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Abstract—Multimodal sarcasm detection aims to identify
whether an image—text pair conveys sarcastic sentiment. Many
existing methods have achieved strong performance by model-
ing cross-modal incongruity. However, these methods typically
ignore the important role of implicit visual intent semantics
related to sarcasm, thus limiting the further improvement. To
address this limitation, we propose an Intent-oriented Hierarchi-
cal Incongruity Guidance framework(IHIG). We first leverage
a large visual-language model to generate deep visual intent
semantics. Then, we design a Hierarchical Incongruity Guidance
Module(HIGM), which first models global relationships in each
modality to obtain shallow inconsistency signals between text
and image, and deep inconsistency signals between text and
visual intent semantics. These signals further guide a three-stage
interaction and fusion process between the text graph and the
visual graph, thus sarcasm-related cross-modal incongruity is
strengthened in the graph structure, mitigating the dilution of key
cues. Finally, in the graph contrastive regularized representation
space, an adaptive Gaussian kernel-weighted prediction strategy
is employed to perform multimodal sarcasm detection. Extensive
experiments on benchmark datasets demonstrate our approach
outperforms previous state-of-the-art baselines.

Index Terms—multimodal sarcasm detection, hierarchical in-
congruity guidance, visual intent semantics

I. INTRODUCTION

Sarcasm is a rhetorical device in which the literal meaning
of an expression contradicts its sarcastic sentiment. In social
media, sarcasm is increasingly expressed through multimodal
content, where text and images jointly convey meaning. Multi-
modal Sarcasm Detection (MSD) seeks to identify sarcastic
expressions by jointly analyzing text and images from social
media posts [1]-[3]. Early studies on MSD primarily con-
centrated on graph-based modeling, InCrossMGs [4]leveraged
Graph Convolutional Networks (GCNs) to capture both intra-
and inter-modal relationships. HKEmodel [5] used GCNs to
concatenates both atomic-level and composition-level con-
gruity features. G’SAM [6] designed a framework from the
perspective of global semantic consistency based on graphs.

Beyond these graph-based approaches, many existing stud-
ies also focus on capturing cross-modal incongruity as a
key cue for MSD. DIP model [7] emphasized fine-grained
inconsistency and distinguished between emotional and fac-
tual incongruities. MIL-Net [8] combined local and global
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incongruity. MICL [9] and AMIF-Net [10] utilized multi-view,
ambiguity-aware multi-level incongruity to enhance sarcasm
detection. MMFN [11] employed cross-modal attention to
amplify incongruity cues and aggregated unimodal with fused
predictions. While these studies have recognized and exploited
cross-modal incongruity for sarcasm detection, they often lack
an explicit understanding of the visual intention embedded in
multimodal content, which is crucial for deciphering sarcastic
meaning. In such circumstances, the sarcasm information
related to visual intent semantics between modalities can easily
be obscured during the direct feature fusion process, which
may lead to the dilution of subtle sarcasm-relevant cues.

To address these limitations, we propose a novel frame-
work named Intent-oriented Hierarchical Incongruity Guid-
ance framework (IHIG), which integrates three complementary
modules, as illustrated in Fig. 1. First, the Intent-oriented Vi-
sual Semantic Interpretations (IVSI) module queries a frozen
vision—language model with carefully designed intent-oriented
prompts to extract high-level visual intent semantics. Its
core module, the Hierarchical Incongruity Guidance Mod-
ule(HIGM), integrates intent-oriented visual semantics from
IVSI into a cross-modal incongruity graph and operates in
three stages. In the first stage, shallow incongruity signals
are derived from text—-image interactions and deep incongruity
signals from text—intent interactions. In the second stage, to
capture fine-grained structural within each modality, HIGM
constructs a text graph and an image graph, and applies the
shallow and deep incongruities to emphasize sarcasm-relevant
words and regions, avoiding diluting sarcastic cues. In the
final stage, the enhanced text and image graphs are fused
into a cross-modal incongruity graph that serves as basis for
prediction. Finally, the Adaptive Gaussion Weighting Module
(AGWM) introduces graph-based contrastive learning to en-
courage samples with similar labels to form tighter clusters
in the representation space and makes predictions through
adaptive Gaussian-weighted aggregation to achieve MSD.

