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Abstract

Despite commendable achievements made by existing work,
prevailing multimodal sarcasm detection studies rely more
on textual content over visual information. It unavoidably in-
duces spurious correlations between textual words and labels,
thereby significantly hindering the models’ generalization ca-
pability. To address this problem, we define the task of out-
of-distribution (OOD) multimodal sarcasm detection, which
aims to evaluate models’ generalizability when the word dis-
tribution is different in training and testing settings. More-
over, we propose a novel debiasing multimodal sarcasm de-
tection framework with contrastive learning, which aims to
mitigate the harmful effect of biased textual factors for robust
OOD generalization. In particular, we first design counter-
factual data augmentation to construct the positive samples
with dissimilar word biases and negative samples with simi-
lar word biases. Subsequently, we devise an adapted debias-
ing contrastive learning mechanism to empower the model to
learn robust task-relevant features and alleviate the adverse
effect of biased words. Extensive experiments show the supe-
riority of the proposed framework.

Introduction

With the rise of social media, individuals have increasingly
embraced the use of ironic expressions in their posts on plat-
forms such as Twitter! and Weibo?. Hence, the accurate de-
tection of sarcastic/ironic expressions has become crucial for
sentiment and opinion mining (Cai, Cai, and Wan 2019).
In pursuit of this aim, numerous researchers dedicate their
efforts to identifying the underlying sarcastic/ironic seman-
tics within social media posts. Early studies (Riloff et al.
2013; Poria et al. 2016) mainly concentrate on text-only ap-
proaches, which focus on recognizing sarcastic expressions
in the textual content. While these endeavors have yielded
impressive achievements, they are primarily centered around
investigating sarcasm detection solely based on textual in-
puts. However, owing to the advancements in multimedia
devices, individuals nowadays tend to express their emotions
and opinions through multimodal social posts. Moreover, the

“Liqiang Jing is the corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
Uhttps://twitter.com.
Zhttps://weibo.com.

18354

Original Text: I just love :
setting an example by !
getting to work before (5%
everyone else. Waking up :
at 3:30 am is so rewarding. }
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Revised Text: I just hate
i setting an example by
- getting to work before
everyone else. Waking up
at 3:30 am is so frustrating.
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Figure 1: Prediction results of a sarcastic sample and the re-
vised non-sarcastic sample by the SOTA model. The original
sarcastic sample and rewritten non-sarcastic sample are in-
cluded in blue and orange dashed boxes, respectively. N-S
and S denote the non-sarcastic and sarcastic categories, re-
spectively.

visual content accompanying such posts often carries crucial
cues for conveying sarcasm, as illustrated in Figure 1.
Noticing this issue, nowadays the research interests have
shifted to exploring the task of multimodal sarcasm detec-
tion (MSD), whose key objective is to accurately detect the
inter- and intra-modal incongruities of someone’s implied
sentiment expression within the given context. Early ap-
proaches incorporated fusion techniques that combined en-
tire text and image features by concatenating operation (Pan
et al. 2020) or attention mechanism (Gupta et al. 2021). De-
spite their considerable progress, they overlook the possibil-
ity that sarcastic information may be expressed in some local
segments of the text and certain regions of the image. Moti-
vated by this, recent studies tried to employ advanced Graph
Neural Networks (GNNs) to explore the local semantic re-
lationships within the textual and visual modalities (Liang
et al. 2022, 2021; Qiao et al. 2023; Jing et al. 2023b).
Despite the remarkable advancements made in MSD, ex-
isting studies still suffer from spurious correlations in the
textual modality. Particularly, existing MSD models tend
to place a heavier reliance on textual modality over visual
modality (Liang et al. 2022; Pan et al. 2020). However, this
over-reliance can be problematic as unreliable clues in the
text (e.g., biased words) can mislead the models, causing in-
accurate predictions. By making slight word-level modifi-
cations to the original samples, the predicting accuracy of
the MSD models exhibits substantial disparity. As shown



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

in Figure 1, even though the revised sample differs only
marginally from the original sample in the text (love — hate,
rewarding — frustrating), the two samples have opposite la-
bels. Regrettably, the state-of-the-art (SOTA) model (Liang
et al. 2022) makes a wrong prediction for the revised sam-
ple, thereby highlighting the model’s susceptibility to mi-
nor textual changes and revealing potential limitations in its
ability to grasp robust task-related features (i.e., the sarcas-
tic semantics). This outcome is attributed to the model’s re-
liance on spurious correlations between biased words and
the labels, rather than capturing the essential task-related
features. Inevitably, deep neural networks are vulnerable to
these spurious correlations due to the phenomenon of short-
cut bias (Geirhos et al. 2020), hindering their generalization
capability in out-of-distribution (OOD) scenarios, where the
relationships between textual words and labels differ from
those encountered during training. Consequently, we intro-
duce a novel OOD MSD task to evaluate the models’ true
generalization ability by examining their capacity to effec-
tively mitigate the adverse effects of unreliable biased fac-
tors in OOD scenarios.

