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Abstract

Multimodal Sarcasm Understanding (MSU) has a wide range
of applications in the news field such as public opinion anal-
ysis and forgery detection. However, existing MSU bench-
marks and approaches usually focus on sentence level MSU.
In document level news, sarcasm clues are sparse or small
and are often concealed in long text. Moreover, compared to
sentence level comments like tweets, which mainly focus on
only a few trends or hot topics (e.g., sports events), content
in the news is considerably diverse. Models created for sen-
tence level MSU may fail to capture sarcasm clues in docu-
ment level news. To fill this gap, we present a comprehensive
benchmark for Document level Multimodal Sarcasm Under-
standing (DocMSU). Our dataset contains 102,588 pieces of
news with text image pairs, covering 9 diverse topics such
as health, business, etc. The proposed large-scale and diverse
DocMSU significantly facilitates the research of document
level MSU in real world scenarios. To take on the new chal-
lenges posed by DocMSU, we introduce a fine grained sar-
casm comprehension method to properly align the pixel level
image features with word level textual features in documents.
Experiments demonstrate the effectiveness of our method,
showing that it can serve as a baseline approach to the chal-
lenging DocMSU.

Introduction

Sarcasm is a form of verbal irony that often uses positive
words to convey a negative message, such as frustration,
anger, contempt and even ridicule (Wilson 2006). In real-
world cases, a piece of sarcastic news often lacks explicit
linguistic markers, and thus requires additional cues to re-
veal the true intentions. The accompanying visual informa-
tion provides helpful cues to better perceive ironic discrep-
ancies. Multimodal sarcasm (Wang et al. 2022; Shu et al.
2017) is omnipresent in social media posts, forum discus-
sions, and product reviews, and hence the multimodal sar-
casm understanding is of great significance for a wide range
of applications in the news field such as sentiment analysis
(Mao et al. 2021), fake news detection (Ying et al. 2022; Qi
et al. 2023), and public opinion analysis.

*Guoshun Nan is the corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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THE FIRE FIGHTING TOOL

As we all know, fire extinguisher is a portable fire
fighting tool. It contains chemicals to put out fires
and is stored in public places or places where fires
may occur. Different types of fire extinguishers are
filled with different ingredients and are designed
for different fire starts. Care must be taken when
using it, or it may cause danger.
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Figure 1: Example of a piece of sarcastic news. It shows that
a fire extinguisher, a tool used to extinguish fires, has caught
fire. This sarcasm can remind us of the quality of the fire
extinguisher.

Figure 1 illustrates a piece of multimedia sarcastic news.
To understand this sarcastic news, a model must capture tex-
tual cues from multiple sentences, including fire fighting and
cause danger. The accompanying visual cue, fire on a fire
extinguisher in the figure below, plays an important role in
this sarcasm. The figurative and creative nature of such mul-
timodal sarcasm poses a great challenge to the effective per-
ception of the true intention under the guise of overt positive
surface involved in a whole document and an image. This re-
quires the design and development of document-level mul-
timodal sarcasm understanding (MSU) methods that specif-
ically take the characteristics of such an ironic expression
into consideration.

Prior research has underscored the critical significance
of utilizing extensive, high-quality, and challenging bench-
marks for the development and evaluation of state-of-the-
art deep learning methods across various natural language
processing (NLP) tasks (Baltrusaitis, Ahuja, and Morency
2019; Li et al. 2020). In this context, existing sarcasm bench-
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marks (Castro et al. 2019; Wang et al. 2022) have demon-
strated considerable promise. However, when addressing
document-level multimodal sarcasm understanding in the
real-world news domain, they exhibit certain limitations, in-
cluding (1) Limited length of text. In real-world scenarios,
a piece of news may include more than 70 words across
multiple sentences (Shu et al. 2017), concealing ironic dis-
crepancies beyond sentence boundaries. However, samples
in existing multimodal sarcasm datasets (Cai, Cai, and Wan
2019; Castro et al. 2019; Wang et al. 2022) only include
about 20 words within a single utterance on average, which
greatly simplifies the challenges of MSU in real-world cases.
(2) Limited quality of annotations. Existing large satirical
datasets (Riloff et al. 2013; Ptdcek, Habernal, and Hong
2014; Barbieri, Saggion, and Ronzano 2014) are mostly
generated by bootstrapping algorithm or remote supervision
with noisy labels. These annotations can be disruptive to sys-
tems that harness such data for downstream applications due
to the subtle nature of sarcasm. Furthermore, these datasets
only contain text modality. (3) Very limited number of sam-
ples. As sarcasm lacks explicit linguistic or visual markers,
a model requires a large volume of samples to learn the
rules or ways that reveal the true underlying intentions. A
large-scale dataset benefits the generalization capability of
an MSU model that alleviates the over-fitting issue during
the training procedure.