In summary our main contributions are as follows:

1) We propose the THIG framework and design a noval IVSI
module to extract implict deep visual intent semantics relevant
for sarcasm understanding.

2) We propose the HIGM module to exploit shallow and
deep incongruities at three stages: early detection to con-



(a)Intent-oriented Visual Semantic
Interpretations Module

(b) Hierarchical Incongruity-Guided Module

(c) Adaptive Gaussian
Weighting Module
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Fig. 1: The Overall Architecture of Our Proposed IHIG

struct incongruity-aware features, intermediate guidance to
steer cross-modal fusion, and late enhancement to emphasize
sarcasm-relevant cues in classification.

3) Experiments conducted on public datasets demonstrate
that THIG outperforms previous state-of-the-art baselines for
MSD tasks.

Our code will be available at https://github.com/msdcnn/
HIG.

II. METHODOLOGY
A. Intent-oriented Visual Semantic Interpretations Module

To obtain deeper intent semantic information from images,
we design a set of prompt templates that guide the model to
infer implict intent from multiple semantic perspectives rather
than relying on purely descriptive outputs. Specifically, we
approach visual intention inference from four perspectives:
critical analysis, subjective summary, affective atmosphere
perception and objective entity overview as visualized in
Table 1.

Each input image [ is paired with a prompt P}, where
k € {1,2,3,4} denotes one of four distinct semantic perspec-
tives. The prompt-image pair is then fed into a frozen vision-
language model LLAVA [12] to generate an intent-oriented
visual semantic interpretation Cl;:

Cp=LLM(I,P), (1)

where C), represents the generated deeper semantic informa-
tion reflecting the inferred visual intent under perspective k.
Then, we evaluate all four prompts and name the visual intent

semantics that yields the strongest performance as C' in the
multimodal sarcasm detection task.

B. Hierarchical Incongruity-Guided Module

For a given original text 7" and the generated visual intent
semantics C', we first use a pre-trained BERT-base model [13]
to obtain contextualized token-level embeddings e; € RF+*4
and ¢, € RE<*4 | respectively, where L; and L. are sequence
length, d is hidden size. For image I, we utilize a pre-trained
ViT [14] to obtain patch-level feature e, € R »Xd where N,
is the number of image patches.

TABLE I: Prompt Templates from Different Perspectives

Prompt ID  Perspective Prompt Template

Examine this image for any contrasts, contradictions, or
unusual elements.Based on these visual inconsistencies,
what intent or implied stance do you infer the author is
deliberately expressing through the image?
How do you interpret the image in this tweet? Beyond the
literal message, what underlying communicative
intention do you infer the tweeter aims to convey

through this visual content?

Analyze this image, including the potential mood, emotions of

Pf;, Affective the people, and the overall atmosphere. How do these affective
7/, Atmosphere ~ cues contribute to an implicit communicative intent or
ironic implication suggested by the image?
Identify and list only the most essential entities (people, objects,
IN setting) in this image briefly and concisely. Based on these key
4 objective 7 / / Z 7
I 4: entities and their configuration, what intended inference or
entity communicative purpose do you believe the creator wants

the viewer to draw?




Then, to measure the relations for sentimental cues of each
modality, We use Graph Attention Networks (GAT) [15] to
further process e; and e, into the token-level textual graphs
features T, and the region-level visual graphs features Vj
for the text and image modalities, respectively. Specifically,
following HKEmodel [5], we treat text tokens as graph nodes
and employ relations between words extracted via spaCy2
as edges. For the visual graphs, we establish edges between
object regions according to the cosine similarity scores of their
representations.

In order to achieve explicit and hierarchical modeling of
incongruity between image and text pairs, we have developed a
three-stage approach that leverages cross-modal inconsistency
to guide sarcasm prediction.

