5376

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 27, 2025

Enhancing Semantic Awareness by Sentimental
Constraint With Automatic Outlier Masking
for Multimodal Sarcasm Detection

Shaozu Yuan, Yiwei Wei”, Hengyang Zhou

Abstract—Multimodal sarcasm detection, aiming to uncover
sarcastic sentiment behind multimodal data, has gained substantial
attention in multimodal communities. Recent advancements in
multimodal sarcasm detection (MSD) methods have primarily
focused on modality alignment with pre-trained vision-language
(V-L) model. However, text-image pairs often exhibit weak or
even opposite semantic correlations in MSD tasks. Consequently,
directly aligning these modalities can potentially result in feature
shift and inter-class confusion, ultimately hindering the model’s
ability. To alleviate this issue, we propose the Enhancing Semantic
Awareness Model (ESAM) for multimodal sarcasm detection.
Specifically, we first devise a Modality-decoupled Framework
(MDF) to separate the textual and visual features from the
fused multimodal representation. This decoupling enables the
parallel integration of the Sentimental Congruity Constraint (SCC)
within both visual and textual latent spaces, thereby enhancing
the semantic awareness of different modalities. Furthermore,
given that certain outlier samples with ambiguous sentiments can
mislead the training and weaken the performance of SCC, we
further incorporate Automatic Outlier Masking. This mechanism
automatically detects and masks the outliers, guiding the model to
focus on more informative samples during training. Experimental
results on two public MSD datasets validate the robustness and
superiority of our proposed ESAM model.

Index Terms—Multimodal sarcasm detection, sentimental

congruity constraint, automatic outlier masking.

I. INTRODUCTION

ARCASM detection, aiming to detect sarcastic sentiment
within multimodal data, has gained substantial attention
from both academia and industry. In past years, the relevant
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research primarily focused on textual modalities [1], [2]. With
the development of social media platforms, there is an increasing
need for people to express their emotions and opinions through
multimodal data, including images and text. Thus, it is nec-
essary to accurately detect the sarcastic sentiment behind the
multimodal data. Compared to purely text-based sarcasm detec-
tion methods, multimodal sarcasm detection [3], [4], [S] is more
challenging as it requires exploring sarcastic cues from different
modalities.

To detect sarcastic sentiment in MSD, researchers [3], [4], [5],
[6], [7] introduced various networks aimed at facilitating mul-
timodal interaction between text and image. Recognizing the
superior ability exhibited by pre-trained vision-language (V-L)
model in tasks, such as visual captioning [8], [9], visual ques-
tion answering [10], and multimodal sentiment detection [11],
[12], [13], recent studies [14], [15] employ those pre-trained V-L
models to align unimodal representations, enabling more ex-
hibited understanding of sarcastic sentiment within multimodal
contexts.

However, MSD poses a unique challenge: unlike aforemen-
tioned tasks [8], [10], [11] where modalities exhibit strong se-
mantic consistency, text-image pairs in sarcastic contexts often
exhibit weak or contradictory semantic relationships. Aligning
such disparate modalities is challenging, sometimes leading to
significant feature shifts where projected features deviate from
their intended semantic distribution in the latent space, as de-
picted in Fig. 1. This shift features impairs the model’s semantic
awareness, causing inter-class confusion and undermining over-
all performance. Existing works [16][6] [7][17] utilize attention
mechanisms or graph structures to align features from an atomic
perspective, which are not insufficient to address the feature shift
presented at the global level. Hence, this critical aspect has re-
mained unresolved in MSD research.

To address this gap, we propose the Enhancing Seman-
tic Awareness Model (ESAM) for multimodal sarcasm detec-
tion. ESAM’s novelty lies in its three key components: the
Modality-decoupled Framework (MDF), Sentimental Congruity
Constraint (SCC), and Automatic Outlier Masking (AOM). In
MDYF, it first aligns the visual and textual features via unimodal
encoders to capture initial semantic correlations and then de-
couples the textual and visual modalities with modality mask-
ing [18]. This can facilitate parallel processing at the decou-
pled feature level, which is more effective in mitigating fea-
ture shifts than fusing features. Subsequently, we introduce
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Fig. 1. The aligned multimodal feature suffers from semantic-level feature
shift in the latent space, for the weak or contradictory correlations between
modalities in MSD.

sentimental congruity constraints in both visual and textual la-
tent spaces to enhance sentiment awareness, finally alleviating
feature shifts. Nevertheless, MSD scenarios often contain senti-
mentally ambiguous outlier samples that will mislead the train-
ing and weaken the performance of SCC. To counter this, we pro-
pose the outlier detection algorithm [19] to automatically detect
and mask these outliers during training, eliminating the interrup-
tion of these cases. Finally, we harness multi-view fusion [20] to
yield the final prediction. Comprehensive experiments validate
ESAM’s robustness and superiority on two public Multimodal
Sarcasm Detection datasets.

