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Abstract

Multi-modal sarcasm detection (MSD) identi-
fies sarcasm and accurately understands users’
real attitudes from text-image pairs. Most
MSD researches explore the incongruity of text-
image pairs as sarcasm information through
consistency preference methods. However,
these methods prioritize consistency over incon-
gruity and blur incongruity information under
their global feature aggregation mechanisms,
leading to incongruity distortions and model
misinterpretations. To address the above is-
sues, this paper proposes a pioneering incon-
sistency preference method called incongruity-
aware tension field network (ITFNet) for multi-
modal sarcasm detection tasks. Specifically,
ITFNet extracts effective text-image feature
pairs in fact and sentiment perspectives. It
then constructs a fact/sentiment tension field
with discrepancy metrics to capture the con-
textual tone and polarized incongruity after
the iterative learning of tension intensity, ef-
fectively highlighting incongruity information
during such inconsistency preference learn-
ing. It further standardizes the polarized incon-
gruity with reference to contextual tone to ob-
tain standardized incongruity, effectively imple-
menting instance standardization for unbiased
decision-making in MSD. ITFNet performs
well in extracting salient and standardized in-
congruity through an incongruity-aware tension
field, significantly tackling incongruity distor-
tions and cross-instance variance. Moreover,
ITFNet achieves state-of-the-art performance
surpassing LLaVA1.5-7B with only 17.3M
trainable parameters, demonstrating its optimal
performance-efficiency in multi-modal sarcasm
detection tasks.

1 Introduction

Sarcasm is a widely used implicit expression in
which the real attitude conflicts with the literal
meaning (Gibbs, 1986). The incongruity between
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Figure 1: Schematic diagram of incongruity distortion.
Here, the color difference reflects the degree of incon-
gruity between features (f1, f2). Graph-based methods
average aggregate neighbor features through their con-
nected edge. Attention-based methods aggregate global
features through their attention weights. The outputs
illustrate the blurring of incongruity information com-
pared to the inputs.

real attitude and literal meaning is a crucial clue
for identifying sarcastic intent (Joshi et al., 2015).
Multi-modal sarcasm detection has extensive ap-
plications in social media monitoring and manage-
ment, intelligent interactive systems, news dissem-
ination, public opinion analysis, etc. With the de-
velopment of social media, Multi-modal sarcasm
detection has garnered significant attention in aca-
demic research and application (Kolchinski and
Potts, 2018; Desai et al., 2022).

The key challenge of multi-modal sarcasm detec-
tion is mining feature incongruities across various
modalities to identify sarcastic intentions. Existing
methods can be mainly divided into graph-based
methods and attention-based methods. Graph-
based methods use prior knowledge to build static
graph structures and mine the semantics of graph
nodes through information aggregation to model
incongruities. For example, CMGCN (Liang et al.,
2022) built cross-modal graphs to extract senti-
ment incongruities, and InCrossMGs (Liang et al.,
2021) used a hierarchical graph to extract multi-
modal incongruities. However, graph-based meth-
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ods may distort features’ inherent incongruity due
to the similarity graph and the neighbor node ag-
gregation, as shown in Figure 1. Attention-based
methods learn the dependencies between features
and abstract high-level semantics to model incon-
gruities. For example, Cai et al. (2019) utilized
cross-attention to guide hierarchical modality fu-
sion, and (Xu et al., 2020) modeled semantic as-
sociations by cross-attention. However, attention-
based methods may harm features’ inherent incon-
gruity due to the global feature aggregation based
on the similarity attention weights, as shown in Fig-
ure 1. To sum up, graph-based and attention-based
methods use similarity operations between feature
points to model implicit incongruities, leading to
incongruity distortion problems and misinterpreta-
tion performance in multi-modal sarcasm detection.
Therefore, we collectively refer to them as con-
sistency preference learning methods. This work
focuses on an incongruity-specific learning method
for multi-modal sarcasm detection tasks.

This paper proposes an Incongruity-aware Ten-
sion Field Network (ITFNet) to implement an
inconsistency preference learning through an
incongruity-aware tension field based on discrep-
ancy metrics for addressing the incongruity distor-
tion. Specifically, ITFNet utilizes a fact-sentiment
multi-task feature learning module to extract fact
and sentiment features from text-image data. In
the fact/sentiment features branch, ITFNet obtains
polarized incongruity and contextual tones through
iterative learning with tension intensity. It then
standardizes the incongruity with reference to con-
textual tone. ITFNet effectively addresses the in-
congruity distortion and cross-instance variance for
efficient performance of multi-modal sarcasm de-
tection tasks. The state-of-the-art performance on
the widely-used dataset demonstrates the superi-
ority of ITFNet in multi-modal sarcasm detection
tasks.