The aforementioned limitations in existing datasets high-
light the need for a comprehensive, challenging, and higher-
quality document-level multimodal sarcasm dataset to en-
hance irony understanding in the domain of news. Towards
that, we developed DocMSU, a comprehensive benchmark
that contains high-quality annotations of 102, 588 pieces of
news with text-image pairs, covering 9 hot topics such as sci-
ence, business, and sports. We collect these samples from so-
cial websites, including “New York Times” and “UN News”,
each involving 63 tokens across 5 sentences on average. To
alleviate the ambiguity of sarcasm, we manually annotated
these documents and images in 3 rounds with 15 workers,
ensuring the annotation quality with confidence scores. Each
pair of text-image involves a binary label for sarcasm detec-
tion, 2.7 textual spans and visual bounding boxes on average
for sarcasm localization.

The proposed DocMSU facilitates the research of multi-
modal sarcasm perception for real-world applications. It also
introduces two new challenges: (1) capturing the nuanced
sarcastic clues in two modalities, where the clues are con-
cealed within very few words in a document or a tiny area
in an image; (2) aligning the visual and linguistic features
for irony understanding, where the incongruity nature of sar-
casm requires cross-modal interactions. To fill this gap, we
propose a novel sarcasm comprehension method that aims to
fuse the pixel-level image features with the word-level tex-
tual features of a whole document in a fine-grained manner.
Experimental results show the effectiveness of our method.
The main contributions of our work can be summarised as
follows:

¢ We curate DocMSU, a new benchmark for document-
level multimodal sarcasm understanding in the real-
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world news field. Compared with existing ones, our
dataset is more comprehensive and more challenging
with much higher quality annotations.

We come up with a novel document-level MSU method
for sarcasm detection and localization, mitigating the
issues in sarcastic cues detection across sentences and
across modalities under inconsistent context.

We conduct extensive experiments on our DocMSU. Re-
sults show that the created benchmark enables us to de-
velop and evaluate various deep learning methods for the
task of MSU closer to the real-world application.

Related Work

Datasets: Existing sarcasm datasets are mainly collected
from Twitter and Reddit and can be roughly categorized into
text-based ones (Riloff et al. 2013; Ptacek, Habernal, and
Hong 2014; Barbieri, Saggion, and Ronzano 2014; Khodak,
Saunshi, and Vodrahalli 2018; Oprea and Magdy 2020), and
the multimodal ones (Cai, Cai, and Wan 2019; Castro et al.
2019; Wang et al. 2022). The text-based datasets suffer from
noisy labels caused by remote supervision. The most related
to our work is MSTI (Wang et al. 2022). However, the texts
in MSTT only contain 20 tokens on average, which may not
well reflect challenges in the news field. Compared to the
existing sarcasm datasets, our DocMSU provides more sam-
ples, much longer texts and higher quality annotations to-
wards sarcasm understanding in practice of the real-world
news field. Detailed comparisons are available in Table 1.
Methods: Early studies of sarcasm understanding were
based on statistical patterns (Riloff et al. 2013; Joshi,
Sharma, and Bhattacharyya 2015) and deep learning tech-
niques such as word embeddings and LSTM/CNN (Joshi,
Sharma, and Bhattacharyya 2015; Zhang, Zhang, and
Fu 2016). Recent MSTI leverages pre-trained BERT and
ResNet to extract the cross-modal features(Wang et al.
2022). Some powerful methods such as CLIP (Radford et al.
2021) and VILT(Hu et al. 2019) rely on contrastive learning
and Transformer to learn multimodal representations. Dif-
ferent from the above methods, our model aims to compre-
hend the fine-grained nuanced sarcastic clues in two modal-
ities, where the clues reside within very few words in a doc-
ument or a very tiny area in an image.

