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Abstract

Multimodal social-media posts convey sentiment through user text, visual scenes,
text embedded in images, and contextual information that may be absent
from either primary modality. Existing image-text sentiment models often use
coarse modality weighting and unified fusion, limiting their ability to distin-
guish aligned, complementary, and disagreeing evidence. We propose Structured
Semantic Prototype-Guided Multimodal Sentiment Analysis (SPG-MSA), which
jointly models user text, visual patches, optical character recognition (OCR) text,
and factual image captions. Eight structured evaluative prototypes condition
local evidence extraction, an auxiliary-quality-aware gating module selects infor-
mative tokens and patches, and three relation-specific branches represent shared,
complementary, and disagreement-weighted information. On MVSA-Single and
TumEmo, SPG-MSA achieved accuracies of 82.47% and 72.96% and macro-F1
scores of 81.72% and 72.41%, respectively. It exceeded the strongest recent repro-
duced baseline by 0.84 and 0.85 macro-F1 percentage points. Equal-information
controls, prototype validation, source perturbations, duplicate-filtered sensitiv-
ity analysis, explanation-fidelity evaluation, and computational profiling showed
that the gains were not attributable solely to additional inputs or model capacity.
The framework therefore provides a structured approach to multimodal sen-
timent analysis with improved robustness under controlled perturbations and
higher-fidelity evidence attribution.

Keywords: multimodal sentiment analysis, semantic prototype, fine-grained gating,
modality disagreement, optical character recognition, multi-source fusion
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1 Introduction

Social-media posts increasingly combine written descriptions, photographs, screen-
shots, graphic layouts, packaging information, and text embedded within images.
Sentiment in such content is rarely concentrated in a single source. A neutral sentence
may accompany a strongly affective image, whereas explicit evaluative language may
be paired with visual content that is irrelevant, ambiguous, or affectively inconsistent.
Accurate multimodal sentiment analysis therefore requires more than the concate-
nation of image and text features. A model must identify which local elements are
relevant, determine how evidence from different sources relates, and preserve use-
ful modality-specific information without allowing unreliable sources to dominate the
prediction.

The semantic basis of sentiment is also heterogeneous. A positive evaluation may
arise from trust, authenticity, consumption experience, nostalgia, production qual-
ity, cultural identification, or successful renewal. Research on brand authenticity
and heritage-oriented communication illustrates how these evaluative dimensions can
jointly shape affective responses [1–3]. Although the present study does not treat brand
communication as its empirical domain, these concepts motivate a broader inventory of
structured evaluative semantics that can also occur in general social-media discourse.

Image-text sentiment analysis has advanced through attention-based fusion,
modality calibration, external sentiment-knowledge injection, shared-private represen-
tation learning, graph interaction, and fine-grained cross-modal alignment [4–10]. More
recent studies have addressed missing modalities, semantic ambiguity, and robustness
under incomplete or inconsistent inputs [11–14].

A further line of research has introduced explicit semantic completion and more
structured fusion. Visual-elements-as-prompts methods have also shown that in-image
text and generated visual descriptions can support multimodal sentiment recognition
[15]. CoDe uses text embedded in images to complete image and textual semantics
and decomposes modality-shared and modality-private sentiment representations [16].
DualScope combines global-local feature fusion with bidirectional image-text genera-
tion and contrastive learning [17]. SSEDF dynamically integrates shared and private
semantic representations [18], whereas CLIP-MoE adapts a contrastively pretrained
vision-language model through mixture-of-experts modules, supervised cross-modal
alignment, and online logit modulation [19]. The conceptual distinctions among these
approaches and SPG-MSA are summarized in Supplementary Table S1.

Despite these advances, three limitations remain. First, most methods are super-
vised primarily by coarse sentiment or emotion categories. Such labels identify an
affective outcome but do not describe the semantic basis on which the judgment is
formed. Second, adaptive fusion is frequently performed using one pooled representa-
tion or one coefficient for an entire modality. A global coefficient cannot distinguish
an informative adjective from an unrelated hashtag, or a sentiment-bearing sign from
a visually dominant but irrelevant background. Fine-grained studies have already
shown the value of text-guided interaction and local alignment [20–22]. Third, cross-
modal variation is often reduced to shared and private information or treated as
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noise. Modality-specific evidence may, however, be complementary without being con-
tradictory, while disagreement between preliminary unimodal predictions may signal
irrelevant, uncertain, or affectively inconsistent evidence.

To address these limitations, we propose Structured Semantic Prototype-Guided
Multimodal Sentiment Analysis (SPG-MSA). The framework retains the original
image-text observations and sentiment labels while deriving two auxiliary sources
from each image: optical-character-recognition (OCR) text and a factual image cap-
tion. Structured evaluative prototypes guide local evidence extraction. Reliability
indicators regulate the automatically generated auxiliary sources, and scalar gates
select relevant tokens and image patches. The primary image and text representations
are subsequently organized into shared, complementary, and disagreement-weighted
branches.

The main contributions are threefold. First, we introduce a structured evalua-
tive semantic-prototype mechanism that conditions multimodal evidence extraction
through interpretable concepts rather than output-class prototypes. Second, we
develop an auxiliary-quality-aware fine-grained gating mechanism that combines
content relevance with OCR confidence and image-caption relevance. Third, we pro-
pose a relation-specific representation framework that separately models shared,
complementary, and disagreement-weighted information, and we evaluate it using con-
trolled comparison, ablation, source perturbation, calibration, explanation fidelity, and
efficiency analyses.

2 Methods

2.1 Task definition and semantic-prototype inventory

Let the multimodal dataset be

D = {(Ti, Ii, yi)}Ni=1, (1)

where Ti is the user-written text, Ii is the corresponding image, yi ∈ {1, . . . ,K} is the
sentiment or emotion label, N is the number of observations, and K is the number of
classes. Equation 1 defines the supervised observations used throughout the study.

Two auxiliary sources are derived from the original image:

Oi = OCR(Ii), Ci = Caption(Ii), (2)

where Oi denotes OCR-extracted text and Ci is a factual description of visible image
content. The prediction function is

ŷi = fΘ(Ti, Ii, Oi, Ci,A), (3)

where Θ denotes trainable parameters and A = {a1, . . . , aA} is the semantic-prototype
inventory with A = 8. Equations 2 and 3 make clear that the auxiliary sources are
derived from the original image rather than additional labelled observations.
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The eight structured evaluative prototypes cover temporal continuity, cultural
identity, production and craftsmanship, perceived authenticity, nostalgia and identi-
fication, trust and reputation, contemporary renewal, and consumption experience.
Their operational definitions and representative evidence are given in Supplemen-
tary Table S2. The prototypes act as latent priors; the original sentiment or emotion
category remains the only sample-level supervised target.

2.2 Framework overview

Figure 1 shows the complete SPG-MSA architecture. The model contains five
stages: multi-source extraction and encoding, structured semantic-prototype con-
ditioning, auxiliary-quality-aware local gating, relation-specific representation, and
prototype-conditioned hierarchical fusion and classification.

Fig. 1 Overall architecture of SPG-MSA. Four sources are encoded in a shared visual-language
space, conditioned by structured semantic prototypes, locally gated, decomposed into relation-specific
representations, and fused for sentiment or emotion prediction. Solid connections indicate inference-
time operations, whereas dashed connections denote training-only objectives. OCR extraction and
factual caption generation are performed offline.
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2.3 Auxiliary-source extraction

2.3.1 OCR extraction

OCR is performed using PP-OCRv4 [23]. Text boxes with confidence below 0.65 are
discarded. The length-weighted OCR confidence is

qOi =











∑Bi

b=1 li,bci,b
∑Bi

b=1 li,b
, Bi > 0,

0, Bi = 0,

(4)

where Bi is the number of retained text boxes, li,b is the recognized-string length, and
ci,b is recognition confidence. Equation 4 assigns zero quality when no valid OCR box
is available; such samples use a special [NO OCR] token.