The main contributions of our paper can be sum-
marized as follows:

* To our knowledge, ITFNet is a pioneering incon-
sistency preference method for multi-modal sar-
casm detection tasks. It implements incongruity
representation learning via the incongruity-aware
tension field based on discrepancy metrics, tack-
ling incongruity distortions inherent in consis-
tency preference methods.

» This paper designs an innovative tension field
for the salient and standardized incongruity ex-

traction. It iteratively extracts contextual tone
and polarized incongruity and standardizes them
into standardized incongruity, mitigating cross-
instance variance in MSD tasks.

* ITFNet achieves superior accuracy 3.38% over
LLaVA1.5-7B with only 17.3M trainable param-
eters. The SOTA performance demonstrates op-
timal performance-efficiency in multi-modal sar-
casm detection tasks.

2 Related work

Multi-modal sarcasm detection.

Some multi-modal sarcasm detection methods
distinguish sarcastic samples from non-sarcastic
ones based on sample-level feature differences.
DIP (Wen et al., 2023) leverages a Gaussian distri-
bution to model uncertain correlations. KnowleNet
(Yue et al., 2023) detects sarcasm by assessing se-
mantic similarity at the sample level. DMSD-CL
(Jia et al., 2024) constructs sarcastic—non-sarcastic
sample pairs and employs contrastive learning to
detect sarcasm. G2SAM (Wei et al., 2024) utilizes
graph contrastive learning for sarcasm detection.
MICL (Guo et al., 2025) integrates multi-view in-
congruities via contrastive learning for multi-modal
sarcasm detection.

The main-stream multi-modal sarcasm detec-
tion methods mine fine-grained feature-level incon-
gruities to detect and understand sarcasm. Graph-
based methods can use prior knowledge to con-
struct static similarity graphs to extract features.
CMGCN (Liang et al., 2022) built cross-modal
graphs to extract sentiment incongruities. InCross-
MGs (Liang et al., 2021) used distinct GCNs
to extract multi-modal incongruities. Attention-
based methods can extract task-relevance features
through similarity attention weights. HFM (Cai
et al., 2019) utilized cross-attention to guide hierar-
chical modality fusion. D&RNet (Xu et al., 2020)
modeled semantic associations by cross-attention.
Att-Bert (Pan et al., 2020) and Multi-View CLIP
(Qin et al., 2023) employed distinct attention to ex-
tract multi-modal incongruities. FSICN (Lu et al.,
2024), AMIF (Li et al., 2025), DynRT-Net (Tian
et al., 2023), and MuMu (Wang et al., 2024b) also
use an attention variant mechanism to detect incon-
gruity.

The differences and advantages of ITFNet and
the above methods are as follows. (1) Most of the
above methods model incongruity through consis-
tency preference methods, leading to incongruity
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Figure 2: Overview of our framework. (I) Multi-task feature learning module extracts fact and sentiment features
for the following fact-sentiment tension field network; (II) Fact/Sentiment tension field performs inconsistency
preference learning to capture polarized incongruity and contextual tone. It then standardizes polarized incongruity
with reference to contextual tone for each instance to obtain standardized incongruity. (IIT) Perspective fusion
module (PFM) integrates the standardized incongruities of fact and sentiment perspectives for prediction.

distortion, as shown in Figure 1. ITFNet is an
inconsistency preference method that specifically
captures incongruities between features through an
incongruity-aware tension field based on discrep-
ancy metrics. (2) ITFNet uses tension intensity
as a discrepancy metric, considering comprehen-
sive discrepancy. The tension intensity between a
feature pair is defined as follows:
7}iafj = (fl - fj)2
= Ifillz + I f5ll2 = 2[f:ll fslcos(fi, £5)
= (Ifillz + 1 f5ll2 = 21 fll £51) + 21 £l f51(X = cos(fi, £3))
(fil = 1£:D? + 21fill f51(1 = cos(fi, £)),

) @

M
where 4, j represent the i-th and j-th features.
The tension intensity measures the degree of incon-
gruity between the feature points. The first term is
the square of the feature modulus difference and
reflects the sensitivity of feature scale discrepancy.
Large-scale features often refer to extreme facts
or intense sentiment, an important component of
satirical expressions with a sense of absurdity. The
second term reflects the sensitivity of feature angle
discrepancy. Features with large angle differences
may indicate a sarcastic expression of positive and
negative contrast.

