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Toward Generalized Multimodal Sarcasm Detection
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Abstract—Multimodal Sarcasm Detection (MSD) is crucial for
understanding complex human communication and building in-
telligent emotional computing systems. However, existing MSD
methods often over-rely on spurious correlations, causing the
learned features to deviate from the true semantics of sarcasm.
This bias significantly undermines the generalization ability of
current models beyond the training environment. This paper pro-
poses a Confict-based Disentangled multi-view incongruity learn-
ing framework (ConDi), aiming to effectively disentangle and in-
teract with heterogeneous features in multimodal sarcasm. Given
that multimodal embedding spaces are typically heterogeneous,
direct fusion can disrupt the inherent structure of embeddings from
different modalities. To address this issue, we employ the optimal
transport algorithm to align embeddings from different modalities
into a unified space. Subsequently, we jointly learn incongruities
from three views: modality disentanglement, global sentiment, and
local description. To achieve a debiased fusion of sarcasm features,
we design a conflict-based fusion module to integrate features from
these three views. Experimental results demonstrate the superiority
of ConDi on multimodal sarcasm datasets, and further analysis
shows that ConDi can effectively reduce reliance on spurious corre-
lations. Additionally, out-of-distribution (OOD) experiments reveal
that ConDi achieves better generalization.

Index Terms—multimodal, sarcasm detection, spurious
correlation, debiased learning, generalization.

I. INTRODUCTION

SARCASM detection is an important research task in data
mining and natural language processing. Its core challenge

lies in identifying language phenomena where the surface mean-
ing of a text contradicts or significantly differs from the deeper
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intended message [1]. With the widespread use of sarcasm on
social media platforms, this task has gradually become a research
hotspot. An effective sarcasm detection mechanism is crucial
for uncovering users’ emotional stances, especially in social
media contexts, where genuine emotions are often masked by
exaggerated rhetoric or misleading expressions. This technology
has significant value in downstream applications such as online
public opinion mining [2], [3] and sentiment analysis [4], [5].

Early research focuses mainly on text-based unimodal sar-
casm detection [6], [7], [8]. Jonshi et al. [9] experimentally es-
tablish the decisive role of incongruity characteristics in sarcasm
detection, sparking a surge of research based on incongruity the-
ory. For example, typical methods involve constructing explicit
positive and negative sentiment pairs for feature extraction [8],
[10]. However, these approaches face significant limitations in
capturing context-sensitive implicit negative emotions, espe-
cially when dealing with complex rhetorical phenomena such
as metaphors and irony. This limitation prompts researchers to
introduce external structured knowledge bases to enhance im-
plicit sentiment reasoning. Sentiment dictionary-based methods,
such as those utilizing SenticNet [11], construct sentiment cor-
relation matrices to capture sarcasm clues by calculating emo-
tional differences between words [12], [13]. The development
of multimedia social platforms has led to increasingly diverse
modes of user expression, with multimodal communication
gradually becoming the mainstream. This shift has redirected
research attention toward multimodal sarcasm detection (MSD),
where modeling cross-modal incongruity features remains a
core research focus. Recent advances have been made in de-
signing feature fusion architectures [14], [15], [16]. Currently,
mainstream approaches primarily derive deep representations
for each modality through pre-trained models, followed by the
application of cross-attention mechanisms [15], [17] or graph
neural networks [18], [19] to capture semantic conflicts be-
tween modalities. Notably, debiasing learning has become a key
technology for improving the robustness of multimodal meth-
ods [20], [21]. Although a previous study [22] has attempted to
mitigate the modal bias in MSD through adversarial training,
MICL [23] shows that existing methods generally rely on spu-
rious correlations. Therefore, mitigating spurious correlations
and enhancing model generalizability remain key challenges in
the field today.

Spurious correlation refers to the phenomenon where machine
learning models mistakenly capture non-generalizable fea-
tures, rather than genuinely discriminative features that support
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Fig. 1. Existing models suffer from deficiencies that lead to spurious correlations on MSD tasks.

generalization [24]. Based on empirical experimental analysis,
we identify two typical types of spurious correlations in MSD:
(1) Cross-modal learning bias. As shown in Fig. 1(a), when
the text remains unchanged, replacing the image content (e.g.,
changing “rainy day” to “sunny day”) does not significantly
affect the model’s prediction. Similarly, in Fig. 1(b), modify-
ing the sentiment polarity of the text while keeping the visual
content unchanged results in no change to the model’s predic-
tion. (2) Intra-modal dependency misalignment. As shown in
Fig. 1(b), removing key sentiment words in the text modality
does not alter the model’s prediction. However, modifying non-
essential modifiers in Fig. 1(c) causes the prediction to reverse.
A similar phenomenon is observed in the visual modality as
well. It is important to note that these spurious correlations
have a random emergence characteristic, with their occurrence
probability closely related to the training process, making it
difficult for traditional regularization methods to alleviate them
effectively. Additionally, overparameterization of the model has
been proven to be a key factor that triggers spurious correla-
tions [25]. Therefore, existing approaches are constrained by the
following limitations: (1) They lack cross-dataset generalization
capability due to spurious correlations; (2) They introduce ex-
cessive computational complexity during the feature learning
stage; (3) Many methods require a large amount of additional
labeled data for data augmentation. This paper aims to construct
a more parameter-efficient and generalized solution.

To address these challenges, we introduce ConDi, a novel
multi-view incongruity learning method for MSD. Existing
methods usually adopt a heterogeneous embedding strategy,
where multimodal contents are first mapped to independent
representation spaces. These features are then fused by simple
concat or mean operations as the unified representation for
multimodal sarcasm detection. However, since the embeddings
of different modalities are often distributed in heterogeneous
geometric spaces, direct fusion may disrupt the inherent distri-
butions of each modality, leading to semantic inconsistencies
and loss of feature integrity in the unified space. To overcome
this, we introduce the optimal transport (OT) theory [26] during
the multimodal feature extraction stage to achieve cross-modal
space alignment. OT minimizes the Wasserstein distance be-
tween the modalities to construct a joint distribution mapping.
This process transfers heterogeneous embeddings into a unified
semantic space while preserving the topological structures of
individual modalities, effectively overcoming alignment bias
caused by spatial heterogeneity. Since sarcasm often involves

entities or objects in multimodal contexts with emotional polar-
ity, ConDi constructs a multi-view incongruity learning mod-
ule that captures robust features from three views: modality
disentanglement, global sentiment, and local description. We
propose a disentangled multimodal feature learning method that
separates modality-agnostic consistent features from modality-
specific heterogeneous features, thereby significantly reducing
model parameters while mitigating spurious correlations. No-
tably, the quality of features from different views exhibits signifi-
cant sample dependency — when specific views encounter noise
interference or information loss, performance can be severely
affected [27]. To address this, we design a confidence-weighted
fusion module based on evidence conflict to guide the fusion of
multi-view incongruity features.