2.3.2 Factual image captioning

A frozen BLIP-2 OPT-2.7B model [24] generates one caption for each image using
greedy decoding and at most 30 new tokens. The prompt is: “Describe the visible
entities, actions, objects, scene, and readable text in the image. Do not infer emotions,
sentiment, intentions, or opinions.” All captions are generated before model training
and cached.

Image-caption relevance is measured as

qCi =
1 + cos(x̂I

i , x̂
C
i )

2
, (5)

where x̂I
i and x̂C

i are L2-normalized pooled CLIP representations. Equation 5 measures
semantic correspondence rather than complete factual accuracy. User text and the
original image are treated as primary observations and assigned unit priors:

qTi = qIi = 1. (6)

Equation 6 distinguishes the primary observations from the automatically generated
auxiliary sources.

2.4 Multi-source encoding

A pretrained Contrastive Language-Image Pretraining (CLIP) ViT-B/16 model [25]
provides the shared visual-linguistic representation space. For each source m ∈
{T, I, O,C},

Xm
i = Em(Sm

i ) ∈ R
Lm×d, (7)

where Sm
i is the source input, Lm is its sequence length, and d = 512. Equation 7

yields token sequences for text-based sources and patch sequences for the image.
The encoded sequence is projected and augmented as

X̄m
i = LN

(

Xm
i Wm + bm + Em

src + Em
pos

)

, (8)
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where Em
src is a learned source-type embedding and Em

pos is a positional embedding.
Equation 8 preserves source identity while placing all representations in the same
fusion space; padded positions are masked.

2.5 Prototype construction and semantic conditioning

For each semantic prototype aj , four prompt templates are encoded. The initial
prototype is

p0j =
1

R

R
∑

r=1

ET (qj,r), R = 4, (9)

where qj,r is the rth prompt for prototype j. Equation 9 initializes the trainable
prototype matrix P = [p1; . . . ; pA] ∈ R

A×d from pretrained language semantics.
Prototype-to-source attention is

Sm
i = softmax

[

PWQ(X̄
m
i WK)⊤√
dh

+Mm
i

]

, Hm
i = Sm

i X̄m
i WV , (10)

where Mm
i masks padding and dh is the attention-head dimension. Equation 10

produces source-specific prototype-conditioned features.
Prototype drift is controlled by

Lanchor =
1

A

A
∑

j=1

[

1− cos(pj , p
0
j )
]

, (11)

and collapse is discouraged by

Ldiv =
∥

∥

∥
P̂ P̂⊤ − IA

∥

∥

∥

2

F
, (12)

where P̂ is row-normalized. Equations 11 and 12 respectively preserve semantic
anchoring and encourage inter-prototype diversity.

2.6 Auxiliary-quality-aware prototype aggregation

Let h̄m
i = MeanPool(Hm

i ). The contribution of source m is

βm
i =

exp(u⊤h̄m
i + δmqmi )

∑

n exp(u⊤h̄n
i + δnqni )

, HA
i =

∑

m

βm
i Hm

i . (13)

Equation 13 combines learned content relevance with observable OCR confidence or
image-caption relevance. User text and the source image retain the unit priors defined
in Equation 6.
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2.7 Fine-grained adaptive gating

For each source, contextual evidence from the remaining sources is obtained through

Rm
i = MHA(Q = X̄m

i ,K = X̄−m
i , V = X̄−m

i ), (14)

where X̄−m
i denotes the masked concatenation of the other sources. Equation 14 allows

each local token or patch to be evaluated against cross-source context.
The semantic-prototype context is repeated across the source sequence and com-

bined with X̄m
i and Rm

i . A scalar gate is then assigned to every textual token or visual
patch:

Gm
i = σ

(

Wm
g [X̄m

i ∥Rm
i ∥Bm

i ] + bmg
τ

)

, Gm
i ∈ R

Lm×1, (15)

where Bm
i is the repeated pooled prototype context and τ is the gate temperature.

The gated representation is

Zm
i = Gm

i ⊙ X̄m
i + (1−Gm

i )⊙ rm, (16)

where rm is a learned residual embedding. Equations 15 and 16 implement token- and
patch-level evidence selection.

Gate collapse is discouraged by

Lgate =
∑

m

[

1

BLm

B
∑

i=1

Lm
∑

l=1

Gm
i,l − ρm

]2

, (17)

where B is batch size and ρm is the target activation ratio. Equation 17 keeps average
gate activity close to a validation-selected target.

2.8 Relation-specific representation

Figure 2 summarizes the shared, complementary, and disagreement-weighted branches.
The branch names describe optimization roles rather than mathematically unique
latent factors.

Bidirectional text-image attention yields a shared representation

hsh
i =

Pool[MHA(ZT
i , Z

I
i , Z

I
i )] + Pool[MHA(ZI

i , Z
T
i , Z

T
i )]

2
. (18)

Equation 18 captures information that can be aligned across the primary text and
image sources.

Let zTi = Pool(ZT
i ) and zIi = Pool(ZI

i ). The complementary representation is

hcp
i = MLP

[

(zTi −WTSh
sh
i )∥(zIi −WISh

sh
i )
]

. (19)

Equation 19 retains modality-specific residual information after subtracting projected
shared content.
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Fig. 2 Relation-specific representation in SPG-MSA. The shared branch uses bidirectional cross-
attention, the complementary branch removes projected shared information to retain modality-
specific residuals, and the disagreement branch weights interaction features by normalized Jensen-
Shannon divergence between preliminary unimodal predictions.

Two auxiliary classifiers produce preliminary distributions qTi and qIi . With mi =
(qTi + qIi )/2, normalized Jensen-Shannon divergence [26] is

c̄i =
1
2DKL(q

T
i ∥mi) +

1
2DKL(q

I
i ∥mi)

ln 2
, 0 ≤ c̄i ≤ 1. (20)

Equation 20 quantifies disagreement between preliminary sentiment distributions
rather than general semantic incompatibility. The disagreement-weighted representa-
tion is

hdg
i = c̄i MLP

(

|zTi − zIi |∥zTi ⊙ zIi
)

. (21)

Equation 21 increases the contribution of interaction features when unimodal predic-
tions diverge.

2.9 Multi-source hierarchical fusion

OCR evidence supplements user text through text-to-OCR cross-attention, and the
factual caption supplements the image through image-to-caption cross-attention. The
resulting text-enhanced and visual-enhanced vectors are concatenated with hsh

i , hcp
i ,

and hdg
i to form a relation-aware evidence sequence Fi. Prototype-conditioned fusion

and classification are

h̃i = MHA[Pool(HA
i ), Fi, Fi],

8
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h∗
i = LN[h̃i +Wf Pool(Fi)],

ŷi = softmax(Wch
∗
i + bc). (22)

Equation 22 produces the final sentiment or emotion distribution from prototype-
conditioned multi-source evidence.

2.10 Training objectives

Class imbalance is handled using class-weighted cross-entropy:

Lcls = − 1

N

N
∑

i=1

N

KNyi

log ŷi,yi
, (23)

where Nyi
is the number of training observations in the class of sample i. Equation 23

avoids duplicating observations through oversampling.
Instance-level image-text alignment is bidirectional:

Lins =
1

2
(LT→I + LI→T ), (24)

where each directional contrastive loss treats the original image-text pair as positive.
Equation 24 is combined with a supervised label-level contrastive objective following
the general principle of supervised contrastive learning [27]. Let P(i) = {p ̸= i : yp =
yi} and I+ = {i : |P(i)| > 0}. Then

Llab = − 1

|I+|
∑

i∈I+

1

|P(i)|
∑

p∈P(i)

log
exp[sim(h∗

i , h
∗
p)/γ]

∑

a ̸=i exp[sim(h∗
i , h

∗
a)/γ]

. (25)

Equation 25 excludes anchors without a same-class positive in the mini-batch. A class-
aware sampler includes at least two instances per represented class whenever batch
size permits. The complete alignment term is Lalign = Lins + ωLlab.

