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Abstract

Multimodal sentiment analysis must combine textual, visual, and acoustic evidence whose
reliability varies across utterances. We propose PGMCR, which uses a predicted three-way
polarity distribution to compose sample-level modality-reliability weights and applies a
training-only consistency constraint to text-preserving visual and acoustic perturbations.
Experiments on CMU-MOSI and CMU-MOSEI show that polarity-guided fusion is the
principal architectural contribution, while the text-guided refinement and consistency
branch have metric-dependent effects. The learned weights vary across polarity groups, but
proxy-corruption diagnostics also reveal strong dependence on textual evidence and non-
negligible polarity-estimation errors. The results support polarity as a useful conditioning
signal for multimodal fusion while delimiting the scope of the nonverbal robustness claim.

Keywords: multimodal sentiment analysis; adaptive consistency regularization; modality
reliability; multimodal fusion; polarity-guided fusion; CBAM-inspired vector refinement

1. Introduction

Multimodal sentiment analysis (MSA) estimates sentiment from heterogeneous tex-
tual, visual, and acoustic evidence. In video-based opinion data, these modalities offer
complementary information with unequal predictive utility. Text often conveys explicit
semantic content, whereas facial behavior and vocal prosody can provide additional af-
fective cues when the verbal content is ambiguous, sarcastic, or only weakly emotional.
This complementarity has motivated extensive work on multimodal fusion for benchmarks
such as CMU-MOSI and CMU-MOSEI [1,2].

A central difficulty is that the contribution of each modality varies across utterances.
Visual evidence can be informative when affect is expressed through facial behavior, but it
may be weak or unreliable under occlusion or limited expression. Acoustic cues can
reflect prosody and emotional intensity, yet may be degraded by low-energy speech or
environmental noise. Text is often highly informative, but remains susceptible to speech-
recognition errors, informal language, and implicit sentiment. Consequently, fixed modality
weighting or generic attention may not adequately represent the conditions under which
each modality should influence the final prediction.
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Existing MSA methods address this problem through interaction modeling, cross-
modal attention, representation disentanglement, sentiment-aware learning, and dynamic
fusion [3-11]. However, predicted polarity is less commonly used as an explicit condition-
ing variable for sample-level modality weighting.

This paper presents PGMCR, a multimodal sentiment model that combines text-guided
nonverbal feature refinement, polarity-conditioned fusion, and a training-only consistency
regularizer. The specific design investigated here uses a predicted three-way polarity
distribution to mix learnable modality-weight prototypes, together with a text-preserving
visual/acoustic consistency objective whose activation is controlled by a validation-only
gate. TGCBAM adapts CBAM-inspired channel gating to pooled nonverbal vectors under
textual guidance; MDC-KD(VA) is an auxiliary training constraint and does not introduce
a missing-modality inference pathway. These components are evaluated as a combination,
and their individual effects are interpreted through controlled removals.

In addition to polarity-guided fusion, PGMCR introduces Adaptive Dynamic MDC-
KD(VA), a training-only consistency regularizer over text-preserving visual and acoustic
perturbation views. The full-modality prediction is used as a detached teacher, while
visual-dropped, audio-dropped, and visual-audio-dropped views are treated as student
views. To avoid manually selecting a dataset-specific warmup epoch, the consistency
branch is activated by a validation-only adaptive gate. This gate uses validation loss
normalized by validation-label scale. The regularizer is therefore designed as an auxiliary
optimization constraint.

We evaluate PGMCR on CMU-MOSI and CMU-MOSEI using removal-based abla-
tions, comparisons with published reference results, polarity-conditioned interpretability
analysis, and fixed-severity proxy-corruption diagnostics. The observed ablation values
suggest that Polarity-Guided Fusion is the most consequential component in the evaluated
configurations, whereas TGCBAM and Adaptive Dynamic MDC-KD(VA) have metric- and
dataset-dependent effects. The interpretability analysis shows structured variation in the
learned weights across polarity groups.

The main contributions are summarized as follows:

e  We investigate a polarity-conditioned fusion parameterization in which predicted
three-way polarity probabilities mix learnable prototypes to produce relative text,
visual, and acoustic weights. The contribution is this explicit polarity-to-weight
mapping, not dynamic weighting in general.

*  We evaluate Adaptive Dynamic MDC-KD(VA) as a training-only consistency reg-
ularizer over text-preserving visual/acoustic perturbation views, with activation
determined by a validation-only gate; it is not a test-time missing-modality method.

e We evaluate a text-guided, CBAM-inspired refinement of pooled visual and acoustic
vectors. This is an adaptation of established gating ideas rather than a claim to a
new attention family; removal comparisons quantify its observed, metric-dependent
contribution.

e We evaluate the shared backbone, Polarity-Guided Fusion, and final PGMCR
configuration on CMU-MOSI and CMU-MOSEI using removal-based ablations,
polarity-conditioned weight analysis, qualitative case studies, and proxy-corruption
diagnostics.

2. Related Work
2.1. Multimodal Sentiment Analysis

Existing MSA studies can be grouped into benchmark construction, multimodal
feature extraction, fusion mechanism design, sentiment-aware modeling, and robustness-
oriented learning. CMU-MOSI and CMU-MOSEI are widely used English benchmarks
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with continuous sentiment annotations, where regression metrics and discretized or bina-
rized classification metrics are commonly reported. Common nonverbal feature pipelines
include facial behavior analysis and acoustic feature extraction tools such as OpenFace
and openSMILE [12,13]. Lexical and commonsense sentiment resources such as SenticNet
provide another line of sentiment-oriented representation support [14].

A recurring challenge in MSA is that different modalities have different noise patterns,
sampling rates, semantic densities, and temporal structures. Text features often dominate
clean benchmark performance because language carries explicit semantic content, while
visual and acoustic features provide affective cues with varying reliability. This imbalance
creates a central fusion problem: the model must exploit complementary nonverbal infor-
mation without allowing noisy modalities to degrade the fused representation. PGMCR
follows this line of work but focuses specifically on using predicted sentiment polarity as
an explicit reliability cue.

Survey work has established the main MSA axes as multimodal representation, tem-
poral or cross-modal interaction, fusion, and robustness. Early audio-visual-text systems
demonstrated the value of joint multimodal learning, while later contextual and conver-
sational models made the role of linguistic context more explicit. Together, these lines of
work motivate a reliability-aware fusion mechanism, but do not by themselves specify how
sentiment state should parameterize per-utterance modality weights. The relevant surveys
and representative early studies are cited here [15-25].

2.2. Multimodal Fusion Methods

Early neural fusion approaches include Tensor Fusion Network (TEN), which models
unimodal, bimodal, and trimodal interactions through tensor products [3], and Low-rank
Multimodal Fusion (LMF), which reduces the computational cost of tensor fusion with
low-rank factorization [4]. These approaches provide expressive multimodal interaction
modeling but can be computationally expensive or sensitive to feature dimensionality.

Attention-based and Transformer-based methods further improve cross-modal in-
teraction modeling. For example, MulT employs directional cross-modal attention to
model interactions across unaligned multimodal sequences without requiring explicit
alignment [5]. MAG-BERT incorporates multimodal adaptation gates into a BERT-based
architecture, allowing visual and acoustic information to modulate language representa-
tions [26]. These methods demonstrate the benefit of text-aware or cross-modal attention,
but the learned interaction weights are not explicitly conditioned on sentiment polarity as
a reliability variable.

