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Abstract

Existing multimodal sentiment analysis (MSA)
methods rely on representation learning and
cross-modal fusion. However, many follow
a correlation-driven paradigm that may en-
code lexical shortcuts, visual biases, and non-
causal correlations into predictions. To address
this, we propose a Consistency-Conflict Fu-
sion with Sample-Adaptive Causal Evidence
(CCF-SACE) framework, revisiting MSA from
a representation-level causal modeling perspec-
tive. First, encoders extract textual and visual
features, and an adaptor projects them into a
shared space. The framework then performs
sample-adaptive cross-modal causal evidence
selection, where textual causal evidence is se-
lected under visual context and visual causal
evidence under textual context. The remain-
ing contexts are modeled as non-causal prox-
ies, allowing the model to separate emotion-
supportive evidence from shortcut-related in-
formation. CCF-SACE further introduces
a covariance-based consistency-conflict-aware
fusion module that constructs an evidence-level
mediator by modeling cross-modal consistency
and discrepancy rather than directly fusing all
selected cues. Since the residual proxy stream
may still carry label-correlated shortcut infor-
mation, we introduce non-causal proxy sup-
pression and counterfactual sensitivity objec-
tives to weaken its standalone predictability
and enlarge the discrepancy between evidence-
mediated and proxy-only predictions. Experi-
ments on five benchmarks show consistent im-
provements over state-of-the-art methods, espe-
cially on fine-grained affective recognition.

1 Introduction

Multimodal sentiment analysis (MSA) aims to infer
human sentiment tendencies from heterogeneous
information such as text and images. This task
plays an important role in affective computing and
multimodal understanding (Gandhi et al., 2023;

*Corresponding authors.

Not bad at all, 
actually one of 
the best nights

I’ve had!  

(a) Textual shortcut

(c) Shortcut amplification in cross-modal agreement

(b) Visual shortcut

(d) Confusion in multimodal fusion

Image 

“ 

“

Text 

Spurious cue (Shortcut)  

Word “bad”“nights” 

→ Negative

True sentiment cue

“not bad”, “best” 

→ Positive

Trying to smile
through 

everything.

Image 

“ 

“

Text 

Spurious cue (Shortcut)  

Bright beach, blue sky → 

Positive

True sentiment cue

Downcast posture, context

→ Negative

Yeah, because 
getting fired totally 

made my day …

Image 

“ 

“

Text 

True sentiment cue: "getting fired" → Negative

Text Shortcut  

" made my day "

(Positive)

Image Shortcut  

smiling face

(Positive)
+ →

Over-amplified 
Positive prediction

Sentiment cues

Causal Evidence Selection

Conflict Fusion

Agreement Fusion

Irrelevant Contexts

Dark tones 

Exaggerated expression

Useless information→ bias

Confounders Unbiased estimation

shortcut 

amplification 
shortcut 

Side effect  Our CCF-SACE

sentiment 

conflict

Figure 1: (a) Sentiment words mislead the prediction;
(b) appearance bias misleads the prediction; (c) both
modalities share shortcuts, leading to over-confident
errors; (d) the model over-relies on one modality and
ignores the other.

Singh et al., 2024). Compared with unimodal senti-
ment analysis, multimodal sentiment analysis can
exploit explicit semantic expressions in text and
visual sentiment cues in images, thereby providing
richer contextual information for sentiment judg-
ment (Xu and Mao, 2017; Liu et al., 2024). Ef-
fectively integrating these complementary cues is
therefore essential for capturing complex sentiment
semantics that may not be reliably inferred from a
single modality.

Recent studies have made substantial progress
in multimodal representation learning and cross-
modal fusion (Li et al., 2022; Yang et al., 2023; Ma,
2025). Typical approaches include attention mech-
anisms, disentangled representation learning, and
semantic enhancement methods based on prompts
or reasoning chains (Ling et al., 2022; Wang et al.,
2024; Pang et al., 2024; Huang et al., 2024). Their
common goal is to strengthen the interaction be-
tween text and images so that models can capture
richer cross-modal correlations. Although these
methods achieve strong performance on multiple
benchmark datasets, they often rely on an implicit
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assumption: more sufficient multimodal interac-
tion leads to more reliable sentiment representa-
tions. This assumption does not always hold un-
der real-world or biased data distributions (Wu
et al., 2024). On the textual side, models may
rely on high-frequency sentiment words, lexical co-
occurrence patterns, or template-like expressions
(Sun et al., 2023; Ren et al., 2026). As shown in
Fig. 1(a), words such as "bad" and "night" may
highly co-occur with negative sentiment classes
in the training set, but their true polarity can be
affected by context, negation, or discourse shifts.
Similar shortcuts also exist in images. Fig. 1(b)
illustrates that the model may use bright scenes and
specific backgrounds as shortcut cues for predicting
positive sentiment. However, these visual factors
do not necessarily constitute stable evidence for
sentiment judgment.