In this light, we propose to mitigate the adverse impact
caused by the biased words and encourage the learning of
robust task-relevant features to enhance the model’s gen-
eralization ability. To achieve this, we resort to contrastive
learning (Chen et al. 2020) that has demonstrated signifi-
cant success in the representation learning field (Yang et al.
2022). In particular, we repel the feature representations of
samples with similar biased words yet possess opposite la-
bels (i.e., negative samples). Meanwhile, we attract the fea-
ture representations of samples that contain dissimilar biased
words but share the same label (i.e., positive samples). This
allows the model to become more resistant to the biased fac-
tors induced by spurious correlations, while still preserving
the meaningful associations between task-relevant semantic
content and labels. The keys to achieving this objective are
twofold: 1) acquiring negative samples with similar biased
words, as well as positive samples comprising dissimilar bi-
ased words, and 2) learning robust task-relevant features.

Aiming at this, we propose a novel debiasing MSD
method with contrastive learning, DMSD-CL for short,
which consists of the counterfactual data augmentation mod-
ule and the adapted debiasing contrastive learning module.
First, the counterfactual data augmentation module aims to
construct both positive and negative samples. Leveraging in-
context learning (Brown et al. 2020) and the ChatGPT 3
model, we tailor the augmentation manners to target at sar-
castic and non-sarcastic samples separately. The adapted de-
biasing contrastive learning module, on the other hand, em-
ploys a re-weighted contrastive learning loss function to mo-
tivate the model to distinguish between negative samples
that contain similar biased words, and to narrow the gap be-
tween dissimilar positive samples. Our contributions can be
summarized as follows.

¢ We define a novel OOD MSD task, which can assess the
true generalization capability of the model based on an
OOD testing scenario.

*https://chat.openai.com.
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* We propose a debiasing MSD framework with con-
trastive learning, in which counterfactual data augmenta-
tion is devised to construct positive and negative samples,
and adapted debiasing contrastive learning is devised to
make the model learn the robust feature.

* We constructed an OOD testing set based on the existing
MSD dataset. The experimental results on both the orig-
inal and the OOD testing sets show the superiority of the
proposed DMSD-CL. As a byproduct, we have released
the source code and the constructed dataset*.

Related Work

Sarcasm Detection. Sarcasm detection has progressed from
solely textual approaches to incorporating multimodal cues.
With the proliferation of image-enabled platforms, re-
searchers have increasingly sought to harness both visual
and linguistic signals for discerning sarcasm. The seminal
work by Schifanella et al. (2016) pioneered the MSD task by
fusing textual and visual features. Lacking suitable datasets,
Cai, Cai, and Wan (2019) compiled a new corpus from Twit-
ter multimodal contents to facilitate data-driven methods.
Subsequently, Xu, Zeng, and Mao (2020) and Pan et al.
(2020) emphasized modeling inter-modality incongruities,
proposing decomposition networks and BERT-based archi-
tectures to capture contradictory cues. Liang et al. (2021)
noted sarcastic intent often localizes in images and phrases,
developing graph models relating localized text and visual
concepts. However, these approaches still suffer from irrel-
evant visual regions. More recently, Liang et al. (2022) pro-
posed constrained graph construction from detected objects
and tokens to focus on pertinent local semantics. Nonethe-
less, the existing research overlooks the spurious correlation
between textual modality and label.

Contrastive Learning. Contrastive learning facilitates dis-
criminative representation learning by identifying semanti-
cally similar instances among dissimilar ones. This tech-
nique has gained substantial attention across many domains,
including computer vision (He et al. 2020) and information
retrieval (Xiong et al. 2021). At its core, contrastive learning
constructs positive and negative pairs via data augmentation
for model optimization. For example, SImCLR (Chen et al.
2020) generates positive and negative pairs using image aug-
mentation techniques such as cropping, rotation, and Gaus-
sian blurring. More recently, the realm of contrastive learn-
ing has extended its reach to natural language tasks. How-
ever, unlike images, augmenting textual data necessitates an
intricate consideration of syntactic and semantic structures.
Zhang et al. (2021) applied contrastive learning to text clus-
tering, harnessing augmentations like back-translation and
word replacement. In departure from these endeavors, we
apply contrastive learning to the domain of debiasing rep-
resentation learning and introduces an innovative counter-
factual data augmentation methodology for debiasing multi-
modal sarcasm detection.