For the three relation-specific branches, row-normalized batch matrices Ha are
centered as H̃a = Ha −B−111⊤Ha. The cross-covariance regularizer is

Lorth =
∑

a<b

∥

∥

∥

∥

∥

(H̃a)⊤H̃b

B − 1

∥

∥

∥

∥

∥

2

F

, (26)

where a, b ∈ {sh, cp, dg}. Equation 26 discourages redundant branch representations
without claiming unique latent-factor identification.

The unimodal classifiers are trained using Luni = CE(qT , y) + CE(qI , y). For a
label-incongruent image pair, disagreement ranking is

Lrank =
1

B

∑

i

max(0, µ+ c̄+i − c̄−i ), (27)

9
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where c̄+i and c̄−i are disagreement scores for the original and label-incongruent pairs.
Equation 27 encourages higher disagreement for label-incongruent pairs.

The complete training objective is

L = Lcls + λ1Lalign + λ2Lorth + λ3Luni + λ4Lrank

+ λ5Lgate + λ6Lanchor + λ7Ldiv.
(28)

Equation 28 jointly optimizes classification, alignment, branch separation, unimodal
supervision, disagreement ranking, gate activity, and prototype regularization.

2.11 Training with unavailable sources

Source dropout is applied during training. When a textual source is dropped, its
sequence is replaced by a learned [MISSING SOURCE] token and its quality or relevance
score is set to zero. When the image is dropped, the visual patch sequence is replaced
by a learned missing-image representation. Dropped sources are excluded from
cross-attention keys and values through attention masks. This procedure improves
robustness to incomplete input but does not create additional labelled observations.

2.12 Datasets and fixed study splits

MVSA-Single contains 5,129 Twitter image-text pairs whose image and text modalities
were independently annotated as positive, neutral, or negative [28]. Following the
commonly used preprocessing protocol, samples with matching modality labels were
retained; when one modality was neutral and the other was positive or negative, the
non-neutral label was used; directly opposing positive-negative pairs were removed.
The processed dataset contained 4,511 observations.

TumEmo is a weakly supervised image-text emotion dataset collected from Tum-
blr and contains seven classes: angry, bored, calm, fear, happy, love, and sad [29]. All
splits were generated once before training using fixed stratified identifiers. The same
identifiers were used for every reproduced method, and no model-selection or hyperpa-
rameter decision used the test partitions. The complete class distribution is reported
in Supplementary Table S3.

2.13 Duplicate audit and sensitivity analysis

Exact textual duplicates were detected after lowercasing, URL normalization, user-
mention replacement, and whitespace normalization. Near-duplicate text was identi-
fied using Sentence-BERT embeddings [30] with cosine similarity above 0.95. Exact
image duplicates were identified using cryptographic hashes; near-duplicate images
were detected using perceptual hashing [31] with a Hamming-distance threshold of
five. Duplicate categories were not mutually exclusive. Detailed counts are reported
in Supplementary Table S10.

The fixed study split was retained for the primary evaluation. A duplicate-filtered
sensitivity analysis removed affected test observations without retraining the model.
This analysis assesses whether duplicate test content inflated the reported scores; it is
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not equivalent to reconstructing a fully group-aware split. The sensitivity results are
reported in Supplementary Table S11.

2.14 Baselines and equal-information controls

The conventional comparison methods were Image-CLIP, Text-CLIP, Early Fusion,
MVCN [5], SKEAFN-IT [6], SPMN-IT [7], CIGNN [9], MMJL [10], and MFN [4].
Four recent methods were additionally reproduced: CoDe-R [16], DualScope-R [17],
SSEDF-R [18], and CLIP-MoE-R [19]. The suffix “-R” denotes controlled reproduc-
tion. When a method had not originally been evaluated on TumEmo, its output head
and label dimensions were adapted without altering the principal fusion mechanism.
DualScope-R was not transferred to TumEmo because its bidirectional generation and
augmentation pipeline was designed for the three-class MVSA setting.

All comparison methods used identical split identifiers and evaluation scripts,
and each received the same validation-based hyperparameter-search budget of 20
configurations. Four equal-information controls received the same four sources as SPG-
MSA: concatenation, a four-source Transformer, four-source cross-attention, and a
parameter-matched four-source Transformer. The parameter-matched model remained
within 1.5% of the trainable-parameter count of SPG-MSA.

2.15 Implementation details

CLIP ViT-B/16 served as the backbone. User text was truncated to 77 tokens, OCR
text and captions to 40 tokens, and images were resized to 224 × 224. The model
used eight attention heads, two fusion layers, a feed-forward dimension of 1,024, and
dropout of 0.20. The gate temperature was 0.07, contrastive temperature 0.10, and
ranking margin 0.20.

Optimization used AdamW [32]. The pretrained backbone learning rate was
1 × 10−5, the learning rate for new modules was 1 × 10−4, and weight decay was
1 × 10−4. Batch sizes were 32 for MVSA-Single and 64 for TumEmo. Training con-
tinued for at most 30 epochs with early stopping after five validation epochs without
macro-F1 improvement. Gradient norms were clipped at 1.0. The loss coefficients were
(λ1, . . . , λ7) = (0.10, 0.05, 0.10, 0.10, 0.01, 0.02, 0.01). Gate targets were ρT = 0.45,
ρI = 0.35, ρO = 0.30, and ρC = 0.35. OCR and caption dropout probabilities were
0.10; text and image dropout probabilities were 0.05. Experiments used an NVIDIA
RTX 3090 and random seeds {13, 21, 42, 67, 89}. Unless stated otherwise, results are
means ± standard deviations across five independent runs. Parameter sensitivity is
provided in Supplementary Table S14.

2.16 Controlled source perturbations

Three image-mismatch conditions were constructed. For random cross-pair mismatch,
the image was replaced by one from another post after excluding the original pair and
detected duplicate groups. For same-label semantic mismatch, the replacement image
was drawn from the same class but from the lowest quartile of CLIP similarity to
the original text. For cross-valence semantic-neighbor mismatch in MVSA-Single, the
replacement was drawn from the opposite positive or negative class and chosen as the

11
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candidate with the highest CLIP similarity; neutral observations were excluded. For
TumEmo, happy and love formed the positive group, angry, fear, and sad the negative
group, and calm and bored were excluded from cross-valence sampling. Perturbation
lists were generated once and shared by all five seeds. OCR corruption randomly
replaced retained OCR tokens, whereas sentiment-word masking used the NRC Emo-
tion Lexicon [33]. Accuracy across corruption ratios is reported in Supplementary
Table S13.

2.17 Human evaluation, caption audit, and statistical analysis

Two hundred test samples from each dataset were independently evaluated by three
annotators with experience in sentiment analysis. Annotators selected one or more
applicable semantic prototypes or “none of the above or insufficient evidence” and
were blinded to model predictions. Multi-label Krippendorff’s alpha [34] was computed
separately for each prototype and macro-averaged; majority-vote annotations served
as reference labels.

For caption auditing, 1,000 captions from each dataset were assessed for factual
correctness, hallucinated objects or actions, and omission of visually central objects.
Explicit affective words were detected using the NRC Emotion Lexicon [33]. The
sentiment-oriented caption prompt was used only as a leakage-control condition.

Accuracy and macro-F1 were the primary classification metrics. Calibration was
evaluated using expected calibration error (ECE) with ten equal-width bins [35] and
raw softmax probabilities. Explanation fidelity used comprehensiveness and sufficiency
following perturbation-based rationale evaluation [36]. For correctly classified observa-
tions, the top 20% of user-text tokens and image patches were selected; removed text
tokens were replaced by padding tokens and removed visual patches by the dataset-
level mean patch. Random evidence selection was repeated 20 times per sample.
Prototype geometry was visualized using UMAP [37].

Macro-F1 differences were evaluated with 10,000-iteration hierarchical stratified
bootstrap resampling [38]. Each iteration sampled a random seed and then resam-
pled test observations within class. Holm correction [39] was applied across baseline
comparisons, with adjusted p < 0.05 considered statistically reliable.