In summary, the main contributions of this paper are as fol-

lows:

e This paper is the first work to specifically tackle and miti-
gate the problem of feature shift that restricted the perfor-
mance of existing models in the MSD task.

® We introduce three novel modules including a modality-
decoupled framework, sentimental congruity constraint,
and an automatic outlier masking, which can effectively
alleviate feature shift in the latent semantic space for MSD.

e Experimental results on two public MSD datasets [5], [20]
validate the robustness and superiority of our proposed
ESAM model. We further verify its effectiveness through
comprehensive analyses.

II. RELATED WORK
A. Multimodal Sarcasm Detection

Multimodal sarcasm detection has become an increasingly
attentive task, driven by the growing need to analyze multi-
modal content on social media platforms. Schifanella et al. [3]
was the first to tackle this challenge, approaching it as a mul-
timodal classification problem by combining manually engi-
neered multimodal features. Subsequently, researchers [3], [4],
[5] introduced various multimodal networks to explore the in-
congruity between text and image data. In addition, InCross-
MGs [16], CMGCN [6], HKEmodel [7] and MILNet [21]
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have leveraged transformers [17] and graph neural networks to
model intra-modality and inter-modality incongruities. Recent
study [20], [22] has achieved progress by utilizing pre-trained
vision-language (V-L) models to first extract unimodal represen-
tations and then align them in a latent space. However, a critical
challenge remains unresolved in multimodal sarcasm detection
(MSD): directly aligning text and image modalities can lead to
feature shift, due to weak or opposing semantic correlations.

B. Vision-Language Pretraining

In recent years, sustained progress has been achieved in the
field of vision-language pretraining. Early efforts in this domain
mainly focused on tasks like image classification and caption
generation [23], [24]. More recently, researchers have proposed
methods that jointly pretrain image and text representations, en-
abling more effective transfer learning across a diverse array of
tasks. Notable advancements include VisualBERT [25], which
integrates visual and textual inputs to craft a pre-trained model
capable of zero-shot image classification. Similarly, ALIGN [26]
introduces a dual-encoder framework for image-text alignment.
Other relevant contributions include methods for multimodal
learning, such as CLIP [27], which jointly optimizes image
and text classification tasks, and UNITER [23], which intro-
duces a multimodal decoder for caption generation. Inspired
by the success of large language models (LLMs), the scaling
of vision-language pretraining models (VLM) to tens and even
hundreds of billions of parameters has shown consistent perfor-
mance [8], [28], [29]. Despite these significant advancements,
it remains a challenging task to apply these models to multi-
modal sarcasm detection (MSD) due to the weak correlations of
different modalities in MSD scenarios.

III. METHODOLOGY

The architecture for our Enhancing Semantic Awareness
Model is depicted in Fig. 2. Details of each constituent mod-
ule are provided in the following sections.

A. Modality-Decoupled Framework

Modality-decoupled Framework comprises three modules:
unimodal encoder, modality-aligned module, and modality-
decoupled module.

Unimodal Encoder: Let {x,y} indicate the text-image pair.
For text encoder T, we use the pre-trained BERT model [30] to
encode the text  and obtain the textual representation 7T':

T = (t1,....t,) = T(x) € RImd'} 1)
where n stands for the sequence length of . For image en-
coder V, we first use a pre-trained toolkit [31] to extract m
regions, denoted as R = {ry,...,7,,}, then we leverage the
VIT model [32] to generate visual [¢ls] token for each region.
Finally, we concatenate all the [cls] tokens as final visual rep-
resentation I for the given image:

I=(r,...,7m) = V(y) € RImd" 2)
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Fig. 2. The overall architecture of the proposed method ESAM. Outlier Detection indicates the proposed outlier detection algorithm in the automatic outlier

masking module.