The DocMSU Dataset

We present DocMSU, a new benchmark that contains high-
quality annotations of 102,588 pieces of news with text-
image pairs in 9 hot topics.

Data Collection

We crawl data from some famous news websites such as
“New York Times”, “UN News”, “The Onion” and “New-
sThumb”, etc. To avoid regulation issues, we discard news
that includes sensitive topics such as pornography and vio-
lence. Finally, we collect more than 70, 000 pieces of news
that consist of titles, abstracts, images, and news bodies,
where each sample is generated by combing a news title,
the abstract, and the image. Each sample involves 63 tokens
across b sentences on average. We categorize these data into
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Datasets Volume Level Source Input Labeled Obj.  Annotator
Riloff (Riloff et al. 2013) 175,000  Sentence Tweets Text - Manual
iSarcasm (Oprea and Magdy 2020) 4,484 Sentence  Social media Text Text Manual
Cai (Cai, Cai, and Wan 2019) 24,635 Sentence Tweets Text, Image Text Auto
MSTI (Wang et al. 2022) 5,015 Sentence Tweets Text, Image Text, Image Manual
MUStARD (Castro et al. 2019) 690 Sentence TV shows Text, Audio, Video - Manual
DocMSU (ours) 102,588 Document News Text, Image Text, Image  Semi-Manual

Table 1: The comparisons between our DocMSU dataset and previous ones.

9 groups such as “science”, “health”, and “business”, and
each group involves 10 visual object types such as “build-
ing”, “animal” and “art”. We use an open-source tool doc-
cano (Nakayama et al. 2018) for textual and visual annota-
tions and 15 volunteers participated in the work. We mix up
different categories of samples before the annotation, allow-

ing each annotator to randomly access news.

Annotation Process

During the annotation procedure, we give a binary tag for
each document-image pair to indicate whether it is an ironic
message. For a piece of sarcasm news, we further mark the
sarcastic clues, including the textual span in the document
and the bounding box in the image. However, we face two
challenges in such an annotation procedure.

¢ Lacking explicit linguistic and visual markers in a
sample. An annotator may not be able to accurately un-
derstand the sarcasm in some news titles, images and the
corresponding abstracts, as they may require some proper
background knowledge for the annotator to understand
the sarcasm.

Annotation variances caused by the subjective nature
of perceiving sarcasm. As irony is always conveyed in a
subtle way both in a document or an image, the percep-
tion of sarcastic clues varies from different annotators.

For the first issue, we ask the annotator to refer to the news
body to better understand the context. By doing so, the an-
notator is able to give a more accurate binary label, as well
as sarcastic clues including the textual spans in the docu-
ment and bounding box in the image. Regarding the second
issue, we have 3 annotators for each sarcastic sample with a
scoring mechanism. We use Intersection-over-Union (IoU)
to quantify the similarity between two annotations. A simi-
larity score between two annotations is defined as the sum of
textual IoU (TIoU) and visual IoU (Yu et al. 2016). TIoU is
defined as follows: .S refers to the text labeled by the annota-
tor, r is the index of annotator, ¢ and j indicate the positions
of the beginning and the end of the sarcastic span respec-
tively.

min(Sr—1(j], Sr[j]) — maw(Sr-1[i], S, [i])
maz(Sy—1[j], S [j]) — min(Sr—1[i], S:[i])

For each annotation, we obtain two similarity scores with
the other two annotations. The sum of them is defined as the
confidence score of this annotation. The annotation with the
highest confidence score is selected in our DocMSU. Due to
the subtle nature of sarcasm, there are some samples whose

