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Abstract—With the exponential growth of user-generated on-
line videos, multimodal sarcasm detection has recently attracted
widespread attention. Despite making significant progress, there
are still two main challenges: 1) previous works primarily relied
on word-level feature interactions to establish relationships be-
tween inter-modality and intra-modality, which could potentially
lead to the loss of fundamental emotional information. 2) they
obtained the incongruity information only interacted with textual
modality, which may lead to the neglect of incongruities. To
address these challenges, we propose a novel utterance-level
incongruity learning network (ULIL) for multimodal sarcasm
detection, where the multimodal utterance-level attention (M-
ULA) and incongruity learning network (ILN) are the two core
modules. First, we present M-ULA to interact with utterance-
level multimodal information, complementing word-level fea-
tures. Furthermore, ILN selects primary modality and auxiliary
modality automatically, and leverages cross-attention and self-
attention to learning incongruity representations. We conduct
extensive experiments on public datasets, and the results indicate
that our proposed model achieves state-of-the-art performance in
multimodal sarcasm detection.

Keywords—multimodal sarcasm detection, utterance-level at-
tention, incongruity learning

I. INTRODUCTION

Sarcasm is a sophisticated form of linguistic expression
where the intended meaning often contrasts with the literal in-
terpretation [1]. This implicit emotional expression poses sig-
nificant challenges for natural language processing tasks such
as sentiment analysis and opinion mining. Previous sarcasm
detection methods have primarily focused on text modality
for classification task [2], [3]. However, the proliferation of
user-generated online videos presents both opportunities and
challenges for multimodal sarcasm detection.

Recently, some works have conducted multimodal sarcasm
detection by capturing incongruity between modalities, includ-
ing textual, visual and audio. Castro et al. [4] first extracted
each modality feature and then fused them through early
fusion. Chauhan et al. [5] combined the inter-segment inter-
modal attention representation and intra-segment inter-modal
attention representation for multitasking. Wu et al. [6] con-
structed a scare mechanism to acquire incongruity information
based on word-level. Despite these advances, multimodal sen-
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timent feature extraction remains a challenging problem. First,
relying solely on word-level features is insufficient to capture
the complex interplay between modalities. Second, incongruity
information may occur on arbitrarily inter-modality and intra-
modality. Thereby, just exploring incongruity information from
textual with other modalities may cause a loss of comprehen-
sive inconsistent information.

To address the issues mentioned above, we present a
Utterance-Level Incongruity Learning Network (ULIL) for
multimodal sarcasm detection, which comprises two core mod-
ules, namely multimodal utterance-level attention (M-ULA)
and incongruity learning network (ILN). M-ULA is a novel
multimodal information interaction and feature fusion module
that can thoroughly explore complex inter-modal and intra-
modal relationships. ILN is a novel incongruity representation
network that performs comprehensive multimodal sarcasm
detection. Specifically, ILN first dynamically determines the
primary modality based on its contribution to the detection task
and then hierarchically fuses the auxiliary modalities via cross-
attention and self-attention mechanisms to efficiently obtain
the most useful incongruity information.

In summary, the main contributions of our work are sum-
marized as follows:

« We propose a novel utterance-level incongruity learning
network for multimodal sarcasm detection. The core
module is multimodal utterance-level attention (M-ULA)
which relies on utterance-level to extract unimodal and
multimodal features and effectively explore the complex
interrelationships present in multimodal data.

o To capture the incongruity information, we design an
incongruity learning network (ILN) which consists of pri-
mary modality choosing, cross attention mechanism and
self-attention mechanism to explore sufficient incongruity
information.

o We conduct extensive experiments and comparisons on
public dataset to demonstrate the superiority of the pro-
posed method. Furthermore, we perform ablation experi-
ments to demonstrate the rationality and necessity of the
proposed approach.
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Organization The rest of the paper is organized as follows.
A general exploration of textual modality and multimodal
sarcasm detection methods are given in Section II. Section III
describes the ULIL framework. The fundamental experimental
setup is depicted in IV. Following, the extensive results and
analysis are show in V. Ablation studies are discussed in
Section VI. Finally, Section VII concludes the proposed model.