*https://sharecode.wixsite.com/dmsd-cl.
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Method
Task Formulation

Standard MSD Task. Given a training set that consists
of N samples X = {z', 22 - 2™}, where the i-th sam-
ple 2 = {T% v' y'} contains three elements. Therein,
T = {ti,th,...,t} } refers to a sequence of n; textual to-
kens in the i-th sample and v® denotes the corresponding
image. y* € {0,1} is the ground-truth label of sample z°,
where ' = 1 indicates the sample is sarcastic and vice
versa. Formally, given a sample x?, we aim to design a model
F that leverages both textual and visual information to de-
termine whether x* implies any sarcasm,

g’ = F(T"v'|0), 4))

where O is the learnable model parameters and ¢’ refers to
the prediction result. We temporally omit the superscript ¢
that indexes the training samples for simplicity.

OOD MSD Task. To examine the true generalization ca-
pability of the model, we put forward the OOD MSD task
to gauge the influence of spurious correlations on the MSD
model. In particular, we built an OOD testing set by manu-
ally modifying samples from the biased MSD dataset, so that
the word-label associations are markedly distinct compared
to the training set. The difference in distributions between
the training set and the OOD testing set enables measuring
the effectiveness of the MSD model in mitigating the impact
of spurious correlations.

MSD Model Initialization

To implement the MSD model F, we devise the commonly
used model structure, which comprises the modal-specific
encoding and multimodal fusion modules.

Modal-specific Encoding. We first acquire multimodal
features from the samples by encoding the original visual
and textual input via the following modal-specific encoders.

Textual Encoding. To better model the semantic informa-
tion in the textual sentence, we feed it into the pre-trained
language encoder RoBERTa (Liu et al. 2019), which has
gained appreciative results in multimodal language under-
standing tasks (Cao et al. 2022; Gupta et al. 2021),

H, = RoBERTa(T), 2)

where H; € R™*% is the encoded textual representation. 7
and d; represent the number of tokens in 7" and the dimen-
sion of the hidden representations, respectively.

Visual Encoding. In the MSD task, it is indispensable to
understand the semantic content in the associated image as
it possibly contains emotional incongruities with the text,
which is a vital cue to reflect sarcasm. Aiming at this, we
propose to exploit the visual information by a well-known
pre-trained image encoder named ViT (Dosovitskiy et al.
2021) as follows,

H, = ViT(v), 3)
where the visual representation is denoted as H,, € R™¥4v,
Therein, n, and d,, are the number of non-overlapping im-
age patches and the hidden dimension of the ViT encoder,
respectively.
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Figure 2: Counterfactual data augmentation for sarcastic and
non-sarcastic samples.

Multimodal Fusion After obtaining the visual and tex-
tual representations, we adopt the widely-used Cross-
Attention (Vaswani et al. 2017) mechanism to interact the
information between the two modalities, so as to identify
inter-modal incongruity. Particularly, we treat the visual rep-
resentation H,, as the query, the textual representation H;
as both the key and value to form the cross attention. This
guides the model to pay attention to textual features that are
incongruous with image features. Formally,

H,, = Cross-Att(H,, H;), “4)

where the interacted representation is denoted as H,,, €
R™ %4t We treat the first column of H,,, as the multimodal
representation vector h € R% of z. Subsequently, we use
projection and Softmax operations to obtain predicted sar-
castic probability as follows,

g = o(MLP(h)), )

where MLP is a Multi Layer Perceptron. The Softmax op-
erator is denoted as . ¢ represents the predicted result.

DMSD-CL

In MSD, we expect the model to focus on the true inter- and
intra- modal incongruity between two modalities to deter-
mine whether a sample contains sarcastic semantics. How-
ever, the presence of bias in the training samples gives rise
to spurious correlations between samples and labels. For in-
stance, certain words in the text may appear more frequently
in sarcastic samples, despite lacking any inherent sarcastic
sentiment. These spurious correlations hinder the represen-
tation learning ability of existing models, introducing un-
desired bias factors into the learned representations, which
contribute little to understanding the true sarcastic seman-
tics. Consequently, the model’s generalization ability to the
OOD testing set is compromised.