3 Results

3.1 Overall performance

The complete controlled comparison is reported in Supplementary Table S4. SPG-MSA
achieved accuracies of 0.8247 and 0.7296 and macro-F1 scores of 0.8172 and 0.7241 on
MVSA-Single and TumEmo, respectively. Relative to MFN, macro-F1 increased by
5.04 percentage points on MVSA-Single and 4.97 points on TumEmo.

The comparison with recent methods was more competitive. Relative to CLIP-
MoE-R, SPG-MSA improved macro-F1 by 0.84 percentage points on MVSA-Single
and 0.85 points on TumEmo, corresponding to relative macro-F1 error reductions
of 4.39% and 2.99%. Hierarchical-bootstrap differences were 0.0084 on MVSA-Single
(95% CI [0.0021, 0.0147], Holm-adjusted p = 0.014) and 0.0085 on TumEmo (95%
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CI [0.0042, 0.0128], adjusted p = 0.006). The absolute advantage over CLIP-MoE-
R remained below one percentage point and is therefore interpreted as statistically
reliable but moderate.

SPG-MSA exceeded CoDe-R by 1.54 and 1.55 macro-F1 points. Because both
methods use OCR evidence and representation decomposition, this comparison sug-
gests that structured semantic conditioning, factual-caption evidence, auxiliary-source
regulation, and local gating provide benefits beyond in-image text completion and
shared-private decomposition alone.

3.2 Equal-information controls and ablation

Supplementary Table S5 separates improvements arising from additional source
information, parameter count, and individual architectural components. Simple con-
catenation of all four sources yielded macro-F1 scores of 0.7769 and 0.6830, showing
that OCR and captions did not automatically improve prediction. The parameter-
matched Transformer remained 1.48 and 1.55 points below SPG-MSA on MVSA-Single
and TumEmo, respectively.

Fine-grained gating produced the largest individual ablation effect. Replacing
token- and patch-level gates with a single source coefficient reduced macro-F1 by 2.65
and 2.47 points. Removing the disagreement-weighted branch reduced macro-F1 by
1.55 and 1.59 points. These results indicate that local evidence selection and explicit
representation of affective divergence contribute beyond model capacity and source
count.

3.3 Semantic-prototype validation

Computational prototype controls and human relevance evaluation are reported in
Supplementary Table S6. Random frozen vectors produced only marginal gains over
the model without prototypes. Unnamed learnable vectors performed better but
remained 1.36 and 1.40 points below the complete structured prototypes. Sentiment-
label and shuffled prototypes also underperformed the complete configuration.

Generic brand-attribute prototypes were more competitive and remained only 0.70
and 0.68 points below the complete model. This comparatively small margin indicates
that part of the gain arises from structured evaluative semantics in general rather than
exclusively from the selected heritage-inspired inventory.

Human evaluation produced Krippendorff’s alpha values of 0.781 and 0.742. The
highest-ranked model prototype matched the majority annotation for 71.4% of MVSA-
Single observations and 68.1% of TumEmo observations; Hit@3 exceeded 0.85 on both
datasets. The lower TumEmo result is consistent with its emotion-centered construc-
tion, in which some posts contain facial or situational affect without a clear temporal,
cultural, reputational, or consumption-related dimension.

3.4 Auxiliary-source contribution and caption audit

Supplementary Table S7 reports source contributions, OCR availability, and caption
quality. OCR was retained in 42.6% of MVSA-Single images and 29.4% of TumEmo
images. It therefore functioned as a sparse auxiliary source rather than a consistently
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available modality. Factual captions improved both datasets by translating scene-level
visual information into a language-compatible representation.

Removing auxiliary-quality signals reduced macro-F1 by 0.83 points on MVSA-
Single and 1.03 points on TumEmo. The larger reduction on TumEmo is consistent
with its lower mean image-caption similarity and higher hallucination rate.

Figure 3 summarizes the caption analysis. The sentiment-oriented prompt pro-
duced stronger caption-only performance, showing that a frozen caption model can
introduce external affective inference. Removing explicit affective words from factual
captions, however, reduced complete-model macro-F1 by only 0.13 points on each
dataset, indicating that most of the caption contribution arose from scene, action, and
object semantics rather than direct sentiment-label leakage.

Fig. 3 Factual-caption analysis. (a) Image-caption similarity distributions for MVSA-Single and
TumEmo. (b) Caption-only and full-model macro-F1 under sentiment-oriented, factual, affective-
word-removed factual, and no-caption conditions. (c) Representative caption cases illustrating a
factually correct caption, an incomplete caption, and a hallucinated object.

3.5 Class-level performance and calibration

Complete class-level precision, recall, F1, standard deviation, and support are reported
in Supplementary Table S12. On MVSA-Single, positive, neutral, and negative F1
scores were 0.872 ± 0.005, 0.765 ± 0.009, and 0.815 ± 0.007, respectively. Neutral
remained the most difficult class. On TumEmo, happy and love achieved 0.793±0.003
and 0.781 ± 0.003, whereas fear and bored were the weakest classes at 0.631 ± 0.006
and 0.648± 0.006.
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Figure 4 shows the mean row-normalized confusion matrices. The matrices aver-
age percentages across five independently trained models rather than using ensemble
predictions.

Fig. 4 Mean row-normalized confusion matrices. (a) MVSA-Single positive, neutral, and negative
classes. (b) TumEmo angry, bored, calm, fear, happy, love, and sad classes. Each cell reports the
mean row-normalized percentage across five independently trained models.

Calibration results are shown in Figure 5. SPG-MSA achieved ECE values of
0.041 and 0.058 on MVSA-Single and TumEmo, compared with 0.067 and 0.081 for
MFN. The largest difference occurred in the 0.70–0.90 confidence interval, where MFN
exhibited greater overconfidence.

3.6 Missing-source and controlled-mismatch robustness

Robustness under source removal and controlled perturbation is reported in Sup-
plementary Table S8. Removing user text caused the largest decline, especially on
TumEmo, where accuracy decreased by 15.70 points. OCR and caption removal had
smaller effects because these sources were auxiliary and intermittently available.

Same-label semantic mismatch was less damaging than random cross-pair mis-
match because semantically unrelated images could still produce similar preliminary
sentiment distributions. Cross-valence semantic-neighbor mismatch was more difficult:
accuracy decreased by 6.28 points on MVSA-Single and 5.42 points on TumEmo.
Under this condition, removing the disagreement branch further reduced accuracy to
0.7326 and 0.6489, respectively. Thus, disagreement modeling mitigated but did not
eliminate semantically plausible affective inconsistency.

Figure 6 shows degradation across increasing corruption ratios, with the under-
lying values reported in Supplementary Table S13. At a 50% image-mismatch ratio,
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Fig. 5 Reliability diagrams for MFN and SPG-MSA. (a) MVSA-Single and (b) TumEmo results
using ten equal-width confidence bins and raw softmax probabilities. The dashed diagonal denotes
perfect calibration; background bars show bin sample counts.

SPG-MSA retained accuracies of 0.7210 and 0.6285, whereas the variant without
disagreement modeling reached 0.6760 and 0.5821. OCR corruption produced the
shallowest degradation, while sentiment-word masking was particularly damaging on
TumEmo.

3.7 Prototype geometry

The average off-diagonal cosine similarity among the structured prototypes was 0.18,
with the strongest relationship between perceived authenticity and trust and reputa-
tion. This proximity is conceptually plausible but also indicates that the inventory is
not perfectly separable.

Figure 7 visualizes the prototype similarity matrix and UMAP representation
geometry. The UMAP plot is used only as a qualitative visualization and is not treated
as evidence of statistically distinct clusters.

3.8 Explanation fidelity and computational efficiency

Perturbation-based explanation fidelity and computational cost are summarized in
Supplementary Table S9. Raw cross-attention outperformed random evidence selection
but remained weaker than gradient attribution and fine-grained gates. Combining
gate importance with prototype relevance produced the strongest comprehensiveness
and sufficiency results. Sufficiency nevertheless remained above zero for all methods,
indicating that predictions depended on distributed evidence rather than a single
decisive region or token.
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Fig. 6 Robustness under increasing corruption. (a) MVSA-Single and (b) TumEmo accuracy across
corruption ratios from 0% to 50% for random image mismatch, OCR corruption, sentiment-word
masking, and image mismatch without the disagreement branch. Curves show five-seed means with
standard-deviation bands.