Modality-aligned Module: To align text and image features,
we first employ a fully connected layer to map them into
a common dimension d. Subsequently, we concatenate the
textual representation 7' and visual representation I as F' =
Concat{T, I}, where F € R{"*™d} We then leverage a
Transformer-Encoder [17] to align multimodal features. For
[ — th layer of the Transformer, the output can be computed
as follows:

(FWo) (FW,,)"
Vd

where W, € R4, Wy, € R4 and W, € R¥? are query,
key, and value projection matrices, respectively. For simplicity,
we omit the residual connection and layer normalization of each
layer. Here, we denote the multimodal aligned representations
for the last layer as F = (D1y e vy Dy try e ey b))

Modality-decoupled Module: To decouple the text feature and
image feature from the multimodal aligned representation F,
we generate mask vectors [18] based on the respective sequence
lengths of the image and text data. These masks are then applied
to their corresponding modality features, effectively decoupling
them from the fused representation. Here we emphasize the de-
coupling of image and text features, but they are not entirely
isolated from each other. This module ensures the relationship
between text and images can be captured, which benefits the
effectiveness of feature embedding.

Concretely, assuming n and m denote the sequence lengths
for the text and image representations, respectively. We con-
struct the modality mask by a mask vector of size m + n bi-
nary values (0 or 1) according to modality. As such, the text

F, = softmax ( ) (FW,) 3)

1,1,...,1 0,0,...,0 ) ) )
mask is M, = |~——,~~——|, while the image mask is
m n
0,0,...,0 1,1,...,1
Mt: ‘,—/7%,—/ .
m n

Given the multimodal aligned representation F e Rintmd}
along with the image mask M, € R{"*™} and text mask
M, € ]R{{"J“”}, we extract the decoupled text features T =
(1,...,t,) and image features I = (%1, ..., ,,,) by selecting
features from F at the indices where the M + and M, have a
value of 1, respectively. Moreover, considering the decoupled
features T and T are not directly suitable for feature constraint
and sentiment classification, we employ the mean-pooling op-
eration followed by a multi-layer perceptron (MLP) to perform
dimensionality reduction, thereby obtaining the final decoupled
features t and .

B. Sentimental Congruity Constraint

In this section, we introduce sentimental congruity con-
straints to effectively mitigate the feature shift. In particular,
feature shift manifests as the projected features deviate from
their corresponding semantic distribution in the latent space.
Our key insight is to enforce congruity among instances shar-
ing the same sentimental label, thereby reducing inter-class
dispersions.

Here, we take the textual modality £ for illustration, and the
same principles apply to the visual modality. For a given batch of
size b, wedefine g(;) = {tx | tr € {t1,t2,.. ., t}, tx # L} as
a set of instance excluding ;. We introduce loss function LY.,
aimed at minimizing the distance between pairs of sample ; and
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Algorithm 1: Outlier Detection Algorithm.

Algorithm 2: Construct Tree Algorithm.

Result: Anomaly scores for each instance in the
dataset
Input : dataset S, number of trees IV, subsample size
(0
Output: Anomaly scores €2
Initialize an empty set F’
for i + 1 to N do
Randomly select ¢ instances from S to form S’
Build a tree T} using ConstructTree(S’) described
in algorithm 2

Add T; to F
end

Initialize an empty list of scores {2
for each instance s in S do
Initialize path length h(s) < 0
for each tree T in F do
Compute the path length h;(s) of s in T using
ComputePathLength(s, T') described in
algorithm 3
Update h(s) < h(s) + hi(s)
end
Normalize h(s)
Add the anomaly score to the list 2

end
return Anomaly scores §2;

t; within the same sentimental class. This loss is formulated as:

e*d(t_.i}t_j)/T
D heg(s) € B/

LY. = —Bijlog 4

where d(., .) is the Euclidean distance, 7 indicates learning tem-
perature, and 3;; denotes the class indicator to ensure that the
SCC loss only applies to samples of the same category. Specifi-
cally, if ¢; and £; share the same sentimental label, 3;; is set as
1, encouraging their closer proximity in the latent space. Con-
versely, if their labels differ, 3;; will be set as 0 to avoid unneces-
sary clustering. Mathematically, 3;; can be defined as follows:

{,@ij =1,if§; == 8, )

B;; =0, else

where S; and S; represents the sentimental labels for t; and
t; respectively. Thus, for a given sample ;, we can formalize
the overall loss as L., = > jeg(i) Léke- This formulation en-
courages samples from the same class as £; to cluster together.
To efficiently implement this loss, we introduce class masking

L. .., 1 0,0,...,0
vector 3; defined as T,m , where K denotes the

number of samples belonging to the same class and b denotes
the batch size. This vector allows us to apply the SCC loss se-
lectively within each batch. Finally, the total loss of SCC can be
calculated as Lg.. = >, L%, /2.

scc

ConstructTree (S') {
if |S’| <1 then
| return Leaf Node
Randomly select a feature f from S’
Determine a split point p based on f
Split S’ into two subsets: S} (samples with f < p)
and S%, (samples with f > p)
Create a node with split point p and feature f
Set the left child as ConstructTree (S7)
Set the right child as ConstructTree (S%)
return the constructed node

}

Algorithm 3: Compute Path Length Algorithm.