In other words, both text and images contain gen-
uinely useful evidence for sentiment reasoning as
well as non-causal spurious information induced
by the data distribution. More importantly, com-
plex cross-modal interactions do not necessarily
remove spurious correlations. Instead, they may
reinforce them (Jiang et al., 2025; Chen et al.,
2026). As shown in Fig. 1(c), when a text with
positive words like "made my day" is paired with a
bright smiling face image, the fusion model shows
higher confidence in incorrect predictions due to
the co-occurrence of textual and visual shortcut
cues. However, when shortcuts in the text and
image conflict with each other or mutually rein-
force misleading cues, simple fusion may cause
the model to overly rely on the shortcuts in the
dominant modality while ignoring the crucial evi-
dence provided by the other modality, as shown in
Fig. 1(d). Therefore, the core challenge of image-
text sentiment analysis is not merely how to en-
hance multimodal interaction, but how to prevent
cross-modal fusion from amplifying non-causal
shortcuts, moving from fusing all correlated infor-
mation toward fusing reliable sentiment evidence.
Thus, our goal is to identify causal evidence and
perform consistency-conflict-aware fusion, so that
the model relies on reliable emotional cues rather
than misleading shortcuts.

Based on the above analysis, we propose
a Consistency-Conflict Fusion with Sample-
Adaptive Causal Evidence (CCF-SACE) to im-
prove the robustness of MSA from the perspec-
tive of causal evidence modeling. The core idea is
that stable sentiment prediction should not directly

depend on raw multimodal inputs affected by con-
founding, but should rely on sentiment-supportive
evidence extracted from text and images. To this
end, we first design a sample-adaptive cross-modal
causal evidence selection mechanism, which evalu-
ates the relevance of textual tokens conditioned on
visual context and the relevance of visual patches
conditioned on textual context. In this way, each
modality is decomposed into causal sentiment evi-
dence and non-causal proxy information. Consid-
ering that text and images may exhibit consistent,
complementary, or conflicting relations, we further
design a consistency-conflict-aware fusion module
to construct a representation-level causal evidence
mediator from textual and visual causal evidence.
The model adaptively fuses causal information ac-
cording to the degree of consistency among cross-
modal sentiment evidence, leading to robust MSA.
The main contributions are summarized as follows:

(1) We revisit multimodal sentiment analysis
from a representation-level causal evidence learn-
ing perspective, formulating robust sentiment pre-
diction as an evidence-mediated process. Instead of
directly fusing all correlated multimodal informa-
tion, the proposed framework relies on sentiment-
supportive causal evidence for prediction.

(2) A sample-adaptive cross-modal causal evi-
dence selection mechanism is designed to separate
causal sentiment evidence from non-causal proxy
information. It selects textual evidence under vi-
sual context and visual evidence under textual con-
text, thereby dynamically filtering shortcut-related
information within each sample.

(3) We construct a consistency-conflict-aware
causal fusion framework that adaptively balances
agreement-based fusion and conflict-aware evi-
dence weighting, while suppressing non-causal
proxy information to reduce reliance on spurious
correlations. Extensive experiments on four MSA
datasets and one multimodal emotion recognition
dataset demonstrate the effectiveness and robust-
ness of CCF-SACE.

2 Related Work

2.1 Multimodal Sentiment Analysis

Multimodal sentiment analysis has been widely
studied from the perspectives of representation
learning and cross-modal fusion (Xu and Mao,
2017; Cheema et al., 2021; Das and Singh, 2023).
Early image-text methods combine multimodal fea-
tures with semantic networks, attention, or hier-
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archical fusion strategies (Xu, 2017; Peng et al.,
2022; Hu and Yamamura, 2022). Later studies in-
troduce graph-based interaction, vision-language
pre-training, contrastive learning, and cross-modal
translation to improve representation quality and
modality alignment (Ling et al., 2022; Li et al.,
2022; Yang et al., 2023; Zhang et al., 2024). These
methods have advanced image-text sentiment anal-
ysis by enabling more effective information ex-
change between modalities.

Recent studies further explore modality relation-
ships such as consistency, complementarity, and
conflict (Liu et al., 2024; Wu et al., 2024, 2026).
They usually adjust modal contributions through
shared-private representation learning, adaptive
weighting, modality enhancement, feature recov-
ery, or discrepancy-aware fusion (Zhu et al., 2023;
Zhang et al., 2024; Wang et al., 2025). These de-
signs show the importance of relationship-aware
fusion for multimodal sentiment prediction. How-
ever, most existing methods perform relationship
modeling on raw features, intermediate features, or
global fused representations.