3 Proposed method

Incongruity-aware Tension Field Network (ITFNet)
is proposed to implement inconsistency preference
learning via the incongruity-aware tension field

based on discrepancy metrics for addressing incon-
sistency distortions and obtaining efficient perfor-
mance in multi-modal sarcasm tasks. The frame-
work of ITFNet is shown in Figure 2. ITFNet is
mainly composed of three procedures: 1) a fact-
sentiment multi-task feature learning module ex-
tracts fact and sentiment features for the follow-
ing fact-sentiment tension field network; 2) in
fact/sentiment feature branch, a tension field per-
forms inconsistency preference learning to capture
polarized incongruity and contextual tone; it then
standardizes polarized incongruity with reference
to contextual tone for each instance to obtain stan-
dardized incongruity; 3) a perspective fusion mod-
ule (PFM) integrates the standardized incongruities
of fact and sentiment perspectives for prediction.
The details are as follows.

3.1 Fact-Sentiment Multi-task Feature
Learning Module

Fact incongruity refers to the incongruity between
factual semantic information in multi-modal data.
For instance, the description "Bombay Dyeing just
found an accessory for their 6x6 bedsheets collec-
tion" for a woman in a floor-length dress creates a
fact incongruity. The metaphorical comparison to
a bedsheet satirizes the impracticality and extrava-
gance of the dress.

Sentiment incongruity refers to the incongruity
between dissatisfaction and a positive manner. For
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instance, the statement "What a wonderful day!"
alongside an image of a rainy day produces a senti-
ment incongruity. The word "wonderful” expresses
a positive sentiment, but the rain in the image
shows a negative impression.

The fact-sentiment multi-task feature learning
module leverages multi-task learning to extract fact
and sentiment text-image features for the follow-
ing fact-sentiment tension field network. It mainly
consists of fact text-image feature extraction and
sentiment text-image feature extraction.

Given a sample (7', I) includes a text and an
image, the text encoder maps 1" into word-level
embeddings ey € R™*? and the image encoder
transforms I into patch-level embeddings e; €
R™*d_where d is the feature dimension. n and m
stand for feature channels, and we denote (n +m))
asr.

Fact Text-Image Feature Extraction obtains
refined fact text-image features via Yolo-task. First,
the fact projection layer PF projects the image em-
beddings ey into fact image features fIF and projects
the text embeddings e into fact text features fE,
where the superscript capital letter F stands for fact
perspective here and in the following context.

To highlight the factual properties of this multi-
modal fact feature space SF € R"*? composed
of fact text-image features, we utilize the object
detection model Yolo to annotate the image and
construct a Yolo-task for the fact projection layer.
Specifically, Yolo queries the input image and then
gets the pseudo labels y¥' € [0, 1]¥, where k is the
number of object categories that Yolo can detect
inherently. We use the fact image features to predict
the pseudo labels, and the binary cross-entropy loss
is formalized as follows:

k
L= _Z (vilogg(f7)i + (1 —yi)log(1 — g(fr):)) ,

(@3]
where g(-) represents the fully connected layer and
1 represents the ¢-th object category.

Sentiment Text-Image Feature Extraction ob-
tains effective sentiment text-image features via
SenticNet-task. First, the sentiment projection
layer PS projects the text embeddings er into senti-
ment text features f% and projects the image embed-
dings e; into sentiment image features f7, where
the superscript capital letter S stands for sentiment
perspective here and in the following context.

To highlight the sentimental properties of this
multi-modal sentiment feature space S5 € R™*¢

composed of sentiment text-image features, we sim-
ilarly utilize the widely used sentiment dictionary
SenticNet to construct a SenticNet-task for the sen-
timent projection layer. Specifically, it queries the
input text for a continuous sentiment polarity vec-
tors yS € [—1,1]", where n denotes the number of
tokens and yZS = 0 indicates no sentiment match.
We use the sentiment text features to predict the
sentiment polarity vectors, and the mean squared
error is formalized as follows:

n

> w5 - g(£8):)%, 3)

i=1

oS-t
n

where g(-) represents the fully connected layer and
1 represents the ¢-th word.