Representation-learning approaches tackle multimodal fusion from a different perspec-
tive. MISA projects each modality into modality-invariant and modality-specific subspaces
to reduce modality gaps while preserving modality-specific characteristics [6]. Self-MM
generates self-supervised unimodal labels to improve modality-specific representation
learning [7]. These methods improve the quality of learned representations, but they do
not directly formulate polarity-conditioned modality reliability prototypes. PGMCR differs
by using predicted polarity probabilities to compose modality weights in an explicit and
interpretable fusion mechanism.

Recent MSA research can be grouped by the source of its improvement. The first line
models interaction and temporal structure: MFN and MARN use multimodal memory
or recurrent attention, MCTN learns cross-modal agreement through cyclic translation,
and TCSP and MTAG encode shared-private or modal-temporal dependencies [24,27-30].
Together, these studies show that when and how modalities interact matters, but their
attention or latent interactions do not explicitly quantify sample-level modality reliability.
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The second line reshapes the training signal. HMIM preserves task-relevant infor-
mation hierarchically, CLMLF combines contrastive learning with multi-layer fusion,
UniMSE transfers supervision between sentiment and emotion recognition, and Con-
FEDE separates useful contrastive factors from modality-specific variation [31-34]. Their
common implication is that fusion quality depends on the information retained by the
objective; modality reliability nevertheless remains implicit rather than an interpretable,
polarity-conditioned quantity.

The third line makes modality contribution adaptive through language or affective
knowledge. LAHR uses language-guided hyper-modality representations, MMLF coor-
dinates modality-specific and fused predictions with multiple losses, and KuDA uses
sentiment knowledge to emphasize a dominant modality [8,35,36]. These approaches
support adaptive rather than fixed contribution, but differ from PGMCR'’s continuous
mixing of learnable modality prototypes by a predicted three-way polarity distribution
while retaining all modalities at inference.

The fourth line targets incomplete or degraded input: TFRNet reconstructs corrupted
features, MPLM uses prompts for missing modalities, ConKI and sentiment-knowledge-
enhanced self-supervision inject affective knowledge, and TF-Mamba develops a text-
enhanced missing-modality architecture [37-41]. This robustness objective is broader than
PGMCR’s bounded setting, which preserves the clean full-modality inference path and
uses visual/acoustic masked views only as a training-time consistency regularizer.

Overall, the literature progresses from interaction modeling, to objective-level repre-
sentation learning, adaptive knowledge-guided fusion, and missing-modality robustness.
PGMCR addresses the narrower question of whether predicted polarity can provide an
explicit sample-level reliability condition in full-modality fusion.

2.3. Sentiment-Aware and Dynamic Modality Modeling

Recent MSA work has increasingly explored sentiment-aware learning strategies,
dynamic modality weighting, and multi-objective optimization. KuDA explicitly uses
sentiment knowledge to select the dominant modality, CLGSI incorporates sentiment-
intensity guidance into contrastive learning, and MMLF investigates multi-loss training
for multimodal sentiment learning [8,36,42]. These studies are important because they
show that affective knowledge and modality contribution should not be treated as fixed
or uniform.

PGMCR falls within the broader family of sentiment-aware and dynamically weighted
fusion methods. KuDA emphasizes knowledge-guided dominant-modality selection,
CLGSI uses sentiment-intensity guidance in contrastive learning, and MMLF studies multi-
loss optimization. PGMCR instead uses a predicted three-way polarity distribution within
the fusion layer to mix learnable modality-weight prototypes while retaining all modalities
in the inference path. Thus, the distinction claimed here is a particular explicit parameteriza-
tion and its evaluation. Since a polarity-conditioned prototype mixture can also be viewed
as a form of dynamic weighting, we make no claim that this operation is categorically
separate from dynamic fusion methods.

This distinction also bounds the claim made in this paper. PGMCR does not de-
compose the final task into separate intensity and polarity streams, nor does it compute
modality weights from unimodal-versus-multimodal score differences. Instead, it predicts
a three-way polarity distribution and uses this distribution to compose learnable reliability
prototypes for text, visual, and acoustic modalities. This design keeps the reliability mecha-
nism simple, directly tied to predicted polarity, and available for interpretation through
sample-level modality weights.
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Recent modality-consistency and missing-modality methods also use view construc-
tion, modality dropout, or auxiliary consistency objectives to improve robustness. Their
primary objectives are generally representation completion, cross-view invariance, or recov-
ery under missing inputs. PGMCR differs in two bounded respects: its consistency branch
preserves text and perturbs only visual and acoustic views, and its activation is selected by
a validation-only normalized-loss gate rather than by a fixed manually chosen warmup.

2.4. Robustness and Consistency Regularization

Robustness has become an important issue in multimodal learning because real-world
multimodal inputs may contain corrupted text, occluded visual frames, weak acoustic
signals, or missing modalities. Prior work has studied cyclic translation, feature recon-
struction, prompt-based missing-modality handling, contrastive knowledge injection, sen-
timent knowledge-enhanced learning, and text-enhanced state-space fusion [28,37-41].
These methods are valuable, but they often target test-time missing-modality settings or
reconstruction-oriented objectives.

PGMCR uses a different regularization setting from Adaptive Dynamic MDC-KD(VA),
a regularizer designed for full-modality inference. It preserves the text stream and perturbs
only visual and acoustic views, then penalizes inconsistency between the full-modality
teacher prediction and degraded-view student predictions. The regularizer is applied
only to confident non-neutral samples and only after a validation-driven activation gate
is satisfied. Its goal is to improve or preserve generalization while keeping the inference
path unchanged.

This distinction also limits the scope of the comparison: PGMCR is not presented as
a replacement for reconstruction-based or missing-modality methods. Instead, it regular-
izes the full-modality model during training and leaves the clean full-modality inference
path unchanged.

3. Methodology

Figure 1 provides a roadmap for the proposed PGMCR framework. Solid black
arrows indicate the full-modality computation path shared by training and inference,
including modality encoding, text-guided CBAM-inspired vector refinement, Polarity-
Guided Fusion, and regression prediction. Dashed arrows mark the auxiliary Adaptive
Dynamic MDC-KD(VA) consistency branch, which is attached only during training and
removed at inference. The following subsections first define the prediction problem and
encoders, and then describe CBAM-inspired vector refinement, polarity-guided fusion,
MDC-KD regularization, and the final objective.

3.1. Problem Formulation
Given a multimodal utterance, let x;, x,, and x, denote the text, visual, and acoustic
inputs, respectively. The goal is to predict a continuous sentiment score y € R. The model

prediction is written as
9 = F@(xt/xlea)/ (1)

where Fg denotes the complete PGMCR model with parameters ©. Following common
MSA evaluation practice, the continuous prediction is evaluated by regression metrics and
by classification metrics obtained from discretized or binarized sentiment labels.

3.2. Multimodal Encoders

The text stream is encoded by a BERT-based language encoder [43]. Let H; denote
the token-level hidden states. The utterance-level text representation is obtained from the
[CLS] token
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In the implementation, /; is a 768-dimensional representation.

The visual and acoustic streams are encoded by lightweight Transformer encoders [44].
Here, Transformer is used as a generic sequence encoder; it operates on frame-level visual
features and on acoustic feature sequences. For modality m € {v,a}, the encoded utterance-
level representation is

hw = Pool(Transformer,, (xm)), m € {v,a}, 3)

where Pool(-) denotes masked mean pooling and excludes padded positions. The visual
and acoustic encoders use one Transformer layer, hidden size 64, four attention heads,
and output projections to 16-dimensional features in the final experiments.
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Figure 1. Overall architecture of PGMCR. Solid black arrows denote the full-modality path used
in both training and inference; dashed arrows denote the training-only MDC-KD(VA) consistency
branch, which is removed at inference.