Early Incongruity Detection: To quantify cross-modal
semantic inconsistency, we construct inconsistency features
by integrating global relationships. Shallow inconsistency D,,;
is formed from the vector differences between images and
text, while the implicit meanings that are difficult for images
to convey are represented with visual intent semantics, and
the vector differences between these and the text form deep
inconsistency D;:

Dy = [ht; s |
Dct = [ht h'c;

hi = hyl] s )
|h’t - h'c” 9 (3)

where [;] denotes concatenation, the global average pooled
features h;, h,, and h. are generated from the text features
e¢, image features e,, and visual intent semantic features e.,
respectively.

Intermediate Incongruity-Guided Fusion: To mitigate
noise in feature alignment, incongruity features are introduced
into text and image graph-structured features to guide the
enhancement of fine-grained graph-structured features:

V,' = Vy + ReLU (WyDy; +by) ,
T, = T, + ReLU (WyDet + by) ,

“
&)

where T, and V, are both graph-baesd features, and W, €
R?*3 and by € R? are learnable parameters.

Late Incongruity-Enhanced Classification: To ensure that
sarcasm-relevant incongruities are effectively involved in the
final classification stage, we employ incongruity features to
dynamically adjust cross-modal differences to generate more
targeted incongruity-enhanced features, as formalized below:

Dy = o(MLP (Dut)) © [hy =, (6)
D., = o(MLP (D)) ® |ht — hel. )

where ¢ (-) denotes the sigmoid function, and M L P represents
a two-layer feed-forward network with ReLU activation.

To further improve the discriminability of the model, we
incorporate both fused multimodal features and incongruity-

enhanced features to form an enhanced representation:
€T = [zfused;D;t;Dét]7 (8)

where @ fys0q is the feature fused via a cross-modal Trans-
former [16] and [;] denotes concatenation.

C. Adaptive Gaussian Weighting Module

This module extends the conventional nearest-neighbor clas-
sification paradigm by density-aware adaptive Gaussian kernel
weighting. Given a test sample and a set of training samples
{(iz,y,)}f\f:l where y; is the label of training samples. We
first select the top-k nearest neighbors based on Euclidean
distance. To quantify the reliability of the neighborhood, the
Gaussian kernel width is dynamically adapted to the local
feature density, the adaptive kernel width is computed as:

o =09 (1 + sigmoid((,ud - 0.5),0)),

where g is the base kernel width, j4 is the mean distance of
neighbors estimating local dispersion, and p is the reciprocal
of the distance standard deviation representing an estimate of
density.

Finally, the prediction score is obtained by a Gaussian-
kernel weighted combination of neighbor labels:

2
k eXp( sy )y,
=2 Y
=1 Z] 1 €XP (_Z’%)

where d; and d; are the distance between the test and top-k
nearest neighbors training samples.

©

(10)

D. Loss Function

We train the multimodal graph fusion model by minimizing
the cross-entropy loss L¢e to optimize the sarcasm detection
following prior work [1]. To further enhance representation
learning, we also apply graph contrastive loss L] to encourage
features of the same class to be closer:

exp (h;/ h; /1)

Z ° X sexp (b hy /) v

where h; denotes the normalized feature of sample 7, h:“ and
h; are its positive sample and negative sample, respectively,
and 7 is the temperature. Therefore, The total loss is:

L= Lo+ AL, 12)

where A is a hyper-parameter to balance different losses.

III. EXPERIMENTAL SETUP
A. Dataset and Implementation Details

The primary experiments were carried out using the pub-
licly accessible MMSD dataset [1]. Following the original
split, the training set, validation set, and test set with the
ratio of 80%:10%:10%. We also utilize the enhanced dataset

TABLE II: The Statistics of Multi-modal Sarcasm Detection
Benchmark Datasets

MMSD/MMSD2.0 Training Validation Testing
Sarcastic 8642/9572 959/1042  959/1037
No-Sarcastic 11174/10240  1451/1368  1450/1372
Total 19816/19816  2410/2410  2409/2409