TIOU = 1)
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Figure 2: Statistics of our DocMSU: (a) percentage of each
topic in the overall dataset. (b) distribution of sarcastic sam-
ples and non-sarcasm ones in each news topic. (c) distribu-
tion of visual object type in each topic.

ironic clues can be hardly distinguished. For these samples,
we observe that all the three confidence scores are much
smaller than those of other samples, and these samples take
up about 5 percent of the data. Hence, we ask the annotator
who achieves the overall highest confidence score among the



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

15 volunteers in the whole annotation procedure to further
label these “challenging” instances. We also use GPT-3.5 to
augment the text data and discard instances that may include
sensitive information.

Dataset Analysis

Figure 2 details the statistics of our DocMSU. Figure
2(a) shows the percentage of the 9 topics, “Science”,
“Health”, “Sport”, “Technology”, “Entertainment”, “Educa-
tion”, “Business”, “Environment”, and “Politics”, where the
“Environment” topic is most popular and takes the largest
portion 22.16%. Figure 2(b) illustrates the distribution of
sarcastic samples and non-sarcasm ones in each topic. To-
tally, our benchmark contains 34, 130 sarcastic samples and
68, 458 non-sarcastic ones. Figure 2(c) shows the distribu-
tion of visual object type in each topic, where multiple types
of visual objects enrich the feature for sarcasm understand-
ing. We have 10 object types in our DocMSU. A sample
contains 2.7 labeling targets on average, which are sarcastic
clues, including textual spans in a document and bounding
boxes in an image'.

A new issue of National Geographic
magazine was mailed to subscribers'
homes. This issue contains a
warning about the excessive use
of plastic. It hopes to serve as a
reminder to reduce the use of
plastic in everyday life and to urge
people to implement a green way of
living. It comes in a plastic shrink
wrap and is packed in a plastic bag
for added protection.

Netflix offers Internet on-demand streaming, custom
DVDs and online rental of DVDs and Blu-rays. Users can
rent and return a large number of physical discs of films
from Netflix's inventory 2
via free delivery envelopes.
A subscriber in the United
States received a broken
disc. Netflix's discs are
printed with "unbreakable” é\
on the packaging, indicating &
&

that they are very sturdy.
Figure 3: Two samples selected from our benchmark.

Proposed Method
Motivation

Figure 3 shows two examples selected from our DocMSU.
The first example highlights the irony in National Geo-
graphic’s practices, as they extensively employ plastic pack-
aging despite advocating against the overuse of plastic. The
subsequent example exposes the contradictions within Net-
flix’s service delivery. Despite boasting about their discs be-
ing “unbreakable” and implying exceptional durability, cus-

"We provide more details in Appendix: DocMSU Annotation
Pipeline, including annotation user interface, data samples, etc. and
appendices are available in the preprint version.
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tomers received damaged discs, contradicting the advertised
durability.

A model may face two new challenges for sarcasm under-
standing the above two examples. (1) Capturing the nuanced
sarcastic clues that are concealed within very few words
(e.g., “a broken disc”) in a document or in a very tiny area
(e.g., the tag “unbreakable”) of the image. (2) Aligning the
visual and text features for the accurate irony understand-
ing (e.g., “unbreakable” and the broken disc). Existing ap-
proaches such as recent MSTI (Wang et al. 2022), CLIP, and
VILT have limitations in tackling these two challenges as
they focus more on learning the overall information of the
whole text and image representations. This motivates us to
develop a new method to capture the fine-grained linguistic
and visual sarcastic clues and align the two different types
of clues for a better MSU.

Overview

Figure 4 illustrates the architecture of our model, which con-
sists of three components, including a document encoder,
an image encoder, and a fusion module. To capture the un-
derlying subtle clues concealed within very few words in a
document and a very tiny area in an image, our model gener-
ates two matrices for pixels-level image representations and
token-level document representations. For the cross-modal
interactions, we fuse the representations in two matrices
with a sliding window for multimodal alignment. We ex-
plore the specifics of this design in the following sections.