3.3. Text-Guided CBAM-Inspired Vector Refinement

Before fusion, PGMCR applies TGCBAM, a text-guided CBAM-inspired vector refine-
ment, to the visual and acoustic utterance-level features [45]. The global text representation
hy € R (dy = 768) guides each nonverbal representation h,, € R (d,, = 16 in the final
setting), where m € {v, a}. The module adapts the sequential channel-gating idea of CBAM
to pooled utterance-level vectors. It uses text-conditioned channel-wise gating followed by
feature-wise gating. TGCBAM adapts the sequential gating principle of CBAM to utterance-
level vectors. Original CBAM combines channel and spatial attention on convolutional
feature maps. TGCBAM operates after masked temporal pooling, when each nonverbal
stream is represented by one vector; the feature-wise gate therefore reweights vector dimen-
sions, and the additional text signal conditions the channel gate. This description identifies
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hy

TGCBAM as a task-specific vector-level adaptation and clarifies the scope of its relationship
to CBAM.

- ~

Fon = hy oy = T,
Zm = [ s 1],
8" = o(WG ReLU(W." 2 ) ), @
W2 =y © g™,

Because the input has already been pooled to one vector, the average-statistic branch and
the maximum-statistic branch are both equal to /,,; this is a vector adaptation of the two-
statistic CBAM input. The text vector is concatenated with these two vector branches, so
the channel gate is text-guided. Here, Wgn ) and Wc(én ) denote the two linear layers of the
channel MLP, and ¢(-) is the sigmoid function.

The second gate reweights the feature dimensions

g = o (W),

(5)
my = og, = IN( ).

Here, W™ is the feature-wise linear projection, and ® denotes element-wise multiplication.
Thus, both gates act on the 16-dimensional encoded utterance-level nonverbal vector; the
second gate is feature-wise. The complete refinement is denoted as

h,, = TGCBAM,, (hy, hyt), m € {v,a}. (6)

Figure 2 illustrates how the global text representation guides the CBAM-inspired vector
refinement of visual and acoustic features before fusion.

Text

Nonverbal feature

hg

Nonverbal feature

hy

uide:
’ ¥

Refined feature
Text-conditioned Channel-wise gate| Feature-wise gate Residual & Y
channel-wise gate e gf LayerNorm @

Refined feature
Text-conditioned Channel-wise gate Feature-wise gate Residual & ,
channel-wise gate G gr LayerNorm b

?

quide

Figure 2. Text-guided CBAM-inspired vector refinement. The global text representation guides
vector-level channel-wise and feature-wise gating of visual and acoustic utterance representations
before polarity-guided fusion.

3.4. Polarity-Guided Fusion

The core component of PGMCR is Polarity-Guided Fusion. It uses predicted sentiment
polarity as a compact conditioning signal for estimating sample-level modality reliability.
The model first estimates a three-way polarity distribution from the text representation

p=gp(t), peR’ )

where g, (-) is a multilayer polarity estimator with a final softmax layer, and p =
[Ppos, Preg, Pneu] Tepresents the probabilities of positive, negative, and neutral polarity
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states. The final implementation uses the text representation for polarity estimation, which
reflects the strong semantic role of the language stream in sentiment polarity prediction.

Let R € R3*3 denote the learnable polarity-specific modality reliability prototypes.
Each row corresponds to one polarity state, and each column corresponds to one modality.
The sample-level modality weights are computed as

w = softmax(pTR), w = [wy, Wy, Wy, (8)

where w;, wy,, and w, are the text, visual, and acoustic reliability weights. The weighted
modality features are concatenated and projected into the fusion space: The prototype
parameterization has an identifiable degrees-of-freedom constraint that is useful when
interpreting R. Adding an arbitrary constant to every entry of any row of R changes p' R
only by a sample-dependent scalar, which softmax removes. Thus, the nine raw entries
contain six identifiable degrees of freedom under this row-shift invariance. Moreover, when
p is close to one-hot for polarity state k, w approaches softmax(Ry .); intermediate polarity
distributions interpolate among these three prototype weight vectors. The mechanism
therefore provides three limiting reliability patterns and continuous interpolation mainly
for uncertain polarity estimates.

zp = [wihy; wohy; wahy|,  hp = ¢p(zf), 9)

where ¢ (+) denotes the projection network. The prediction head maps /i to the final
sentiment score

9= fy(hg), (10)

where fy, denotes the regression head.
The polarity supervision is derived from the continuous sentiment label

pos, y > 0.5,
vl = {neg, y < —05, (11)

neu, otherwise.

The auxiliary polarity loss is
'Cpol = CE(p/yPOl)r (12)

where CE(-) denotes cross-entropy loss.

To assess the dependence of the polarity branch on this discretization, we additionally
evaluate symmetric thresholds of +0.3 and +0.7 against the default 0.5 setting. The
resulting sensitivity analysis will be reported in Section 6.3.

Because the softmax in Equation (8) constrains w; + w, + w, = 1, these values rep-
resent relative allocation of the available fusion contribution. Consequently, PGF cannot
express the state in which all three modalities are simultaneously unreliable. This is a delib-
erate limitation of the simplex parameterization; the model relies on the downstream pre-
diction loss and the training-time consistency branch to limit the effect of unreliable views.

In this implementation, Polarity-Guided Fusion has two coupled training outputs:
the fused sentiment prediction §# and the polarity distribution p. The task loss L, su-
pervises §J, while £, supervises the polarity branch that provides the reliability prior.
Figure 3 summarizes the polarity-probability estimation, reliability-prototype composition,
and weighted feature fusion steps.
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Figure 3. Polarity-Guided Fusion. The model predicts polarity probabilities and uses them to
compose modality reliability weights from learnable polarity-specific prototypes.

3.5. Adaptive Dynamic MDC-KD(VA)

Adaptive Dynamic MDC-KD (VA) is a text-preserving consistency regularizer. It is
applied after TGCBAM refinement and before Polarity-Guided Fusion: the encoded-and-
refined visual and acoustic vectors are selectively set to zero, while the text representation
remains intact. For r € R = {v,a,va}, the corresponding student inputs are

(), 557) = 3 04,0), 7 =a, (13)
(0,0), r=ua.
The full-modality prediction 7; is the detached teacher target, and yAm

1
student view r. All views reuse the same polarity estimator, fusion module, and regression

is the prediction for

head; in particular, their polarity probabilities are computed from the shared, preserved text
representation. Figure 4 illustrates these text-preserving visual, acoustic, and joint visual-
acoustic student views. Gradients from Lypc are stopped on the teacher prediction and
propagated through the student paths only. The confident non-neutral mask is computed
inside the MDC loss branch and gates which samples contribute to this auxiliary objective.

The consistency loss is applied only to confident non-neutral samples. The sample
mask is

m; = W¥(lyi| > vy) K7l > 7p), (14)

where 7, = 0.5 is the label-strength threshold and 7, = 0.4 is the prediction-confidence
threshold. The implementation uses a Smooth L1 consistency loss averaged over the three
text-preserving degradation modes

_ 1 , NOIY
Lype = R mie) r;g[j:ml SmoothL1 (yi ,sg(yl)), (15)

where sg(-) denotes stop-gradient and e prevents division by zero. The perturbation set
R = {v,a,va} corresponds to visual dropout, acoustic dropout, and joint visual-acoustic
dropout. This construction has a structural limitation. It does not reconstruct a missing
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Full-modality
forward pass

hy | + Al +

modality or provide a missing-modality inference path: the perturbations are zero masks
applied to encoded visual and acoustic vectors, while the clean full-modality path remains
the deployment path. The detached teacher can also transmit its own text-anchored errors
to the student views, and the confident non-neutral mask together with the mini-batch
probability g limits which samples receive the auxiliary constraint.