ComputePathLength (s,7T) {
Initialize path length h < 0
Set the current node as the root of T’

while current node is not a leaf do
Increment h by 1

if s falls in the left subtree based on the split

feature and point then
L Move to the left child node

else
| Move to the right child node

return h

C. Automatic Outlier Masking

In multimodal sarcasm detection scenarios, the existence of
sentimentally ambiguous samples (outliers) poses a new chal-
lenge, which will mislead the training and weaken the perfor-
mance of SCC. To mitigate the impact of these outliers, we
design an automatic outlier masking §; to guide the training.
Generally, we first set d; as a vector of size b — 1 with all ele-
ments initialized to 1 and then dynamically adjust the values of
d; = SEy 1 E based on the position of the outliers. To detect
outliers efficiently, we propose an outlier detection algorithm
that can search for outliers in high-dimensional features. Specif-
ically, to separately handle outliers in non-sarcasm and sarcasm
cases in MSD, we first divide the case in a batch into two subsets:
{ST, S~ }. For each subset, we construct N random binary trees
{T"}¥ |, where N is determined by the algorithm to enhance
model robustness. The details of the outlier detection algorithm
are shown in Algorithms 1, 2, and 3.

The tree construction process in Algorithm 2 involves recur-
sively partitioning the data through a random splitting method.
First, a feature f is randomly selected from the dataset S’, and a
split point p is determined within the range of that feature. Sam-
ples with values less than p are assigned to the left subtree, while
samples with values greater than or equal to p are assigned to
the right subtree. This process is recursively repeated until each
leaf node contains only one sample, resulting in a binary tree
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structure. Based on the constructed binary tree, the path length
of a data point can be calculated using algorithm 3 to determine
whether it is an outlier. Specifically, the path length h refers to
the distance from the root node to the leaf node where the data
point is located. A shorter path length indicates that the data
point is more easily isolated and thus more likely to be an out-
lier. The anomaly score is computed based on this path length
and typically ranges between [0, 1]. A score closer to 1 suggests
a higher likelihood of the data point being an outlier, while a
score closer to 0 indicates that the data point is more likely to
be normal.

During the inference stage, outliers are identified according
to the anomaly scores (2 in the outlier detection algorithm,
with the top 7 of samples exhibiting the highest scores be-
ing detected as outliers. Suppose the ;' case is outlier, we
update §; by replacing the corresponding element with 0, as

1,1,...,1 0 1,1,...,1 . ,
— - ,vl ,—f—‘b - ‘].Thls updated §; is then used to mod-
Jj- -1-y

ify the SCC loss as:

f/scc = Z 6iLicc (6)

D. Multi-View Prediction

Inspired by [33], our final results are obtained from three
views. For the decoupled textual feature ¢ and visual features o,
we apply simple attention along the last dimension to obtain the
multimodal feature m:

P, Py = softmax(W p(t,0)) @)
m = p;t + p,v (8)

where W, is the learned parameters, and p;, p, are attention
weights. Then, we generate the predicting distributions y{":t:7}
text view y*, image view 3", and multimodal view ¢y by em-
ploying the softmax function along the last dimension:

y{v,t,m} _ softmax(W{”’t’m}(’t_hf, m)) )

where W {v:t:} denote the learned parameters. Finally, we gen-
erate the prediction y,, as follows:

Y=y +y' +y" (10)

Additionally, for the single multimodal view, the prediction ¥y,
can be generated as follows:

y=y" (11)

where y™ denotes the multimodal output.

E. Training Loss

During training, we minimize the cross-entropy loss for image
v, text ¢, and multimodal m views:

Lisa= Y (y'log(g") + (1 —y")log(1—9") (12)

ie{t,v,m}

where y’ and §° denotes the label and prediction respectively.
Thus, the total loss L, includes two parts: cross-entropy loss

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 27, 2025

TABLE I

STATISTICS OF THE EXPERIMENTAL DATA
Dataset Label Train | Val | Test
Sarcasm 8642 959 959
MMSD N-sarcasm | 11174 | 1451 | 1450
All 19816 | 2410 | 2409
Sarcasm 9572 | 1042 | 1037
MMSD2.0 | N-sarcasm | 10240 | 1368 | 1372
All 19816 | 2410 | 2409

t
scer

Lsq and the constraint losses { L
sual modality:

LY.} for textual and vi-

Ly = Lypsa + ML, + LY

SCC)

(13)

where X is a balance coefficient.