Document Encoder

We denote a document as s = {w; }?"_;, where w; indicates
the i-th token and 7 is the total number. We use BERT (De-
vlin et al. 2019) to output contextualized token-level repre-
sentations 1 € R™*?, where

w=[v1,v2,...,vy] = BERT(s) 2)

We use a fully connected layer f. to transform word rep-
resentations. Then, we convert the document representation
into a square shape w € RE*Lxd

@ (i, j,1) = (fc(o))Lx(ifl)ayj (3)

where 1 < 4,7 < L. We add paddings when n < L x
L. This square document representation is used for the fine-
grained alignment of the pixel-level visual representations.

Image Encoder

To keep the high spatial resolution of the feature maps and
retain the information of the image details, we only use the
early three convolution layers of ResNet (He et al. 2016).
In this way, we can keep the original resolution of images.
Then, we use a projection layer f,, to generate the visual rep-
resentations for each pixel. Third, the image feature map is
spatially divided into m sliding windows, with L x L pixels
for each window. In this way, the representation of the entire

image is as follows,
W= [W1,Wa, ey wWin] = fp((ResNet(J)), ())

where o is the input image and wy, € R¥*E*? denotes the
k-th window.
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Figure 4: Overview of the proposed model

Multimodal Sarcasm Fusion

During the process of multimodal fusion, we add the doc-
ument representation w to each window wy. The result of
addition is denoted as @y,

wy=w+wr k=0,1,...m ®)

We apply four stages in Swin-Transformer (Liu et al. 2021)
to deeply fuse the two modalities. Specifically, each stage
contains one patch merging layer and several blocks con-
taining mechanisms of shifted window attention, which cal-
culates the attention between each element in each shifted
window with little computational complexity. By doing so,
interactions are built between each word of the document
and each image pixel without adding additional calculations.
The output of this method delivers multimodal fine-grained
features that could be applied to sarcasm understanding.

Experiments
Evaluation Tasks

To evaluate our model, we perform two MSU tasks, i.e., sar-
casm detection and sarcasm localization.

Sarcasm detection: Sarcasm detection aims to identify
whether visual or verbal irony exists in the sample. This task
can be formulated as a binary classification problem.
Sarcasm localization: Sarcasm localization aims to find out
the sarcastic clues or objects in a document with textual
spans, as well as in the paired image with bounding boxes.

Implementation Details and Settings

We employ the pre-trained uncased BERT-base (Devlin et al.
2019) as the text encoder. For sarcasm localization, we use
a linear layer to predict whether a word token is sarcas-
tic in the text and employ YoloX (Ge et al. 2021) as the
head network to output the bounding box of the sarcastic
object or region. For sarcasm detection and textual sarcas-
tic localization, we use the binary cross entropy loss func-
tion. For visual sarcastic localization, we employ the CloU
loss function (Zheng et al. 2022). We train our model with
a single NVIDIA RTX 3090 GPU. The learning rate is set
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to 0.001 and 0.01 for sarcasm detection and localization,
respectively. We employ AdamW (Kingma and Ba 2014)
as the optimizer. The dataset is randomly split into 70%,
20%, and 10% for training, validation, and testing. The pre-
vious Swin-Transformer has three settings including T'iny,
Small, and Base (Liu et al. 2021). For the baseline, we
configure Swin-Transformer with the Tiny setting for sar-
casm localization, and Base for the detection task, as such
two settings perform best among all three settings in corre-
sponding tasks. More details are available in Appendix.

Evaluation Matrices

For sarcasm detection and sarcasm localization in images,
we follow (Wang et al. 2022) and (Lin et al. 2014) to use
average precision (AP) and F1 scores for evaluation, respec-
tively, including AP5g, APgg, Fl509 and Flgg. For textual sar-
casm localization, Exact Match (EM) (Joshi et al. 2018) is
usually employed to measure the prediction accuracy, which
is defined as the number of correct predictions that strictly
(100%) match the boundaries of annotations divided by the
total number of predicted samples. However, as shown in
Figure 5, the original EM is too strict to reflect the predic-
tion accuracy. Therefore, we introduce three new evaluation
matrices as follows,

e EM;p, EM~q: We use EM5¢ and EM~ to relax the stan-
dard EM. They are defined as the number of predictions
that match more than 50% and 70% annotations divided
by the total number of predicted samples. The original
EM can be seen as EMqg.