3.2 Fact-Sentiment Tension Field Network

Most multi-modal sarcasm detection methods prior-
itize consistency over incongruity and suffer from
incongruity distortion and misjudgment of incon-
gruity. Meanwhile, variations in sarcasm basic
strength across instances due to the context further
hinder reliable multi-modal sarcasm detection with
incongruity information.

In the gravitational field’s differential force
mechanism, weaker tidal gradients facilitate cluster-
ing, while strong gradients induce repulsion (Brill
and Wheeler, 1957). Inspired by this concept,
this paper designs an incongruity-aware tension
field based on discrepancy metrics to implement
inconsistency preference learning for addressing
incongruity distortion and obtain standardized in-
congruity for multi-modal sarcasm detection. The
tension field comprises a polarization-aggregation
tension field block and a tone-reference incongruity
standardization module.

For incongruity learning of fact and sentiment
perspectives, we show the details of the tension
field in the following with a multi-modal feature
space S € R"*? is either multi-modal fact feature
space ST or multi-modal sentiment feature space
SS. Any pair of features in multi-modal feature
space S is denoted as (f;, f;), where ¢ and j repre-
sent the ¢-th and j-th feature.

3.2.1 Polarization-Aggregation Tension Field
Block

Polarization-aggregation tension field block per-
forms inconsistency preference learning via iter-
ation of N polarization-aggregation tension field
units (PATFUs) to capture significant sarcasm infor-
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mation for the following tone-reference incongruity
standardization.

Polarization-Aggregation Tension Field Unit.
To quantify the incongruity information of sarcasm
inherent across all features, it is essential to con-
struct a tension field. PATFU calculates the tension
intensity between all pairs of features using the dis-
crepancy metrics. The tension intensity between
features f; and f; in the tension intensity matrix 7’
is formalized as follows:

Ti; = (fi— fi)* )

This tension intensity forms the foundation of the
tension field. A higher tension intensity indicates a
greater degree of incongruity between features f;
and f;, while a lower tension intensity implies that
the features are relatively consistent.

The degree of attraction and repulsion between
features needs to be determined based on their ten-
sion intensity. PATFU maps the tension intensity
matrix into an interaction weight matrix W. The
interaction weight between features f; and f; is
calculated by:

e Tij

- D p—g € T

At this stage, PATFU negatively modulates the ten-
sion intensity. Hence, high weights indicate that the
feature pair is relatively consistent and has a strong
attraction, while low weights do the opposite.

Next, the composite effect can be calculated ac-
cording to the interactions across all features. The
resulting representation f} for feature f; under the
composite effect is :

Wi, 5)

fi:fz’+ZWijfj- (6)

=0

The second term calculates the composite effect of
all features on feature f;. It reflects the deviation
direction and intensity of feature f; compared to the
original. Thus, the interactions across all features
lead to the following representation set:
F={fi,- fi, fr} (7
The tension field forms a new distribution under
the composite effect of each feature. Consistent
features tend to cluster together, with each cluster’s
prototype representing contextual tone information.
In contrast, incongruous features are polarized to

reveal significant incongruity information and alle-
viate the incongruity distortion.

Given that the tension field may exhibit complex
incongruity patterns that are crucial to capturing the
subtle nuances of sarcasm, PATFU uses a nonlinear
field space transformation to effectively model and
resolve these complex feature relationships, which
is formalized as:

F=g(F), (®)
where g(-) represents the fully connected layer.
Iterations. Iteration of N PATFUs perform in-
consistency preference learning to obtain polarized
incongruity I and contextual tone C. The explicit
capture is formalized as:

L= h(fi ) ©)

arg max(f?’prsXs T;;

C=3 fir
=1

where (f, f;) is the feature pair with the highest
tension intensity in the multi-modal feature space
S after the iteration. ¢ stands for the i-th feature.
The polarized incongruity is the fusion result of
the feature pair through the star operator A(-, -) as
a key local sarcasm clue(Ma et al., 2024). It mea-
sures the most significant degree of incongruity at
the feature level. The contextual tone represents
the instance-specific global factual semantics or
sentiment. It measures the differences in sarcasm’s
basic strength across instances and provides a ref-
erence for incongruity standardization.