IV. EXPERIMENTAL SETUP

In this section, we introduce the experimental settings and the
baseline models.

A. Datasets

We demonstrate the effectiveness of our method on two public
datasets which are MMSD [5] and MMSD2.0 [20] Both datasets
collect data from Twitter, and each text-image pair is labeled by
a single sentiment. For a fair comparison, we follow the exper-
imental settings of prior work [5], which divides the data into
training, validation, and test sets in a ratio of 80%:10%:10%. To
better understand the dataset details, we provide the statistics for
MMSD and MMSD?2.0 datasets in Table I. It shows that MMSD
and MMSD?2.0 are binary multimodal classification tasks and
have a relatively balanced category distribution. The difference
between those two datasets is that MMSD?2.0 conducts data op-
timization to address the issues in MMSD by removing the spu-
rious cues and fixing unreasonable annotation, for multimodal
sarcasm detection.

B. Implementation Details

In our experiments, we utilized the pre-trained BERT model
to extract textual features, while the extraction of visual features
was accomplished via a pre-trained Vision Transformer. A 6-
layer transformer was employed for modality alignment. During
training, the model is trained for 10 epochs, with a batch size of
64. And we use AdamW [34] as an optimizer with the learning
rate of 2e — 5. Regarding the hyper-parameters, we set A in (13)
to 1, the learning temperature 7 in SCC loss to 20 and 15 for
the MMSD and MMSD2.0 datasets, and the threshold to 0.2
and 0.25 in AOM. To evaluate the performance of the model,
we follow the previous work [5] and adopt Accuracy, F1 score,
Precision, and Recall as the evaluation metrics. All experiments
are conducted with an NVIDIA 4090 GPU.
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TABLE II
EXPERIMENTAL RESULTS OF DIFFERENT TYPES OF BASELINE MODELS ON MMSD AND MMSD2.0 DATASETS

Modality Model MMSD MMSD2.0

Acc(%) Pre(%) Recall(%) F1(%) Acc(%) Pre(%) Recall(%) Fl1(%)
TextCNN 80.03 74.29 76.39 75.32 71.61 64.62 75.22 69.52
Bi-LSTM 81.9 76.66 78.42 77.53 72.48 68.02 68.08 68.05
Text SMSD 80.9 76.46 75.18 75.82 73.56 68.45 71.55 69.97
BERT 83.85 78.72 82.27 80.22 75.88 71.07 74.69 72.83
GPT-3.5% 59.13 - - 55.41 53.05 - - 52.92
Image Res.Net 64.76 54.41 70.8 61.53 65.5 61.17 54.39 57.58
ViT 67.83 57.93 70.07 63.4 72.02 65.26 74.83 69.72
HFM 83.44 76.57 84.15 80.18 70.57 64.84 69.05 66.88

D&R Net 84.02 77.97 83.42 80.6 - - - -

Res-BERT 84.80 77.80 84.15 80.85 - - - -
Att-BERT 86.05 80.87 85.08 82.92 80.03 76.28 77.82 77.04

InCrossMGs 86.1 81.38 84.36 82.84 - - - -
Multimodal CMGCN 86.54 - - 82.73 79.83 75.82 78.01 76.9
HKEModel 87.36 81.84 86.48 84.09 76.5 73.48 71.07 72.25
Multi-view CLIP  88.33 82.66 88.65 85.55 85.64 80.33 88.24 84.10
MILNet 89.50 85.16 89.16 87.11 80.27 - - 78.02
DIP 89.59 87.76 86.58 87.17 80.59 - - 78.23
GPT-4.0t 66.66 - - 63.19 57.87 - - 55.52
ESAM 90.11 86.87 89.54 88.19 85.87 83.12 86.05 84.56

T indicates the large pre-trained model. note that for the MMSD2.0 dataset, we directly use CLIP as text and image encoders for fine-tuning, without incorporating addition-

al object detection methods to refine the image features.

C. Baselines

The baseline models are generally divided into three
categories: text-based methods, image-based methods and
multimodal-based methods.

Text-based models: For the text-based approaches, we adopt
several well-known models, such as TextCNN [35], Bi-
LSTM [36], and BERT [37]. Additionally, we also adopt the
large language model (LLM) GPT-3.5-turbo [38] for this task,
as it shows remarkable ability across various NLP tasks. Specifi-
cally, we first select a prompt “The sentiment of sentence is [sar-
castic/not sarcastic], because”, and then ask the GPT-3.5 model
to perform a zero-shot prediction based on the prompt.