Polarity-Guided Confident non-neutral mask

. Detached teacher
e Twen e D © ©® ©
sg(9)

& Regression head pos. neg. e

Kl'ext—preserving V/A dropout vienh parameters

V-drop | h; +

V+tA-drop h; +

f
+ h

A-drop |hy + A *

Polarity-Guided
> Fusion
& Regression head ?;,dmp consistency loss

Student predictions Smooth L1

Lyvpe

( Validation-only )

R Activation epoch
activation gate

EMDC

Lf:“l <T — - E"L
N \_ emMpc Y,

Figure 4. Adaptive Dynamic MDC-KD(VA). During training, the detached full-modality prediction
supervises visual-masked, acoustic-masked, and jointly masked student views, where the dashed-
outline boxes denote the modality streams that are set to zero in the corresponding view. The ellipsis
on the epoch axis denotes the omitted intermediate epochs. The consistency loss is applied only to
confident non-neutral samples after validation-driven activation; this auxiliary branch is removed
at inference.

3.6. Adaptive Activation

A fixed consistency warmup strategy renders the regularizer vulnerable to dataset
size and training dynamics. PGMCR thus adopts an adaptive activation schedule based on
validation performance. Let D;, denote the validation set. The validation-label scale is

1
ST = — . ].6

i€ Dval

At epoch ¢, the validation loss is scaled by the validation-label magnitude

L=l (1+sy), D <t L <——. (17)
+ 54
The activation epoch is selected as
eMDC = min(emax,inf{e +1|e> emin, Ly < T}), (18)

where the infimum of an empty set is defined as +o0. Thus, emax provides a forced latest
activation epoch when the validation-loss condition is not met earlier. The quantity LY?! is
a label-scale-adjusted validation loss. The final settings are emin = 2, émax = 8, and T = 1.0.
Here, 7 is the target value for the scaled validation loss. In the reported runs, the gate
condition is met on CMU-MOSEI at epoch 3, whereas on CMU-MOSI it is not met before the
predefined latest-activation safeguard activates the branch at epoch 8. We further examine
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the scheduler by varying emin, émax, and T while keeping the remaining training settings
fixed; the results are reported in Section 6.3.

3.7. Training Objective and Inference

Once MDC-KD(VA) is scheduled to be active, the consistency branch is evaluated
independently for each mini-batch with probability q. Let ¢ ~ Bernoulli(g) denote this
mini-batch indicator. Conditional on ¢ = 1, the loss in Equation (15) averages the three
visual, acoustic, and joint visual-acoustic student views; when ¢ = 0, no MDC loss is added
for that mini-batch. The overall training objective is

L = Liask + ApolLpol + AMpck (e > empc)SLyvpe, (19)

where L, is the main sentiment regression loss, A, = 0.1, AMpc = 0.01, and g = 0.25 in
the final setting. The three loss objectives play complementary roles. The task loss L,qi opti-
mizes the final sentiment prediction. The auxiliary polarity loss £, provides fine-grained
supervision for polarity estimation and modality-reliability learning. The consistency
loss Lype acts as a training-only cross-view regularizer that aligns degraded student
predictions with the detached full-modality teacher prediction. In particular, the teacher
prediction is detached from the gradient graph, while the polarity-guided fusion module
and the regression head remain shared across the teacher and student paths.

4. Experiments
4.1. Datasets and Metrics

We evaluate PGMCR on CMU-MOSI and CMU-MOSEIL CMU-MOSI contains 1284
training, 229 validation, and 686 test utterances. CMU-MOSEI contains 16,326 training, 1871
validation, and 4659 test utterances. We report MAE, Pearson correlation (Corr), seven-class
accuracy (Acc-7), binary accuracy and F1 on nonzero samples (Acc-2 Non0 and F1 Non0),
and binary accuracy and F1 on all samples (Acc-2 All and F1 All). Lower MAE is better,
and higher values are better for the other metrics.

4.2. Implementation Details

The text stream uses a pretrained BERT encoder, loaded locally through the AutoModel
interface, and takes the [CLS] representation as the utterance-level text feature. This
choice follows the broader shift from static word embeddings to pretrained contextual
language representations in NLP and multimodal language analysis [43,46]. The visual
and acoustic streams use lightweight one-layer Transformer encoders with hidden size 64,
four attention heads, masked mean pooling, and 16-dimensional output projections. A
capacity sensitivity comparison with a two-layer, hidden-size-256 alternative is included in
Section 6.3. The experiments consume the pre-extracted non-aligned visual and acoustic
features supplied in the MOSI/MOSEI pickle files. Models are trained for up to 40 epochs
with patience 10, batch size 32, main learning rate 8 x 10~#, BERT learning rate 3 x 1075,
and main weight decay 2 x 10~. Visual and acoustic dropout are both 0.1. The polarity
auxiliary weight is A, = 0.1, the MDC consistency weight is Aypc = 0.01, and the
mini-batch MDC application probability is g = 0.25. Under the validation-only adaptive
gate, MDC-KD(VA) is activated at epoch 8 on CMU-MOSI and epoch 3 on CMU-MOSEL

4.3. Comparison Protocol

We include two types of comparison. First, we conduct controlled comparisons among
the local backbone, Polarity-Guided Fusion, and final PGMCR under the same training
and reporting protocol. Second, we provide a reported-reference benchmark table for
methods whose results are taken from their original papers or source summaries. The latter
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is a contextual comparison under commonly used MOSI/MOSEI benchmark conventions
and is not a controlled re-evaluation under one identical implementation, preprocessing
pipeline, or checkpoint-selection procedure.

Table 1 summarizes the dataset splits, evaluation metrics, training configuration,
and final PGMCR settings used in the controlled experiments.

Table 1. Experimental settings and hyperparameters on CMU-MOSI and CMU-MOSEIL

Setting CMU-MOSI CMU-MOSEI
Train/validation/test 1284/229/686 16,326/1871/4659
Hidden size in visual/acoustic encoders 64 64
Number of Transformer layers 1 1
Number of attention heads 4 4
Visual/acoustic output projection 16 16
Maximum training epochs 40 40

Early stopping patience 10 10

Batch size 32 32

Main learning rate 8 x 1074 8 x 1074
BERT learning rate 3x107° 3x107°
Main weight decay 2x1074 2x1074
Visual/acoustic dropout 0.1/0.1 0.1/0.1
Polarity loss weight A1 0.1 0.1

MDC loss weight Appc 0.01 0.01

MDC application probability g 0.25 0.25
Label-strength threshold 7, 0.5 0.5
Prediction-confidence threshold 1y, 0.4 0.4
Adaptive activation range emin = 2, émax = 8, T = 1.0 emin = 2, émax = 8, T = 1.0
Selected MDC activation epoch 8 3

All locally trained or reproduced models, including the local backbone, Polarity-
Guided Fusion, PGMCR, and the reproduced Self-MM baseline, use the same benchmark-
provided official train/validation/test partitions: 1284/229/686 utterances for CMU-MOSI
and 16,326/1871/4659 utterances for CMU-MOSEI These partitions are held fixed across
the local comparisons. The remaining Table 2 entries are reported-reference values taken
from prior studies or benchmark summaries; they were not reimplemented in this study,
and their exact split, preprocessing, optimization, and checkpoint-selection protocols were
not independently verified here. Accordingly, the contextual evidence presented in Table 2
and the numerical differences from the reported reference rows serve only as a reference.