In contrast, our method first selects sentiment-
supportive evidence and then performs consistency-
conflict modeling on the selected evidence. The
key difference is that existing fusion models mainly
decide how to fuse modalities, whereas CCF-SACE
first decides what evidence should be fused.

2.2 Multimodal Causal Learning
Causal inference has been widely used to mit-
igate bias and spurious correlations in vision-
language and multimodal learning (Yang et al.,
2021; Meng et al., 2025; Zhu et al., 2025), thereby
improving model robustness in tasks such as vi-
sual question answering, image captioning, and
multimodal sentiment analysis. Li et al. (2023)
proposed a deconfounded causal inference net-
work for image-text matching, which applies back-
door adjustment to mitigate intra-modal and inter-
modal spurious correlations. Chen et al. (2025)
proposed a cross-modal causal relation alignment
framework for video question grounding, which
aligns question-answer semantics with causal video
segments. Huang et al. (2025) introduced an
attention-based causality-aware fusion network for
MSA by combining front-door text debiasing with
counterfactual cross-modal attention. Chen et al.
(2024) proposed a counterfactual MSA framework,
which estimates and subtracts unimodal direct ef-
fects to mitigate modality bias and obtain more

unbiased image-text sentiment predictions. Liu
et al. (2025) proposed DPCI for multimodal aspect-
based sentiment classification, which combines
dual-path counterfactual generation, sample-aware
selection, and confidence-guided fusion to mitigate
aspect–sentiment spurious correlations. However,
existing causal debiasing methods mainly focus
on global biases at the dataset level or modality
level, lacking modeling of fine-grained causal ev-
idence within individual samples. We introduce
a front-door-inspired causal evidence mediation
during the representation learning stage. It empha-
sizes sample-level causal evidence selection and
non-causal proxy suppression, making it more suit-
able for robust sentiment reasoning in image-text
sentiment analysis.

3 Methodology

We define the multimodal sentiment analysis task
and formulate the structural causal view of the prob-
lem. Then, we explain how the proposed method
approximates front-door deconfounding at the rep-
resentation level. After that, we provide a detailed
introduction to our proposed network. Fig. 2 illus-
trates the overall architecture of CCF-SACE.

3.1 Task Definition
Given a training setD = {(Xi

t , X
i
v, yi)}Ni=1, where

Xi
t and Xi

v denote the textual and visual inputs and
yi ∈ {1, . . . , C} denotes the sentiment label, MSA
aims to learn a robust predictor from an image-
text pair to its sentiment category. In general, a
conventional model directly encodes and fuses the
multimodal sample and then maps the fused repre-
sentation to the corresponding sentiment category,
which can be written as:

p(y | Xt, Xv) = p(y | F ), F = Fuse(Xt, Xv).
(1)

Such a direct fusion path may absorb lexical
shortcuts, visual biases, and other spurious cross-
modal correlations when the training data contain
modality-specific confounding factors.

3.2 Representation-Level Causal
Deconfounding

Let Ct and Cv denote latent textual and visual con-
founders. They may simultaneously influence ob-
served multimodal inputs and sentiment labels, in-
ducing shortcut paths that make correlation-driven
fusion unreliable. Fig. 3 shows the causal rela-
tionships among the textual feature Xt, the visual
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Figure 3: Front-door-inspired causal structure for multi-
modal sentiment analysis.

feature Xv, textual confounder Ct and visual con-
founder Cv. The confounded paths Xt ← Ct → Y
and Xv ← Cv → Y affect the prediction of Y . To
alleviate this problem, we introduce an evidence-
level mediator M between the multimodal inputs
and predictions. M is constructed from textual
causal evidence Zc

t and visual causal evidence Zc
v ,

while the remaining information is treated as non-
causal proxy information Zn

t and Zn
v .

Inspired by the front-door view (Pearl et al.,
2016), we build a causal mediator at the repre-
sentation layer. Assuming X = (Xt, Xv) and M
mediates the stable effect from X to Y , the causal
effect can be written as:

p(Y | do(X = x)) =
∑

m

p(m | x)
∑

x′
p(Y | m,x′)p(x′).

(2)

Ideally, the causal effect of multimodal inputs

on the sentiment label can be estimated through the
mediator M , while the influence of confounders in
the original input space is weakened by marginal-
izing over the input distribution. In practice, how-
ever, the true causal mediator is not directly observ-
able, and all possible text-image input combina-
tions cannot be enumerated. Therefore, this paper
performs a representation-level approximation of
front-door adjustment. Specifically, p(m | x) in
the classical front-door formula is jointly approx-
imated by sample-adaptive causal evidence selec-
tion and consistency-conflict fusion, while the inner
marginalization term

∑
x′ p(Y | m,x′)p(x′) can-

not be computed exactly in the high-dimensional
image-text space. We therefore approximate it at
the representation level using a prediction that de-
pends only on the causal evidence mediator. In this
formulation, M is mainly constructed from causal
evidence, while non-causal proxy information is
excluded from the mediator. The representation-
level approximation of front-door adjustment can
be written as:

p(Y | do(X)) ≈ p(Y |M),

M = CCF(Zc
t , Z

c
v).