We conduct comprehensive experiments on two benchmark
datasets, and the results show that ConDi outperforms the ex-
isting state-of-the-art models. In addition, we perform extensive
comparisons in scenarios involving spurious correlations and
out-of-distribution (OOD) data. Analysis shows that ConDi
effectively reduces reliance on spurious correlations and per-
forms better generalization with fewer parameters. The main
contributions of this paper can be summarized as follows:
� We propose a Confict-based Disentangled multi-view in-

congruitylearning framework (ConDi), an efficient and
generalized MSD method.

� We propose a disentangled incongruity learning method
that does not require any additional augmented data. Com-
pared to mainstream approaches, it reduces training costs
and cuts more than 50% of the core parameters.

� We conduct extensive experiments on various datasets
to verify the SOTA sarcasm detection performance and
superior generalization ability of ConDi.

The paper is organized as follows: Section II reviews a series
of representative works on sarcasm detection and mitigating
spurious correlations; Section III describes the task definition
and proposed framework ConDi; Section IV describes the ex-
perimental setup and baseline, and shows extensive experimental
results, fully demonstrating the superiority of ConDi; Section V
discusses the contribution and future work.

II. RELATED WORK

A. Sarcasm Detection

Early research primarily adopts rule-based and linguis-
tic evidence-driven unimodal analysis methods, laying the
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foundation for symbolic feature engineering in sarcasm de-
tection. Foundational works explore linguistic patterns (e.g.,
lexical tokens, syntactic structures) to construct basic detection
frameworks. For example, hashtag tokenization [4] pioneers the
statistical validity of sentiment features in sarcasm prediction
using topic tags. PBLGA [28] develops a framework for ex-
tracting prosodic features based on dependency syntax parsing.
At the feature representation level, researchers focus on the
incongruity in sarcastic texts through specific embeddings, such
as word shape [29] and word extension [30]. Cognitive linguistic
studies reveal that semantic incongruity is a key cue for sarcasm
detection [9], driving innovation in sarcasm detection meth-
ods [8], [10]. For instance, LBPR [8] proposes a collaborative
attention network that dynamically detects opposing sentiment
pairs within the text. However, it still suffers from significant
limitations in handling implicit negation scenarios due to its
lack of deep reasoning capabilities. To overcome this bottle-
neck, emerging methods enhance implicit reasoning abilities
through knowledge-augmented strategies. ADGCN [13] builds
an affective dynamic graph convolutional network based on
SenticNet [11], enabling spectral-domain modeling of sentiment
relationships within sentences.

The multimodal trend in social media drives research
paradigms toward cross-modal sarcasm detection. Early pio-
neering work [31] first verifies the effectiveness of joint mod-
eling of text and images, opening a new direction for MSD.
The fine-grained labeled dataset constructed by Cai et al. [3]
becomes a domain benchmark, providing critical support for
subsequent research, particularly the inclusion of object-level
visual sentiment labels. CMGCN [32] builds cross-modal graphs
to model sarcastic relationships between text and images. Re-
cent research focuses on refining the modeling of cross-modal
incongruity features: DMSD-CL [22] proposes counterfactual
enhancement and contrastive learning frameworks to improve
model generalization. MILNet [15] designs a multi-scale in-
congruity learning mechanism to capture local-global semantic
conflicts. G2SAM [19] introduces a fine-grained multimodal
graph and embeds it into the semantic space, combines global
semantic consistency to retrieve k-nearest neighbor instances
for voting prediction. MICL [23], proposes a multi-view in-
congruity learning framework to interference from surface-level
associative noise.

However, existing approaches struggle to strike a balance
between incongruity learning and parameter quantity, typically
achieving marginal improvements in feature learning capability
at the expense of substantial parameter increases. The improve-
ments of ConDi against MICL include but are not limited to: (1)
ConDi uses a more efficient incongruity learning framework,
reducing the number of parameters by 90%. (2) ConDi resolves
the conflict problem among different views. (3) ConDi does not
introduce any additional data.

B. Mitigating Spurious Correlations

Mitigating spurious correlations in multimodal learning is
a critical challenge for enhancing the generalization ability
of supervised models. Current research can be systematically

categorized into two major technical approaches: invariant fea-
ture mining and data distribution reconstruction. Invariant fea-
ture learning aims to build cross-domain stable feature associ-
ation mechanisms. IRM [33] optimizes via environmental con-
straints to establish invariant feature mapping functions in latent
variable spaces, providing a theoretical framework for domain
generalization research. Some methods apply distributed robust
optimization to model risk sensitivity by minimizing worst-case
group losses [34]. A recent breakthrough, DFR [35], proposes
a two-stage training process. First, it uses empirical risk mini-
mization to obtain base representations, and then fine-tunes on
a balanced dataset to effectively decouple spurious correlations.

Data distribution reconstruction strategies focus on improving
model robustness through distribution balancing. Core meth-
ods involve generating augmented information within existing
datasets [36] and employing other strategies to balance or diver-
sify the data [37], [38]. For data augmentation, UV-Droid [36]
generates augmented samples by injecting latent unmeasured
variables. For data balancing, predefined concepts are often
used to generate pseudo-labels to support training. For example,
Discover and Cure (DISC) [37] expands training data using
unstable predefined concepts across different environments to
reduce spurious correlations. SSA [38] designs a pseudo-label
propagation algorithm that estimates group distributions using
a small number of labeled attribute samples.

While they achieve promising results, the overhead of intro-
ducing additional data during training proves too high, severely
limiting its application potential and generalizability in real-time
scenarios.

III. METHODOLOGY

As shown in Fig. 2, the architecture of ConDi mainly consists
of three parts: multimodal feature extraction, multi-view incon-
gruity learning, and conflict-based evidence fusion. This section
first introduces the task definition and then describes the details
of the architecture of our model.

A. Problem Definition

Given a sample (Xi, yi) of training set, with Xi = (Ti,Vi), Ti
represents the i-th text, Vi represents the corresponding image,
and yi ∈ {0, 1} represents the true label. When the i-th sample
contains sarcasm information, yi = 1 otherwise yi = 0. We aim
to design a model F that uses visual and textual modalities
for sarcasm detection and generates a predicted label ŷi. This
process can be expressed as:

F(Xi|Θ) −→ ŷi, (1)

where Θ represents all parameters of model F , Ŷi ∈ {0, 1} is
the prediction result of model F .