TABLE III: Performance Comparison on MMSD and MMSD?2.0 Datasets

Modality Method MMSD MMSD2.0
Acc(%) Pre(%) Rec(%) F1(%) Acc(%) Pre(%) Rec(%) F1(%)
TextCNN [18] 80.03 74.29 76.39 75.32 71.61 64.62 75.22 69.52
Text SMSD [19] 80.90 76.46 75.18 75.82 73.56 68.45 71.55 69.97
Bi-LSTM [20] 81.90 76.66 78.42 77.53 72.48 68.02 72.39 70.05
BERT-Base [13] 83.85 78.72 82.27 80.22 78.35 74.24 72.13 73.17
Tmage ResNet [21] 64.76 54.41 70.80 61.53 65.50 61.17 54.39 57.58
ViT [14] 67.83 57.93 70.07 63.40 72.02 65.26 74.83 69.72
HFM [1] 83.44 76.57 84.15 80.18 70.57 64.84 69.05 66.88
Att-BERT [3] 86.05 80.87 85.08 82.92 80.03 76.28 77.82 77.04
InCrossMGs [4] 86.10 81.38 84.36 82.84 - - - -
HKE [5] 87.36 81.84 86.48 84.09 76.50 73.48 71.07 72.25
Multi-View CLIP [17] 88.33 82.66 88.65 85.55 85.64 80.33 88.24 84.10
Multi- DIP [7] 89.59 87.76 86.58 87.17 85.32 81.76 85.94 83.79
Modality DMSD-CL [22] 88.95 84.89 87.90 86.37 - - - -
MILNet [8] 89.50 85.16 89.16 87.11 - - - -
G2SAM [6] 90.48 87.95 89.02 88.48 - - - -
DSP-GCN [23] 90.97 88.28 89.56 88.91 87.22 82.20 88.15 85.07
MoBA [24] 88.40 82.04 88.31 84.85 85.22 79.82 88.29 84.11
MMEN [11] 89.31 82.88 90.16 86.71 86.82 81.04 88.72 84.71
THIG(Ours) 91.53(x0.22) 88.95(+0.56) 90.51(+0.49) 89.72(+0.52) 88.32(x0.49) 83.91(+0.61) 88.74(+0.32) 86.33(+0.63)

MMSD2.0 [17], which addresses the shortcomings of the
MMSD dataset by removing spurious cues and reassessing
reassessing unreasonable samples. Detailed data are shown in
Table 1II.

In our experiments, we extract 49 regions for visual graph
modeling, connecting those with cosine similarity over 0.6.
The fusion module uses 6 self-attention layers. We use the
Adam optimizer during training, where the learning rate is
set to 2e-5, weight decay to Se-3, batch size to 64. To avoid
overfitting, early stopping with a patience of 5 is implemented.
In graph contrastive learning, 7 is fixed at 0.07. The base
kernel width oq is set to 0.5 and the number of neighbors &

TABLE IV: Comparisons of Different Methods on MMSD
With the Macro-Scores

Modality Method MMSD

Macro-Pre(%) Macro-Rec(%) Macro-F1 (%)

TextCNN [18] 78.03 78.28 78.15

Text SMSD [19] 80.87 78.20 79.51

Bi-LSTM [20] 80.97 80.13 80.55

BERT-Base [13] 81.31 80.87 81.09

Image ResNet [21] 60.12 73.08 65.97

ViT [14] 65.68 71.35 68.40

HFM [1] 79.40 82.45 80.90

Att-BERT [3] 80.87 85.08 82.92

CMGCN [20] 87.02 86.97 87.00

InCrossMGs [4] 85.39 85.80 85.60

Multi- HKE [5] 81.84 86.48 84.09

modality KnowleNet [25] 88.83 88.21 88.51

DIP [7] 88.46 89.13 89.01

DMSD-CL [22] 88.35 88.77 88.54

MILNet [8] 88.88 89.44 89.12

G2SAM [6] 89.44 89.79 89.65

MMEN [11] 88.07 89.93 88.99
IHIG(Ours) 90.73(+0.35)  91.07(x0.19)  90.88(+0.22)

used in the AGWM module is set to 20, which is determined
through the analysis in Fig. 3.