(3)

where Zc
t and Zc

v denote the causal sentiment evi-
dence in text and image, respectively, and CCF (·)
denotes the consistency-conflict aware fusion net-
work. Meanwhile, the remaining modality-specific
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information in the inputs is separated into non-
causal confounding proxies Zn

t and Zn
v .

3.3 CCF-SACE Framework

3.3.1 Sample-Adaptive Causal Evidence
Selection

Given an image-text sample, we first extract token-
level textual representations and patch-level visual
representations:

Ht = Enct(Xt) ∈ RL×dt ,

Hv = Encv(Xv) ∈ RK×dv .
(4)

where L is the number of textual tokens, K is the
number of image patches, Enct(·) and Encv(·) de-
note the text encoder and image encoder, respec-
tively. Then, both modalities pass through two-
layer adapters and are projected into a shared latent
space. Average pooling is further applied to obtain
global context representation for text and image:

H̃t = WtHt, H̃v = WvHv,

ht = Pool(H̃t), hv = Pool(H̃v).
(5)

where Wt and Wv are learnable linear projec-
tion matrices. Different from selecting evidence
within each modality independently, CCF-SACE
estimates textual evidence under visual context and
visual evidence under textual context. For the i-th
textual token and the j-th image patch, the causal
masks are computed as:

mi
t = σ

(
ϕt

(
[h̃it;hv; h̃

i
t ⊙ hv; |h̃it − hv|]

))
,

mj
v = σ

(
ϕv

(
[h̃jv;ht; h̃

j
v ⊙ ht; |h̃jv − ht|]

))
.

(6)

Here, mi
t,m

j
v ∈ [0, 1] are structural evidence se-

lection weights, ⊙ denotes element-wise multipli-
cation, and ϕt(·) and ϕv(·) are learnable scoring
networks. The masks jointly consider unimodal se-
mantics, cross-modal agreement, and cross-modal
discrepancy.

Based on the same masks, each modality is de-
composed into a causal evidence stream and a non-
causal proxy stream. For the textual modality, this
decomposition is written as:

Zc
t =

∑L
i=1m

i
th̃

i
t∑L

i=1m
i
t + ϵ

, Zn
t =

∑L
i=1(1−mi

t)h̃
i
t∑L

i=1(1−mi
t) + ϵ

.

(7)
The visual causal evidence Zc

v and non-causal
proxy Zn

v are obtained analogously by replacing

(t, i, L) with (v, j,K). The causal evidence stream
is used to construct the mediator M , whereas the
non-causal proxy stream is excluded from the main
prediction path and used only for auxiliary suppres-
sion. We do not impose an additional mask-level
loss. The selection masks are optimized implicitly
through downstream prediction, causal evidence su-
pervision, non-causal proxy suppression, and coun-
terfactual sensitivity.

3.3.2 Consistency-Conflict Fusion
Textual and image causal evidence may exhibit
agreement, complementarity, or conflict. To model
their relation at the evidence level without returning
to raw feature concatenation, we use a covariance-
aware estimator to capture second-order dependen-
cies between selected causal evidence units. As-
sume that Zc

t and Zc
v have already been processed

in a normalized form. We compute the cross-modal
covariance matrix and its compact relation sum-
mary as:

Ctv =
1

N − 1
(Zc

t − 1µ⊤
t )

⊤(Zc
v − 1µ⊤

v ), (8)

where µt and µv are the mean evidence vectors, 1
is an all-one vector. The covariance matrix is used
to estimate dependency between selected causal
evidence units, rather than to provide strict causal
identification. The relation summary Ctv is then
used as the agreement representation, and the scalar
consistency score is obtained by:

Magr = LN(Ctv), r = σ(w⊤
r Ctv), (9)

where r ∈ [0, 1] measures the degree of cross-
modal agreement, LN(·) denotes layer normaliza-
tion. A larger r indicates stronger agreement, while
a smaller r suggests stronger discrepancy. Comple-
mentarity is not treated as simple inconsistency.
Instead, it is handled by modality-specific con-
flict gates that preserve useful evidence from each
modality.

For the conflict branch, we derive modality
weights from the directional covariance strengths
and directly fuse the two causal evidence vectors:

[αt, αv] = softmax
([
∥Ctv∥2, ∥C⊤

tv∥2
]
/τ

)
,

Mcon = αtZ
c
t + αvZ

c
v,

(10)
where τ is a learnable temperature coefficient. The
row and column covariance summaries respectively
reflect how strongly textual and visual evidence are
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supported by the cross-modal relation. Finally, the
evidence mediator is computed as:

M = rMagr + (1− r)Mcon. (11)

When the two modalities are consistent, the model
relies more on the covariance-derived agreement
representation. When they are conflicting or
weakly related, the model turns to the conflict
branch and directly adjusts the contributions of
textual and visual causal evidence.