Fig. 7 Prototype geometry. (a) Cosine-similarity matrix for the eight structured evaluative pro-
totypes. (b) UMAP visualization of prototype-conditioned representations. The visualization is
descriptive and is not interpreted as proof of statistically distinct clusters.
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SPG-MSA used 13.6 million more trainable parameters than MFN, an 8.6%
increase. FLOPs increased by 26.9%, peak memory by 24.1%, and training time per
epoch by 30.7%. Online latency increased from 12.8 to 18.7 ms per observation. When
OCR and caption generation were not cached, end-to-end processing required approxi-
mately 1.17 s per sample. The classification and interpretation gains therefore involved
a measurable efficiency trade-off.

3.9 Qualitative analysis

Figure 8 presents representative successes and failures. The examples include a product
image containing packaging text, weakly affective text accompanied by an informative
visual scene, an affectively inconsistent image-text pair, a stylized-OCR error, a cap-
tion hallucination, and an irony-related failure. User-identifying information is absent
from the displayed cases.

Fig. 8 Qualitative analysis of SPG-MSA. Six representative cases show anonymized source inputs,
predictions, prototype distributions, local evidence maps, and dominant relation branches. The cases
include successful OCR-assisted and complementary-evidence predictions as well as failures caused
by affective inconsistency, stylized OCR, caption hallucination, and irony.

In the product-related example, production and craftsmanship and consumption
experience received the highest prototype activations, and OCR recovered product-
related language. In the weak-text example, the image and factual caption provided
complementary evidence that was absent from the user-written sentence. In the affec-
tively inconsistent example, the preliminary text and image distributions diverged,
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increasing normalized Jensen-Shannon disagreement and reducing direct visual trans-
fer. The OCR failure involved decorative text recognized as a plausible positive
expression, whereas the irony-related failure remained difficult because literal text and
image evidence were individually plausible while the intended sentiment depended on
pragmatic interpretation.

4 Discussion

4.1 Overall Interpretation of the Findings

The results suggest that the main value of SPG-MSA lies not simply in introduc-
ing additional information sources, but in controlling what information is selected,

how its reliability is represented, and how relationships among sources are organized

before final fusion. Across both MVSA-Single and TumEmo, SPG-MSA consistently
outperformed conventional multimodal baselines and the recent reproduced methods
considered in this study. The advantage over earlier fusion architectures was com-
paratively large, whereas the margin over CLIP-MoE-R was below one macro-F1
percentage point. The latter difference was nevertheless supported by hierarchical
bootstrap intervals that did not cross zero.

This distinction is important when interpreting the contribution. Recent CLIP-
based and shared–private approaches already learn strong cross-modal representations,
and the present results do not indicate a fundamental replacement of such methods.
Rather, they show that structured semantic conditioning, local evidence selection, and
relation-specific representation can provide an additional and reproducible benefit on
top of strong pretrained vision–language features.

This interpretation is also consistent with recent methodological developments.
CoDe [16] showed that OCR-derived information and shared–private semantic decom-
position can improve sentiment modeling when image and text convey incomplete or
discrepant information. SSEDF [18] similarly emphasized the usefulness of separating
shared and private semantics, whereas CLIP-MoE [19] demonstrated that adaptive
expert specialization can improve multimodal alignment. SPG-MSA extends these
directions by distinguishing complementary information from distribution-level dis-
agreement and by introducing a semantic layer that conditions the selection of local
evidence. The results therefore support a progressive refinement of multimodal fusion
rather than the view that one additional module alone accounts for the observed
improvement.

4.2 Why Structured Semantic Conditioning and Fine-Grained

Selection Matter

The equal-information experiments provide particularly important evidence for under-
standing the performance gains. Supplying user text, images, OCR text, and factual
captions to a simple concatenation model did not yield performance comparable
with SPG-MSA. Even a parameter-matched Transformer using the same four sources
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remained approximately 1.5 macro-F1 percentage points below the complete architec-
ture on both datasets. Thus, the improvement cannot be explained solely by increased
information availability or parameter count.

This finding is plausible because automatically generated auxiliary sources are
heterogeneous in quality. OCR can recover sentiment-relevant signs, product names, or
overlaid text, but it can also produce plausible yet incorrect strings. Factual captions
reduce the representational distance between visual scenes and language, but they
may omit objects or hallucinate content. Unrestricted fusion can therefore amplify
redundant or erroneous information. The benefit of auxiliary-quality-aware weighting
and local gating is that these sources contribute conditionally rather than uniformly.

The ablation results reinforce this interpretation. Fine-grained gating produced
one of the largest performance decreases when removed or replaced with a source-
level scalar. This observation is consistent with previous fine-grained multimodal
studies [20–22], which have shown that sentiment-relevant information is unevenly
distributed across words and image regions. SPG-MSA adds a complementary per-
spective: local importance is determined not only by cross-modal correspondence but
also by semantic-prototype context. In this sense, the prototypes specify what type of

evaluative evidence may be relevant, while the gates determine where that evidence is

located within the current sample.

4.3 What the Prototype Experiments Reveal

The prototype-control experiments clarify both the value and the limits of the pro-
posed semantic structure. Random frozen vectors provided almost no benefit over
removing prototypes entirely, whereas unnamed learnable vectors performed bet-
ter. This pattern indicates that part of the gain arises from introducing adaptive
query representations. However, trainable structured prototypes remained stronger
than unnamed, sentiment-label, shuffled, and frozen alternatives, suggesting that
semantically meaningful initialization also contributes to representation learning.

At the same time, the relatively small difference between the complete proto-
type inventory and generic brand-attribute prototypes is theoretically informative. It
does not support the stronger claim that the selected heritage-inspired dimensions
are uniquely suited to general multimodal sentiment analysis. Instead, the evidence
supports a more general conclusion: structured evaluative semantic priors are useful,
while the optimal inventory is likely to depend on the target domain.

The human evaluation leads to a similar interpretation. Prototype Hit@1 values
above 0.68 and Hit@3 values above 0.85 indicate substantial correspondence between
model rankings and human judgments, but the availability of a “none applicable”
category and the lower agreement on TumEmo show that the eight prototypes do
not provide an exhaustive semantic taxonomy. TumEmo is organized around basic
emotional categories, and many samples—particularly those involving fear, anger,
or sadness—can be conveyed primarily through facial or situational cues without a
clear connection to temporal continuity, cultural identity, reputation, or consumption
experience.

Accordingly, the prototype layer should be interpreted as a structured computa-
tional prior rather than a validated measurement scale. Future work could replace

20



921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966

the fixed inventory with domain-adaptive or hierarchically learned prototypes while
retaining semantic anchoring to preserve interpretability.

4.4 What Disagreement Modeling Captures—and What It

Does Not

The controlled mismatch experiments provide a more precise understanding of the
disagreement-weighted branch. Removing this branch consistently reduced robustness
when text and images produced divergent affective predictions. Its contribution was
particularly clear for cross-valence semantic-neighbor mismatches, in which replace-
ment images remained semantically related to the text but conveyed a different
affective tendency.

This result helps explain why a separate disagreement representation is useful.
When semantic similarity remains high, conventional cross-attention may continue to
strengthen interaction between the two sources. A distribution-level disagreement sig-
nal provides complementary information indicating that semantic correspondence does
not necessarily imply affective consistency. This differs from shared–private decom-
position alone, which is primarily concerned with common versus modality-specific
representations [7, 16, 18].

However, same-label semantic mismatches caused a smaller degradation and were
less strongly captured by the disagreement mechanism. This is an expected limita-
tion of the normalized Jensen–Shannon score used here. If two semantically unrelated
sources nevertheless produce similar sentiment distributions, their disagreement score
can remain low. The branch therefore models affective disagreement, not general
semantic incompatibility.