To address this issue, we present DMSD-CL, a novel
method comprising two modules: the counterfactual data
augmentation module and the adaptive debiasing contrastive
learning module. These modules effectively regulate the rep-
resentation learning process, thereby encouraging the model
to concentrate on genuine sarcasm-related semantic infor-
mation.

Counterfactual Data Augmentation. In this section, we
introduce a counterfactual data augmentation technique. It
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focuses on generating two types of counterfactual samples.
The first type shares similar word biases with their corre-
sponding factual (i.e., original) counterparts while possess-
ing opposite labels. Conversely, the second type shares dif-
ferent word biases compared to their corresponding coun-
terparts while retaining identical labels. In particular, for
the former, we design distinct data augmentation strate-
gies, namely, emotion-aware sarcastic sample rewritten and
entity-driven non-sarcastic sample rewritten, as shown in
Figure 2, tailored to the specific data characteristics of sar-
castic and non-sarcastic samples, respectively. For the latter,
we adopt a semantic-invariant data augmentation strategy.

Emotion-aware Sarcastic Sample Rewritten. The sarcas-
tic samples convey sarcastic semantics through intra- and
inter-modal emotional incongruities (Cai, Cai, and Wan
2019; Liang et al. 2021). Consequently, the textual modal-
ity of sarcastic samples usually exhibits emotions clearly
and strongly. Leveraging this characteristic, we discover that
flipping the sentiment polarity in the sarcastic sample can ef-
fectively neutralize its ironic semantics with minimal mod-
ifications. For instance, consider a sarcastic sample with a
text statement: “What a fantastic hamburger!” while the ac-
companying image displays an unpleasant hamburger. In
this case, the textual content might seem positive, but when
combined with the image information, it reveals the true un-
derlying sentiment of this sample is negative. By inverting
the sentiment polarity, the statement transforms into ”What
a terrible hamburger!”. The modification of a single word
successfully eliminates the sarcastic element.

Accordingly, we invert the textual sentiment polarity of all
sarcastic training samples to derive their counterfactual non-
sarcastic counterparts. In light of the advanced understand-
ing and sophisticated language generation capabilities of
ChatGPT (Jing et al. 2023a), we employ it to reverse the sen-
timent polarity under minimal modifications to the original
sentence. To be specific, we inform the ChatGPT model that
the given text is ironic and ask the model to reversely change
the sentiment in the text by making minor word-level modi-
fications, so that the rewritten sample is no longer sarcastic.
Similar to the previous work (Wu et al. 2023), to improve the
model’s understanding of this instruction, we adopt the in-
context learning scheme (Brown et al. 2020) and manually
rewrite K sarcastic samples’ textual content as exemplars.
The prompt is detailed in the Appendix. Ultimately, we ob-
tain the augmented counterfactual non-sarcastic sample as
follows, B

T, < ChatGPT(Emo(Ts)), 6)

where T, is the rewritten text via ChatGPT using the prompt
Emo(Ts). Ts denotes the text of factual sarcastic samples in
the training set.

Entity-driven Non-Sarcastic Sample Rewritten. In con-
trast to sarcastic samples, non-sarcastic samples often lack
explicit and intuitive emotional expressions, making it chal-
lenging to directly revert the emotional polarity in these
cases to get samples with opposite labels. Consequently, we
adopt a distinct approach to obtain counterfactual samples
for non-sarcastic instances. Through the analysis of existing
sarcastic samples in the training set, we discern a common
pattern among them, which is the presence of at least one ex-
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plicit target entity to be satirized. Moreover, both the visual
and textual modalities of the sarcastic sample revolve around
this entity. Consequently, we first select the satirized target
entity for counterfactual non-sarcastic sample rewritten. In
order to maintain the semblance of word distributions be-
tween the counterfactual and original samples, we propose
to select the target entity from the pre-existing entities found
in both the original visual and textual modalities. To achieve
this, we begin by passing the text 7™ of non-sarcastic sam-
ples through a syntax parser’ to extract all nouns, which
serve as the textual entities E;. Simultaneously, we leverage
an advanced object detection technique, Faster-RCNN (Ren
et al. 2015), to identify a set of objects present in the image,
constituting the visual entities E,,.