Image-based models: Given the inherent challenges in cap-
turing ironic cues solely from images, the research community
has only proposed a limited number of image-based baselines
for this task. In our experiments, we utilize the feature repre-
sentations from the pooling layer of ResNet [39] and [CLS]
token from each image patch sequence produced by ViT [32] to
generate predictions, respectively.

Multimodal based models: We consider diverse multimodal
baselines for holistic comparison. Among these, HFM [5] pro-
posed a hierarchical fusion model for multimodal sarcasm de-
tection. D&R Net [40] proposes a decomposition and relation
network to model cross-modality features. Res-Att [4] directly
concatenated visual and textual features to capture ironic cues.
Additionally, Att-BERT [4] proposed refined attention mecha-
nisms to detect sarcasm. Furthermore, InCrossMGs [16] em-
ployed a heterogeneous graph structure to capture ironic fea-
tures from different perspectives. CMGCN [6] constructed a
cross-modal graph for each instance to explicitly draw the ironic

relations between different modalities. HKEmodel [ 7] proposed
a hierarchical framework for sarcasm detection by exploring
atomic-level and composition-level congruities based on graph
neural networks. MILNet [21] designed three graphs to capture
multimodal incongruities. Multi-view CLIP [20] introduced a
correction dataset called MMSD2.0, and they also presented a
novel framework to leverage multi-grained cues from multiple
perspectives. DIP [14], the current state-of-the-art model, effec-
tively modeled the incongruity from factual and affective levels.
We also report the performance of GPT-4 V. Specifically, the
prompt for zero-shot prediction is “Examine the provided Twit-
ter post, comprising both textual content and an image, please
predict whether it expresses “sarcastic” or “non-sarcastic” emo-
tions. If it is “sarcasm”, answer 0. If it is “non-sarcasm”, answer
17

V. RESULTS AND ANALYSIS

In this section, we present the analysis for the results of the
main experiment, ablation study, case study, and visualization re-
spectively. For further discussions, please refer to the Appendix.

A. Main Results

In Table II, we present a comprehensive comparison be-
tween our proposed ESAM and various baseline models. Firstly,
text-based models exhibit superior performance compared to
image-based methods, primarily due to redundant visual infor-
mation in the image, restricting its capacity to convey senti-
ment directly. Additionally, multimodal approaches outperform
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TABLE III
ABLATION RESULTS OF OUR ESAM

Model MMSD MMSD2.0

ACC Fl1 ACC F1
MDF 87.77 86.39 83.01 82.39
MDF+SCC" 88.05 86.81 8345 82.72
MDF+SCC* 88.29 86.99 83.99 83.05
MDF+SCCv¥* 88.67 87.12 84.44 83.46
MDF+SCC+AOM 89.55 87.83 85.12 84.03
MDF,,+SCC+AOM  90.11 88.19 85.87 84.56
AFM 87.30 85.75 82.42 81.97
AFM+SCC+AOM 88.77 86.76 84.65 83.68

Here, AFM refers to directly aligning textual and visual features, while “MDF”
denotes our foundational model equipped with a modality decoupling module.
additionally, “SCC” signifies sentimental congruity constraint loss, where “v” and
“t” denote visual and textual modality. Moreover, “AOM” indicates automatic outlier
masking. And “m” represents the model augmented with multi-view predictions.

unimodal models, as the integration of multiple modalities fa-
cilitates a more comprehensive understanding of the data. Fur-
thermore, we also evaluate the performance of large pre-trained
models, demonstrating the limitations of both GPT-3.5 and
GPT-4.0 on MSD tasks. We conjecture that the complexity and
subtlety of sarcasm make it difficult for general-purpose large
models to accurately capture and interpret ironic sentiment. Fi-
nally, our ESAM achieves remarkable performance, surpassing
all the compared multimodal baselines. The main reason is that
ESAM effectively alleviates feature shifts, further emphasizing
the importance of addressing this issue in multimodal sentiment
analysis.

