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Abstract
Sarcasm is a complex linguistic phenomenon that
involves a disparity between literal and intended
meanings, making it challenging for sentiment
analysis and other emotion-sensitive tasks. While
traditional sarcasm detection methods primarily fo-
cus on text, recent approaches have incorporated
multimodal information. However, the applica-
tion of Large Visual Language Models (LVLMs)
in Multimodal Sarcasm Analysis (MSA) remains
underexplored. In this paper, we evaluate LVLMs
in MSA tasks, specifically focusing on Multimodal
Sarcasm Detection and Multimodal Sarcasm Ex-
planation. Through comprehensive experiments,
we identify key limitations, such as insufficient vi-
sual understanding and a lack of conceptual knowl-
edge. To address these issues, we propose a
training-free framework that integrates in-depth ob-
ject extraction and external conceptual knowledge
to improve the model’s ability to interpret and ex-
plain sarcasm in multimodal contexts. The experi-
mental results on multiple models show the effec-
tiveness of our proposed framework.

1 Introduction
Sarcasm is a linguistic phenomenon where the intended
meaning opposes the literal interpretation, commonly used to
convey sharp criticism or mockery toward someone or some-
thing. Understanding sarcasm is important for tasks like sen-
timent analysis, social media analysis, and customer feed-
back service, as these tasks require accurately identifying and
interpreting people’s emotions. Traditional sarcasm detec-
tion methods [Joshi et al.2016, Amir et al.2016] primarily
focus on text modality. With the development of multime-
dia, recent approaches [Bouazizi and Ohtsuki2016a, Cai et
al.2019, Qiao et al.2023] shift research attention into utiliz-
ing multimodal information to conduct Multimodal Sarcasm
Analysis (MSA).

Despite the existing advancements in MSA [Schifanella
et al.2016, Desai et al.2022], the performance of LVLMs in
MSA remains unexplored. Recently, LVLMs have been eval-
uated on various tasks, such as VQA [Fu et al.2023] and im-
age captioning [Dong et al.2024], demonstrating impressive
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Figure 1: Multimodal Sarcasm Analysis, including MSD and MSE.

capabilities in the understanding of both visual and textual
modalities [Fu et al.2023,Xu et al.2023,Bai et al.2023]. MSA
is a non-trivial task because it involves understanding sub-
tle cultural, emotional, and contextual nuances that are not
always explicitly stated. Additionally, the task requires not
only a deep understanding of both textual and visual infor-
mation but also the ability to effectively leverage and inte-
grate these modalities, further increasing the complexity of
the problem. Due to the above reason, exploring the perfor-
mance of LVLMs on MSA is vital for comprehensively eval-
uating their abilities on multimodal understanding.

Therefore, our first research question is RQ1: what is the
zero-shot performance on MSA for LVLMs? To explore this
research question, we assess LVLMs’ performance on two
key MSA tasks: Multimodal Sarcasm Detection (MSD) and
Multimodal Sarcasm Explanation (MSE). Through compre-
hensive experiments, we found that LVLMs show poor zero-
shot performance on MSA tasks. Therefore, we then explore
the second research question RQ2: how to improve the per-
formance on MSA for LVLMs without fine-tuning? Unlike
other training-based methods [Ding et al.2022], we focus on
finding a train-free method to improve the effect. We found
that poor ability stems from limited visual understanding and
a lack of conceptual knowledge. To address these issues, we
propose an effective framework that enhances model perfor-
mance by integrating in-depth object extraction and external
conceptual knowledge, thereby improving sarcasm interpre-
tation and explanation in multimodal contexts.

Our contributions can be summarized as:

• We categorize MSA into classification and explanation



tasks, with the corresponding subtasks being MSD and
MSE, and evaluate the capabilities of LVLMs on these
two tasks to showcase their zero-shot cross-modal anal-
ysis abilities.

• We revisit previous studies on LVLMs and analyze the
limitations of LVLMs in handling sarcasm, identifying
two key challenges: limited visual capabilities and in-
sufficient conceptual knowledge.

• We propose a multi-source semantic-enhanced multi-
modal sarcasm understanding framework that improves
LVLMs’ sarcasm understanding by incorporating exter-
nal knowledge sources, including detailed object and
conceptual knowledge. The experimental results across
multiple LVLMs show the effectiveness of our frame-
work. Furthermore, this method provides a new per-
spective for extending LVLMs in complex multimodal
tasks.

2 Test Task
To methodically assess the MSA abilities of LVLMs, we
conduct a comprehensive evaluation focusing on their un-
derstanding and grounding capabilities in sarcasm detec-
tion and explanation. Specifically, this study addresses
two tasks: Multimodal Sarcasm Detection (MSD) [Bouaz-
izi and Ohtsuki2016b], and Multimodal Sarcasm Explanation
(MSE) [Desai et al.2022].