B. Multimodal Feature Extraction

1) Input Encoding: For each image Vi = {v(i)cls,
v(i)1, . . ., v(i)nVi

}, we define v(i)j as the j-th patch
of Vi, and nVi

as the total number of patches that the
image is divided into. We define the original text input
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Fig. 2. The overall architecture of ConDi primarily comprises three key modules: (a) Multimodal Feature Extraction, (b) Multi-View Incongruity Learning, and
(c) Conflict-based Evidence Fusion.

Fig. 3. OCR comparison. [G] means ground truth, [E] means existing OCR
result, and [O] means ours. In the first example, since the text is in Hindi,
it is difficult for a non-multilingual pre-trained RoBERTa to understand. Our
method automatically translates the extracted text into English. In the second
example, existing OCR result exhibits deficiencies in both recognition accuracy
and sequential integrity, whereas our result performs better.

Ti = {t(i)cls, t(i)1, t(i)2, . . ., t(i)nTi
}, where t(i)cls represents

the [CLS] token, t(i)j represents the j-token of Ti, and nTi
is the sequence length of Ti. Our observation indicates that the
textual information embedded in images often complements
the text modality. Based on this observation, we treat the
Optical Character Recognition (OCR) text Oi extracted
from images as an auxiliary input to the raw text input Ti.
Similarly, Oi = {o(i)1, o(i)2, . . ., o(i)nOi

}, as an auxiliary
input alongside Ti, where o(i)j denotes the j-token of Oi.
However, existing work [10] reveals that OCR text suffers
from issues such as low accuracy and ambiguous meaning,
as shown in Fig. 3. Low-quality OCR text will negatively
impact model performance [39]. Thus, we provide more
precise OCR-text extraction and translation, complemented by

meticulous manual proofreading to generate refined OCR-text.
Then, we concatenate Ti and Oi as the final textual input.

In current multimodal learning methods, textual and visual
information are typically encoded independently [15], [23].
Considering that using different pretrained feature encoders may
introduce additional biases in multimodal features, we directly
utilize the pre-trained CLIP [40] model to obtain multimodal
feature representations:

Ht
i,H

v
i = Self_Att(CLIP([Ti;Oi],Vi)), (2)

where Ht
i = [h(i)tcls,h(i)

t
1,h(i)

t
2, . . .,h(i)

t
ni
] ∈ R(ni+1)×d is

the textual representation of the input text, h(i)tj ∈ Rd de-
notes the hidden state vector of j-token, d denotes the di-
mension of the hidden representations, ni = nTi + nOi

is the
total number of tokens after concatenating the original text
and OCR-text, and [·; ·] refers to the concatenation operation.
Hv

i = [h(i)vcls,h(i)
v
1,h(i)

v
2, . . .,h(i)

v
nV ] ∈ R(nVi+1)×d is the

visual representation of the input image, h(i)vj ∈ Rd represents
the j-th patch embedding. Self_Attmeans a self-attention layer.
For clarity and simplification, we use eit and eiv to represent
h(i)tcls and h(i)vcls in subsequent expressions. Similarly, we
can also obtain Hvo

i partitioned by object detection for local
description incongurity learning.

2) Feature Alignment: Considering the heterogeneity of
multimodal features, we align the multimodal embeddings using
OT. OT serves as a way to compare two probability distributions,
which can provide a transport plan to transfer one point to
another [26]. The process of feature alignment can be modeled as
transferring the embeddings of different modalities into a unified
space. Specifically, the procedure is as follows: (1) Estimate the
distributionμ of the textual embeddings and the distribution ν of
the visual embeddings. (2) Find the transport coupling T from
μ to ν. (3) Compute the barycenter using T, and then map the
textual and visual embeddings into the unified space.

First, we define u = {ui}ni=1 and v = {vi}mi=1 as the proba-
bilistic simplices for the textual and visual features, respectively.
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Letμ =
∑n

i=1 uiδei
t

and ν =
∑m

j=1 vjδei
v

represent the discrete
distributions of the textual and visual embeddings, where δ is
the Dirac delta function. Following [26], we set ui =

1
m and

vj =
1
n , where m and n are the dimensions of the embeddings

et and ev , respectively. We then define the joint distribution
Π(μ, ν) as follows:

Π(μ, ν) =
{
T ∈ Rn×m

+ | T1m = u, T�1n = v
}
, (3)

where 1 denotes an all-one vector. Next, we compute the OT
coupling T between μ and ν by minimizing the Wasserstein
distance between the two distributions, which can be expressed
as:

OT(μ, ν,C) = min
T∈Π(μ,ν)

n∑
i=1

m∑
j=1

TijCij . (4)

where Cij = ‖eit, ejv‖22 is the 2-norm Wasserstein distance be-
tween eit and ejv . After obtaining the transport matrix T, the tex-
tual embedding Et = [eit]i∈{1,...,batch_size} can be transformed
into the target aligned embedding êt using a barycenter-based
strategy [41]:

Ê
t
= diag(1/v)

(
T� +ΔT

)
Et (5)

where ΔT is a tunable parameter. Subsequently, we can obtain
the aligned visual embedding Ê

v
in a similar manner. Then we

get the updated Ĥ
t

i and Ĥ
v

i (also the Ĥ
vo

i ).

C. Multi-View Incongruity Learning

Existing MSD methods suffer from three fundamental lim-
itations in incongruity modeling. First, they typically adopt a
unified incongruity learning paradigm that inadequately sep-
arates modality-specific features. Second, they fail to model
cross-modal contradictions emerging from global sentiment
polarity shifts across entire instances. Third, they demonstrate
weak capability in detecting fine-grained semantic mismatches
between localized visual descriptions and their contextual verbal
references. To address these challenges, we propose a multi-view
incongruity learning framework through three complementary
dimensions: (1) Modality disentanglement incongruity: A
multimodal token disentangling Transformer architecture is de-
signed to deeply decouple sarcasm-related features. (2) Global
sentiment incongruity: A sentiment-aware reasoning mecha-
nism is designed to explicitly model sentiment polarity conflicts.
(3) Local description incongruity: A cross-modal semantic
graph network is constructed to enable fine-grained semantic
mismatch detection.