B. Ablation Study

Table ITI presents an ablation study to investigate the contribu-
tion of each component in the ESAM. Initially, we evaluate the
impact of sentimental congruity constraint within the Modality-
decoupled Framework by constraining different modalities. It
indicates that separately constraining visual or textual modali-
ties can yield improvement, and the most substantial improve-
ment stems from constraining both two modalities. Moreover,
it can be observed that automatic outlier masking (AOM) can
further boost performance, demonstrating its effectiveness in re-
ducing the impact of the outliers. Although multi-view predic-
tion, as presented in [20], yielded only marginal improvements,
it significantly boosts the performance of our model. This is be-
cause SCC enhances the semantic awareness of different modal-
ities, thereby improving the overall performance achieved by
multi-view fusion. To highlight the advantages of MDF, we also
conduct experiments with the Align and Fusion Model (AFM),
which directly aligns and fuses text and image representations
using a traditional transformer encoder, subsequently predicting
the results based on the aligned representations. The AFM has
been widely adopted by previous research [41], [42]. Overall,
our approach manifests its universality by improving the perfor-
mance of both AFM and MDF. Compared to AFM, our MDF
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only shows slight strength, While MDF only exhibits slight supe-
riority compared to AFM under an unconstrained state, the sig-
nificance of its improvement becomes evident when both models
are equipped with SCC. This demonstrates the challenge of con-
straining fused features, implying the importance of mitigating
feature shifts within individual latent spaces.

C. Visualization Discussion

To visually demonstrate the superiority of sentimental con-
gruity constraint(SCC) and Automatic Outilier Masking(AOM),
we present the influence of different modules on feature distri-
bution in Fig. 4. Here, we utilize T-SNE! for dimensionality
reduction of features to visualize their distribution. The visual
representation in Fig. 4(b) reveals that the application of SCC
promotes the clustering of samples belonging to the same class.
This observation sharply contrasts with Fig. 4(a), which depicts
the class distributions in the absence of SCC—noticeably more
diffuse and dispersed. The reason behind this contrast is that the
SCC consciously integrates sentimental congruity to constrain
the feature distribution, effectively alleviating the feature shift.
However, as highlighted in Fig. 4(b), there still exist cases of
semantic confusion. To explore those cases, in Fig. 5, two ran-
domly selected cases(outliers) from the highlighted part. Those
samples exhibit ambiguous sentiment, leading to misguidance
during training and subsequently diminishing the performance
of SCC. Finally, Fig. 4(c), demonstrates that AOM can effec-
tively address this issue by masking these outliers, which con-
firms the necessity of AOM to guide the training.

D. Case Study

To further evaluate the effectiveness of sentiment congruity
constraint (SCC), Fig. 3 showcases a comparative case study
of multi-view predictions, both with and without the applica-
tion of SCC. It is observed that detecting sarcastic sentiments
in the absence of SCC is challenging because of the feature
shift. Illustratively, in the first case, the scene depicted in the
image comprises “newspapers scattered on the ground”, which
contradicts the textual content “I love respectful customers”. In
the second case, the text and image exhibit only weak semantic
relevance. This mismatch leads to feature shift and inter-class
confusion when the text-image pair is directly aligned. Conse-
quently, it results in incorrect prediction across all three views.
In contrast, the MDF equipped with SCC can accurately iden-
tify corresponding ironic sentiments, showing its critical role in
enhancing prediction accuracy.

E. Optimal Parameter Exploring

In this section, we explore the optimal parameter configura-
tions. Firstly, we examine the performance variations of SCC
with increasing learning temperature 7 of SCC, as formalized
in (4). The associated performance curves are graphically rep-
resented in the left panel of Fig. 6. We find that the perfor-
mance is improved at first and subsequently decreases as the

Thttps://github.com/mx11990/tsne-pytorch
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Fig.3. Case study of multi-view prediction with and without(w and w/o) SCC,
where “n-sarcasm” represents non-sarcasm prediction.
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Fig. 4. The first figure demonstrates the training variance curves of the model
equipped with different modules. “variance” denotes the metric that reflects
the dispersion of a data distribution. The subsequent three figures visualize the
representation of the corresponding curve.

7 increases. This trend can be attributed to the pivotal role
played by the temperature coefficient in adjusting SCC’s sensi-
tivity to inter-sample distances, thereby influencing the model’s
constraint intensity on intra-class distribution. Both excessively
stringent and lenient constraints on intra-class distribution have
the potential to deteriorate the model’s performance. In addition,
we extend our experiment to investigate the effects of different
threshold settings v in the outlier detection algorithm of auto-
matic outlier masking. The corresponding results are shown in
the middle part of Fig. 6. We can see that the model attains

my cousin knows me too
well # coffee (sarcasm)

who cares (non-sarcasm)

(b) sample #2

(a) sample #1

Fig. 5. Two randomly selected cases from the highlighted part of the second
visualization distribution in Fig. 4.