2.1 Multimodal Sarcasm Detection
Task Formulation Suppose that we have a set of N test-
ing samples D = {s1, s2, · · · , sN}. Each samples si =
(T i, Ii, Y i) involves three elements. Here, T i denotes the
textual sentence, Ii denotes the image, and Y i is the ground
truth label for the i-th sample. The MSD task aims to test
whether a model F can precisely identify sarcasm in a given
text and its attached image as follows,

Ŷ i = F(T i, Ii), (1)

where Ŷ i is the binary classification prediction result of F .
Metrics To evaluate the performance of LVLMs in the
MSD task, we utilize Accuracy and F1-Score as the evalu-
ation metrics.

2.2 Multimodal Sarcasm Explanation
Suppose we have a testing dataset D composed of N samples,
i.e., D = {d1, d2, · · · , dN}. Each sample di = {Ti, Ii, Yi},
where Ti denotes the input sentence, Ii is the input image, and
Yi denotes the target explanation text. The target of this task
is to test whether a model F is able to generate the sarcasm
explanation based on the given multimodal input as follows,

Ŷi = F(Ti, Ii), (2)

where Ŷi is the generated explanation text by F .
Metrics For evaluating the performance of LVLMs in the
Multimodal Sarcasm Explanation (MSE) task, we utilize
BLEU [Papineni et al.2002], ROUGE [Lin2004], and ME-
TEOR [Banerjee and Lavie2005], which are typically used in
explanation tasks.

Table 1: Evaluation of LVLMs on the MSD task. The table shows
accuracy and F1 scores for each model, with the best results high-
lighted in bold.

Model Accuracy (%) F1 (%)
LLaVA 41.1 57.4
MiniGPT 44.2 54.5
InstructBLIP 42.5 55.2
GPT-4o 65.9 68.6

Table 2: Evaluation of LVLMs on the MSE task. The table presents
BLEU (B1, B2, B3, B4), ROUGE (RL, R1, R2), and Mentor scores
for each model, with the highest scores in each category highlighted
in bold

Model BLEU Rouge Mentor
B1 B2 B3 B4 RL R1 R2

LLaVA 8.285 4.689 3.120 2.203 14.500 14.488 5.068 26.628
InstructBLIP 9.617 7.265 5.823 4.773 7.738 9.133 5.183 7.901
MiniGPT 7.252 2.928 1.587 1.007 12.295 16.441 2.403 7.776
GPT-4o 5.803 3.423 2.315 1.638 10.778 12.143 4.463 25.115

3 What is Performance of LVLMs on
Sarcasm Tasks?

3.1 Datasets
For the MSD and MSE tasks, we selected the testing sets
of MSDD [Cai et al.2019] and MORE [Desai et al.2022] as
evaluation sets, respectively. MSDD is comprised of multi-
modal posts from Twitter, where each post incorporates tex-
tual content and an accompanying image. Each post is as-
signed a label from the predefined set {sarcastic, unsarcas-
tic}. MORE dataset collected sarcastic posts from existing
multimodal sarcasm detection datasets. The researchers care-
fully checked the collected posts and annotated the explana-
tion for each post. Statistics of our testing sets are summa-
rized in Table 3.

3.2 Models
To gain a comprehensive understanding of the current state of
LVLMs in sarcasm analysis, we select 3 open-source LVLMs
and 1 closed-source LVLM: (1) LLaVA-v1.5 [Liu et al.2023]
is an enhanced version of LLaVA integrates the visual en-
coder CLIP with the language model LLaMA, optimized for
comprehensive visual and linguistic understanding and finally
refined through instruction tuning using image-based linguis-
tic data generated by GPT-4 [OpenAI2023]. We select llava-
v1.5-7b 1 for evaluation. (2) MiniGPT [Zhu et al.2024] is an

1https://github.com/haotian-liu/LLaVA.

Table 3: Statistics of our evaluation sets.

Task Sources Distribution Total

MSD MSDD Sarcastic 959 2409Unsarcastic 1450

MSE MORE Caption Avg.length = 19.43 352Explanation Avg.length = 15.08

https://github.com/haotian-liu/LLaVA


open-source LVLM that aligns a frozen visual encoder with a
frozen language model LLaMA [Touvron et al.2023], refined
through instruction tuning using some instruction datasets.
We utilize minigptv2-llama-7b 2 for evaluation. (3) Instruct-
BLIP [Dai et al.2023] is an open-source LVLM based on a
pre-trained BLIP-2 model, achieving multimodal capabilities
through visual-language instruction adjustment. We utilize
the InstructBLIP-vicuna-7b 3 for testing. (4) GPT-4o [Ope-
nAI2023] is a version of the GPT-4 model designed for opti-
mized performance in both language and vision tasks. It has
been refined through stages of pre-training, instruction tun-
ing, and reinforcement learning from human feedback. We
utilize gpt-4o-mini version for evaluation.

3.3 Result
In Table 1 and 2, we showcase the performance of all 4
LVLMs tested in the zero-shot setting on MSE and MSD
tasks. Based on the results in Table 1 and 2, we draw the
following observations: On the whole, GPT-4o shows the
strongest performance on the MSD task, achieving the high-
est accuracy and F1 score, while it demonstrated poor per-
formance in sarcasm explanation generation. Other models
perform poorly on the sarcasm detection task and show dif-
ferent capabilities on the sarcasm explanation task, highlight-
ing the need for further improvements to help them achieve
better results.