1) Modality Disentanglement Incongruity Learning: Exist-
ing cross-modal attention frameworks [15], [22] predominantly
employ text as query with images as key/value pairs, a design
susceptible to modality dominance bias. Our method introduces
a novel multimodal disentangling attention mechanism that es-
tablishes balanced fusion pathways for heterogeneous features,
preserving critical sarcasm features while enabling cross-modal
complementary enhancement. Specifically, we randomly ini-
tialize three token vectors {Zf

i ,Z
t
i,Z

v
i }, where Zf

i ∈ R4×d is
used to learn inherent sarcasm-related features between textual

and visual modalities, Zt
i and Zv

i ∈ R2×d are used to learn
modality-specific heterogeneous features for text and image,
respectively. These tokens concatenate with multimodal features

Hi = [Ĥ
t

i; Ĥ
v

i ] for self-attention processing:

Ẑ
f

i , Ẑ
t

i, Ẑ
v

i = Self_Att([Zf
i ;Z

t
i;Z

v
i ; Ĥi]). (6)

We treat Ẑ
f

i as the inherent feature and [Ẑ
t

i; Ẑ
v

i ] as the
heterogeneous feature. The cross-attention mechanism operates
through dual pathways for disentangled incongruity learning:

Path 1: Qf = Ẑ
f

i , Kf = V f = [Ẑ
t

i; Ẑ
v

i ],

Path 2: Qm = [Ẑ
t

i; Ẑ
v

i ], Km = V m = Ẑ
f

i . (7)

F f = Cross_Att(Qf ,Km,V m), (8)

Fm = Cross_Att(Qm,Kf ,V f ), (9)

fd = [Mean(F f );Mean(Fm)], (10)

where Cross_Att is a standard cross attention layer, Mean
represents average pooling, and we use fd as the final output.

To ensure the separation of feature Ẑ
f

i from the heterogeneous

features [Ẑ
t

i; Ẑ
v

i ], we design an orthogonality loss:

Lor =
1

N

N∑
k=1

(
‖Ẑf�

i Ẑ
t

i‖22 + ‖Ẑf�
i Ẑ

v

i ‖22 + ‖Ẑt�
i Ẑ

v

i ‖22
)

(11)
As illustrated in Fig. 4, our approach demonstrates two key ad-

vancements over MICL: (1) Enhanced parameter efficiency with
cross-attention input dimensions reduced to 2× d (vs. 100× d
in MICL); (2) Optimized architectural design for sarcasm feature
preservation.

2) Global Sentiment Incongruity Learning: Considering the
crucial role that emotional context plays in MSD as demon-
strated in [9], our proposed model incorporates global sentiment
incongruity. The primary objective is to identify and discern in-
congruities that exist between the original text and the OCR-text.
More precisely, we utilize SenticNet [11] to extract the sentiment
polarity of both the source text and the OCR-text. Then, we use
a multi-layer perceptron to catch the sentiment incongruity:

st = SenticNet(T ), so = SenticNet(O), (12)

fg = MLP([st; so; ĥ
t

1...n]), (13)

where MLP is a muti-layer perceptron. If OCR-text is unavail-
able, fg is assigned a value of 0.

3) Local Description Incongruity Learning: To enable local
description incongruity learning, we construct dual semantic
graph representations for textual and visual content. Both graphs
adopt an undirected structure with self-loop connections to
maintain bidirectional information flow and preserve intrinsic
node features. The text semantic graph is built upon depen-
dency parsing results from spaCy,1 this graph uses syntactic
entities as nodes and their dependency relationships as edges,
enabling precise detection of semantic role contradictions. The

1[Online]. Available: https://spacy.io/
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Fig. 4. Comparison of ConDi and other methods in token-patch incongruity
learning.

visual semantic graph is generated using region segmentation
results from a pretrained object detection model. Nodes are
created through region features, and spatial-semantic edges are
formed by calculating cosine similarity between region features.
For graph processing, we employ Graph Attention Networks
(GAT) [42] with dynamic feature propagation through attention
mechanisms. The computation process is defined as follows:

αl
i,j =

exp
(
LeakyReLU

(
u�
l [W lg

l
i‖W lg

l
j ]
))

∑
k∈N (i)∪i exp

(
LeakyReLU

(
u�
l [W lgl

i‖W lgl
k]
))
(14)

gl+1
i = αl

i,iW lg
l
i +

∑
j∈N (i)

αl
i,jW lg

l
j (15)

wheregl
i denote the feature of node i at layer l, with learnable pa-

rameters W l ∈ Rd×d and ul. Initial node features g0
i = ĥ(m)ti

from input Tm.
The final representations GT = {g0, . . ., gn} and GV are

concatenated as G = [GT ;GV ]. Local description incongruity
is learned through:

f l =
1

|G|
∑
gi∈G

Softmax (giW g + bg) gi (16)

where W g and bg are learnable parameters.

D. Conflict-Based Evidence Fusion

Our fusion mechanism addresses view-specific confidence
variation in ConDi’s three incongruity features (Fig. 3(c)), where
adaptive feature selection enhances sensitivity to discriminative
clues. Building upon TMC’s [43] verification of Dirichlet dis-
tribution for confidence estimation, we adopt Subjective Logic
(SL) for multi-class uncertainty modeling. SL provides a the-
oretical framework for deriving the probabilities of different
categories (belief masses), as well as the overall uncertainty
(uncertainty mass), in multi-class classification problems. This
framework is based on the evidence gathered from the data.
Specifically, for a multi-class classification problem with K
classes, SL assigns a belief mass to each class label, along with
an uncertainty mass to the entire classification frame, based on
the available evidence. For the i-th view, all mass values are
non-negative and sum to one. The belief masses for each class
and the uncertainty mass must satisfy the following condition:

ai +

K∑
k=1

bik = 1, (17)

where ai >= 0 and bik >= 0 indicate the overall uncertainty
and the probability for the k-th class, respectively.

For the i-th view, subjective logic connects the evidence
εi = [εi1, . . ., ε

i
K ] to the parameters of the Dirichlet distribution

βi = [βi
1, . . ., β

i
K ]. Specifically, the parameter βi

k of the Dirich-
let distribution is induced from εik, i.e., βi

k = εik + 1. Then, the
belief mass bik and the uncertainty ai are computed as:

bik =
εik
Si

=
βi
k − 1

Si
, ai =

K

Si
, (18)

where Si =
∑K

k=1(ε
i
k + 1) =

∑K
k=1 β

i
k is the Dirichlet

strength.
The core challenge in multi-view fusion lies in decision

conflicts between high-confidence views, as it is difficult to
determine which view is of higher quality. Ideally, the uncer-
tainty of multi-view learning results should not decrease with the
increase in the number of views, especially when the learning
results of two views conflict. To solve this problem, we use
a conflict opinion aggregation method to complete multi-view
fusion. MSD is a binary classification task, so the Dirichlet
distribution can be simplified to a mathematically equivalent
Beta distribution. Thus, we use εik represents the output of the
final layer of the classifier for the i-th view regarding the k-th
classification result. In binary classification tasks, k ∈ {0, 1}.
Specifically, our ConDi structure includes three views {w, e, s}.
We use the output before the softmax operation of the i-th
view classifier as evidence εi. Taking views w (token-patch
incongruity) and e (entity-object incongruity) as an example,
we use the following combination rule to ensure that the quality
of the new opinion is proportional to the combined opinion:

bw,e
k =

bwk a
e + beka

w

aw + ae
, aw,e =

2awae

aw + ae
. (19)
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This combination ensures that the combined evidence εw,e can
be easily calculated:

εw,e = bw,e
k S =

bw,eK

aw,e
=

bwk a
e + beka

w

aw + ae
· a

w + ae

2awae
·K

=
bwk K

2aw
+

bekK

2ae
=

εwk + εek
2

. (20)

In this way, the final detection result can be simply written as ŷ =
εw,e,s. In addition, in order to ensure that the various perspectives
can be consistent during the training process and thus reduce
perspective conflicts, we also need to constrain it through the
loss function Lco:

Lco =
∑

p∈{w,e,s}

⎛
⎝∑

q �=p

c(p, q)

⎞
⎠ , (21)

c(p, q) = (1− ap)(1− aq) ·
∑

k∈{0,1}

|bpk − bqk|
2

, (22)

when c(p, q) = 0, it indicates that there is no conflict between
viewsp and q; when c(p, q) = 1, viewsp and q absolutely believe
in their judgments and are in conflict.

E. Optimization Objective

Contrastive learning enables the effective alignment of fea-
tures across different modalities. In this work, we construct a
contrastive learning framework in which positive and negative
examples are determined based on whether their labels match.
Specifically, within a batch, samples that share the same label as
the anchor sample are considered positive, forming the positive
sample set SP , while samples with different labels belong to
the negative sample set SN . The complete sample set within
a batch is defined as S = SP + SN . In our model, the core
focus is on capturing the incongruity between textual and vi-
sual modalities. Therefore, when constructing the contrastive
learning framework, we adopt a text-image matching approach
to derive similarity scores for both positive and negative pairs.
For k-th sample in the training set, the t → v contrastive loss is
as follows:

Lt→v
k =

1

SP

∑
i∈|SP |

− log
exp (cos(êkt , ê

i
v)/τ)∑

j∈S exp (cos(êkt , ê
j
v)/τ)

, (23)

where τ ∈ R+ is the temperature parameter. Similarly, we can
obtain v → t contrastive loss Lv→t

k :

Lv→t
k =

1

SP

∑
i∈|SP |

− log
exp (cos(êkv , ê

i
t)/τ)∑

j∈S exp (cos(êkv , ê
j
t )/τ)

. (24)

The overall contrastive loss is:

Lcl =
1

N

N∑
k=1

(
1

2
Lt→v
k +

1

2
Lv→t
k

)
. (25)

The final optimization objective for ConDi is defined as the
combination of the cross-entropy lossLce, the orthogonality loss
in (11), the credibility loss in (21), and the contrastive learning

TABLE I
STATISTICS OF DATASETS

loss in (25):

L = Lce + λ1Lor + λ2Lco + λ3Lcl, (26)

where λ1, λ2 and λ3 are hyperparameters.

IV. EXPERIMENTS

A. Datasets and Experiment Setting

We conduct experiments using the publicly available Mul-
timodal Sarcasm Detection Dataset (MMSD) [3] and MMSD
2.0 [17]. Each dataset entry comprises a text-image pair, labeled
as either sarcastic or non-sarcastic based on specific hashtags.
To further evaluate the models’ generalization capability and
their susceptibility to spurious correlations, we use SPMSD [23]
and RedEval [44] as additional test sets. The SPMSD dataset,
derived and extended from MMSD, is specifically designed to
assess models’ reliance on spurious correlations. In contrast, the
RedEval dataset, collected from the Reddit platform, serves as
out-of-distribution data for robustness evaluation. In addition,
we also use the out-of-domain task dataset FBHM [45] to test
the generalization ability in hateful meme detection. The dataset
statistics are summarized in Table I.

We employ the pre-trained CLIP2 for multimodal en-
coding. For constructing textual graphs, we use the
en_core_web_trf model in SpaCy to extract dependencies
between entities. For visual graphs, edges are added between
regions with cosine similarity exceeding 0.6. The feature dimen-
sion d is set to 768. The hyperparameters τ , λ1, λ2 and λ3 are set
to 0.07, 0.2, 0.2 and 1, respectively. The batchsize is 128. The
maximum number of OT iterations is set to 200. Optimization is
performed using the AdamW optimizer, with a learning rate of
5e-4. All experiments are conducted on a single NVIDIA Tesla
A100 GPU (80 GB). Data and code are publicly accessible on
GitHub.3

B. Baselines and Evaluation Metrics

We compare our proposed model ConDi with several base-
lines, which are broadly categorized into two groups.

Unimodal Baselines: These methods use either textual or
visual information as input: (1) Textual models: This group
includes traditional models like TextCNN [46], Bi-LSTM [47],

2[Online]. Available: https://huggingface.co/openai/clip-vit-base-patch32
3[Online]. Available: https://github.com/Remwlp/ConDi
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TABLE II
MAIN RESULTS ON MMSD DATASET FOR SARCASM DETECTION. † MEANS LORA FINE-TUNED ON THE CORRESPONDING DATASET. ‡ MEANS ZERO-SHOT

SETTING, TESTING THE MODEL DIRECTLY ON THE DATASET WITHOUT FINE-TUNING. BOLD MEANS THE BEST PERFORMANCE OF ALL METHODS

BERT [48] and RoBERTa [49]. Additionally, we include state-
of-the-art large language models (LLMs) such as Llama 3-
8B [50], Qwen 2.5-7B [51], and Phi-4-mini-3.8B [52], which
excel at text-only tasks. (2) Visual models: For visual inputs,
we evaluate baseline models like Image [3] and ViT [53].

Multimodal Baselines: These methods combine both tex-
tual and visual information: (1) Traditional multimodal mod-
els: These methods include HFM [3], D&RNet [54], Res-
BERT [10], Att-BERT [10], Att-BERT [10], ViLBERT [55],
CMGCN [32], Multi-View CLIP [17], MILNet [15], DMSD-
CL [22], G2SAM [19], and MICL [23]. (2) Multimodal large
language models: To further evaluate against cutting-edge
methods, we include MLLMs such as LLaVA 1.6-7B [56],
MiniCPM-V 2.6-8B [57], Qwen 2.5-VL-7B [58], and Gemma
3-12B [59] which are pre-trained on extensive multimodal
datasets and demonstrate strong generalization capabilities. To
provide a more comprehensive comparison, we also compare
with closed-source MLLMs such as GPT5,4 Claude Sonnet 4,5

and Gemini 2.5-flash.6

Following prior studies [15], [19], [22], we report accuracy,
precision, recall, F1-score, and macro-average metrics to com-
prehensively evaluate model performance.

