-Single Evo-
lution of pseudo-label quality and quantity over epochs
across different models.

Table 4 examines the sensitivity of the model to
the regularization weight λreg. The results show
that setting λreg to 0.05 consistently leads to the
best performance on both datasets. Smaller val-
ues fail to impose sufficient semantic regulariza-
tion across modalities, while larger values tend to
over-regularize the model and suppress modality-
specific information, resulting in degraded perfor-
mance.

Quality vs. Quantity. Figure 4a reveals a clear
divergence in utilization behavior between different
methods. Competing approaches rapidly increase
the Utilization Ratio (UR) to nearly 100%, which
maximizes data usage but also leads to the inclu-
sion of a large number of ambiguous samples as
training signals. In contrast, A2SI adopts a more
conservative utilization strategy, reflecting a de-
liberate design choice. This behavior arises from
the selective filtering mechanisms of the RAC and
DVAD modules, which effectively prune samples
suffering from severe cross-modal ambiguity. As a
result, A2SI consistently achieves higher and more
stable Pseudo-Label Accuracy (PLA) throughout
training, as shown in Fig. 4b. These results indi-
cate that prioritizing pseudo-label quality over ag-
gressive data utilization is critical for robust semi-
supervised multimodal learning.

Quantitative Profiling. To validate the neces-
sity of our dynamic arbitration strategy, we investi-
gate the underlying characteristics of the discarded
samples. We profile the retained and discarded
subsets on the MVSA-Single dataset under the 600-

Metric Retained Discarded Gap
PLA (↑) 69.18 38.59 -30.59
Entropy (↓) 0.013 0.579 0.566

Table 5: Comparison of retained and discarded samples
on MVSA-Single in terms of PLA (%) and entropy.

label setting. As shown in Table 5, the discarded
subset exhibits severe semantic ambiguity and un-
reliability. The gap is defined as the difference
between the discarded and retained values. Specifi-
cally, the Pseudo-Label Accuracy (PLA) of the dis-
carded samples drops by over 30% compared to the
retained subset. In the context of semi-supervised
learning, incorporating such low-quality pseudo-
labels would inevitably trigger error amplification,
severely contaminating the self-training process.
Furthermore, the discarded samples exhibit sub-
stantially higher prediction entropy, in stark con-
trast to the confident predictions of the retained
set.

4.5 Visualization

As shown in Figure 5, our A2SI model demon-
strates strong robustness in scenarios where visual
signals are either high-entropy or semantically con-
flicting with the text. While visual cues in real-
world data are often dominated by task-irrelevant
background patterns or misleading expressions,
such as the smiling face in the "negative" context
of Figure 5c, A2SI correctly predicts the sentiment
across these diverse cases. This confirms that our
semantic regularization mechanism effectively sup-
presses sentiment-agnostic visual noise, forcing the
visual embedding to align with the reliable textual
anchor rather than overfitting to superficial visual
features. By doing so, the model preserves the
semantic integrity of the joint representation, par-
ticularly in scenarios where the visual modality is
deceptive.

5 Conclusion

In this work, we introduced Adaptive Arbitra-
tion for Semantic Incongruence (A2SI), a semi-
supervised framework that improves multimodal
sentiment analysis by correcting noisy pseudo-
labels and stabilizing cross-modal representations.
Driven by a unified strategy that stabilizes noisy
cross-modal representations, calibrates pseudo-
label supervision according to evidential reliability,
and adaptively resolves modality conflicts during

41028



“Why am I so disturbed at
the jiggly croc bounce

house? ”

Prediction: Negative
(a)

“Imperfect keramiek
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Jeroen Wand - -
Blogpost op Stylingblog.”

Prediction: Positive
(b)

“JUST IN: Punxsutawney
Phil sees his shadow,
#6moreweeksofwinter

#depressed ”

Prediction: Negative
(c)

“American Racing
#70878580820
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Series 708 Chrome”

Prediction: Neutral
(d)

“RT @EC4Children:
Excited to kick off

@UnitedWayDE season
by sharing our story”

Label: Positive
(e)

Figure 5: Qualitative results on the MVSA-Single dataset. The bottom labels indicate the sentiment predicted by
A2SI. The model’s robustness in challenging scenarios: despite high-entropy backgrounds or conflicting visual cues,
A2SI correctly predicts the sentiment. This validates that our semantic regularization effectively anchors visual
features to the true sentiment manifold, preventing overfitting to task-irrelevant visual patterns.

self-training, our method effectively addresses se-
mantic incongruence by emphasizing label quality
over aggressive unlabeled data utilization. Experi-
ments on MVSA-Single and MVSA-Multiple show
that A2SI achieves consistent and notable improve-
ments over state-of-the-art methods.

Limitations

In order to resolve semantic incongruence and guar-
antee label purity, A2SI employs a rigorous filter-
ing mechanism through the RAC and DVAD mod-
ules. Consequently, our method exhibits a lower
Utilization Ratio (UR) compared to state-of-the-art
baselines, as it aggressively filters out unlabeled
instances with high cross-modal ambiguity. Al-
though this conservative approach achieves supe-
rior Pseudo-Label Accuracy (PLA), it also implies
that the model may under-utilize the valid seman-
tic signals latent in the discarded data. In the fu-
ture, we will explore more robust noise-tolerant
mechanisms to mine effective supervision signals
from these discarded ambiguous samples, aiming
to boost data efficiency without compromising la-
bel reliability. Furthermore, while the proposed ar-
bitration mechanism may have potential applicabil-
ity to other multimodal scenarios with conflicting
supervision, its generalization beyond multimodal
sentiment analysis is not explored in this work.
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