Table 2. Contextual comparison with reported CMU-MOSI and CMU-MOSEI results. Results are
taken from their cited sources and were not re-evaluated under a common implementation; Acc-2
and F1 are reported as Non0/All, and dashes indicate unavailable metrics.

Dataset Method MAE | Corr 1 Acc-7 1t Acc-2 Non0/All 1 F1 NonO/All 1

TFEN [3] 0.901 0.698 34.90 80.80/— 80.70/-
LMEF [4] 0.917 0.695 33.20 82.50/- 82.40/-
MulT [5] 0.861 0.711 - 84.10/81.50 83.90/80.60
MISA [6] 0.804 0.764 - 82.10/80.80 82.00/80.80

MOSI MAG-BERT [26] 0.712 0.796 - 86.1/84.2 86.0/84.1
Self-MM [7] 0.712 0.795 45.80 84.80/82.50 84.90/82.70
AMML [47] 0.723 0.792 46.30 84.90/- 84.80/-
TETFN [48] 0.717 0.800 - 86.10/84.05 86.07/83.83
TSPMG [49] 0.712 0.799 46.33 85.98/- 85.96/-
Self-MM * 0.6968 0.7939 47.67 86.13/84.26 86.10/84.18
PGMCR, ours 0.6862 0.8164 48.10 86.43/85.42 86.42/85.38

https:/ /doi.org/10.3390/ electronics15214885


https://doi.org/10.3390/electronics15214885

Electronics 2026, 15, 4885 13 of 24
Table 2. Cont.

Dataset Method MAE | Corr 1 Acc-7 1t Acc-2 Non0/All 1 F1 Non0O/All 1
TEN [3] 0.593 0.700 50.20 82.50/- 82.10/-
LMEF [4] 0.623 0.677 48.00 82.00/- 82.10/-
MulT [5] 0.580 0.703 - 82.50/- 82.30/-
MISA [6] 0.568 0.724 - 84.20/82.60 84.00/82.70

MOSEI MAG-BERT [26] - - - —-/84.7 —-/84.5
Self-MM [7] 0.529 0.767 53.50 85.00/82.70 84.90/83.00
AMML [47] 0.614 0.776 52.40 85.30/- 85.20/-
TETEN [48] 0.551 0.748 - 85.18/84.25 85.27/84.18
TSPMG [49] 0.539 0.764 53.13 85.50/- 85.45/—
Self-MM * 0.5465 0.7534 52.87 84.67/82.16 84.54/82.46
PGMCR, ours 0.5292 0.7702 53.72 85.72/85.15 85.49/85.15

1: lower values are better; 1: higher values are better. Bold: the best value in each column (the lowest
MAE; the highest value for the other metrics). *: obtained by our own local reproduction under the
controlled experimental setting.

5. Results and Discussion
5.1. Reported-Reference Benchmark Comparison

Table 2 provides a contextual comparison with published CMU-MOSI and CMU-
MOSEI results. Baseline values are collected from public benchmark tables under their
corresponding dataset protocols, and the method column cites the relevant original papers
or source reports. We include representative classic fusion, Transformer-based, pretrained-
language, self-supervised, and recent adaptive-fusion baselines. Rows marked with *
are obtained by our local reproduction under the controlled experimental setting. Acc-2
and F1 are reported as NonO/All: Non0 excludes samples with zero sentiment labels,
whereas All includes the complete test set. Values for TFN, LMF, MulT, MISA, and the
original Self-MM rows are taken from the complete-modality benchmark table of EMT-
DLEFR [50]; values for MAG-BERT, AMML, TETEN, and TSPMG are taken from their
original papers [26,47-49]. Since the studies do not share a verified common experimental
pipeline, boldface only identifies the best reported value in each column (the lowest MAE,
and the highest value for the other metrics) and should not be read as a significance test or
a matched-condition ranking.

5.2. Controlled Robustness Diagnostics

In addition to clean-test evaluation, we conduct controlled robustness diagnostics
using proxy non-random modality corruptions. This is an internally defined, inference-only
diagnostic protocol: the trained checkpoint is not updated, and fixed-severity corruption
settings are applied to the test inputs before re-evaluation.

The protocol includes seven non-clean modes with fixed severity, covering ASR-like
text corruption, visual occlusion, low-confidence visual dropout, audio noise, low-energy
acoustic dropout, and combined multimodal degradation. For text corruption, valid BERT
tokens are tokens with attention mask equal to one, excluding [PAD], [CLS], and [SEP].
text-asr-drop replaces 15% of valid tokens with the BERT [MASK] token, approximating
missing-word or deletion-type ASR errors without changing the sequence length. text-asr-
substitute replaces 10% of valid tokens with vocabulary ids sampled from the non-special
BERT vocabulary range. For nonverbal corruption, visual-occlusion masks a centered con-
tiguous 30% temporal span of the visual sequence. visual-low-conf-drop operationalizes low-
confidence visual evidence by zeroing the lowest 30% visual frames ranked by feature norm.
audio-snr-noise injects Gaussian noise at a target SNR of 10 dB, and audio-low-energy-drop ze-
ros the lowest 30% acoustic frames ranked by feature norm. Finally, multimodal-nonrandom
combines token masking, low-norm visual frame dropping, and 10 dB acoustic noise.
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Table 3 therefore reports the clean metrics from the main-result checkpoint and the
corresponding non-clean evaluations. To complement the output-level metrics, we mea-
sured the paired pre-CBAM acoustic encoder representation h, under the same 10 dB
perturbation and batch-wise noise protocol. The mean absolute change, averaged over test
utterances and encoder dimensions, was 0.005983 on CMU-MOSI (686 utterances), with a
mean per-sample relative L, change of 0.914%; the corresponding values on CMU-MOSEI
were 0.000404 and 0.100% (4659 utterances). These small average changes are consistent
with the negligible output-level changes. Under this protocol, PGMCR is comparatively
stable under visual-only and audio-only degradation, whereas ASR-like text corruption
and combined non-random degradation remain the dominant failure modes. Therefore,
the results provide diagnostic evidence about the model’s relative sensitivity to different
corruption types. The asymmetry indicates that the evaluated model relies strongly on
textual evidence under this protocol: the largest MOSI degradation occurs when text is
corrupted, whereas the visual- and audio-only perturbations produce negligible changes in
the reported aggregate metrics. The nonverbal streams are not thereby shown to be irrele-
vant; polarity-conditioned weights indicate that their relative contribution can vary across
samples, but they do not generally compensate for severe text corruption in these tests. We
therefore frame PGMCR as a text-anchored multimodal model with conditional nonverbal
support. Importantly, these fixed-severity feature perturbations are controlled proxies, not
measurements of naturally occurring ASR errors, acoustic environments, camera failures,
or deployment conditions. Their ecological validity is unestablished, so the results support
only relative sensitivity comparisons under the stated protocol.

Table 3. Inference-time proxy-corruption results. Metric drops are relative to the clean condition; all
perturbations use fixed severity.