Subsequently, we randomly pick out one entity in the
overlapping entities of E, and E,, and consider it as one
of the target entities that the original sample focuses on. We
can represent this process as follows,

e « Random(F; N E,), @)

where e is the target entity derived by the random selection
process Random(+). Thereafter, we utilize ChatGPT to gen-
erate a text that satirizes the target entity e by constructing a
prompt based on e as follows,

T, + ChatGPT(Ent(e, T,)), (8)

where the augmented text T, is obtained via the prompt
Ent(e,T,) and ChatGPT. Ent(e, T},), constructed from the
original non-sarcastic text 73, and the target entity e, is de-
rived to prompt ChatGPT to generate T,,, which has a sar-
castic semantic under a similar word distribution with the
original non-sarcastic text. Similar to the previous section,
we also manually rewrite K textual content of non-sarcastic
samples as demonstrations and prompt ChatGPT to rewrite
other input data according to these examples. The concrete
prompt can be found in the Appendix. By implementing the
counterfactual non-sarcastic sample rewritten, we achieve to
add sarcastic semantics to its textual content. During this
process, we preserve the word distribution of the augmented
text to be similar to the original text, which is achieved by
constraining the target entity.

Semantic-invariant Data Augmentation. To get counter-
factual samples sharing dissimilar biased words and identi-
cal labels with factual samples, we randomly choose some
of four word-level modifications and perform it to the textual
content of factual samples, motivated by EDA (Wei and Zou
2019). In particular, the four operations are: a) randomly re-
place a few words in the text with their synonyms, b) ran-
domly insert the synonyms of random words into the text, c)
randomly swap the positions of two words in the text, and d)
randomly delete a few words from the text.

Ultimately, for each sample x, we construct two counter-
factual augmented samples, Z and z, which have the oppo-
site or the same sarcastic labels to z as follows,

T = {7:7U7y}7
z= {Iﬂjvg}v (9)
T = {T,U,ZJ},

where ¥ represents the opposite label of y.

Shttps://www.nltk.org/.



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Fl-score Macro-average

MODALITY METHOD Ace(%) ~prorer Ree (%) FT (%) Pre(%) Rec (%) FT (%)
mage-only ResNet (He ot al. 2016) 6476 5441 7080 6153 60.12  73.08 6597
ViT (Dosovitskiy et al. 2021) 7314 6468 7163 6798 7224 7288 7242

TextCNN (Kim 2014)7 8003 7420 7630 7532 7803 7828  78.15

ext-only Bi-LSTM" 8190 7666 7842 7753 8097  80.13  80.55
BERT (Devlin et al. 2019) 8385 7872 8227 8022 8131 8087  81.09

ROBERTa (Liu et al. 2019) 8551 7824 8811 8288 8483 8595  85.16

FIFM (Cai, Cai, and Wan 2019)7 8344 7657 8415  80.18 7940 8245 8090

Res-BERT (Pan et al. 2020) 8430 7902 8248 8071 8354 8399 8374

muliimodatity  AWBERT (Panctal 2020 8605 7863 8331 8090 8087 8508 829
InCrossMGs (Liang et al. 2021)F 8610 8138 8436 8284 8539 8580  85.60

HCMKE (Liu, Wang, and Li 2022)  87.38  82.58  86.54 8452  86.69 8723  86.93

CMGCN (Liang et al. 2022)" 8755 8363 8469 8416 87.02 8697  87.00

DMSD-CL 8895 8489 8790 8637 8835 8877  88.54

Table 1: IID testing performance comparison among different methods on the MSD dataset. { indicates the results are cited
from (Liang et al. 2022), others are run by the open source codes. The best results are highlighted in boldface.

Adaptive Debiasing Contrastive Learning

Based on the constructed triplet (z, T, Z), we introduce a
contrastive learning framework to guide the model to per-
ceive the sarcastic discrepancy between two samples of dif-
ferent labels but with similar word biases(e.g., x and %), as
well as the sarcastic consistency between two samples of the
same label but with dissimilar word biases(e.g., x and ).
Specifically, for each training sample z, we begin by defin-
ing its corresponding positive sample set S, and negative
sample set S,,. Therein, S, consists of samples (including
factual and counterfactual samples) with the same label (ex-
cept z itself) in a mini-batch, and S, consists of samples
with the opposite label in a mini-batch. Based on the two
sample sets, we aim to learn the robust latent representation
of x by attracting it towards the representations of samples
in &, and repels it from the representations of samples in Sy,
simultaneously as follows,

1
:@Z—log

PESP

exp (®(h) - ®(hy)/7)
Znesn exp (®(h) - @(hy,)/7)’
(10)
where 7 is a temperature hyper-parameter. ® denotes an
MLP projection head which is widely used in contrastive
learning. h,, and h,, is the final multimodal representation
of the positive sample p and negative sample n.