4[Online]. Available: https://chatgpt.com/
5[Online]. Available: https://claude.ai/
6[Online]. Available: https://gemini.google.com/

C. Main Results

To validate the effectiveness of the proposed ConDi method,
we evaluate their performance on the MMSD dataset and MMSD
2.0 dataset. Table II shows that ConDi significantly outperforms
existing baseline methods across all metrics, achieving state-
of-the-art performance. A deeper analysis of the experimental
results leads to the following key insights: (1) ConDi exhibits
outstanding performance, achieving the best results across
most metrics. Additionally, compared to multimodal baselines,
the performance difference of ConDi’s accuracy on MMSD and
MMSD 2.0 is only 5.08%, second only to Multi-View CLIP.
This verifies the effectiveness of the multi-view incongruity
disentangled learning mechanism in resisting spurious correla-
tions. (2) Text-only methods outperform image-only methods
in sarcasm detection tasks. Taking RoBERTa as an example,
its accuracy on MMSD reaches 85.51%, while the image-only
method ViT achieves only 67.83%, with a performance gap of
17.68%. This confirms the irreplaceability of the text modality in
capturing subtle semantic patterns like irony and puns. However,
this advantage may lead to modality dependence bias, result-
ing in the complementary information of the visual modality
not being fully mined. (3) Multimodal methods outperform
single-modal methods. Multi-View CLIP achieves F1 scores of
85.55% and 84.10% on MMSD and MMSD 2.0, respectively,
showing significant improvement over single-modal meth-
ods. This phenomenon reveals the bidirectional compensation
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TABLE III
COMPARISON RESULTS ON REDEVAL DATASET (%). † MEANS LORA FINE-TUNED ON THE CORRESPONDING DATASET. ‡ MEANS ZERO-SHOT SETTING, TESTING

THE MODEL DIRECTLY ON THE DATASET WITHOUT FINE-TUNING

mechanism between the text and image modalities. The visual
modality can provide context for ambiguous or incomplete text
information, while linguistic cues can correct visual misjudg-
ments. (4) The performance gap between MMSD and MMSD
2.0 highlights the impact of spurious correlations. Taking
G2SAM as an example, its accuracy on MMSD is as high as
90.48%, but it drops sharply to 79.43% on MMSD 2.0, a decrease
of 11.05% , indicating that its learning process is seriously
disturbed by the spurious correlations of the original dataset.
Interestingly, the image-only method ViT shows a counter-trend
improvement on MMSD 2.0, which indirectly confirms that
the MMSD 2.0 dataset enhances multimodal data by filtering
noisy visual patterns. These observations further emphasize that
while multimodal methods generally outperform single-modal
methods, they are more prone to spurious correlations due to
their reliance on interactions between modalities, making them
susceptible to noise or irrelevant information. (5) LLMs and
MLLMs perform poorly under zero-shot conditions, achiev-
ing performance comparable to ViT. This clearly indicates that
the MSD task is a challenging task. Even powerful closed-source
models still fall far short of fine-tuning methods in a zero-shot
setting. Moreover, the fine-tuned LLMs (e.g. Qwen 2.5 and
Llama 3) and MLLMs (e.g. Qwen 2.5-VL and LLaVA 1.6) have
far more parameters than other baselines to achieve comparable
performance with ConDi.

The above findings comprehensively reveal the limitations of
single-modal methods, the necessity of multimodal fusion, and
the decisive impact of data bias on model generalization. These
limitations are comprehensively solved through the innovative
architecture of ConDi.

D. Performance in OOD Scenario

To validate the robustness and practical applicability of the
model in handling out-of-distribution (OOD) data, we design a
generalization experiment on the RedEval dataset and FBHM
dataset, as shown in Tables III and IV.

TABLE IV
COMPARISON RESULTS ON FBHM DATASET IN OOD SCENARIO.(%). † MEANS

LORA FINE-TUNED ON THE CORRESPONDING DATASET

OOD settings for the same task: As shown in Table III,
ConDi performs optimally across most metrics, particularly
excelling in recall, demonstrating its strong robustness and
out-of-distribution scenarios. The experimental results indicate
that models trained on the MMSD dataset generally perform
significantly worse compared to those trained on the MMSD
2.0 dataset. This demonstrates that the MMSD dataset tends to
make the model focus on domain-specific data features (par-
ticularly text modality features), leading it to overly rely on
spurious correlations. In contrast, the MMSD 2.0 dataset, after
being corrected and optimized, facilitates the model’s learning
of cross-modal interaction features, resulting in more accurate
judgments. Moreover, most baseline methods show significant
performance drops compared to main experiments. For instance,
MICL suffers over 40% metric decline when trained on MMSD.
Despite being designed to reduce spurious correlations, MICL
struggles with real OOD data. Although the performance of
LLMs and MLLMs is not outstanding under the zero-shot set-
ting, its performance does not decline significantly like other
methods, which proves its versatility in OOD scenarios. How-
ever, fine-tuned LLM and MLLM do not perform well in OOD
scenarios, and in some metrics, their performance is even worse
than the original models. This suggests that the prior knowledge
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TABLE V
COMPARISON RESULTS ON SPMSD DATASET (%). † MEANS LORA FINE-TUNED ON THE CORRESPONDING DATASET. ‡ MEANS ZERO-SHOT SETTING, TESTING THE

MODEL DIRECTLY ON THE DATASET WITHOUT FINE-TUNING

gained from large-scale pretraining possesses an antidistribu-
tion shift characteristic, while task fine-tuning may disrupt this
inherent robustness.

OOD settings for different tasks: As shown in Table IV, to
further demonstrate the generalization capability of ConDi, we
conduct transfer tests on hateful meme detection task. Specifi-
cally, we evaluate the models by training them on the MMSD and
MMSD 2.0 datasets and subsequently testing them on the FBHM
dataset. For comparison, we also include the in-distribution
results, where models are trained and tested on the FBHM
dataset. The key conclusions drawn from the results are as
follows: (1) ConDi demonstrates the strongest overall perfor-
mance and generalization ability. In the ideal in-distribution
scenario, ConDi achieves the highest accuracy and F1-score,
which proves its strong foundational capabilities on this task.
In the OOD settings, ConDi also exhibits outstanding perfor-
mance. When trained on MMSD 2.0, ConDi’s accuracy and
F1-score are significantly superior to those of other models,
showcasing its exceptional ability to learn from a source domain
and generalize to a target domain. When trained on MMSD,
although LLaVA 1.6-7B achieves a slightly higher accuracy
(58.10% vs. 56.60%), ConDi’s overall performance remains
highly competitive and ranks among the top. This indicates
that the generalization performance of ConDi is robust. (2)
All models exhibit a noticeable performance degradation in
OOD scenarios compared to the in-distribution setting. This
performance decay is observed across all compared methods,
highlighting the inherent difficulty of generalizing from one data
distribution to another and underscoring the significant impact
of the domain shift problem on model performance. (3) The
quality and relevance of training data are crucial. By comparing
the two sets of OOD results from Trained on MMSD and Trained
on MMSD 2.0, we observe that using MMSD 2.0 as the training
set generally leads to better performance on the FBHM dataset.
This may suggest that the data distribution of MMSD 2.0 is
closer to that of the target dataset FBHM, or that its data quality
and diversity are higher, thereby facilitating the model’s ability
to learn more generalizable features.