* BitError: BitError is the ratio of those wrongly classi-
fied tokens to the total number of tokens in the sample.

Sarcasm Detection Results

In this paper, we compare our method with BERT-base
(text-only) (Devlin et al. 2019), Swin Transformer (image-
only) (Liu et al. 2021), CLIP (Radford et al. 2021), Vision-
and-Language Transformer (ViLT) (Kim, Son, and Kim
2021) and CMGCN (Liu et al. 2021), which detects sarcasm
by the object types. For CLIP and ViLT, we first concatenate
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Sarcasm Localization

Model AP50T F150T APG()T FleoT

Swin-Transformer (Liu etal. 2021)7  21.78(£0.09) 21.70(£0.10)  6.13(x£0.21)  6.10(%£0.19)
MSTI (Wang et al. 2022) 10.21(£0.95)  10.17(£0.94)  6.31(£1.21) 6.29(£1.17)
CLIP (Radford et al. 2021) 17.76(£0.55)  17.65(£0.53)  6.23(£0.26)  6.23(£0.27)
Image ViLT (Kim, Son, and Kim 2021) 30.73(£1.25) 30.68(£1.23)  7.64(£0.99) 7.58(£1.47)
Ourssr 34.17(£2.01) 33.99(£2.12) 10.17(x1.21) 10.05(£1.01)
Ourssgs 32.95(£1.79) 32.90(£1.81) 11.68(%£1.51) 11.51(£2.22)
Ourssp 35.29(£2.92) 35.24(+2.95) 13.74(+£2.71) 13.67(+1.67)

Model EM5071 EM~7o 1 EM1 BitError]
BERT-base (Devlin et al. 2019)T  45.86(+0.15) 36.86(+£0.26) 35.77(£0.42)  18.24(£0.11)
MSTI (Wang et al. 2022) 44.99(+0.71)  35.45(£0.73) 34.10(x0.82) 14.70(£0.20)
CLIP (Radford et al. 2021) 39.34(+0.83) 34.14(%£0.85) 33.62(+0.99) 20.47(£0.31)
Text ViLT (Kim, Son, and Kim 2021) 44.09(£0.81)  36.96(x£0.77) 36.13(x0.75) 24.64(£0.93)
Oursst 49.74(£0.87) 40.17(£1.06) 38.50(£1.04) 17.12(£0.30)
Oursss 50.68(+£0.92) 41.17(£1.59) 39.91(£0.97)  16.83(£0.71)
Ourssg 52.19(+1.59) 43.88(+0.51) 39.66(4+0.29) 17.67(£1.16)

Table 2: Comparisons of our method with pre-trained single-modal (denoted as {) and multimodal baselines for sarcasm lo-
calization. Here we use the subscripts ST, S'S and S B to represent the different settings of Swin-Transformer in our method,

including Tiny, Small and Base (Liu et al. 2021).

the global image and text features and then perform binary
classification. Our model employs three settings of Swin-
Transformer to extract image representations respectively.
As shown in Table 3, our method with Swin-Transformer
of Base achieves the best accuracy, demonstrating its su-
periority in sarcasm detection. Because the single-modal

Text length : 60 words
A

r Al

ground truth ..., perhaps just work on the name of the commodity
case 1 ..., perhaps just work on the name of the commodity
case 2 .., perhaps just work on the name of the commodity
case 3 .., perhaps just work on the name of the commodity
case 4 .., perhaps just work on the name of the commodity
case 5 .., perhaps just work on the name of the commodity

case 1: EM50: 0 EM7g: 0 EM: O BitError: 5/60

ground truth case 2: EM5p: 0 EM70: 0 EM: O BitError: 4/60

case 3: EMs0: 1 EM7g: 0 EM: O BitError: 3/60

prediction
case 4: EM5p: 1 EM7g: 1 EM: O BitError: 1/60
missing case 5: EMsp: 1 EM7p: 1 EM: 1 BitError: 0/60