However, Eqn. 10 weighs all positive and negative sam-
ples equally, which is sub-optimal in debiasing multimodal
sarcasm detection. Intuitively, it poses greater difficulty for
the model to distinguish the fundamentally different sar-
castic semantics when samples with opposite labels exhibit
greater biased word similarity. Conversely, when there is a
significant disparity in biased word similarity for samples
with the same labels, the model tends to make inconsistent
predictions for them. Based on the aforementioned percep-
tions, we should encourage the model to focus more on 1)
discriminating samples with similar word bias but opposite
labels, and 2) narrowing the gap for samples with dissimilar
word bias but the same label. To accomplish this, we em-
ploy the adaptive debiasing weighting strategy. Specifically,

Le
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we first measure the biased similarity of two samples by the

cosine similarity 7. = cos < h,h, > (c € {S,,S,}). h.

is the representation vector of sample c. . denotes the co-

sine similarity between h and h, which is regarded as the

word bias similarity between x and a sample ¢ from S, or

Sy Based on the similarity, the weight for each sample is as
1—re(ceSy)

follows,
wC:{ L+ 7, (c € Sn), an

where w, is the debiasing weight for sample c. Ultimately,
the contrastive loss is refined as follows,

1N e Wpoexp(®(h) - $(hy)/7)
a |Sp| pGZSp ! & Znésn Wn, - €XP (q)(h) : (I)(hn)/T)7
(12)

where w,, and w,, denote the weights assigned for a positive
sample p and a negative sample n, respectively.

L

Overall Optimization

We employ the cross-entropy loss to optimize the sarcasm
detection task as follows,

Ls =ylog(g) + (1 —y)log(1 - §). (13)
Finally, we combine the classification and contrastive loss
functions together to optimize the whole model as follows,

L=L,+ M., (14)

where ) is a hyper-parameter that controls the proportion of
the two losses.

Experiments
Experimental Settings

Dataset. We conducted experiments on a publicly avail-
able multimodal sarcasm detection benchmark dataset (Cai,
Cai, and Wan 2019). The dataset comprises 24,635 samples,
each comprising textual content, an associated image, and
a corresponding label. Following the original setting, the
sizes of the training set, development set, and testing set are
19,815, 2,410, and 2,409, respectively.
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Fl-score Macro-average
MODALITY METHOD Acc(®) —pra@y Rec (%) FI (%) Pre(%) Rec (%) FI (%)
o ResNet (He ot al. 2016) 3825 1538 1772 1647 2787 2704 2736
ge-only ViT (Dosovitskiy ot al. 2021) 2200 1367 1835 1567 2253 2136  21.55
TextCNN (Kim 2014) 3725 2686 3417 3008 3730 3671  36.58
ext-only Bi-LSTM 3450 2373 2974 2640 3320 3277 3294
BERT (Devlin et al. 2019) 2125 1769 2721 2144 2222 2228 2125
ROBERTa (Liu et al. 2019) 2050 1516 1708 1607 2807 2734  27.64
Res-BERT (Pan et al. 2020) 2075 1466 2088 1723 2162 2077 2060
Att-BERT (Pan et al. 2020) 2825 2158 3101 2545 2750 2646  26.69
wulti-modatiry  HCMKE (Liu Wang,and Li2022) 3750 2788 3670 3169 3790 3736  37.04
CMGCN (Liang et al. 2022) 3425 2727 3987 3239 3552 3522 3420
DMSD-CL 7025 59.60 7658  67.03 7041 7134 69.96

Table 2: OOD testing performance comparison among different models on the MSD dataset. Since HFM and InCrossMGs did
not publish the source codes, there are no corresponding results in the table. The best results are highlighted in boldface.

11D testing OOD testing
METHOD Acc F1 Acc F1
w/o-Image | 87.67 84.83 | 61.25 57.30
w/o-Text 67.04 60.26 | 35.25 25.36
w/o-Adapt 88.33 85.71 | 64.75 62.59
w/o-Contra | 88.37 85.47 | 25.75 15.38
DMSD-CL | 88.95 86.37 | 70.25 67.03

Table 3: Experiment results of ablation study.