3.4 Training Objectives
The training objectives are designed to support the
evidence-mediated prediction path. First, the main
task prediction is produced from the causal evi-
dence mediator:

pmain = softmax(hmain(M)),

Ltask = CE(y, pmain).
(12)

We impose direct supervision on causal evi-
dence to ensure that the selected mediator retains
sentiment-discriminative information:

pcb = softmax(hcb([Z
c
t ;Z

c
v])),

Lcausal = CE(y, pcb).
(13)

To prevent non-causal proxies from forming fast
spurious prediction paths, constraining their pre-
diction distribution to be close to the class-uniform
distribution U is proposed:

pnon = softmax(hnon([Z
n
t ;Z

n
v ])),

Lnon = DKL(U∥pnon).
(14)

Introducing a counterfactual sensitivity objective
to make the evidence selector decision-sensitive
rather than merely predictive is necessary. While
Lnon weakens the standalone predictability of non-
causal proxies, Lsens further checks whether re-
placing the causal mediator with the proxy stream
changes the model prediction. If pmain and the
proxy-only prediction remain too similar, the se-
lected evidence may not be sufficiently separated
from shortcut information. We therefore construct
a proxy-only counterfactual prediction and enforce
a margin between the main and counterfactual pre-
dictions:

pcf = softmax(hcf ([Z
n
t ;Z

n
v ])),

Lsens = max(0, γ −DJS(pmain, pcf )).
(15)

Minimizing Lsens encourages the Jensen-Shannon
divergence between pmain and pcf to be at least

γ, so that the main decision path relies on causal
evidence rather than the proxy-only shortcut path.
The final objective contains four functional losses:

L = Ltask+λcLcausal+λnLnon+λsLsens. (16)

During inference, we use pmain as the final senti-
ment prediction.

4 Experiments

We evaluate CCF-SACE on four MSA datasets
and one fine-grained emotion recognition dataset,
reporting Accuracy (Acc) and Weighted-F1 (F1).
RoBERTa and ViT are used as the text and image
encoders, with full experimental details provided
in Appendix A.

4.1 Main Results
Table 1 compares CCF-SACE with representative
unimodal and multimodal methods on five datasets.
Overall, CCF-SACE achieves the best Acc and
F1 on all datasets, showing that evidence-oriented
fusion is effective across different multimodal sen-
timent and emotion recognition settings. It ob-
tains 81.87% and 82.30% Acc on Twitter-15 and
MVSA-Single, respectively, improving over the
strongest baselines by 3.41 and 4.53 points. The
improvements on Twitter-17 and MVSA-Multiple
are smaller, 0.70 and 1.27 points in Acc, respec-
tively. This may be because these datasets con-
tain more ambiguous or weakly aligned image-text
pairs, where sentiment labels depend on subtle an-
notation preferences rather than explicit causal evi-
dence. These results indicate that CCF-SACE is not
limited to one benchmark and can benefit datasets
with different scales and sample distributions.

The gains on TumEmo are especially noteworthy.
CCF-SACE improves Acc and F1 by 4.51 and 4.42
points over the strongest baseline. Since TumEmo
is the largest dataset and contains seven fine-
grained emotion categories, this result suggests that
the proposed evidence-mediated fusion remains ef-
fective under large-scale and fine-grained affective
supervision. We further report the multi-seed sta-
bility results on TumEmo in Appendix B.

4.2 Ablation studies
To verify the contribution of each component, we
conduct ablations under the same RoBERTa+ViT
backbone and training protocol. As shown in Ta-
ble 2, removing cross-modal evidence selection,
Lcausal, Lnon, or Lsens consistently degrades per-
formance, indicating that evidence supervision,
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Table 1: Experimental results (%) on multimodal sentiment and emotion datasets. Best results are in bold;
unavailable results are denoted by “–”.