These experiments strongly demonstrate that the ConDi
model achieves state-of-the-art performance in multi-modal
tasks, both in in-distribution and challenging cross-domain
(OOD) scenarios.

E. Performance Against Spurious Correlations

To intuitively evaluate the model’s ability to handle spuri-
ous correlations, we conduct comparative experiments on the
SPMSD dataset, and the results are shown in Table V. Since
there are unimodal samples in the SPMSD data, all baselines
are multimodal models to ensure valid comparison. The experi-
ments reveal that most baseline methods experience catastrophic
performance degradation under this challenging setting, expos-
ing their excessive reliance on spurious features. Additionally,
unlike the phenomenon observed in the MMSD dataset, where
most methods have higher recall than precision, most baselines
on the SPMSD dataset exhibit higher precision than recall.
This highlights a general difference in performance indicators,
emphasizing the significant impact of different data distributions
on the decision-making process of existing models. MICL stands
out from other baseline models with its complex data augmen-
tation and can better combat spurious correlations. However,
our ConDi performs better on most metrics, indicating that
ConDi is robust to spurious correlations while maintaining the
best OOD performance. It is worth noting that MLLMs without
fine-tuning also struggle in the spurious correlation scenario, and
even perform worse than Att-BERT. These results demonstrate
that ConDi can significantly improve the reliability of dealing
with spurious correlation problems.

F. Credibility Study

To evaluate the effectiveness and credibility of the multi-view
incongruity features in different scenarios, we conduct a credi-
bility study. Taking the model trained on the MMSD dataset as
an example, we visualize the view conflicts of three incongruity
learning, as shown in Fig. 5(a). The results indicate that conflicts
of opinions indeed exist between different views, especially
the global emotion view, where conflicts are more prominent.
Fig. 5(b) shows the uncertainty of the modality disentanglement
view varies across different datasets. While the uncertainty is
low on the MMSD dataset, it increases 20% on the spurious
correlation dataset SPMSD and the ood dataset RedEval. This
further shows that focusing solely on one view is insufficient,
and information from other views is needed to obtain credible
results. In addition, we also conduct a comparative analysis of
the accuracy of different views in different data scenarios, as
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Fig. 5. Credibility study, mainly analyzes the conflict and uncertainty of
different views.

TABLE VI
EXPERIMENT RESULTS OF ABLATION STUDY (%)

shown in Fig. 6. The study includes the four datasets used in
the experiment. The results show that the modality disentangle-
ment view has high accuracy across all datasets, indicating its
effectiveness in capturing the contextual information inherent to
sarcastic samples. The global sentiment view plays a pivotal role
in detecting sarcastic samples and plays a key role in reducing
the model’s reliance on spurious correlations. Additionally, the
local description view can serve as a powerful supplement to
support or correct the judgment of the modality disentanglement
view, which is particularly evident in SPMSD and RedEval
scenarios.

G. Further Analysis

Ablation study of components: To explore the effectiveness
of each component in ConDi, we conduct ablation experiments.
The experimental results are summarized in Table VI, where
Base represents the direct connection of visual features Ĥv and
text features Ĥt. fd, fg and f l correspond to the modality
disentanglement, global sentiment, and local description incon-
gruity learning modules, respectively. c represents the multi-
view feature fusion mechanism based on view conflict. The
key findings can be summarized as follows: (1) All incongruity
learning modules significantly outperform the base model, ver-
ifying the effectiveness of multi-view incongruity modeling.
(2) The sentiment module fg shows specificity advantages on
the SPMSD dataset, effectively reducing the model’s erroneous
dependence on text. (3) f l achieves significant performance
improvement on the MMSD dataset, further verifying the key
role of local description incongruity in multimodal tasks. (4)
The credibility fusion mechanism c based on view contradiction
achieves complementary advantages of multi-view features and
improves performance.

TABLE VII
EXPERIMENTAL RESULTS OF USING DIFFERENT BACKBONE(%)

TABLE VIII
EXPERIMENTAL RESULTS OF USING EXTRA OCR DATA (%). OCR’ MEANS

USING THE OCR-TEXT EXTRACTED BY [10]

TABLE IX
EXPERIMENTAL RESULTS OF USING DIFFERENT FEATURE ALIGNMENT

METHODS (%). TRAIN TIME MEANS TRAINING TIME PER TERATION, EXTRA

#PARA MEANS THE NUMBER OF EXTRA PARAMETERS

Different backbones: In order to verify the compatibility of
ConDi with different text encoders and ensure the fairness of
the experimental results, we replace ConDi’s text encoder with
BERT and RoBERTa respectively. We compare them with the
baseline model under the same experimental environment. The
experimental results are shown in Table VII. ConDi achieves
optimal performance when using different text encoders, which
fully demonstrate the robustness of the architecture in learning
from diverse features.

OCR data: From a data perspective, we conduct ablation
experiments to verify the effectiveness of our OCR text. The
experimental results are shown in Table VIII, from which we
draw the following key conclusions: (1) Additional data does not
always improve model performance. In some cases, it may even
lead to performance degradation due to differences in data distri-
bution. Taking G2SAM+ocr’ as an example, its performance on
the SPMSD dataset is slightly improved, but its performance on
the MMSD dataset is degraded. (2) Our OCR text can improve
model performance, and all methods achieve better results on
the benchmark datasets.

Parameter scale and efficiency: To comprehensively evaluate
the parameter efficiency and training efficiency of ConDi, we
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Fig. 6. Comparison of accuracy of different views.

Fig. 7. Comparison of performance and model size of multimodal baselines.

compare the overall parameter scale and core network parame-
ters (excluding the pre-trained encoder) of ConDi with those of
baseline models in Fig. 7. For LLM models, only the parameters
introduced during the LoRA fine-tuning stage are considered.
The experimental results indicate that ConDi not only has the
smallest overall parameter scale, but its core network structure is
also extremely streamlined, with only 8.3 M parameters. Com-
pared to MICL, ConDi’s core network parameters are reduced by
nearly 90%. This demonstrates that ConDi can maintain excel-
lent performance while significantly reducing the model space
overhead by proposing a more efficient incongruity learning
structure.