(10)

3.2.2 Tone-Reference Incongruity
Standardization

Tone-reference incongruity standardization stan-
dardizes significant incongruity to solve the prob-
lem of sarcasm basic strength differences between
instances and enable a fair comparison of incon-
gruity information for generalized multi-modal sar-
casm detection. Specifically, we standardize polar-
ized incongruity with reference to contextual tone
for each instance through adaptive learning by the
neural network, which is formalized as:

I=yg(1,0)), (11)

where I is the standardized incongruity, (-, -) rep-
resents the concat operator and g(-) represents the
fully connected layer. We obtain standardized in-
congruity information to improve model perfor-
mance for reliable multi-modal sarcasm detection.
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3.3 Perspective Fusion Module and Prediction

PFM aims to integrate the standardized incon-
gruities of fact and sentiment perspectives as the
total evaluation F, which is formalized as:

E = (1519, (12)
where (-,-) represents the concat operator. IF
and IS stand for fact standardized incongruity and
sentiment standardized incongruity, respectively.
ITFNet then inputs the total evaluation and predicts
the sarcasm label. The total loss function balances
the contributions of the fact-related loss, sentiment-
related loss, and prediction loss:

L=alf +arl’+ (1 —2a)Lr, (13)

4 Experiment

4.1 Dataset and evaluation metrics

We conduct experiments on the publicly available
MMSD1.0 dataset (Cai et al., 2019), MMSD?2.0
dataset (Qin et al., 2023), DMSD dataset (Jia et al.,
2024). Each sample in the dataset consists of text-
image pairs. Samples expressing sarcasm are la-
beled as positive, and those without sarcasm are
labeled as negative. Following previous works (Cai
et al., 2019; Xu et al., 2020; Liang et al., 2022),
we report accuracy, precision, recall, and F1-score
results for evaluation.

4.2 Implementation details

We used the CLIP ViT-B/32 model (Radford et al.,
2021) with frozen parameters for unified token-
level image and text feature extraction. We em-
ployed YOLO v10-s with frozen parameters (Wang
et al., 2024a) for the fact feature extraction. The
ITFNet was trained using AdamW with a learning
rate set to le-4, weight decay at le-4, and « at
7.5%, over ten epochs.

4.3 Baseline models

To evaluate the performance of ITFNet, we com-
pare it against several state-of-the-art baselines, cat-
egorized into image-modality, text-modality, and
multi-modal methods.

Image-modality methods: ResNet (Cai et al.,
2019), ViT (Dosovitskiy, 2020).

Text-modality methods: Bi-LSTM (Graves and
Schmidhuber, 2005), SIARN (Tay et al., 2018),
SMSD (Xiong et al., 2019), BERT (Kenton and
Toutanova, 2019), RoBERTa (Qin et al., 2023).

Multi-modal methods: HFM (Cai et al., 2019),
InCrossMGs (Liang et al., 2021), CMGCN (Liang
et al., 2022), Att-BERT (Pan et al., 2020), DIP
(Wen et al., 2023), KnowleNet (Yue et al., 2023),
FSICN (Lu et al., 2024), Mumu (Wang et al.,
2024b), AMIF (Li et al., 2025), Multi-view CLIP
(Qin et al., 2023), DMSD-CL (Jia et al., 2024),
G2SAM (Wei et al., 2024), MICL (Guo et al.,
2025), DynRT-Net (Tian et al., 2023).

The details of these methods have been described
in the related work section. Furthermore, we cite
the performance of MLLM models (LLaVA1.5 and
LLaVA1.5-VIDR) as reported by Tang et al. (2024),
who performed LoRA-based PTFT on the training
set of MMSD1.0 and MMSD?2.0 dataset.

4.4 Main Result

MMSD1.0 Dataset. Table 1 presents the result
on MMSD1.0. We have the following observa-
tions: (1) Compared with uni-modal methods,
multi-modal methods perform better due to more
comprehensive sarcasm information from multiple
modalities. (2) ITFNet with frozen feature extrac-
tor (17.3M parameters) achieves the best perfor-
mance and defeats the dominant multi-modal large
language models (Tang et al., 2024). ITFNet ex-
ceeds LLaVA1.5-7B by 3.8% in accuracy and has
an extremely low number of trainable parameters.
This demonstrates that ITFNet captures significant
and standardized incongruities as sarcasm infor-
mation and effectively addresses the incongruity
distortion through the iterative inconsistency pref-
erence learning to obtain efficient performance in
multi-modal sarcasm detection tasks.