Dataset Mode MAE | Corr T F1 All 1 AMAE | ACorr | AF1 ]
0.6862 0.8164 85.38 - - -
text-asr-drop 0.8011 0.7491 80.92 0.1150 0.0673 4.46
text-asr-substitute 0.7617 0.7610 81.29 0.0756 0.0554 4.09
MOSI visual-occlusion 0.6874 0.8159 84.94 0.0012 0.0005 0.44
visual-low-conf-drop 0.6862 0.8162 85.23 0.0000 0.0002 0.15
audio-snr-noise 0.6862 0.8164 85.38 0.0000 0.0000 0.00
audio-low-energy-drop 0.6859 0.8163 85.38 —0.0002 0.0000 0.00
multimodal-nonrandom 0.8007 0.7488 80.63 0.1145 0.0676 4.75
0.5292 0.7702 85.15 - - -
text-asr-drop 0.5650 0.7313 83.76 0.0357 0.0389 1.39
text-asr-substitute 0.5733 0.7234 83.03 0.0440 0.0468 2.12
MOSEI visual-occlusion 0.5302 0.7694 85.08 0.0010 0.0008 0.07
visual-low-conf-drop 0.5305 0.7697 85.07 0.0012 0.0005 0.08
audio-snr-noise 0.5292 0.7702 85.15 0.0000 0.0000 0.00
audio-low-energy-drop 0.5293 0.7702 85.15 0.0000 0.0000 0.00
multimodal-nonrandom 0.5648 0.7313 83.65 0.0356 0.0389 1.49

J: lower values are better; 1: higher values are better.

5.3. Interpretability Analysis

Table 4 reports mean modality weights and predicted polarity probabilities, grouped
by ground-truth polarity. On CMU-MOS], the largest mean weight is assigned to audio in
the negative group (0.3751), visual information in the positive group (0.3744), and text in
the neutral group (0.3541). From negative to positive samples, the visual mean increases
from 0.2941 to 0.3744, while the audio mean decreases from 0.3751 to 0.2959. CMU-MOSEI
shows the same polarity-dependent ordering with smaller changes: visual weight rises by
0.0571 and audio weight falls by 0.0490. However, text has the largest mean in the negative
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Predicted polarity probability

and neutral groups, and the visual and text means in the positive group are nearly equal
(0.3484 and 0.3470). Thus, the observed pattern is more distinct on MOSI (Figure 5) and
more modest on MOSEI (Figure 6).

Table 4. Polarity-conditioned modality weights for final PGMCR. Bold values indicate the largest
mean weight among text, visual, and acoustic modalities within each ground-truth polarity group.

Dataset/Polarity n wi Wy Wq Ppos Pneg Pneu

MOSI neg 347 03309 0.2941 0.3751 0.0625 0.8475 0.0900
MOSI neu 106 0.3541 0.3253 0.3206 0.3049 0.2667 0.4284
MOSI pos 233 0.3297 0.3744 0.2959 0.8420 0.0933 0.0647
MOSEI neg 1023 0.3551 0.2913 0.3536 0.0727 0.6354 0.2919
MOSEI neu 1927 0.3643 0.3166 0.3191 0.2932 0.1296 0.5772
MOSEI pos 1709 0.3470 0.3484 0.3046 0.6153 0.0537 0.3310

MOSI polarity-conditioned interpretability

(a) Polarity probabilities (b) Modality reliability weights
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Figure 5. Combined interpretability analysis on CMU-MOSI. (a) Mean predicted polarity probabilities
and (b) mean modality reliability weights, grouped by ground-truth polarity (negative, neutral,
and positive) on CMU-MOSI. The panels provide descriptive summaries of modality-weight means
and predicted polarity-probability distributions across ground-truth negative, neutral, and positive
test groups.

The weights are generated from predicted polarity probabilities, whereas Table 4
groups samples by ground-truth polarity. The group means therefore show a descriptive
association between the learned weights and true sentiment groups. The polarity-estimator
accuracies are 79.01% on CMU-MOSI and 68.56% on CMU-MOSEI (Table 5), so prediction
errors may also affect the resulting weights. The results support the presence of polarity-
associated weight patterns in these test sets. Polarity-Guided Fusion is a form of polarity-
conditioned dynamic weighting.

The confusion counts quantify the polarity-mismatch pattern used in the qualitative
analysis. The polarity estimator is correct for 79.01% of CMU-MOSI test utterances and
68.56% of CMU-MOSEI test utterances; the corresponding mismatch rates are 20.99% and
31.45%. The specific positive-to-negative mismatch shown in the failure case occurs for 20
MOSI utterances (2.92%) and 46 MOSEI utterances (0.99%) under the reported evaluation.
As a complementary calibration diagnostic, the expected calibration error (ECE) of the
maximum polarity probability is 0.1583 on MOSI and 0.0503 on MOSEIL ECE is computed
using 10 equal-width confidence bins, with confidence defined as the maximum predicted
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polarity probability and accuracy defined by exact polarity-label agreement. These statistics
show that polarity errors are non-negligible and can propagate to the reliability weights.

MOSEI polarity-conditioned interpretability
(a) Polarity probabilities (b) Modality reliability weights
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Figure 6. Combined interpretability analysis on CMU-MOSEI. (a) Mean predicted polarity probabili-
ties and (b) mean modality reliability weights, grouped by ground-truth polarity (negative, neutral,
and positive) on CMU-MOSEI. The panels provide descriptive summaries of modality-weight means
and predicted polarity-probability distributions across ground-truth negative, neutral, and positive
test groups.

Table 5. Polarity-estimator confusion counts on the test sets. Rows denote the true polarity and
columns denote the predicted polarity.

Dataset/Polarity Pred. Neg Pred. Neu Pred. Pos Row Total
MOSI neg 299 25 23 347
MOSI neu 29 46 31 106
MOSI pos 20 16 197 233

MOSEI neg 681 308 34 1023
MOSEI neu 139 1368 420 1927
MOSEI pos 46 518 1145 1709

5.4. Case Study

To qualitatively illustrate the learned polarity-conditioned reliability behavior, we in-
spect a small set of representative test-set examples drawn from the interpretability exports.
Table 6 includes correctly predicted positive, negative, and neutral cases together with one
polarity-mismatch failure case, so that both typical behavior and an important limitation are
visible. Figure 7 summarizes the sample-level reliability patterns, and Figure 8 visualizes
the failure case in more detail. In the positive and negative examples, the dominant modal-
ity is consistent with the expected polarity-specific cue pattern, whereas in the neutral
example text receives the largest weight. The failure example shows that the reliability
prior remains informative but is not sufficient when polarity estimation is wrong or when
the utterance is especially text-sensitive.

Paired Qualitative Comparison of TGCBAM

Figure 9 compares full PGMCR with standard CBAM without textual guidance and
w /0 TGCBAM on two post hoc CMU-MOSI test utterances. The source frames provide
nonverbal context. For the negative and neutral cases, full PGMCR lowers AE by 0.2980
and 0.1981 relative to standard CBAM, and by 0.0333 and 0.0905 relative to w/0 TGCBAM.
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The two bar charts on the right report the final modality-reliability weights and predicted
polarity probabilities of full PGMCR, respectively. These examples illustrate favorable
case-level behavior of the text-guided refinement.

Because the cases were selected post hoc, they do not estimate the average module
effect. The controlled ablations in Table 7 provide the quantitative model-level evidence
for TGCBAM.

Table 6. Representative qualitative case-study examples from the test-set interpretability exports.
The examples are provided for mechanism interpretation and include correctly predicted positive,
negative, and neutral cases together with one polarity-mismatch failure case.