Feature alignment methods: To evaluate the impact of dif-
ferent feature alignment methods on model performance, we
conduct a series of comprehensive ablation studies in Table IX.
The results first establish the performance of baseline methods:
a simple linear projection achieves an accuracy of 89.67% on
the MMSD dataset, which improves to 90.98% with a cross-
attention mechanism. Although these attention-based methods
show potential for dynamic alignment, their performance gains
are moderate. In stark contrast, OT exhibits overwhelming su-
periority, with its accuracy leaping to 92.37% after just 100
iterations, significantly outperforming all baseline models. An
in-depth analysis reveals that increasing the iterations from
100 to 200 pushes the model to its optimal state. It achieves
a peak accuracy of 93.84% and an F1-score of 92.63% on
the MMSD dataset, while also securing the best results on
the MMSD2.0 dataset. This peak performance is attained with
remarkable efficiency, as the training time per iteration only
marginally increases from 7 m 33 s to 7 m 49 s. However,
when the iteration count is further increased to 400 and 1000,
not only does the model’s performance decline, but the training
time also escalates sharply. This finding provides compelling
evidence that configuring OT with 200 iterations represents the
optimal trade-off between maximizing model performance and
controlling computational costs, making it the ideal approach
for effective feature alignment.

Disentangled feature dimension: To investigate the impact
of the disentangled feature dimension in the cross-attention

mechanism on the overall model performance, we conduct a
comprehensive evaluation to examine how varying the feature
dimension influences performance. A basic principle is that the

size of Ẑ
f

i is twice that of Ẑ
t

i, so we use the dimension of Ẑ
t

i

as the basic unit for explanation. As shown in Fig. 8, when the
feature dimension increases from 1× d to 2× d, both accuracy
and F1 score improve substantially, indicating that very low-
dimensional representations are insufficient to capture all the
critical information required for the task. However, further en-
larging the dimension from 2× d to 64× d yields only marginal
gains, with the performance curve flattening out. Notably, the
model already reaches its peak performance at 2× d, demon-
strating that relatively low-dimensional features are sufficiently
powerful to capture most of the essential semantic information
for downstream tasks. This trend is consistently observed across
all four datasets, highlighting the robustness and generality of
our conclusion.

H. Case Study

To provide an intuitive comprehension of ConDi on spurious
correlation samples, we design a case study. We use three re-
placement strategies to study the impact of spurious correlation
on the models, and the experimental results are shown in Fig. 9.
All methods can correctly judge whether the original sample is
sarcastic, but when the image is replaced with an image with
the opposite meaning of the original image, G2SAM and MICL
do not make the correct judgment. When replacing the entire
text or even just keywords, only MICL among the baselines can
correctly detect sarcasm. This shows that the performance of
existing methods is indeed constrained by spurious correlation
dependence, which seriously affects the generalization ability
of the model. While MICL shows robustness in text replace-
ment scenarios, it remains insensitive to image modifications.
DMSD-CL and G2SAM can correctly judge in some scenarios,
but still have the problem of modality bias learning. ConDi can
correctly detect sarcasm in all the above scenarios, emphasizing
its generalization ability in MSD.

I. Visualization

To intuitively demonstrate the concerns of modality disentan-
glement incongruity and local description incongruity learning,
we conduct attention visualization experiments. For modality
disentanglement incongruity, we extract the attention value of
the disentanglement attention stage, and for local description
incongruity, we focus on the attention in last layer of the GAT
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Fig. 8. Impact of disentangled feature dimension on model performance across datasets.

Fig. 9. Case studies. Img-Sub means replacing the image, Text-sub means replacing the text, and Keyword-sub means replacing the keywords.

Fig. 10. Attention Visualization. In the token-patch view, the more opaque the area, the more important it is. In the entity-object view, we only show the top 10
important boxes, and the brighter the area, the more important it is.

Fig. 11. Failure cases. The main failure cases are concentrated in the recognition of short text sarcasm samples, accounting for nearly 40% of all failure cases.

network. Fig. 10 shows that in sarcastic examples, both meth-
ods are able to focus on the inconsistent parts of the image
corresponding to the key text. In non-sarcastic examples, the
two types of incongruity learning are complementary and en-
able more comprehensive feature learning. For non-key text,
neither method identifies a specific focus area in the image.The
visualization results demonstrate that complementary learning
from different perspectives can be achieved, highlighting the
effectiveness of our ConDi.

J. Failure Cases

We conduct an analysis of failure cases of Condi for un-
covering the model’s limitations and guiding future research.
A core finding is that the model struggles with short-text
sarcasm instances as shown in Fig. 11(a). Nearly 40% of all
mispredictions are associated with inputs whose text length
is substantially shorter than the dataset average. The robust-
ness of ConDi stems from its ability to integrate incongruity
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features from three complementary perspectives. However,
when the input text is extremely short all three perspectives
suffer severe limitations. Local description view relies on syn-
tactic dependency structures to construct semantic graphs. For
short texts, meaningful syntactic structures are virtually absent,
making graph construction infeasible. Global sentiment view es-
timates sentiment polarity to assess potential conflicts. Without
sufficient context, sentiment polarity extracted at face value is
unreliable. Besides, sparse textual tokens hinder the formation
of stable alignments in modality disentanglement incongruity.
As a result, when textual information is extremely sparse,
the three views fail to provide sufficiently informative signals
for decision-making, and inter-view complementarity breaks
down. Beyond short-text challenges, we found that ConDi some-
times makes mistakes with ambiguous examples. As shown in
Fig. 11(b), many such examples exhibit inherently ambiguous
sarcasm that even human annotators may find difficult to agree
on, making ConDi’s errors unsurprising. In summary, despite
ConDi’s strong overall performance, it continues to face sub-
stantial challenges in handling short-text sarcasm. Addressing
this issue is an important avenue for future work. Promising
directions include: (1) Developing adaptive inference strategies
that shift toward vision-centric reasoning when textual signals
are weak. (2) Investigating how to transfer complex incongruity
patterns learned from long-text or high-signal samples to the
short-text setting.

V. CONCLUSION

This paper proposes ConDi, an innovative approach to learn
multi-view incongruity using disentangled learning. The ap-
proach aims to enhance model generalization while reducing
the number of model parameters, counteracting the widespread
spurious correlation problem observed in current MSD mod-
els. Specifically, we align modal features through an optimal
transport strategy and design a disentangled learning module for
learning incongruity accurately and efficiently. We consider the
global sentiment view as a key sarcastic supplementary feature.
Additionally, we analyze incongruity features for local descrip-
tion in sarcastic contexts by building a multimodal graph. To
resolve the contradiction problem generated when merging mul-
tiple views, we propose a conflict opinion aggregation method
to improve the credibility and accuracy of model judgments.
Experimental results show that ConDi not only achieves the
best performance on the MSD task with the least parameters,
but also effectively alleviates spurious correlation.
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