II. RELATED WORK

A. Textual Modality Sarcasm Detection

Sarcasm detection in the textual modality has long been
a research focal point in natural language processing. Early
research relied on rule-based methods [7], [8] and feature
engineering-based machine learning methods [9], [10] to rep-
resent incongruous emotional expressions. However, with the
evolution of neural networks, deep learning methods like CNN
[11], RNN [12], and GNN [3] have found widespread appli-
cation in textual sarcasm detection. In recent years, Tay et al.
[2] explored an attention-based neural model which attempts
to acquire contrast and incongruity information. Xiong et al.
[13] proposed a self-matching network to capture sentence
incongruity by discovering word-to-word interactions. Lou and
Liang et al. [3] first leveraged Graph Convolutional Network
to draw a long-range incongruity pattern by modeling the
affective and dependency features information. Nonetheless,
manual graph construction can potentially lead to some errors.
To alleviate this limitation, Wang et al. [14] adopted an iter-
ative augmenting affective and dependency graph architecture
to learn the incongruity graph structure interactively.

B. Multimodal Sarcasm Detection

With the rapid growth of online media, data modalities have
become increasingly diverse, leading researchers to incorpo-
rate vision and audio modalities in addition to text modalities
for multimodal sarcasm recognition. As for multimodal sar-
casm detection involving textual and visual modalities, Cai et
al. [1] created a public dataset and proposed a fusion model
by fusing text features, image features and image attributes to
address the task. Liang et al. [15] constructed a crossmodal
graph for each text and region to draw the sentiment relations
between textual and visual modalities directly. Qiao et al.
[16] explored a local and global incongruity learning network
to seek underlying consistency between textual and visual
modalities. As for multimodal sarcasm detection involving
textual, visual and audio tri-modalities, Castro et al. [4] argued
that incorporating multimodal cues can enhance automatic
sarcasm detection. Thereby they constructed a trimodal public
dataset. Chauhan et al. [5] concatenated the inter-segment
inter-modal attention representation and intra-segment inter-
modal attention representation for multi-tasking. Wu et al. [6]
adopted incongruity aware attention network which focuses on
word-level to detect sarcasm by score mechanism.
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III. PROPOSED METHOD
A. Problem Statement

Multimodal sarcasm detection uses valid information from
different modalities to judge potential inconsistencies. In this
research, three modalities sequences including text I; € REt,
acoustic I, € RZ= and visual I, € REv are used as source
data. Furthermore, we consider multimodal sarcasm detection
as a binary classification task, where three sequences are taken
as input, and sarcasm is the final prediction.

B. Overall Architecture

As illustrated in Fig. 1, our proposed utterance-level in-
congruity learning network for multimodal sarcasm detection
method consists of three layers. For the utterance-level fea-
ture extraction layer, to capture richer effective information
from both intra-modality and inter-modality, we first use the
unimodal encoder and utterance-level attention to obtain text,
audio and vision features respectively. Then we leverage multi-
modal utterance-level attention (M-ULA) to acquire interacted
fusion features. For the incongruity learning network layer, we
first need to determine the primary modality, then employ a
cross-attention mechanism to capture the inconsistency infor-
mation, and finally employ self-attention mechanism to obtain
the enhanced inconsistency information. For the prediction
layer, the multimodal sarcasm label is predicted through a
softmax classifier.

C. Utterance-Level Feature Extractions

a) Unimodal Feature Extractions: This module includes
three main functions: token-level unimodal feature extraction,
alignment and utterance-level feature representation. For the
textual modality, we employ a pre-trained BERT-base model
to encode the input textual tokens into word embedding. For
audio and vision modalities, referring to previous work, we
take advantage of Long Short-Term Memory(LSTM) to extract
the initial features, which are denoted as:

I] = BERT(I;)
I' = LSTM(I,) (1)
I = LSTM(I,)

where [} € REsxds | f € {t a,v}, Ly is the feature length
and d¢ represents the feature dimension.

Moreover, we deploy a 1-dimensional convolution layer and
a scale layer to align the dimension of feature vectors space,
which is denoted as:

Xy = Scale(Conv([})) (2)

where Scale(f) = HLGWI’
2

that we standardize the dimensions of feature spaces from
different modalities through convolution layer and scale, that
is dt = da = du.