MMSD2.0 Dataset. Table 2 presents the re-
sult on MMSD2.0. We have the following obser-
vations: (1) Compared with the general model,
ITENet with frozen feature extractor (17.3M pa-
rameters) achieves the best performance. This illus-
trates that ITFNet is a reliable model. (2) ITFNet
can surpasses the 7B multi-modal large language
model (Tang et al., 2024) through full fine-tuning,
which shows the large potential of ITFNet.

DMSD Dataset. Table 3 presents the result on
DMSD. We have the following observations: (1)
DMSD is an OOD test set, and DMSD-CL is a
method based on positive and negative sample con-
trast learning, which is very robust (Jia et al., 2024).
(2) ITFNet addresses the cross-instance variance
through the standardization of incongruity with ref-
erence of contextual tone and achieves the best
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Modality Model Acc(%) Binary-Average Macro-Average
P(%) R(%) F1(%) | P(%) R(%) F1(%)
Image Rfesnet 64.76 5441 70.80 61.53 | 60.12 73.08 65.97
ViT 67.83 5793 70.07 6343 | 6569 7135 68.40
Bi-LSTM 81.90 76.66 7842 77.53 | 8097 80.13  80.55
SIARN 80.57 75.55 75770 75.63 | 80.34 7881 79.57
Text SMSD 80.90 7646  75.18 75.82 | 80.87 7820 79.51
BERT 83.85 78.72 8227 80.22 | 81.31 80.87 81.09
RoBERTa 93.97 90.39 9459 9245 | - - -
HFM 86.63 83.84 84.18 84.01 | 8624 86.28 86.26
InCrossMGs 86.10 81.38 8436 82.84 |8539 8580 85.60
CMGCN 87.55 83.63 84.69 84.16 |87.02 8697 87.00
Att-Bert 86.05 78.63  83.31 8090 | 80.87 85.08 82.92
DIP 89.59 87.76  86.58 87.17 | 88.46 89.13  89.01
KnowleNet 88.87 88.59 84.18 86.33 | 88.83 88.21  88.51
DMSD-CL 88.95 84.89 8790 8637 | 8835 8877 88.54
Multi-modal AMIF 90.10 86.55 89.68 88.09 | - - -
G2SAM 90.48 8795 89.02 88.48 |89.44 89.79  89.65
FSICN 90.55 89.93 89.51 89.72 |90.16 90.42 90.29
Multi-view CLIP 88.33 82.66 88.65 8555 |- - -
MuMu 90.73 88.81 8844 88.62 | 9043 90.37 90.40
MIL-Net (RoBERTa+ViT) 89.50 85.16 89.16 87.11 | 88.88 89.44 89.12
MICL (RoBERTa+ViT) 92.08 90.05 90.61 9033 |91.85 91.77 91.81
DynRT-Net (RoBERTa+ViT) 93.59 93.06 93.60 9331 | - - -
LLaVA1l.5 (MLLM-7B) 93.67 93.70 93.14 9340 | - - -
LLaVA1.5-VIDR (MLLM-7B) | 89.97 89.26 89.58 8942 | - - -
ITFNet 92.04 90.21 90.30 90.25 | 91.75 91.77 91.76
ITFNet (RoBERTa+ViT) 97.05* | 99.45* 93.29 96.27* | 97.51* 96.47* 96.92*

Table 1: Model performance on MMSD1.0 dataset. Results with x denote the significance tests of our ITFNet over
the baseline models in the same area at p-value < 0.01. The best results are highlighted in boldface, while the

second-best results are underlined.

performance on DMSD-CL. This shows the adapt-
ability and robustness of ITFNet.

4.5 Ablation Study

We conducted an ablation study to assess the im-
pact of each module of the ITFNet with frozen
CLIP as a feature extractor on MMSDI1.0 and
MMSD2.0, as shown in Table 4. First, the absence
of FISN and SISN also led to performance degra-
dation. It supports the motivation that detecting
sarcasm from both fact and sentiment perspectives
is more comprehensive.

Ablating the tension field greatly decreased per-
formance, which illustrates that the incongruity-
aware tension field plays a critical role in ITFNet.
The fact/sentiment tension fields capture signifi-
cant incongruity information through inconsistency
preference learning and obtain standardized in-
congruity for unbiased decision-making in multi-
modal sarcasm detection.