Case Sample ID Label/Pred. True/Pred. Polarity Observation

MOSI positive ~ cWiFSBF59ik_18  2.6000/2.6553 pos,/pos Ppos Is dominant; visual weight is highest,
and the prediction is correct.

. Preg is dominant; audio weight is highest,

MOSI negative  d6hH30204v8_36 —2.2000/—2.2546 neg/neg Lo
and the prediction is correct.

MOSEI neutral  u9I5WD3Nglk 0.3333/0.0624 neu/neu Preu is dominant; text weight is highest, and the
prediction is neutral.

MOSEI failure 91844 2.6667/—1.7662 pos/neg Polarity mismatch; the utterance is positive,

but the model predicts negative.

Table 7. Main module ablation on CMU-MOSI and CMU-MOSEI.

Dataset Model MAE] Corrt Acc-71T Acc-2Non01T Acc-2AllT F1Non01T F1AIlT
PGMCR 0.6862  0.8164 48.10 86.43 85.42 86.42 85.38
w/o MDC-KD(VA) 0.6926  0.8042  47.81 87.20 85.13 87.15 85.03
MOSI w/o Polarity-Guided Fusion ~ 0.7113  0.7880 46.21 84.60 82.22 84.45 81.96
w/o TGCBAM 0.7007  0.7998 45.77 86.28 84.26 86.15 84.06
w/o text guidance in CBAM  0.6987  0.8001 46.06 84.76 83.38 84.78 83.37
PGMCR 0.5292  0.7702 53.72 85.72 85.15 85.49 85.15
w/o MDC-KD(VA) 0.5354 0.7646  52.89 85.69 83.99 85.58 84.20
MOSEI w/o Polarity-Guided Fusion =~ 0.5428  0.7600 52.52 84.89 81.88 84.94 8241
w/o0 TGCBAM 0.5346  0.7670 54.02 85.42 81.93 85.33 82.33
w/o text guidance in CBAM  0.5266 ~ 0.7708  53.42 84.89 80.04 84.95 80.72

J: lower values are better; 1: higher values are better. Bold: the best value in each column (the lowest
MAE; the highest value for the other metrics).

Case-level polarity-guided reliability

MOSI positive = pos -> pos

MOSI negative neg -> neg

MOSEI neutral — neu - neu

MOSEI failure pos -> neg

T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6

Modality reliability weight

m Text mm Visual Audio

Figure 7. Illustrative case-level reliability summary. The representative examples show that polarity-
guided reliability weights vary across samples and often follow the expected cue pattern, while the
failure row highlights an important polarity-mismatch limitation at the sample level.
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(a) Negative case: acoustic reliability is dominant
E:

Utterance

"Like it was like spewing cgi last half

hour of the movie"

Label: -1.40

Full PGMCR (TGCBAM): —1.40; AE = 0.000
Standard CBAM (w/o text guidance): —1.10; AE = 0.299
w/o TGCBAM: —1.37; AE = 0.034

Boundary case under polarity mismatch
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Sample 91844: "I'm sorry, on the scale of one to five | would give this a five"

of the polarity prior when polarity estimation fails.

I3
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Mijdgle,

0.5
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AAE: standard +0.298; w/o TGCBAM +0.033
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(b) Neutral case: textual reliability is dominant

M

T

Utterance

"Now columbos is a basically um ocd"

Label: 0.00

Full PGMCR (TGCBAM): —0.01; AE = 0.014
Standard CBAM (w/o text guidance): 0.21; AE = 0.212
w/o TGCBAM: 0.10; AE = 0.105
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Figure 8. Failure-case visualization for qualitative diagnosis. (a) Ground-truth and predicted senti-
ment scores for the failure sample (91844); (b) predicted polarity probabilities, in which the negative
class dominates (0.968, versus 0.030 neutral and 0.002 positive); and (c) modality reliability weights,
where audio receives the largest weight (0.382). The model assigns a high negative polarity probabil-
ity to a positive utterance, leading to a mismatched sentiment prediction and illustrating a limitation

Final modality weights Polarity probabilities

0.998
1.0 4

0.5 A
0.389

Normalized value

0.000 0.002

- 0.0
Audio pos neg neu

Final modality weights Polarity probabilities

1.0 1 0.934

0.5 A

Normalized value

0.304

0.045 0.021

- 0.0 -
Audio pos neg neu

Figure 9. Paired qualitative comparison of TGCBAM on CMU-MOSI. Each row shows source frames
and predictions from full PGMCR, standard CBAM without textual guidance, and w/o TGCBAM.
AE denotes absolute error; positive AAE favors full PGMCR.
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6. Ablation Study
6.1. Main Module Ablation

Table 7 reports removal-based comparisons among the evaluated configurations.
On CMU-MOSI, the PGMCR point estimates are best on MAE, Corr, Acc-7, Acc-2 All,
and F1 All, while removing MDC-KD(VA) gives the best Non0 binary metrics. Removing
Polarity-Guided Fusion is associated with the broadest decrease across the displayed
metrics. TGCBAM and its text guidance also show metric-dependent effects. On CMU-
MOSEI, PGMCR has the largest displayed values for Acc-2 Non0, Acc-2 All, and F1 All,
while removal variants retain isolated advantages on other metrics: w/o0 TGCBAM obtains
the highest Acc-7, w/o text guidance obtains the best MAE and Corr, and w/o MDC-
KD(VA) obtains the best F1 Non0. The variation across metrics supports the claim that
these results reflect a trade-off across the evaluated configurations.

The MOSEI comparison also reveals a regression—classification trade-off for text guid-
ance. Removing text guidance improves MAE from 0.5292 to 0.5266 and Corr from 0.7702
to 0.7708, but reduces Acc-2 All from 85.15 to 80.04 and F1 All from 85.15 to 80.72. A plau-
sible interpretation is that text guidance changes the nonverbal representation in a way
that is not uniformly beneficial for continuous-score calibration on the larger and more
heterogeneous dataset, while still supporting the decision boundary used by all-sample
binary classification.

6.2. MDC-KD Mechanism Ablation

Table 8 examines the MDC-KD mechanism variants. On CMU-MOSI, the complete
MDC-KD(VA) setting yields the strongest overall profile, whereas removing MDC-KD(VA)
retains an advantage on the Non0 binary metrics but weakens Acc-7 and the all-sample
metrics. Removing the label gate or the joint VA perturbation causes a clear drop in Acc-7
and all-sample binary performance, while removing the confidence gate yields a milder
degradation than the full design. The audio-only MDC-KD variant retains competitive
all-sample binary scores but is weaker on regression and Acc-7.

On CMU-MOSEI, PGMCR gives the best MAE, Corr, Acc-2 All, and F1 All, whereas
individual MDC-KD removals retain isolated advantages on Acc-7 or Non0 metrics. This
pattern supports the complete gated visual/audio/VA consistency design as the most
balanced MDC-KD configuration under full-sample evaluation. Figure 10 provides a
compact MOSI comparison of the Acc-7 and F1 All trends.

Table 8. MDC-KD mechanism ablation on CMU-MOSI and CMU-MOSEI.