Token-level feature interaction may lead to missing vital
sentiment information. Therefore, we employ utterance-level
attention(ULA) to learn the distinctive properties of unimodal
modality. Nonetheless, the unimodal ULA module can only

Xy € REsxds 1t is worth noting
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Fig. 1. The architecture of the proposed utterance-level incongruity learning network (ULIL) for multimodal sarcasm detection. At the bottom is the utterance-
level feature extraction layer, which can extract unimodal features and interact with multimodal features by the Multimodal Utterance-Level Attention(M-ULA)
module on the right. In the middle is the incongruity learning network layer, which can obtain incongruity information via cross-attention and self-attention.

explore internal relationships within the single modality. We
extract unimodal features as input and obtain the utterance-
level features representation is:

Hy = ULA(X/) 3)

where Hy € R?. The unimodal ULA is a simplified version
of the M-ULA. For detailed information, refer to the next
section. Hence, we first acquire utterance-level features Uy
through token-level features X ;. Subsequently, we can obtain
the updated features H; from each unimodal ULA.

Hjy = Linear(|U}, Ave(X})]) S

b) Multimodal Feature Extraction: The main task of
this module is to learn complex relationships of inter-modal,
interact with multimodal information and gain the fusion
feature representations with multimodal ULA. We feed X,
X, and X, into the M-ULA and learn the fusion multimodal

feature representation:
Hm - ULA(XtaX(uXu) (5)

The architecture of M-ULA is illustrated on the right
of Fig.1. We design multimodal utterance-level attention(M-
ULA) to explore complex intra-modal and inter-modal inter-

ISBN 979-11-88428-12-0

actions. We aim to learn a more enriched multimodal fused
feature representation with abundant emotional information.

We take three token-level unimodal features (X;, X,, X,)
as input and gain their utterance-level features represent (Uy,
U, U,). We employ attention computation to establish fully
connected correlations among these six emotion features and
finally obtain the updated features represented by fusing. For
the textual modality, we utilize the first vector of X; as Uy,
corresponding to the [CLS] token in BERT. For the audio and
vision modalities, we can derive their initial utterance-level
features by applying an average function. Next, we concatenate
these six features to obtain the fused features:

X = |UtaUaaUU7XtaXaaXv| 6)

where X,,, € RG+LetLatlo)xd and |.| denotes concatenation
function.

During the training process, the utterance-level features
of the three modalities interact with different feature in-
formation based on the attention scores (att;;), enabling
their dynamic updates. We first learn the query(Q) =
WX, key(K) = Wi X, and value(V) = W, X,,, where
Q/K)V € RGtLitLatlo)xd and TW; are the weights,
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f € {t,a,v}. Therefore, the formula for the attention matrix
of multimodal features is:

attention; ; = Q x K" (7

where attention,; ; € R and i,j € [1,3 4+ Ly + L, + Ly).

Considering the impact of padding data on feature represen-
tation, we have devised a mask matrix M. It sets the positions
of actual words and utterances to zero, while the positions
of padding data are set to —oo. The resulting attention score
matrix is derived as follows:

att_score = Softmax(attention; ; + M) )

The updated multimodal feature representations X/, €
RG+Le+Latlo)xd are obtained using the residual function:

X, = att_scorexV + X,, )

Then, we split the interactive features into two sets,
utterance-level features (U/, U, U) and token-level features
(X], X!, X!). We independently weight and sum the three
learnable token-level features with weights W;, W, W,,
obtaining the fused token-level feature values F'_token. Next,
by taking the average, we obtain the global token feature
D _token, which is further fused with the utterance-level
features to generate fusion features D,,. Eventually, after
passing through several linear layers, we obtain the multimodal
features representation H,:

H,, = Linear(D,,)
= Linear(|U{, U, U, Ave(F _token)|)
= Linear(|U{,U., U/, D_token|)
where H,, € RY, F_token = W, X| + W, X! + W, X/.

(10)

D. Incongruity Learning Network

a) Primary Modality Selecting: To assess the modality
inconsistency, it is essential to first identify the primary
modality. Referring to [17], we automatically assign weight
values based on the varying contributions of each modality
for sarcasm detection, with a higher contribution leading to a
higher weight value. We update the weight values in each
training batch while maintaining the sum of all trainable
weight values equal to 1. We obtain the primary modality P
and auxiliary modalities A, As, As.

b) Incongruity Learning by cross-attention: In order
to obtain incongruity from primary modality and auxiliary
modalities, we leverage the cross-attention(CMA) mechanism
to acquire interacted auxiliary modalities:

A} = CMA(4y — A;)) @ CMA(A3 — A))
14~2 = CMA(/II — 142) (&) CMA(AP, — 142)
/ig = CMA(/Il — Ag) S CMA(AQ — /Ig)

Subsequently, we can obtain the interacted primary modality
representations:

(1)

t

i, = CMA(4; — P)
Ps, = CMA(A; — P) (12)
', = CMA(A; — P)
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c) Incongruity Learning by self-attention: We concate-
nate interacted primary modality ]5~1, 15,42 and 15~3, and
then we employ a self-attention(SA) mechanism to identify
its salient components as the ultimate primary modality rep-
resentation:

Ky Ay A :SA(PA'l@PA2@PA3) (13)

In the end, we obtain the multimodal inconsistency repre-
sentation by concatenating auxiliary modalities A;, As, A3
and primary modality Pj £ 4,

7z = WlAl D WQAQ S5 W3A~3 > pA"1A'2A”3 (14)

where Wy, Wy and W3 are the weight trainable parameters,
which are learned by the modal itself to adjust the amount of
auxiliary information to be extracted.

E. Multimodal Sarcasm Classification

The task of multimodal sarcasm detection is to predict the
label y € {sarcasm, non-sarcasm}. Therefore, the ultimate
utterance-level incongruity representation is passed through a
fully connected layer with a softmax activation function to
produce a probability distribution y in the multimodal sarcasm
decision space:

y = softmax(W,Z + b,) (15)
where W, and b, are trainable parameters.

IV. EXPERIMENT

A. Dataset

TABLE I
DATASETS STATISTICS

Fr BBT TGG Sa total
Sarcasm 152 140 39 14 345
Non-sarcasm | 204 140 1 0 345
total 356 280 40 14 690

We evaluate our proposed model on the public multimodal
sarcasm detection benchmark dataset! MUStARD published
by [4]. The dataset comprises 690 utterances (345 sarcas-
tic examples and 345 non-sarcastic examples) sourced from
famous TV shows such as Friends (Fr), Big Bang Theory
(BBT),The Golden Girls (TGG), and Sarcasmaholics (Sa). The
detailed statistics of the experimental dataset are presented in
Table 1. Following [4], [6], We also evaluated our model in two
experimental settings. One is the speaker-independent setup,
where utterances collected from the Friends are used as testing
data, and the remaining utterances are used for training data.
The other is a speaker-dependent setup, where the dataset is
split into five parts. In each of the five iterations, the i-th part
is used as the testing, while the rest is used for training. As a
result, we obtained five datasets.

Uhttps://github.com/soujanyaporia/MUStARD
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TABLE II
COMPARISON RESULTS OF DIFFERENT METHODS FOR UNIMODAL AND MULTIMODAL SARCASM DETECTION
. Speaker-Dependent Speaker-Independent
Modality | Method | p oo ol Recall(%)  Flescore(%) | Precision(%)  Recall(%)  Fl-score(%)
SMSD 61.6 61.0 61.1 51.7 48.2 47.0
T MIARN 64.7 64.0 63.9 60.4 55.2 54.0
BERT 67.5 66.9 66.8 58.2 56.7 57.0
RAVEN 69.1 67.5 67.1 53.8 50.4 49.7
LSTM(A) 67.3 66.7 66.3 56.7 54.1 54.0
TAV MFEN 70.1 69.6 69.7 66.0 62.5 62.4
e EF-Concat 71.2 70.8 70.8 64.3 63.1 63.3
TIAIE 72.1 71.6 72.0 66.0 65.5 65.6
IWAN 75.2 74.6 74.5 71.9 71.3 70.0
T,AV ULIL 76.9 76.1 76.5 73.1 72.6 72.8

B. Baselines

To comprehensively evaluate the performance of our pro-
posed model (ULIL), we compared it with the baselines in
the following modality including Text modality models and
Trimodal models.

Text modality models (T):

o SMSD [13]: investigating a self-matching network and a

low-rank bilinear pooling method to extract incongruity.

o MIARN [2]: adopting a multi-dimensional intra-attention
recurrent network to capture textual incongruity.

o BERT [18]: is a pre-trained model and achieves state-of-
art methods in many natural language processing tasks.

Trimodal models (T, A, V):

o RAVEN [19]: uses nonverbal sub-networks and gated
modality-mixing network to shift word representations.

o« LSTM(A) [20]: captures word-level multimodal features
by the gated multimodal embedding LSTM with temporal
attention.

e MFN [21]: considers and dynamically models interac-
tions between modalities within a neural architecture over
time.

o« EF-Concat [4]: is an utterance-level multimodal sarcasm
detection method by SVM classifier.

o TAIE [5]: exploring inter-segment inter-modal attention
and intra-segment inter-modal attention to fuse the mul-
timodal features.