B. Comparison Models

To fully validate the performance of IHIG, We compare it
with the following baselines.

Text-based methods: TextCNN [18] is a convolutional
neural network designed for text classification. SMSD [19]
employs an enhanced co-attention to capture text incongruity.
BiLSTM [26] employs bidirectional long short-term memory
networks for text classification and BERT-Base [13] is a pre-
trained model for text classification.

Image-based methods: ResNet [21] employs pooling-layer
image embeddings for sarcasm detection. ViT model [14]
adopts a pre-trained vision transformer.

Multi-modal methods: HFM [1] applies hierarchical fu-
sion of text, image and image attributes. Att-BERT [3]
adds attention mechanisms for MSD. InCrossMGs [4] uses
heterogeneous graphs to capture ironic expressions. HKE
[5] assesses consistency at atomic and combinatorial levels.
Multi-view CLIP [17] uses multi-grained cues by multiple
perspectives. DIP [7] models incongruity from factual and
affective perspectives. MILNet [8] introduces a tripartite graph
structure to identify multimodal incongruities. G?’SAM [6] de-
signs a novel paradigm by using graph-based global semantic
awareness. DMSD-CL [22] proposes a debiased contrastive
learning framework. MMFEN [11] uses multi-task CLIP and
multi-granularity fusion. KnowleNet [25] employs a knowl-
edge fusion network for MSD. DSP-GCN [23] adopts dual
synergetic perception graph convolutional networks. MoBA
[24] leverages a mixture of bidirectional adapters for MSD.



TABLE V: Performance of Different Variants on MMSD and
MMSD2.0 Datasets

. MMSD MMSD2.0

Variants

Acc FI  AAcc AF1 Acc Fl AAcc AFI

IHIG 91.53 89.72 - - 88.32 86.33 - -

w/o Dt 88.63 86.42 -290 -3.30 85.61 83.66 -2.71 -2.67

w/0 Dyt 89.46 87.14 -2.07 -2.58 86.20 84.07 -2.12 -2.26

w/o HIGM 90.60 83.38 -0.93 -1.34 86.16 83.96 -2.16 -2.37

w/o AGWM 89.72 87.71 -1.81 -2.01 86.84 8441 -1.48 -1.92

w/o Ly 90.56 88.00 -0.97 -1.72 87.22 85.00 -1.10 -1.33

IV. EXPERIMENTS AND ANALYSIS
A. Main Results

To evaluate the performance of IHIG, we compare our
model against following strong baselines on both the MMSD
and MMSD2.0 datasets. As shown in Table III , text-based
models generally outperform image-based models because the
emotion-related information implicit in images is not fully
utilized, while text contains comparatively more emotion-
related information. In addition, multimodal models that in-
tegrate text and images further enhance the performance of
sarcasm detection. However, relying solely on the superficial
features of text and images also limits the improvement of the
model. In contrast, our approach introduces an understanding
and inference of the deeper emotional intentions implicit in
images, and explicitly models inconsistencies with the text
modality to capture more subtle sarcastic cues, significantly
improving the effectiveness of sarcasm detection. Compared
with the previous state-of-the-art work MMFN [11] on MMSD
dataset, accuracy has increased by more than 2%, precision has
improved by over 6%, and the F1 score has risen by more than
3%, demonstrating the effectiveness of our method.

Table IV further compares THIG with competitive multi-
modal baselines and shows that it achieves improvements
of 23.7% and 7.68% in accuracy compared with the state-
of-the-art text-based and image-based models, respectively.
Furthermore, compared with state-of-the-art multimodal mod-
els, IHIG surpasses the state-of-the-art method, achieving a
substantial improvement of 1.89% macro-F1, which indicates
that IHIG not only excels on dominant categories but also
performs more reliably on minority or subtle sarcastic cases.
Since there are fewer baselines for Macro-Score on MMSD?2.0,
only the results on MMSD are shown.