Figure 5: Illustration of the proposed EM5o, EM7q, and
BitError evaluation metrics for textual sarcastic localization,
under the assumption that there are five prediction cases. As
case 5 makes the completely correct prediction, its original
EM (or EM;(g) can be considered as 1. Although cases 1 to
4 yield partially correct predictions, their EM scores are 0
due to the excessively strict rule of EM. Therefore, the orig-
inal EM cannot properly measure the accuracy. Conversely,
our EMj5y and EM7( can better reflect the accuracy from dif-
ferent levels. We additionally introduce a BitError matrix to
evaluate predictions based on errors. The proposed evalua-
tion metrics EM5(, EM7( and BitError comprehensively re-
flect the prediction accuracy of MSU.
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Sarcasm Detection

Model Acc  Pre Fl-score
BERT-base (Devlin et al. 2019)1  87.12 77.61  86.51
Swin-Transformer (Liu et al. 2021)T 74.83 67.57  61.51
CMGCN (Liang et al. 2022) 88.12 78.11  75.23
CLIP (Radford et al. 2021) 96.19 78.99  77.62
ViLT (Kim, Son, and Kim 2021)  93.15 69.03 41.44
Oursgr 96.40 76.71  80.16
Oursgg 96.82 78.10  82.75
Ourssp 97.83 81.20 87.25

Table 3: BERT and Swin-Transformer are based on the sin-
gle modality (denoted as ). Here the subscripts ST, S5,
and S B refer to Tiny, Small, and Base settings of Swin-
Transformer, respectively.

BERT-base and Swin-Transformer do not comprehensively
exploit the image and text information, they only achieve
suboptimal results. Moreover, the proposed method also out-
performs the multimodal CLIP and ViLT models. This is
because our method is based on more fine-grained visual
signals, and the sliding-window-based Transformer mech-
anism can better capture the sarcasm clues. More detailed
comparisons are available in Appendix: Analysis of Swin-
Transformer under different settings.

Sarcasm Localization Results

For the sarcasm localization, we additionally include the
sentence-level Multimodal Sarcasm Target Identification
(MSTI)(Wang et al. 2022) method, which aims at finding
sarcasm clues in tweets. The experimental results are shown
in Table2. Our method outperforms those existing methods
in both visual and textual sarcasm localization in terms of
AP-, F1- and EM-based metrics. For example, in textual sar-
casm localization, our method (SB) surpasses CLIP, ViLT,
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Sarcasm Detection

Modality Accuracy?  PrecisionT  Fl-scoref
Image 74.83 67.57 61.51
Text 87.12 77.61 86.51
Image + Text 97.83 81.20 87.25

Table 4: Impact of modalities.

and MSTI by 12.85%, 7.20%, and 8.10%, respectively, in
terms of EM5g. This shows the effectiveness of the pro-
posed method in localizing nuanced clues in images or long
text, and also implies the meaningfulness of collecting such
a document-level benchmark. For textual sarcasm localiza-
tion, we also observe that our method (SS) is the second
best and performs slightly lower than MSTI by 2.13 points
in terms of BitError. Nevertheless, our method (SS) signif-
icantly outperforms MSTI in terms of EM-based metrics,
e.g., 5.81 and 7.20 points respectively in terms of EM and
EM5p. The results suggest that our method can achieve a
good balance between coverage and precision during the
localization. We will further investigate such an interesting
finding in the future. We also provide a case study to visu-
ally demonstrate how our model performs multimodal sar-
casm localization. Due to the space limitation, we give such
an illustration in Appendix: Case Study.

Attention Visualization

Figure 6 depicts the attention map generated by our method.
Our model focuses more on the fire extinguisher after four
alignment stages, as discussed in section of the multimodal
sarcasm fusion. This demonstrates the superiority of our ap-
proach in capturing fine-grained textual and image clues in
document-level multimodal news.