Category Model TWITTER-15 TWITTER-17 MVSA-Single MVSA-Multiple TumEmo
ACC F1 ACC F1 ACC F1 ACC F1 ACC F1

Text branch
BiLSTM (Wang and Yang, 2020) – – – – 70.12 65.06 67.90 67.90 61.88 51.26
BERT (Devlin et al., 2019) 71.55 71.67 68.15 68.10 71.11 69.70 67.59 66.24 62.12 60.78
RoBERTa (Liu et al., 2019) 73.02 72.93 69.66 69.66 71.17 70.74 67.51 66.46 62.38 61.43

Image branch ResNet-50 (He et al., 2016) 52.84 50.70 46.60 45.18 64.67 61.55 61.88 60.98 46.35 45.94
ViT (Dosovitskiy et al., 2021) 63.31 51.28 50.15 49.47 63.78 62.26 61.94 61.19 48.10 47.75

Multimodal

CLIP (Radford et al., 2021) 75.92 75.12 71.34 71.35 72.20 71.40 69.10 63.40 65.19 64.74
MultiSentiNet (Xu and Mao, 2017) – – – – 69.84 69.63 68.16 68.11 63.09 53.98
Se-MLNN (Cheema et al., 2021) – – – – 75.33 73.76 66.35 61.89 – –
CLMLF (Li et al., 2022) – – – – 75.33 73.46 72.00 69.83 68.10 68.00
M2CL (Yang et al., 2023) – – – – 75.50 74.20 73.20 70.50 – –
TOM (Liu et al., 2024) 77.03 75.41 72.67 70.14 77.77 75.02 75.32 75.30 – –
CTMWA (Zhang et al., 2024) 75.24 74.95 71.36 70.87 75.91 75.74 74.02 73.84 68.57 68.60
DRF (Wu et al., 2024) 75.03 75.41 69.42 68.52 74.50 74.40 71.00 68.20 69.60 69.60
MultiAttention (Wang et al., 2025) 77.95 77.64 73.96 73.85 77.61 76.84 73.45 72.96 68.06 67.92
CoDe (Wu et al., 2026) 78.46 78.12 74.58 74.43 76.98 76.47 72.74 70.71 73.02 73.02

Ours CCF-SACE 81.87 81.85 75.28 75.24 82.30 81.68 76.59 74.67 77.53 77.44

Table 2: Ablation studies on MVSA-Single and
TumEmo.

Variant MVSA-Single TumEmo
Acc F1 Acc F1

Full CCF-SACE 82.30 81.68 77.53 77.44
w/o evidence selection 80.12 79.36 76.38 76.25
w/o Lcausal 80.96 79.88 76.82 76.71
w/o Lnon 81.21 80.23 76.94 76.81
w/o Lsens 80.74 79.45 76.71 76.52
w/o CCF 78.95 78.20 76.06 75.90
Raw-feature CCF 78.54 78.47 75.95 75.84
Fixed mask 79.08 78.12 76.12 75.98

proxy suppression, and counterfactual sensitiv-
ity play complementary roles. The larger drops
caused by removing CCF, applying CCF to raw
features, or using fixed masks further support our
central design choice: the model should first select
sample-adaptive causal evidence and then perform
consistency-conflict fusion at the evidence level.

To exclude the possibility that improvements
mainly come from encoder capacity, Table 3 com-
pares several fusion strategies under the same back-
bone. Simple concatenation and gated fusion pro-
vide limited gains, while cross-attention improves
modality interaction but still operates on general
fused representations. Conflict-aware fusion with-
out evidence selection is stronger, yet remains
below CCF-SACE. This comparison shows that
relationship-aware fusion alone is insufficient; the
key advantage comes from coupling relation model-
ing with sample-adaptive causal evidence selection.

Table 3: Same-backbone fusion comparison.

Fusion Strategy MVSA-Single TumEmo
Acc F1 Acc F1

Concatenation 76.55 74.99 75.57 75.50
Gated Fusion 76.88 75.55 75.68 75.60
Cross-Attention Fusion 77.21 76.04 75.81 75.72
Conflict-aware Fusion

w/o Evidence Selection 78.54 78.47 76.36 76.24

CCF-SACE 82.30 81.68 77.53 77.44

4.3 Shortcut Robustness Analysis

Because CCF-SACE aims to reduce shortcut am-
plification, we evaluate it on shortcut-sensitive sub-
sets, including textual shortcuts, visual shortcuts,
and cross-modal conflicts. These subsets contain
misleading sentiment words, spurious visual cues,
or inconsistent text-image surface cues, testing
whether the model still relies on shallow corre-
lations under challenging distributions. Table 4
shows that all models degrade on shortcut-sensitive
samples, but CCF-SACE yields the smallest Acc
drop on both MVSA-Single and TumEmo. Its drop
is 4.84 points on MVSA-Single, compared with
7.81 for concatenation and 7.29 for attention fu-
sion; on TumEmo, its drop is 4.43 points, also
lower than the two controlled baselines. This sup-
ports that selecting causal evidence before fusion
reduces shortcut dependence rather than merely
shifting it. Fine-grained results by shortcut type are
reported in Appendix B.
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Table 4: Shortcut robustness analysis.