As shown by the results of our model IHIG in Tables III
and Table IV, we further conducted statistical significance
tests, which demonstrate that IHIG significantly surpasses the
baseline model on most of the assessment metrics (p - value <
0.05). Notably, standard deviations remain below 1% across all
evaluation metrics, indicating that the improvement is stable.

B. Ablation Study

In order to evaluate the effectiveness of different compo-
nents, we conduct an ablation study on both MMSD and
MMSD2.0 datasets, with the results presented in Table V.

i 88.43 Accuracy
P4 90.77 F1-Score
87.92
P3 90.31
89.72
P21 91.53
88.40
P1g 90.73
1 1 1 1 1
84 86 88 90 92 94
Score (%)

Fig. 2: Performance of Different Prompt Templates on MMSD
Datasets

The results show that removing (w/o D.;) that models the
inconsistency between the implicit visual intent semantic and
text, as well as removing (w/o D,,) that models the incon-
sistency between images and text, both lead to a decrease of
more than 2% in Accuracy and F1 scores, and the former
decreases more than the latter. This observation indicates that
implicit semantic intent derived from images provides richer
emotional and sarcastic information than raw visual features,
thereby enabling more efficient utilization of implicit visual
intent information and text for inconsistency modeling. When
the Hierarchical Incongruity Guidance Module(w/o HIGM) is
removed and only the implicit visual intent semantics are
concatenated with the text, a performance decline can be
observed, indicating the important contribution of HIGM. In
addition, when the Adaptive Gaussian Weighting Module (w/o
AGWM) is removed, the performance exhibits a consistent
decrease, demonstrating that AGWM also effectively improves
the overall model performance. Finally, we observe that re-
moving the contrastive learning loss module also leads to a
certain decline in performance, as it influences the prediction

93
92 91.53%
91
90
89 89.55%
88
87

—— Accuracy
F1 Score

Scores (%)

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
The number of neighbors k

Fig. 3: Performance of Different £ in AGWM on the MMSD
Dataset



ability of the AGWM module by pulling positive samples
closer together.

C. Impact of Different Prompts Templates

To investigate the effect of different prompt designs for
MSD, we evaluate model performance using four candidate
intent-oriented prompt templates. Each prompt guides the
vision-language model LLAVA [12] to generate a semantic
interpretation under a distinct perspective as introduced in
Section II-A. For each prompt, we evaluate different prompt
templates on the validation set using Accuracy and Fl-score.
As shown in Fig. 2, the results exhibit significant differences
across different prompt designs, indicating that prompt formu-
lation has a substantial impact for MSD. Notably, P2 achieves
the best overall performance which is intended for subjective
summary. Consequently, we choose P2 as the prompt template
for our experiments.

D. Impact of Neighbor Numbers k in AGWM

As illustrated in Fig. 3, although the performance is influ-
enced by different neighbor numbers, the variation remains
relatively small and consistently high performance over a
broad range, confirming the robustness of AGWM. When k is
too small, the local neighborhood information is insufficient,
leading to unstable feature aggregation. Conversely, overly
large k introduces redundant or noisy neighbors, which dilutes
the discriminative signals for MSD. When &k = 20, the model
achieves the best performance, which indicates that AGWM
achieves the optimal balance between information and noise.
Therefore, we adopt k = 20 as the default AGWM setting in
all subsequent experiments.

V. CONCLUSION

This paper presents an intent-oriented hierarchical incon-
gruity guidance framework for MSD by leveraging visual
intent semantics generated from a large vision-language model
to derive shallow and deep inconsistency signals, which ex-
plicitly enhance cross-modal incongruity modeling and more
effectively guide sarcasm prediction. Experimental results on
benchmark datasets demonstrate consistent improvements over
previous state-of-the-art methods, confirming the effectiveness
of explicitly incorporating visual intent semantics into incon-
gruity construction. Future work will consider extending this
paradigm to broader multimodal understanding tasks.
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