Dataset Variant MAE | Corr 1 Acc-7 1 Acc-2 Non0/All 1+ F1 NonO/All 1
PGMCR 0.6862 0.8164 48.10 86.43/85.42 86.42/85.38
w/0o MDC-KD(VA) 0.6926 0.8042 47.81 87.20/85.13 87.15/85.03
MOSI w/o label gate 0.6946 0.8070 46.06 85.67/83.67 85.66/83.60
w/o confidence gate 0.7042 0.8058 46.36 85.98/84.55 85.99/84.53
w/o VA pair 0.6951 0.8039 46.06 85.98/83.97 85.95/83.88
Audio-only MDC-KD 0.7088 0.7988 46.36 86.89/85.13 86.92/85.12
PGMCR 0.5292 0.7702 53.72 85.72/85.15 85.49/85.15
w/0o MDC-KD(VA) 0.5354 0.7646 52.89 85.69/83.99 85.58/84.20
MOSEI w/o label gate 0.5347 0.7606 54.15 84.67/79.80 84.69/80.45
w/o confidence gate 0.5316 0.7656 53.57 85.83/83.07 85.71/83.35
w/o VA pair 0.5367 0.7680 53.75 85.03/84.59 84.81/84.61
Audio-only MDC-KD 0.5366 0.7640 53.92 85.53/80.88 85.49/81.42

J: lower values are better; 1: higher values are better. Bold: the best value in each column (the lowest

MAE; the highest value for the other metrics).
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Figure 10. MDC-KD ablation visualization on CMU-MOSI. The figure summarizes the Acc-7 and F1
All results under PGMCR and the removal-based MDC-KD variants. The full PGMCR setting gives
the best fine-grained accuracy and the best all-sample binary F1, while the remaining variants show
different trade-offs after removing individual gates or perturbation components.

6.3. Sensitivity Analyses for Architecture and Adaptive Training Settings

We analyze sensitivity to encoder capacity, polarity thresholds, and adaptive-training
settings. Each comparison retains the same data splits, optimization settings, polarity-
guided fusion module, and MDC-KD(VA) objective; only the factor named in each table is
changed. The lightweight Transformer configuration uses one layer with hidden size 64,
whereas the larger-capacity comparison uses two layers with hidden size 256.

Table 9 reports the encoder-capacity comparison. The larger-capacity encoder does
not improve the overall metric profile. On CMU-MOS], the lightweight configuration is
better in every reported metric, including MAE (0.6862 versus 0.7095), Corr (0.8164 versus
0.7970), and Acc-7 (48.10 versus 46.79). On CMU-MOSEI, the two configurations are closer,
but the lightweight configuration remains better in MAE and Corr, while the larger-capacity
configuration provides only a marginal Acc-7 difference. These results support the selected
lightweight encoder on the reported metrics.

Table 9. Transformer capacity sensitivity on CMU-MOSI and CMU-MOSEI. The lightweight and
larger-capacity encoders differ in depth and hidden size; the remaining settings are unchanged.

Dataset Encoder MAE | Corr 1 Acc-7 1T Acc-2Non0 1T Acc-2 AllT  F1 Non0 1 F1 All
MOSI 1 layer, d = 64 0.6862 0.8164 48.10 86.43 85.42 86.42 85.38
MOSI 2 layers, d = 256 0.7095 0.7970 46.79 84.91 82.65 84.84 82.51

MOSEI 1layer, d = 64 0.5292 0.7702 53.72 85.72 85.15 85.49 85.15

MOSEI 2 layers, d = 256 0.5319 0.7663 53.83 85.14 81.37 85.13 81.88

J: lower values are better; 1: higher values are better.

Table 10 reports the threshold sensitivity analysis, which shows small and non-
monotonic changes. On CMU-MOSI, 0.3 gives a lower MAE but lower Corr and Acc-7
than £0.5, whereas £0.7 improves Acc-7 but slightly reduces Corr. On CMU-MOSE]I,
+0.3 is favorable for MAE and Corr, while £0.7 is less favorable for both regression met-
rics. The default £0.5 threshold is therefore retained as a balanced operating point across
regression and classification metrics.
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Table 10. Polarity-threshold sensitivity on CMU-MOSI and CMU-MOSEI The thresholds are sym-
metric around zero and are applied only to the auxiliary polarity targets.

Dataset  Threshold MAE | Corr 1 Acc-71T  Acc-2Non01T Acc-2AllT F1Non0O1T F1AI1T
MOSI +0.3 0.6797 0.8076 46.06 87.04 84.69 86.94 84.52
MOSI +0.5 0.6862 0.8164 48.10 86.43 85.42 86.42 85.38
MOSI +0.7 0.6865 0.8106 49.42 86.28 84.84 86.27 84.79

MOSEI +0.3 0.5284 0.7733 54.11 85.75 82.12 85.72 82.58

MOSEI +0.5 0.5292 0.7702 53.72 85.72 85.15 85.49 85.15

MOSEI +0.7 0.5333 0.7627 54.05 85.22 83.28 85.15 83.57

J: lower values are better; 1: higher values are better.

Table 11 shows that changing the scheduler parameters shifts the activation timing as
intended. On CMU-MOS], epin = 5 and T = 1.5 reproduce the baseline profile, whereas
delaying the latest activation to epoch 12 produces a modest reduction in Corr and the
all-sample classification metrics. On CMU-MOSEI, epax = 12 produces the same profile as
the baseline because activation occurs before the upper bound is reached; epin = 5 delays
activation and yields the largest observed decrease, while T = 1.5 remains close to the
baseline. These results indicate that the adaptive scheduler exhibits stable behavior across
the tested parameter settings.

Table 11. Adaptive MDC-KD(VA) scheduler sensitivity. The activation epoch is the observed epoch
at which the consistency branch becomes active. The mini-batch application probability g = 0.25 is
fixed across all settings.

Dataset Setting (émins €max, T)  Act. Epoch MAE | Corr 1 Acc-7 1 Acc-2 All F1 All t
MOSI Baseline (2,8,1.0) 8 0.6862 0.8164 48.10 85.42 85.38
MOSI emin =9 (5,8,1.0) 8 0.6862 0.8164 48.10 85.42 85.38
MOSI emax = 12 (2,12,1.0) 12 0.6852 0.8083 47.38 84.40 84.24
MOSI T=15 (2,8,1.5) 8 0.6862 0.8164 48.10 85.42 85.38
MOSEI Baseline (2,8,1.0) 3 0.5292 0.7702 53.72 85.15 85.15
MOSEI €min = O (5,8,1.0) 6 0.5354 0.7646 52.89 83.99 84.20
MOSEI emax = 12 (2,12,1.0) 3 0.5292 0.7702 53.72 85.15 85.15
MOSEI T=15 (2,8,1.5) 3 0.5293 0.7698 53.53 83.67 83.93

1: lower values are better; 1: higher values are better.

7. Conclusions

The sensitivity analyses delimit the operating range of PGMCR: the lightweight
nonverbal encoders remain competitive with a larger-capacity alternative, polarity thresh-
olds produce non-monotonic changes, and scheduler settings alter activation timing with
dataset-dependent metric effects.

The evidence supports a bounded conclusion. Polarity-Guided Fusion provides an
explicit mapping from predicted polarity to relative modality allocation, while TGCBAM
and Adaptive Dynamic MDC-KD(VA) are established design ideas adapted and evaluated
here as auxiliary components whose effects vary by dataset and metric. The reported point
estimates do not establish statistical significance, and the proxy-corruption diagnostics do
not establish robustness to naturally occurring sensor failure. They show that, under the
specified test protocol, text corruption causes larger degradation than the tested nonverbal
perturbations on MOSI; polarity-estimation errors may also affect the reliability prior.
Thus, the results support conditional nonverbal assistance in the evaluated setting, but not
balanced modality reliance, absolute joint reliability, or real-world robustness. Future work
should evaluate repeated training variability, real ASR outputs, ecologically grounded
acoustic and visual degradations, and additional datasets and languages.
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