Dataset Model Clean Shortcut / Conflict Drop
Acc F1 Acc F1 Acc↓

MVSA
-Single

Concatenation 76.55 74.99 68.74 66.80 7.81
Attention Fusion 77.21 76.04 69.92 68.25 7.29
CCF-SACE 82.30 81.68 77.46 76.31 4.84

TumEmo
Concatenation 75.57 75.50 68.82 68.41 6.75
Attention Fusion 75.81 75.72 69.34 69.02 6.47
CCF-SACE 77.53 77.44 73.10 72.89 4.43
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Figure 4: Effect of semantic evidence capacity.

4.4 Sensitivity and Evidence Diagnostics

We further analyze semantic evidence capacity and
objective-weight sensitivity. Figure 4 varies the
adaptor output dimension. Increasing the dimen-
sion from 64 to 256 generally improves perfor-
mance, and larger benchmarks still benefit at 512
dimensions, suggesting that richer semantic evi-
dence helps CCF-SACE construct more informa-
tive mediators. Figure 5 reports the sensitivity of
three objective weights on TumEmo. The best per-
formance appears around λc = 0.5, λn = 0.1,
and λs = 0.15. Increasing λc improves perfor-
mance by strengthening causal evidence supervi-
sion, whereas overly large non-causal suppression
or sensitivity weights slightly degrade performance.
This indicates that shortcut suppression should re-
main auxiliary rather than removing useful senti-
ment cues. Additional evidence-proxy diagnostics
are provided in Appendix C.

4.5 Visualization

To qualitatively examine the learned representa-
tions, we visualize sentiment features on MVSA-
Single, MVSA-Multiple, and TumEmo using t-
SNE in Fig. 6. The representations learned by
CCF-SACE form clearer and more compact clus-
ters, which is consistent with the main results and
suggests that evidence-mediated fusion helps sepa-
rate affective categories.

Figure 7 presents two cases of causal visual ev-
idence selection. The visualization highlights re-
gions that contribute more to the causal evidence
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Figure 5: Sensitivity analysis of λc, λn, and λs.

Figure 6: t-SNE visualization of sentiment representa-
tions on MVSA-Single, MVSA-Multiple, and TumEmo.

stream and contrasts them with non-causal regions.
In both cases, the causal regions focus on visually
prominent affective evidence and lead to reliable
predictions, providing evidence-level interpretabil-
ity beyond global fused features.

5 Conclusion

This work proposes CCF-SACE, a causal inspired
framework for MSA. We show that not all text
tokens or image patches contribute equally to senti-
ment, and that the relationship between modalities
can be consistent or conflicting. To address these is-
sues, CCF-SACE learns cross-modal causal masks
that decompose each modality into causal and non-
causal evidence under the context of the other
modality, and introduces a consistency-conflict-
aware fusion module that adaptively reweights ev-
idence for agreement and conflict scenarios. In
addition, we introduce a counterfactual sensitiv-
ity objective to ensure that causal evidence re-
mains predictive while non-causal evidence be-
comes sentiment-agnostic. Comprehensive exper-
iments on four MSA benchmarks and one multi-
modal emotion recognition dataset show that CCF-
SACE achieves superior performance and robust-
ness, offering a new perspective for causal-guided
multimodal sentiment reasoning.
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Figure 7: Case study of causal visual evidence selection.

Limitations

While CCF-SACE performs well across multiple
datasets, it still has some limitations that need to
be addressed in future work. First, CCF-SACE
uses learnable masks to separate causal sentiment
evidence from non-causal interfering proxies. But
the evidence selection is still guided by task su-
pervision, so that useful sentiment cues may not
be fully selected, or some non-causal information
may not be completely suppressed. Thus, future
work will explore external knowledge or more ex-
plicit evidence supervision to improve the quality
of causal evidence learning. Second, our work fo-
cuses on image-text multimodal sentiment analysis.
Images and texts are important for sentiment un-
derstanding. However, multimodal sentiment can
also involve audio, video, and physiological signals.
We plan to extend CCF-SACE to diverse modality
combinations and larger datasets. This will help
evaluate the model’s generalization ability. Further-
more, more challenging robustness settings, such
as out-of-distribution, could provide a complete
understanding of the robustness of the model.
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A Dataset and Implementation Details

We report the extended experimental setup omitted
from Section 4. CCF-SACE is evaluated on Twitter-
15, Twitter-17, MVSA-Single, MVSA-Multiple,
and TumEmo. The first four datasets are three-
class sentiment classification benchmarks with pos-
itive, neutral, and negative labels. Twitter-15 and
Twitter-17 contain 3,502 and 2,910 multimodal
tweet samples, respectively. MVSA-Single con-
tains 4,869 paired image-text posts, while MVSA-
Multiple contains 19,665 samples. TumEmo con-
tains 195,265 samples, including 19,527 test sam-
ples, and covers seven emotion categories: Angry,
Bored, Calm, Fear, Happy, Love, and Sad. This
makes it a useful benchmark for testing whether
the model learns scalable affective evidence rather
than small-dataset artifacts.