This distinction is important because disagreement in naturally occurring social-
media posts can arise from multiple sources, including sarcasm, irony, irrelevant
images, annotation uncertainty, or genuinely contradictory affect. The present exper-
iments cannot identify these causes. A useful extension would therefore combine
sentiment-distribution discrepancy with an independent measure of semantic com-
patibility and evaluate the resulting representation on datasets containing explicit
disagreement-type annotations.

4.5 Auxiliary Visual Semantics: Useful but Imperfect

The OCR and caption analyses further demonstrate why auxiliary visual semantics
should be treated as conditional evidence. OCR was retained in only 42.6% of MVSA-
Single images and 29.4% of TumEmo images, yet its contribution was larger on MVSA-
Single. This pattern is consistent with the greater prevalence of screenshots, signs, and
text-bearing images in that dataset. OCR is therefore valuable when available, but
the results do not support treating it as a fully populated fourth modality.

The caption experiments reveal a different risk. A sentiment-oriented caption
prompt produced noticeably stronger caption-only classification, indicating that the
frozen caption generator could itself infer affective information. Such a prompt would
blur the distinction between visual description and downstream sentiment prediction.
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The factual prompt was therefore the more conservative design. Importantly, remov-
ing explicit affective words from factual captions produced only a small additional
decrease in the complete model. This suggests that the principal contribution of the
caption branch came from object, action, and scene completion rather than direct
affective labeling.

Nevertheless, factual correctness was not perfect, particularly on TumEmo. Cap-
tion hallucinations and important-object omissions remain a source of uncertainty
that cosine-based image–caption relevance cannot fully detect. More robust future sys-
tems could incorporate entailment-based factuality checks or activate caption-derived
evidence only when multiple visual–semantic consistency measures agree.

4.6 Robustness, Interpretability, and Computational

Trade-Offs

The source-removal experiments show that the model remains primarily text-driven.
Removing user text produced the largest performance reduction, especially on
TumEmo, whereas removing OCR or captions had a substantially smaller effect.
This finding is consistent with the strong Text-CLIP baseline and with the linguis-
tic nature of many emotion labels. The contribution of auxiliary visual information
should therefore be understood as complementary rather than dominant.

Class-level results reveal a similar boundary. Neutral sentiment was the most diffi-
cult MVSA-Single category, while fear and bored remained comparatively difficult on
TumEmo. These errors are plausible because neutral samples often lack strongly dis-
criminative affective cues, while fear, sadness, boredom, and calm can overlap visually
or linguistically. The proposed architecture reduces but does not eliminate ambiguity
arising from the label structure itself.

The explanation-fidelity results provide stronger support for interpretability than
attention visualization alone. Fine-grained gates yielded better comprehensiveness and
sufficiency than raw cross-attention, and combining gate values with prototype rel-
evance produced the strongest perturbation-based attribution. This result supports
describing the method as providing higher-fidelity evidence attribution, rather than
claiming causal explanations. The fact that sufficiency remained above zero further
indicates that predictions depend on distributed information across several sources
rather than a single decisive token or patch.

These gains are accompanied by a measurable computational cost. Relative to
MFN, SPG-MSA required more parameters, FLOPs, memory, and online inference
time, while uncached OCR and captioning substantially increased end-to-end latency.
Consequently, the architecture is better suited to offline or near-real-time analytical
settings than to highly constrained streaming applications. This trade-off also qualifies
the comparison with CLIP-MoE-R: when the performance margin is below one macro-
F1 point, deployment decisions should consider whether semantic attribution, OCR
utilization, and disagreement analysis justify the additional complexity.

22



1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058

4.7 Practical Implications, Limitations, and Future Research

The findings suggest several practical uses, but these should be interpreted within the
scope of the benchmarks. For multimodal social-media analysis, the framework may
be useful when analysts need not only an output label but also information about
which visual or textual evidence contributed to the prediction and whether the primary
modalities expressed divergent affective tendencies. The quality-regulated treatment
of OCR and generated captions is also relevant to systems operating on heterogeneous
posts in which auxiliary evidence is intermittently available.

The structured prototype inventory was partly motivated by historically and cul-
turally embedded brand communication. The current results show that these concepts
can operate as useful evaluative priors on general datasets, but they do not establish
effectiveness for time-honored-brand analysis. Such an application would require dedi-
cated brand identities, multilingual content, domain-specific attributes, and preferably
brand-level train–test separation.

More broadly, three limitations define the most productive directions for future
work. First, external validity remains constrained by the benchmark construction.
MVSA-Single removes directly opposing image–text polarity labels under the adopted
preprocessing protocol, while the duplicate-filtered analysis removes affected test
observations without rebuilding a fully group-aware training split. Future evalua-
tion should therefore use naturally occurring discrepancy datasets and group-aware
resampling procedures.

Second, the semantic representation is structured but not fully identifiable. The
eight prototypes overlap conceptually, generic alternatives remain competitive, and
disagreement scores capture affective divergence more directly than semantic incom-
patibility. Adaptive prototype discovery, hierarchical prototype systems, and explicitly
annotated disagreement categories could clarify these representational boundaries.

Third, the method depends on computationally expensive auxiliary models. Distil-
lation, shared intermediate representations, conditional activation of OCR and caption
branches, and smaller vision–language models could reduce cost without discarding
the interpretive benefits demonstrated here.

Taken together, the evidence supports SPG-MSA as a useful extension of struc-
tured multimodal fusion, while also showing that its contribution is strongest when
semantic interpretation, heterogeneous source quality, and cross-modal disagreement
need to be modeled jointly. These observations motivate the more concise conclusions
presented below.

5 Conclusion

This study addressed three related challenges in multi-source multimodal sentiment
analysis: the absence of an interpretable semantic layer for evidence selection, the
uneven reliability of local multimodal information, and the difficulty of distinguishing
shared, complementary, and affectively divergent evidence. To address these issues,
we developed SPG-MSA, which integrates structured evaluative semantic prototypes,
auxiliary-quality-aware fine-grained gating, and relation-specific representation within
a unified image–text framework augmented by OCR and factual image captions.
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Experiments on MVSA-Single and TumEmo showed that SPG-MSA consistently
outperformed the conventional and recent reproduced baselines considered in this
study. Equal-information and parameter-matched controls further demonstrated that
the observed improvement was not explained solely by additional input sources
or greater model capacity. Prototype controls and human evaluation supported
the usefulness of structured evaluative conditioning, while also showing that the
selected semantic inventory is not universally applicable or uniquely optimal. Con-
trolled perturbations further showed that disagreement-aware representation improves
robustness to affectively inconsistent image–text evidence, although it does not
constitute a general detector of semantic incompatibility.

The study also established an important practical boundary: improved evidence
attribution and robustness come with additional computational and preprocessing
costs. SPG-MSA is therefore most appropriate for offline or near-real-time multimodal
analysis in which semantic interpretation, noisy auxiliary sources, and cross-modal
disagreement are relevant considerations.

Overall, the findings support structured, quality-regulated, relation-aware fusion as
a promising direction for multimodal sentiment analysis while defining clear empirical
boundaries for its interpretation and deployment.
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Supplementary Materials

This section contains the supplementary tables and reproducibility details cited
throughout the main manuscript. The numbering is independent of the main article.
Supplementary table note. Supplementary Table S1 provides the detailed feature-
level comparison that supports the methodological distinctions summarized in the
Introduction.
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Panel A. Input and conditioning mechanisms

Table S1 Conceptual comparison with closely related multimodal sentiment methods.