ITFNet without IF, IS means only the consensus
extraction channel is enabled in the tension field of

both the FISN and SISN. It performs well since the
contextual tone is the mean of the global feature
space. However, it is still lower than the com-
plete model by 1.56% in accuracy and 1.69% in F1
score on the MMSD1.0 dataset, and by 2.22% in
accuracy and 3.18% in F1 score on the MMSD2.0
dataset.

ITFNet without C¥, CS means only the incon-
gruities extraction channel is enabled in the tension
field of both the FISN and SISN. Its performance
is slightly worse than the previous one because
the polarized incongruity is a local clue. Moreover,
this supports the motivation that cross-instance vari-
ance about sarcasm basic strength harms reliable
multi-modal sarcasm detection and demonstrates
the necessity of the reference function provided by
contextual tone for incongruities.

4.6 Analysis

Optimal Settings Exploring. In this section,
we experiment to determine the optimal settings
for ITFNet. Figure-3a presents the performance
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Modality Model Acc(%) | P(%) | R(%) | F1(%)
TextCNN 71.61 64.62 | 7522 | 69.52
Text BiLSTM 72.48 68.02 | 68.08 | 68.05
SMSD 73.56 68.45 | 71.55 | 69.97
Image ResNet 65.50 61.17 | 5439 | 57.58
ViT 72.02 65.26 | 74.83 | 69.72
HFM 70.57 64.84 | 69.05 | 66.88
Att-Bert 80.03 76.28 | 77.82 | 77.04
CMGCN 79.83 75.82 | 78.01 | 76.90
HKE 76.50 73.48 | 72.07 | 72.25
DynRT-Net 71.40 71.80 | 72.17 | 71.34
Multi-modal | Multi-view CLIP | 84.72 - - 83.64
(Frozen)
Multi-view CLIP | 85.64 80.33 | 88.24 | 84.10
(Full Finetuned)
LLaVAL.5 85.18 85.89 | 8520 | 85.11
LLaVA1.5-VIDR | 86.43 87.00 | 86.30 | 86.34
ITFNet (Frozen) | 85.83 80.58 | 88.30 | 84.26
ITFNet  (Full | 86.73* 81.08 | 88.03* | 84.41
Finetuned)

Table 2: Model performance on MMSD2.0 dataset. Re-
sults with * indicate the statistical significance of our
ITFNet over the baseline models in the same area at
p-value < 0.05. The best results are highlighted in bold-
face, while the second-best results are underlined.

Modality | Model Acc(%) | P(%) | R(%) | F1(%)
TextCNN 3725 | 3730 | 3671 | 36.58
Toxt BiLSTM 3450 | 3320 |32.77 | 3294
BERT 2125 | 2222 | 2228 | 2125
ROBERTa 29.50 | 28.07 |27.34 | 27.64
Image ResNet 2825 | 2787 | 27.04 | 2736
ViT 2200 | 2253 | 2136 | 2155
Res-BERT 2075 | 21.62 | 20.77 | 20.60
Att-Bert 2825 | 2750 | 2646 | 26.69
Multiomodal | HKE 3750 | 37.90 | 3736 | 37.04
CMGCN 3425 | 3552 | 3522 | 3420
DMSD-CL 70.25 7041 | 71.34 | 69.96
ITFNet 7575 76.81* | 71.72% | 72.53*

Table 3: Model performance on DMSD dataset. Results
with * indicate the statistical significance of our ITFNet
over the baseline models at p-value < 0.05. The best
results are highlighted in boldface, while the second-
best results are underlined.

of ITFNet with a frozen feature extractor on
MMSD1.0, varying the iteration count N. When N
equals O, ITFNet’s incongruity-aware tension field
remains inactive. Increasing N from O to 1 yields a
dramatic performance boost, with accuracy rising
by 4.15% and F1 score by 4.23%. This jump con-
firms that inconsistency preference learning works
effectively. Further increases in N continue to en-
hance both accuracy and F1 score, demonstrating
that iterative learning based on discrepancy met-
rics gradually captures significant incongruity in-
formation for sarcasm detection. However, when
N exceeds 4, accuracy begins to decline, likely
due to instability from over-aggregation of consis-
tent features and over-polarization of incongruous
features.