« IWAN [6]: is an incongruity-aware attention network
which focuses on word-level incongruity between three
modalities by a scoring mechanism.

C. Settings

Evaluation Metrics: Following previous work [6], we
report the weighted precision, recall and FI-scores to evaluate
the performance of baselines and our model.

Implementation Details: Our proposed method is im-
plemented by PyTorch [22] and all of the experiments in
the paper are employed on the NVDIA Tesla V100 GPU.
The hyperparameters are the same for the two experimental
configurations. The proposed ULIL uses the Adam optimizer.
The learning rate is set to 0.001. The batch size is set to 32.
To mitigate overfitting, we set the dropout rate to 0.1. We set
the dimension of the feature space after convolution to 300.
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V. RESULTS AND ANALYSIS

The comparative evaluation experiment results of our pro-
posed model and all baselines are shown in Table II. We
can draw the following conclusions: 1) Our proposed ULIL
outperforms existing baselines on all metrics, confirming the
effectiveness of our model in multimodal sarcasm detection. 2)
All of the trimodal sarcasm detection approaches are superior
to just text modality detection methods, demonstrating the
complementarity of text, image, and audio modalities, thereby
enhancing the performance of sarcasm detection. 3) All models
exhibit lower performance in the speaker-independent setup
compared to the speaker-dependent one. This is attributed to
the absence of speaker overlap between the training and testing
sets in the speaker-independent configuration, making it more
challenging than the speaker-dependent setting. 4) In both
the speaker-dependent and speaker-independent settings, our
model ULIL achieves an Fl-score value that is 2% and 2.8%
higher than the most recent baseline IWAN, respectively.

In summary, the experimental results validate the superi-
ority of the proposed ULIL model for multimodal sarcasm
detection. The performance improvement can be attributed
to the advancement of ULIL. First, in the feature extraction
layer, it not only extracts unimodal features at the utterance
level but also fuses multimodal features at the utterance level.
Second, it utilizes cross-attention and self-attention to extract
information about inconsistency between modalities, leading
to more accurate sarcasm detection.

VI. ABLATION STUDIES

To further analyze our proposed model and assess the neces-
sity of the three modalities, we conduct ablation experiments
on the dataset with different modalities removed. As text
modality is the most fundamental, we separately removed
audio and vision modalities and recorded the experimental
results in Table III. Removing either audio or vision modality
leads to a performance drop, indicating the crucial importance
of these two modality features for the sarcasm detection task.
Audio and vision modality features complement text features,
enabling a more comprehensive capture of inconsistent fea-
tures.

On the other hand, to further analyze the effectiveness of
the main modules in ULIL, we removed the primary modules,
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TABLE III
ABLATION STUDIES ABOUT DIFFERENT MODALITIES
. Speaker-Dependent | Speaker-Independent
Modality | "p " g F1 | P R FI
TV 693 692 692 | 635 638 63.6
T,A 71.1 709 710 | 60.6 61.2 60.9
T,A,V 769 761 76,5 | 731 72.6 72.8
TABLE IV
EXPERIMENTAL RESULTS ABOUT MAIN MODULES
. Speaker-Dependent | Speaker-Independent
Modality | "5 """ "p1 | P R  FI
wlo U 748 741 744 | 69.6 703 69.9
w/o T 759 751 755 | 70.6 709 70.7
ULIL 769 76.1 76.5 | 73.1 72.6 72.8

the multimodal utterance-level attention module ( w/o /) and
the incongruity representation module (w/o 7). According to
the results in Table IV, it is evident that the performance
deteriorates when the utterance-level attention module is not
used, underscoring its capability to capture crucial sentiment
information. By comparing w/o Z with ULIL, we can deduce
the significance of incongruity feature representation in mul-
timodal sarcasm detection.

VII. CONCLUTION

In this paper, we investigate a comprehensive and ro-
bust approach that employs an Utterance-level Incongruity
Learning Network (ULIL) to address multimodal sarcasm
detection tasks. Unlike previous works, we extract utterance-
level unimodal features and multimodal features fused by a
multimodal utterance-level attention. Additionally, we explore
an incongruity learning network for sarcasm detection. Specif-
ically, considering the sarcasm utterances process incongruous
characteristics, we deploy a cross-attention and self-attention
mechanism to acquire incongruities between primary modality
and auxiliary modalities. Our proposed model has been exper-
imentally tested on a public benchmark dataset, demonstrating
a significant performance improvement compared to a series
of baselines for the multimodal sarcasm detection task.
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