Stage 1

Stage 2

Stage 4

Stage 3

Figure 6: Attention visualization of our method.

Ablation Study

Impact of Modalities on MSU. This section investigates
the influence of visual and textual modalities on MSU. As
shown in Table 4 and Table 5, combining the two modalities
significantly improves the detection and localization accu-
racy. Such comparisons confirm our hypothesis that multi-
modal cues can benefit sarcasm understanding at the very
beginning of section of the introduction.

Impact of Image-Text Fusion Method. To evaluate the
effectiveness of the fusion method, we compare ours with
a baseline where the encoded image pixels and text tokens
are directly concatenated for sarcasm detection and localiza-
tion. As shown in Table 6 and Table 7, the proposed fusion
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Sarcasm Localization

Modality AP50T F1 50T AP60T F1 GOT
Image 21.78 21.70 6.13 6.10
Image + Text  35.29 35.24 13.18 13.12
Modality EMs50T EMyotT EM7?T BitError]
Text 45.86 36.86 35.77 18.24
Text + Image  49.74 40.17 38.50 17.12

Table 5: Impact of modalities.

Sarcasm Detection

Fusion Method ~ Accuracyf  Precisionf  Fl-scoref
Concatenation 90.27 79.69 86.62
The Proposed 97.83 81.20 87.25

Table 6: Effectiveness of our image-text fusion method.

Sarcasm Localization

Fusion Method AP50T F1 50T APGOT FlGOT
Concatenation 21.51 21.40 5.31 5.30
The Proposed 41.04 40.87 27.08 27.01
Fusion Method EMsoT EM7yT EM?T  BitError)
Concatenation 43.16 33.33 32.37 18.36
The Proposed 52.19 42.33 40.59 17.19

Table 7: Effectiveness of our image-text fusion method.

method can better capture and align the visual and textual
sarcasm clues and achieves better accuracy than the sample
concatenation fusion method. These findings show the supe-
riority of our method for the challenging MSU task.

DocMSU with Large Language Models

We conducted experiments on large language models
(LLMs), including GPT-4 (OpenAl 2023), VideoChat (Li
et al. 2023b), Otter (Li et al. 2023a), and mPLUG-Owl (Ye
et al. 2023). For the instances with obvious satirical clues,
LLMs can yield satisfied performance. While for the chal-
lenging ones, LLMs still struggle to accurately comprehend
sarcasm. Detailed results are presented in Appedix: Tests on
LLMs. Particularly, we observe that LLMs encounter dif-
ficulty in accurately identifying the satirical object and its
underlying cause when the text does not obviously indicate
satire. Furthermore, it shows that LLMs excel in providing
insightful explanations when the news involves intricate cul-
tural knowledge and social context.

Conclusion

This paper presents DocMSU, a new benchmark for the
challenging document-level multimodal sarcasm under-
standing in the news field. Compared with the existing ones,
our DocMSU is more comprehensive, challenging, and in-
volves higher-quality annotations. We believe our DocMSU
will encourage the exploration and development of various
downstream tasks for document-level multimodal sarcasm
perception closer to real-world applications. Future work
could focus on MSU across various cultures, as well as the
expressive differences between males and females.
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Ethical Statement

We have the copyright of contents collected from three web-
sites, including TheOnion, UNNews, and NewsThump, as
these sites automatically grant copyright for users who fol-
low their online rules. We carefully study these rules and
strictly conform to the requirements during data collection
and annotation. These online copyright requirements are
available on the above websites. To further fortify ethical
compliance, we will take the following steps: 1). Imple-
menting rigorous data anonymization techniques to safe-
guard personal information. 2). Ensuring transparency about
the data sources and collection methods in our revised
manuscript. 3). Committing to ongoing scrutiny and readi-
ness to remove or alter data that may be deemed ethically
inappropriate or has been collected from sources that do not
provide the necessary authorization. 4). Developing an on-
line agreement to require every user of the dataset strictly
conform to the rules of the websites from which we collected
the data.
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