IID and OOD Settings. As aforementioned, to test the
genuine generalization ability of MSD models, we per-
formed experiments on both Independent and Identically
Distributed (IID) and OOD settings. In the IID setting, the
data distributions of the training and testing set are simi-
lar. Conversely, in the OOD scenario, we created an OOD
testing set in which the distribution of words over labels is
different vastly from the training set. To this end, we em-
ployed proficient annotators to curate an OOD testing set,
requiring that the samples should have similar textual con-
tent and opposite labels as original samples in the IID testing
set. Specifically, we instructed annotators to revise the tex-
tual content of the original sample with minimal changes to
reverse its label. In addition, to enhance the revising pro-
cess of the original sarcastic samples, we provided anno-
tators with the explanation of why the sample is sarcastic,
which is supplied by the prior work (Desai, Chakraborty,
and Akhtar 2022), to facilitate a deeper sarcasm semantics
comprehension. Regarding the original non-sarcastic sam-
ples, we found that the samples with stronger emotional
tendencies are more easily transformed into sarcastic vari-
ants. To systematically identify such candidates, we lever-
aged the NRC-VAD emotional dictionary® to calculate sam-
ples’ emotional intensities (Zhong, Wang, and Miao 2019)
and select the original non-sarcastic samples with higher
emotional intensities. Overall, we amassed a collection of
the OOD testing set comprising 242 non-sarcastic and 158
sarcastic samples, each meticulously subjected to manual re-
finement and scrutiny.

Shttps://saifmohammad.com/WebPages/nrc-vad.html
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Implementation Details. We adopted the pre-trained
RoBERTa-base’ (Liu et al. 2019) model to generate em-
beddings for textual tokens. Besides, we employed the pre-
trained ViT® (Dosovitskiy et al. 2021) to produce embed-
dings for each visual region patch. We use gpt3. 5-turbo for
counterfactual data augmentation. The number of patches n,,
is set to 16. The dimensions of the yielded textual and visual
vectors d; and d,, are both 768. Meanwhile, the hyperparam-
eters K, 7, and )\ are configured to 4, 0.07, and 0.9, respec-
tively. We used the Adam optimizer to optimize our model
with a learning rate of 1e — 5. The mini-batch size is set
to 16 and the maximum number of epochs for training is set
to 20. Our evaluation employed Accuracy, Precision, Recall,
Macro-average, and F1-score metrics to measure the model
performance.

Model Comparison

We compared our model with a series of strong baselines,
which can be broadly classified into three categories: 1)
Image-only Methods. The sarcasm detection in these mod-
els relies solely on image input, incorporating methods such
as ResNet (He et al. 2016) and ViT (Dosovitskiy et al.
2021) to form the image-only sarcasm detection. 2) Text-
only Methods. These methods purely rely on textual in-
formation for sarcasm detection, including TextCNN (Kim
2014), a deep learning model utilizing Convolutional Neu-
ral Networks for text classification; Bi-LSTM (Hochre-
iter and Schmidhuber 1997), a bidirectional Long Short-
Term Memory network for text classification; BERT (De-
vlin et al. 2019) and RoBERTa (Liu et al. 2019), which
utilize the pre-trained BERT and RoBERTa models to de-
tect sarcasm, respectively. 3) Multimodal Methods. These
methods utilize both visual and textual information for sar-
casm detection, including HFM (Cai, Cai, and Wan 2019),
which proposes a hierarchical model to fuse visual and tex-
tual features; Res-BERT (Pan et al. 2020), concatenating
ResNet image features and BERT-based text features for sar-
casm prediction; Att-BERT (Pan et al. 2020), exploring an

"https://huggingface.co/roberta-base
8https://github.com/lukemelas/PyTorch- Pretrained- ViT
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Original ~ Text: the : w/o Contra
amazing effort and |
artistry that goes into :

making a <user> burger. : DMSD-CL

i Revised  Text: the w/o Contra
: horrible lack of effort and
i artistry that goes into
i making a <user> burger.

“N

DMSD-CL

(2)

i Original Text: thrilled to w/o Contra
i say that my rodeo art got
: best of show ! ! : | -) feeling
i so incredibly blessed.