All datasets use the same RoBERTa+ViT-based
CCF-SACE framework. Twitter-15 and Twitter-
17 follow the official train/dev/test splits, while
MVSA-Single, MVSA-Multiple, and TumEmo use
fixed 8:1:1 train/dev/test splits. The text and image
encoders are kept consistent across datasets; only
the dataset splits differ. Table 5 summarizes the
reproducibility settings.

Table 5: Reproducibility details.

Setting Twitter MVSA TumEmo

Text encoder checkpoint RoBERTa-base
Image encoder checkpoint ViT-B/16, 224×224
Maximum text length 192
Image resolution 224×224
Hidden dimension 256
Batch size 64
Optimizer AdamW
Learning rate 3× 10−4

Weight decay 1× 10−3

Warmup ratio 0.10
Dropout 0.25
λc 0.5
λn 0.1
λs 0.15
γ 0.45
Epochs / early stopping 40 / patience 8

B Additional Stability and Robustness
Results

Table 6 reports TumEmo results under five random
seeds. The model achieves 77.48 ± 0.06 Acc and
77.36 ± 0.09 F1. The small standard deviations
indicate that the improvement on TumEmo is repro-
ducible rather than caused by a favorable random
initialization. Together with Table 1, these results

Table 6: TumEmo multi-seed results.

Seed Acc F1

101 77.53 77.44
102 77.38 77.22
103 77.49 77.35
104 77.47 77.42
105 77.53 77.39

Mean ± Std 77.48 ± 0.06 77.36 ± 0.09

Table 7: Fine-grained shortcut subset results.

Subset Baseline CCF-SACE
Acc F1 Acc F1

Textual shortcut 70.42 69.84 76.08 75.76
Visual shortcut 69.15 68.52 74.96 74.50
Cross-modal conflict 66.87 65.91 73.48 72.86
Weakly related image-text 71.34 70.62 75.02 74.61

show that the gain on TumEmo is both strong and
stable.

Table 7 further breaks down shortcut robust-
ness by shortcut type. CCF-SACE improves over
the baseline on textual shortcuts, visual shortcuts,
cross-modal conflict, and weakly related image-
text pairs. The largest gap appears on cross-modal
conflict samples, where naive fusion is more likely
to amplify inconsistent surface cues. The improve-
ment on weakly related image-text pairs also sug-
gests that the model can avoid overusing a modality
when it provides limited sentiment support.

C Confusion Matrix and Evidence
Diagnostics

We provide confusion matrices on all five datasets
in Fig. 8. CCF-SACE generally produces strong
diagonal patterns, indicating that the learned causal
evidence mediator preserves class-discriminative
sentiment information. On Twitter-15 and Twitter-
17, most errors occur between positive and neutral
or negative and neutral classes, suggesting that neu-
tral expressions are ambiguous in short social me-
dia posts. On MVSA-Single and MVSA-Multiple,
positive samples are recognized with high accu-
racy, while neutral samples are more frequently
confused with positive ones, reflecting subjectivity
and annotation ambiguity in image-text sentiment
labels. On TumEmo, the model recognizes Love,
Happy, Bored, and Calm relatively well, whereas
Angry and Sad show more confusion with adjacent
emotions. These observations are consistent with
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Figure 8: Confusion matrices of CCF-SACE on five
multimodal sentiment and emotion benchmarks.

Table 8: Evidence-proxy separation diagnostics.

Model Proxy Ent. ↑ DJS ↑ Mask Conc. Text Ratio Visual Ratio

w/o Lnon 0.63 0.18 1.71 0.43 0.39
w/o Lsens 0.82 0.11 1.58 0.46 0.42
CCF-SACE 0.91 0.27 2.34 0.31 0.28

the main results and further show that CCF-SACE
is effective on both coarse-grained sentiment clas-
sification and fine-grained emotion recognition.

Table 8 reports quantitative diagnostics for
evidence-proxy separation. A desirable model
should keep the proxy-only prediction less con-
fident, maintain sufficient divergence between the
main and proxy-only predictions, and select com-
pact but not degenerate evidence regions. Full CCF-
SACE achieves the highest proxy entropy and JS
divergence, indicating that the proxy stream be-
comes less independently predictive while the main
and proxy-only paths are more clearly separated.
Its higher mask concentration and lower evidence
ratios also suggest that the model selects compact
evidence instead of spreading attention over poten-
tially spurious regions.
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Figure 9: Additional case studies of causal visual evi-
dence selection.

D Additional Case Studies

Figure 9 shows additional causal visual evidence
selection cases. The visualization highlights im-
age regions that contribute more strongly to the
causal evidence stream and contrasts them with
non-causal regions. These examples further sup-
port the evidence-level interpretability of CCF-
SACE across diverse affective categories.
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