Method OCR Generated auxiliary source Semantic prototypes Token/patch gate

CoDe Yes No No No
DualScope No Generated text/image No Hierarchical
SSEDF No No No Source-level
CLIP-MoE No No No Expert-level
SPG-MSA Yes Factual caption Yes Yes

Panel B. Representation and reliability mechanisms

Method Shared information Complementary information Distribution disagreement Auxiliary-quality signal

CoDe Yes Private representation Contrastive discrepancy No
DualScope Yes Global-local information Implicit No
SSEDF Yes Private semantics Implicit No
CLIP-MoE Implicit Expert-specific information Logit modulation No
SPG-MSA Yes Yes Normalized JS divergence Yes
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Supplementary table note. Supplementary Table S2 lists the operational defini-
tions and representative evidence used to construct the eight structured evaluative
semantic prototypes.

Table S2 Structured evaluative semantic-prototype inventory.

Prototype Operational definition Representative evidence

Temporal continuity Long-term identity, history,
duration, or persistence

Historical narratives, estab-
lishment dates, old locations

Cultural identity Regionally, socially, or cul-
turally embedded meanings

Local symbols, traditional
motifs, collective identity

Production and craftsmanship Skilled, process-oriented,
handmade, or quality-
related production

Tools, production steps,
workmanship, materials

Perceived authenticity Consistency among claims,
identity, origin, and observ-
able evidence

Provenance, genuineness,
credible narratives

Nostalgia and identification Memory-related affect or
identification with past
experience

Retro design, childhood
memories, old photographs

Trust and reputation Confidence based on stable
performance, recognition, or
accumulated standing

Recommendations, awards,
commitments, reputation

Contemporary renewal Adaptation, redesign, col-
laboration, or modern rein-
terpretation

New packaging, digital ser-
vices, co-branding

Consumption experience Evaluation of products, ser-
vices, price, environment, or
use

Taste, queues, convenience,
service, value

Supplementary table note. Supplementary Table S3 reports the full class dis-
tribution of the fixed training, validation, and test partitions used in all controlled
experiments.
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Table S3 Class distribution in the fixed study splits.

Dataset Class Training Validation Test Total

MVSA-Single

Positive 2,146 268 269 2,683
Neutral 376 47 47 470
Negative 1,086 136 136 1,358
All 3,608 451 452 4,511

TumEmo

Angry 11,635 1,454 1,456 14,545
Bored 25,826 3,228 3,231 32,285
Calm 14,487 1,811 1,811 18,109
Fear 16,211 2,026 2,028 20,265
Happy 40,214 5,027 5,029 50,270
Love 27,609 3,451 3,453 34,513
Sad 20,222 2,528 2,528 25,278
All 156,204 19,525 19,536 195,265

Supplementary table note. Supplementary Table S4 gives the complete five-seed
performance comparison for conventional and recent reproduced baselines.
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Table S4 Overall controlled performance on MVSA-Single and TumEmo. Results are mean ± standard
deviation over five random seeds.

Model MVSA ACC MVSA Macro-F1 TumEmo ACC TumEmo Macro-F1

Image-CLIP 0.6558± 0.0064 0.6405± 0.0081 0.4827± 0.0035 0.3561± 0.0058
Text-CLIP 0.7046± 0.0059 0.6961± 0.0067 0.6196± 0.0029 0.6128± 0.0034
Early Fusion 0.7137± 0.0061 0.7049± 0.0069 0.5989± 0.0037 0.5848± 0.0041
MVCN 0.7568± 0.0048 0.7497± 0.0055 0.6507± 0.0028 0.6442± 0.0032
SKEAFN-IT 0.7641± 0.0044 0.7562± 0.0051 0.6638± 0.0026 0.6579± 0.0029
SPMN-IT 0.7685± 0.0042 0.7609± 0.0049 0.6689± 0.0025 0.6631± 0.0028
CIGNN 0.7511± 0.0050 0.7333± 0.0057 0.6738± 0.0023 0.6706± 0.0025
MMJL 0.7698± 0.0040 0.7623± 0.0046 0.6713± 0.0027 0.6670± 0.0030
MFN 0.7746± 0.0039 0.7668± 0.0045 0.6795± 0.0022 0.6744± 0.0026
DualScope-R 0.8049± 0.0041 0.7967± 0.0048 – –
CoDe-R 0.8096± 0.0037 0.8018± 0.0044 0.7148± 0.0022 0.7086± 0.0026
SSEDF-R 0.8118± 0.0035 0.8049± 0.0041 0.7169± 0.0020 0.7114± 0.0024
CLIP-MoE-R 0.8163± 0.0033 0.8088± 0.0039 0.7207± 0.0018 0.7156± 0.0022
SPG-MSA 0.8247± 0.0035 0.8172± 0.0041 0.7296± 0.0019 0.7241± 0.0023
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Supplementary table note. Supplementary Table S5 reports both equal-
information controls and component-wise ablations used to separate gains from
additional inputs, parameter count, and the proposed modules.

Table S5 Equal-information controls and component ablation.

Configuration MVSA Macro-F1 TumEmo Macro-F1

Equal-information controls
Four-source concatenation 0.7769 0.6830
Four-source Transformer 0.7902 0.6971
Four-source cross-attention 0.7978 0.7035
Parameter-matched Transformer 0.8024 0.7086
SPG-MSA 0.8172 0.7241

Component ablation
Without semantic prototypes 0.7965 0.7044
Without fine-grained gating 0.7938 0.7019
Gate replaced by source scalar 0.7907 0.6994
Without shared-information branch 0.8056 0.7125
Without complementary-information branch 0.8031 0.7103
Without disagreement-weighted branch 0.8017 0.7082
Without centered cross-covariance loss 0.8084 0.7128
Without alignment loss 0.8053 0.7101
Without prototype anchoring 0.8098 0.7144
Without prototype diversity 0.8091 0.7139
Without gate-activation constraint 0.8112 0.7185

Supplementary table note. Supplementary Table S6 reports computational proto-
type controls together with the human relevance evaluation.

Table S6 Semantic-prototype computational controls and human relevance
evaluation.

Prototype configuration MVSA Macro-F1 TumEmo Macro-F1

No prototypes 0.7965 0.7044
Random frozen vectors 0.7981 0.7052
Unnamed learnable vectors 0.8036 0.7101
Sentiment-label prototypes 0.8078 0.7150
Generic brand-attribute prototypes 0.8102 0.7173
Shuffled semantic names 0.8011 0.7078
Frozen structured prototypes 0.8129 0.7201
Trainable structured prototypes 0.8172 0.7241

Dataset Krippendorff’s α None applicable Hit@1 Hit@3 mAP

MVSA-Single 0.781 6.5% 0.714 0.892 0.704
TumEmo 0.742 9.0% 0.681 0.851 0.663
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Supplementary table note. Supplementary Table S7 summarizes auxiliary-source
contributions, OCR availability, caption audit results, and the caption-prompt leakage
control.
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Table S7 Auxiliary-source contribution, OCR characteristics, and caption audit.

Source configuration MVSA Macro-F1 TumEmo Macro-F1

User text + image 0.7921 0.6980
+ OCR 0.8076 0.7147
+ factual caption 0.8104 0.7161
+ OCR + factual caption 0.8172 0.7241
Full sources without auxiliary-quality signals 0.8089 0.7138

OCR measure MVSA-Single TumEmo

Images containing retained OCR text 42.6% 29.4%
Mean boxes per OCR-positive image 2.8 2.1
Mean recognition confidence 0.824 0.806
Images represented by [NO OCR] 57.4% 70.6%
OCR samples containing sentiment-related words 11.8% 8.5%

Caption audit measure MVSA-Single TumEmo

Captions containing explicit affective words 2.8% 3.4%
Mean caption length (tokens) 16.7 15.9
Mean image-caption similarity 0.742 0.716
Empty or invalid captions 0.6% 0.9%
Human factual-correctness rate 88.7% 84.9%
Hallucinated-object rate 5.7% 8.3%
Important-object omission rate 12.3% 16.0%

Caption setting MVSA F1 (caption-only / full) TumEmo F1 (caption-only / full)

Sentiment-oriented prompt 0.6235 / 0.8209 0.5161 / 0.7275
Factual prompt 0.5918 / 0.8172 0.4860 / 0.7241
Factual caption with affective words removed 0.5867 / 0.8159 0.4803 / 0.7228
No caption – / 0.8076 – / 0.7147
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Supplementary table note. Supplementary Table S8 provides the complete missing-
source and controlled-mismatch robustness results discussed in the main Results
section.
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Table S8 Robustness under unavailable and perturbed sources. Changes are absolute accuracy differences
from complete input.