- |

DMSD-CL

Revised Text: disappointed | w/o Contra
to say that my rodeo art got I:)

worst of show! Feeling so :
incredibly not blessed. i

SN . castic Sample R i
(b)

DMSD-CL

Figure 3: Illustration of two samples in the IID testing set and OOD testing set. The bars on the right column of the image
demonstrate the prediction distribution of models. The blue and orange colors denote probabilities of the sarcastic label and

non-sarcastic label, respectively.

inter-modality attention and a co-attention to model the in-
congruity of multimodal information; InCrossMGs (Liang
et al. 2021), a graph-based model to leverage the sarcas-
tic relations from both intra- and inter-modality perspec-
tives; HCMKE (Liu, Wang, and Li 2022), a novel hierarchi-
cal framework for sarcasm detection by exploring both the
atomic-level congruity based on cross attention mechanism
and the composition-level congruity based on graph neural
network; and CMGCN (Liang et al. 2022), a graph-based
model exploring the sarcastic relations across objects of the
image and tokens of the text.

We conducted experiments on both the IID and OOD test-
ing sets. Table 1 and Table 2 show the comparison results of
baseline models and DMSD-CL on IID and OOD scenarios,
respectively. From the results, we can draw the following
observations. 1) DMSD-CL outperforms existing baselines
in terms of all metrics on the IID testing set. This verifies the
effectiveness of our proposed framework under the standard
MSD task setting. 2) DMSD-CL significantly surpasses all
the baselines across all metrics on the OOD testing set. It
shows the robustness and generalization ability of the pro-
posed debiasing sarcasm detection framework, which can
overcome the data distribution (i.e., biased words distribu-
tion) difference between the OOD testing set and the biased
training set. 3) The enhancement in performance achieved
by DMSD-CL on the OOD testing set surpasses that ob-
served on the IID testing set. The notable discrepancy in per-
formance improvement can potentially be attributed to the
debiasing capabilities of DMSD-CLis more easily observed
on the OOD test set where the bias distribution difference
between training and testing is larger.

Ablation Study

To verify the effectiveness of different components in our
proposed framework, we compared it with the following
variants. 1) w/o-Image and 2) w/o-Text. To explore the ef-
fect of different modalities on sarcasm detection, we re-
moved the visual and textual information from the frame-
work, respectively. 3) w/o-Adapt. To verify the importance
of the devised adaptive debiasing weighting strategy, we ex-
cluded it in DMSD-CL by solely employing the standard
contrastive learning method. 4) w/o-Contra. To evaluate the
role of adaptive debiasing contrastive learning with coun-
terfactual data augmentation in sarcasm detection, we dis-
carded the contrastive learning in this framework.
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Table 3 summarizes the performance of DMSD-CL and
its variants. From this table, we have the following obser-
vations. 1) DMSD-CL surpasses both w/o-Image and w/o-
Text, demonstrating that removing visual or textual infor-
mation damages the sarcasm detection performance. 2) w/o-
Text performs better than w/o-Image, indicating textual con-
tent’s stronger contribution to MSD than visual content,
which also reveals the biased words in text may harm the
model’s generalization. 3) DMSD-CL consistently outper-
forms w/o-Adapt. It verifies the effectiveness of the adaptive
debiasing weighting strategy for debiasing sarcasm detec-
tion. 4) w/o-Contra performs worse compared to DMSD-
CL, possibly because DMSD-CL can learn robust task-
relevant representation while w/o-Contra cannot. This un-
derscores the need for contrastive learning with counterfac-
tual samples in debiasing sarcasm detection.

Case Study

To gain an intuitive comprehension of the DMSD-CL frame-
work on the debiasing MSD task, we present experimental
results of our DMSD-CL and its variant w/o-Contra, as de-
picted in Figure 3. As can be seen, in case (a), w/o-Contra is
misled by the biased words in the revised text, subsequently
leading to an erroneous prediction. This can be attributed
to that w/o-Contra grasps superficial associations in biased
words and labels, without effectively capturing task-relevant
attributes. Conversely, our DMSD-CL, which acquires sar-
castic relevant representations through counterfactual data
augmentation and adaptive debiasing contrastive learning,
demonstrates robust generalization ability, revealing the ne-
cessity of mitigating the spurious correlations. A similar ob-
servation can be found in case (b).

Conclusion

In this paper, we first analyze the spurious correlation be-
tween the text and label in MSD and then define a novel
OOD MSD task to evaluate the generalization ability of
models. Thereafter, to tackle this task, we propose a debi-
asing multimodal sarcasm detection framework with con-
trastive learning, which can discriminate the robust task-
relevant feature from the superficial word bias. To measure
the model performance in the OOD scenario, we constructed
an OOD testing set by manual labeling. Extensive experi-
ments on a public dataset demonstrate the superiority of the
proposed framework on both IID and OOD settings.
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