TABLE IV
ABLATION STUDY OF MULTI-VIEW PREDICTION ON MMSD AND MMSD?2.0
DATASETS
w/o SCC w/ SCC
Model  —ecc—F1 —acc
MMSD
MDF,, 88.82 86.61 89.77 87.94
wlo Lt ., 88.15 8633 89.16 87.09
wlo LV, 8842 8639 89.38 87.57
wlo L., 87.01 8507 87.68 85.66
MMSD2.0
MDF,, 84.65 83.51 8527 84.16
wio L ., 83.52 8267 8439 8341
wlo LY ., 8343 82.85 8452 8348
w/o L™ . 8229 8195 82.58 82.39

peak performance when + is set to 0.2 in the MMSD dataset
and 0.25 in the MMSD2.0 dataset. A lower « results in a more
permissive outlier filtration, which causes some outliers to re-
main undetected. Conversely, an increasing «y leads to overly
strict filtration, raising the likelihood of normal samples being
erroneously identified as outliers, thereby negatively impacting
the model’s performance.

In addition, we also analyze the impact of the balance coef-
ficient in the loss function and report the Acc score in the right
part of Fig. 6. The results show that the best performance can
be achieved when the balance coefficient is set to 1 in both the
two datasets and the performance further drops when increasing
the value of the balance coefficient. We conjecture the reason to
be the excessive suppression of feature distribution caused by a
larger balance coefficient, which disrupts the feature space struc-
ture and ultimately leads to under-fitting during model training.

F. Performance of Multi-View Prediction

To further analyze the performance of different modality
views within our method, we conducted a series of experiments
by selectively omitting the training loss of text view L! _,., im-
age view L? . and multimodal view L] . both in the absence

and presence of SCC. As illustrated in Table IV, the removal
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Fig. 7. The performance of different outlier masking strategies.

of Lfns o Lpyeq and L7 individually led to notable decreases
in accuracy, emphasizing their importance. The optimal perfor-
mance of our framework is achieved by integrating all these
views, indicating the pivotal role each view plays in bolstering
the effectiveness of our model. This observation indirectly val-
idates the efficacy of our proposed modality-decoupled frame-
work, which is the prerequisite for multi-perspective prediction.
Moreover, the introduction of SCC demonstrably enhances the
performance across all views, underscoring its potent role in

mitigating feature shifts within each modality.

G. The Effect of Automatic Outlier Masking

To analyze the impact of the proposed Automatic Outlier
Masking, we compare it with Random Outlier Masking (ROM),
which randomly selects the outlier from the dataset. The results
are shown in Fig. 7. In the figure, the horizontal axis indicates the
masking ratio, while the vertical axis indicates Accuracy and F1
score, respectively. It can be observed that the proposed AOM
outperforms ROM across all masking ratios. This is primarily
because ROM randomly selects outlier samples, resulting in the
selection of many normal samples and consequently a signifi-
cant performance degradation. In contrast, AOM dynamically
selects outlier samples through the proposed outlier masking
algorithm, thereby achieving superior performance.

VI. LIMITATION

While our method shows promising results on multimodal sar-
casm detection, there are notable limitations in its performance

The curve of performance for multimodal sarcasm detection with different hyperparameters on MMSD and MMSD2.0 datasets.

when applied to datasets with varying characteristics. Specif-
ically, as observed in our experiments, the proposed approach
achieves a more substantial improvement on the MMSD dataset
than MMSD?2.0. This discrepancy highlights the dependency of
our model on explicit sarcastic cues within the data, which, when
absent, reduces its effectiveness in distinguishing outliers. In fu-
ture work, we plan to address these limitations by developing
a more robust approach for sarcasm detection that can adapt to
different data distributions and identify outliers in datasets with
more implicit or nuanced sarcastic features. Additionally, we
aim to investigate the impact of dataset size and diversity on
our model’s performance to better understand its applicability
across a wider range of scenarios.

VII. CONCLUSION

This paper is the first work to mitigate the feature shift issue
that restricted the performance of existing models in the MSD
task. Concretely, we propose a Modality-decoupled Framework
(MDF) to separate the textual and visual modalities, as this par-
allel processing is particularly effective in mitigating feature
shifts. Additionally, we incorporate sentimental congruity con-
straints in visual and textual latent spaces to enhance semantic
awareness, further alleviating feature shifts. Moreover, we intro-
duce Automatic Outlier Masking to identify and mask outliers
during training automatically, which eliminates the interference
of outliers and guides the training process. Our proposed model
has been extensively evaluated on public datasets, consistently
demonstrating superior performance.
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