ITFNet with different backbones. Since ITFNet

MMSD1.0 MMSD2.0
Ablation settings Acc(%) F1(%) \ Acc(%) F1(%)
w/o FISN 91.23 90.87 | 84.75 82.44
w/o SISN 91.28 90.89 | 84.37 82.12
w/o Tension fields 85.34 84.51 74.94 72.76
wio IF IS 90.48 90.07 | 83.61 81.08
wlo CF, CS 90.29 89.73 | 82.98 81.02
ITFNet (Complete) | 92.04  91.76 | 8583  84.26

Table 4: Ablation study results.

leverages an existing advanced model to construct
a Yolo-task for extracting multi-modal fact fea-
tures, we conducted an experiment to investigate
the impact of different backbones on ITFNet’s
performance. Figure-3b shows the performance
of ITFNet with a frozen feature extractor on
MMSDI1.0, varying the backbone. According to
public information, Fast R-CNN with Resnet 50
has parameters of 41.3M, Yolo v5-X has parame-
ters of 87.7M, Yolo v10-N has parameters of 2.3M,
Yolo v10-X has parameters of 29.5M, and Yolo
v10 has parameters of 7.2M. Overall, models from
the Yolo v10 series serve as stronger backbones for
ITENet. However, the performance range across
different backbones does not exceed 0.49%. Addi-
tionally, ITFNet using Yolo v10-S as the backbone
has 75.59% fewer parameters than Yolo v10-X, yet
achieves 0.21% and 0.24% higher accuracy and F1
score, respectively. This experiment demonstrates
that ITFNet generalizes effectively, with its per-
formance remaining independent of any specific
backbone architecture.

(a) ITFNet with varying itera- (b) ITFNet with varying back-
tion count N. bone.

Figure 3: Performance under different settings.

Case study. We provide a case study to illus-
trate the effectiveness of inconsistency preference
learning, as shown in Figure 4. These cases ob-
scurely convey sarcastic intentions, which hinder
the model from identifying the true label. Despite
this, ITFNet correctly captures the sarcastic clues
in three cases. In contrast, our reproduced Att-
BERT model (Pan et al., 2020), which is a con-
sistency preference method for modeling implicit
incongruities, failed to detect sarcasm in the sec-
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ond and third cases. This proves our effectiveness
in capturing explicit incongruities through the in-
consistency preference method. The ITFNet of
the ablation tension field failed to detect sarcasm
in none of the three cases, highlighting the criti-
cal role of the incongruity-aware tension field in
capturing significant incongruity information.

Case Result

@ . Label: ITFNet:
= P me reflecting | parcasm)=1 || p(sarcasm)=0.86
=

B

WO, ] on the

["fbker [ 11 % Att-BERT: w/o Tension Field:
;:rﬂ,{'/,-\s‘!‘ 3 weekend . p(sarcasm)=0.62 p(sarcasm)=0.39

thanks for the [ Label: M
% math # cocacola |_P(Sarcasm=1

¥
Smh - # . Att-BERT: w/o Tension Field:
advertisinggenius p(sarcasm)=0.25 | p(sarcasm)=0.11

ITFNet:
p(sarcasm)=0.91

. Label: ITFNet:
Is this you? p(sarcasm)=1 || p(sarcasm)=0.76
#Monday
#SameOld

Att-BERT: w/o Tension Field:
p(sarcasm)=0.27 | p(sarcasm)=0.13

Figure 4: User study for sampled instances. Label
stands for ground truth. ITFNet is our model.

5 Conclusion

This paper proposes that ITFNet perform inconsis-
tency preference learning through an incongruity-
aware tension field based on discrepancy metrics to
address incongruity distortion and cross-instance
variance in multi-modal sarcasm tasks. ITFNet
utilizes a fact-sentiment multitask feature learning
module to extract fact and sentiment text-image fea-
tures. In the fact/sentiment feature branch, ITFNet
presents a tension field to capture significant and
standardized incongruity information. Experimen-
tal results show ITFNet attains state-of-the-art per-
formance.

Limitations

This work demonstrates the effectiveness of our
inconsistent preference methods in multi-modal
sarcasm detection. Moreover, inconsistency is crit-
ical in areas such as rumor detection, where some
conventional approaches that model inconsistency
through consistency extraction may lead to distor-
tion. Although our approach shows significant po-
tential, it has not yet been used across different
applications. In future work, we aim to extend our

inconsistent preference methods to a broader range
of domains.
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