Condition MVSA ACC Change TumEmo ACC Change

Complete input 0.8247 – 0.7296 –
OCR unavailable 0.8152 -0.0095 0.7214 -0.0082
Caption unavailable 0.8176 -0.0071 0.7230 -0.0066
Image unavailable 0.7559 -0.0688 0.6601 -0.0695
User text unavailable 0.7168 -0.1079 0.5726 -0.1570
20% random cross-pair mismatch 0.7833 -0.0414 0.6915 -0.0381
20% OCR-token corruption 0.8141 -0.0106 0.7198 -0.0098
20% sentiment-word masking 0.7862 -0.0385 0.6790 -0.0506
Random mismatch without disagreement branch 0.7584 -0.0663 0.6672 -0.0624
Same-label semantic mismatch 0.7958 -0.0289 0.7037 -0.0259
Cross-valence semantic-neighbor mismatch 0.7619 -0.0628 0.6754 -0.0542
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Supplementary table note. Supplementary Table S9 reports perturbation-based
explanation fidelity together with model-size, memory, latency, and preprocessing
costs.
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Table S9 Perturbation-based explanation fidelity and computational efficiency.

Explanation method MVSA Comp. ↑ MVSA Suff. ↓ TumEmo Comp. ↑ TumEmo Suff. ↓

Random evidence 0.041 0.184 0.036 0.197
Raw cross-attention 0.092 0.127 0.084 0.139
Gradient attribution 0.118 0.104 0.109 0.118
Fine-grained gate 0.143 0.083 0.132 0.096
Gate + prototype attribution 0.158 0.071 0.146 0.083

Model Trainable parameters FLOPs/sample Peak VRAM Time/epoch Online latency Offline preprocessing

Text-CLIP 63.1 M 5.8 G 4.6 GB 42 s 4.8 ms None
Early Fusion 149.6 M 17.7 G 7.1 GB 58 s 9.6 ms None
MFN 158.3 M 20.4 G 8.3 GB 75 s 12.8 ms None
SPG-MSA 171.9 M 25.9 G 10.3 GB 98 s 18.7 ms 1.15 s
OCR component – – – – – 0.31 s
Caption component – – – – – 0.84 s
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Supplementary table note. Supplementary Table S10 provides the within-dataset
duplicate counts used in the duplicate audit.
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Table S10 Within-dataset duplicate observations. Categories are not mutually exclusive; an observation may be counted in more
than one category.

Dataset Exact-text observations Near-text observations Exact-image observations Near-image observations

MVSA-Single 41 88 23 51
TumEmo 3,184 7,462 1,376 4,805
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Supplementary table note. Supplementary Table S11 reports sensitivity to remov-
ing test observations associated with cross-split duplicate groups; models were not
retrained for this analysis.
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Table S11 Sensitivity to cross-split duplicate removal from the test set. Models were not retrained
for this sensitivity analysis.

Dataset Groups Affected test ACC orig. ACC filt. Macro-F1 orig. Macro-F1 filt.

MVSA-Single 17 31 0.8247 0.8211 0.8172 0.8134
TumEmo 1,294 2,217 0.7296 0.7281 0.7241 0.7227

44



2025
2026
2027
2028
2029
2030
2031
2032
2033
2034
2035
2036
2037
2038
2039
2040
2041
2042
2043
2044
2045
2046
2047
2048
2049
2050
2051
2052
2053
2054
2055
2056
2057
2058
2059
2060
2061
2062
2063
2064
2065
2066
2067
2068
2069
2070

Supplementary table note. Supplementary Table S12 reports class-level precision,
recall, F1, variability, and test support for both benchmarks.

Table S12 Class-level precision, recall, F1, and test-set support. Metrics are mean ±

standard deviation across five independently trained models.

Dataset Class Support Precision Recall F1

MVSA-Single
Positive 269 0.884± 0.004 0.861± 0.006 0.872± 0.005
Neutral 47 0.747± 0.010 0.784± 0.011 0.765± 0.009
Negative 136 0.810± 0.007 0.821± 0.008 0.815± 0.007

TumEmo

Angry 1,456 0.741± 0.004 0.729± 0.005 0.735± 0.004
Bored 3,231 0.661± 0.006 0.635± 0.007 0.648± 0.006
Calm 1,811 0.751± 0.004 0.733± 0.005 0.742± 0.004
Fear 2,028 0.644± 0.006 0.619± 0.007 0.631± 0.006
Happy 5,029 0.803± 0.003 0.783± 0.003 0.793± 0.003
Love 3,453 0.789± 0.003 0.773± 0.004 0.781± 0.003
Sad 2,528 0.731± 0.004 0.747± 0.004 0.739± 0.004

Supplementary table note. Supplementary Table S13 provides the numerical values
underlying the corruption-ratio curves in Figure 6.
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Table S13 Accuracy across increasing corruption ratios.

Dataset Perturbation 0% 10% 20% 30% 40% 50%

MVSA

Random image mismatch 0.8247 0.8045 0.7833 0.7632 0.7419 0.7210
OCR corruption 0.8247 0.8195 0.8141 0.8072 0.7994 0.7906
Sentiment masking 0.8247 0.8060 0.7862 0.7650 0.7418 0.7165
Mismatch without disagreement 0.8092 0.7830 0.7584 0.7335 0.7042 0.6760

TumEmo

Random image mismatch 0.7296 0.7112 0.6915 0.6718 0.6500 0.6285
OCR corruption 0.7296 0.7245 0.7198 0.7130 0.7050 0.6962
Sentiment masking 0.7296 0.7041 0.6790 0.6532 0.6265 0.5980
Mismatch without disagreement 0.7143 0.6910 0.6672 0.6418 0.6130 0.5821
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Supplementary table note. Supplementary Table S14 reports sensitivity to the
number of semantic prototypes and the gate temperature used in the implementation.

Table S14 Sensitivity to semantic-prototype number and
gate temperature.

Setting MVSA Macro-F1 TumEmo Macro-F1

4 prototypes 0.8037 0.7116
6 prototypes 0.8129 0.7190
8 prototypes 0.8172 0.7241

10 prototypes 0.8158 0.7229
12 prototypes 0.8121 0.7197
τ = 0.03 0.8094 0.7170
τ = 0.05 0.8152 0.7220
τ = 0.07 0.8172 0.7241

τ = 0.10 0.8148 0.7218
τ = 0.20 0.8087 0.7154

47


	Introduction
	Methods
	Task definition and semantic-prototype inventory
	Framework overview
	Auxiliary-source extraction
	OCR extraction
	Factual image captioning

	Multi-source encoding
	Prototype construction and semantic conditioning
	Auxiliary-quality-aware prototype aggregation
	Fine-grained adaptive gating
	Relation-specific representation
	Multi-source hierarchical fusion
	Training objectives
	Training with unavailable sources
	Datasets and fixed study splits
	Duplicate audit and sensitivity analysis
	Baselines and equal-information controls
	Implementation details
	Controlled source perturbations
	Human evaluation, caption audit, and statistical analysis

	Results
	Overall performance
	Equal-information controls and ablation
	Semantic-prototype validation
	Auxiliary-source contribution and caption audit
	Class-level performance and calibration
	Missing-source and controlled-mismatch robustness
	Prototype geometry
	Explanation fidelity and computational efficiency
	Qualitative analysis

	Discussion
	Overall Interpretation of the Findings
	Why Structured Semantic Conditioning and Fine-Grained Selection Matter
	What the Prototype Experiments Reveal
	What Disagreement Modeling Captures—and What It Does Not
	Auxiliary Visual Semantics: Useful but Imperfect
	Robustness, Interpretability, and Computational Trade-Offs
	Practical Implications, Limitations, and Future Research

	Conclusion