4 Multi-source Semantic enhanced
Multimodal Sarcasm Understanding

4.1 Overview
To enhance performance on multimodal sarcasm detection
and explanation tasks, we revisited previous studies on
LVLMs and identified two primary challenges that may have
contributed to the poor performance of these LVLMs: 1)
Lack of Vision Ability: LVLMs may produce hallucina-
tions [Li et al.2023, Jing et al.2023a, Lu et al.2023, Zhou et
al.2024a], especially in fine-grained objects, which leads to
their limited capabilities in visual understanding. 2) Lack
of Potential External Knowledge: Due to the limited na-
ture of the training data, LVLMs may not be able to make
connections between existing visual entities and related con-
cepts [Liu et al.2024,Xuan et al.2024,Wang et al.2024], such
as sentiment knowledge, which is important for sarcasm un-
derstanding.

To address both challenges, we propose a multi-source se-
mantic enhanced multimodal sarcasm understanding frame-
work, which mainly consists of three steps: fine-grained ob-
ject extraction, external knowledge acquisition, and result
generation. Fig. 2 illustrates the overview of our method.
In this framework, we focus on enhancing the performance
of LVLMs in MSD and MSE tasks by introducing recog-
nized objects with attributes and external knowledge. This
approach aims at improving the models’ ability to understand
and interpret the potential meaning conveyed in images and

2https://github.com/Vision-CAIR/MiniGPT-4.
3https://github.com/salesforce/LAVIS/tree/main/projects/

instructblip.

text, especially in cases where the context is complex or sub-
tle.

4.2 Method
Fine-grained Object Extraction We extract objects and
their attributes from the image and incorporate them into the
prompt, providing LVLMs with a more comprehensive con-
text to leverage for sarcasm understanding. Specifically, we
utilize Fast-RCNN [Girshick2015] as our chosen fine-grained
visual object recognizer. Fast-RCNN is well-regarded for its
ability to accurately detect and describe objects within an im-
age. It can identify and extract a set of objects with key
descriptive attributes, such as shape, color, and other visual
features, that contribute to a comprehensive understanding
of the image’s content. By integrating these extracted ob-
jects with their attributes into the prompt, we can provide the
LVLMs with more detailed information, thereby improving
their capacity to analyze and interpret the potential meaning
conveyed in the image.

External knowledge Acquisition However, simply ex-
tracting objects and their attributes may not always result in
accurate sarcasm analysis. This is because LVLMs might
struggle to fully grasp the underlying properties or the con-
textual relevance of the extracted objects and input text. To
mitigate this issue, we propose to introduce external knowl-
edge derived from the attributes of the objects and text. The
idea is to bridge the gap between the visual features of the ob-
jects and the deeper, more abstract concepts they represent.
To achieve this, we employ ConceptNet [Speer et al.2017]
as our Knowledge Generator. ConceptNet is a powerful tool
for capturing and organizing human knowledge, particularly
in the field of concepts and their interrelationships. By feed-
ing the attributes of the extracted objects and input text into
ConceptNet, we can identify the most relevant concepts as-
sociated with them, i.e., their neighboring concepts. These
concepts represent the underlying ideas or meanings that the
objects and input text might convey in a given context.

Result Generation After acquiring these concepts, we in-
corporate them into the prompt to provide the LVLMs with
a more nuanced understanding of the objects and input text.
This enables the models to interpret the sarcastic meaning ex-
pressed in both the image and the text more accurately. We
use the enhanced prompt for the final sarcasm analysis, in-
corporating detailed object information and relevant external
concepts.

4.3 Result
We compare our method with existing baselines on each task
and report the results in Table 5 and Table 4. After intro-
ducing fine-grained objects and additional conceptual knowl-
edge, our method has achieved the best results on both tasks.
Impressively, in the MSD task, on GPT-4o, we achieved
75.3% accuracy, a 14.2% relative improvement over the base-
line. In particular, on the MSE task, our method achieved
great improvement on InstructBLIP and MiniGPT. In addi-
tion, we found that LLaVA, which had a poor baseline per-
formance, was improved on both tasks after applying our

https://github.com/Vision-CAIR/MiniGPT-4
https://github.com/salesforce/LAVIS/tree/main/projects/instructblip
https://github.com/salesforce/LAVIS/tree/main/projects/instructblip
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Figure 2: The multi-source semantic enhanced sarcasm understanding framework: 1) Fine-grained object extraction using Fast-
RCNN to detect objects from images, 2) External knowledge acquisition, linking text features and image objects to external concepts
through ConceptNet, enriching understanding by associating attributes. 3) Result generation for sarcasm detection and explanation. The
framework leverages these components to enhance sarcasm comprehension in multimodal contexts.

method, which shows that our method effectively supple-
ments visual capabilities and provides sufficient extra knowl-
edge for the LVLMs to assist them in completing the sarcasm
analysis task.

5 Related Work

5.1 Evaluation in LVLMs.

LVLMs emerged as a focal point of interest due to their re-
markable capabilities in handling diverse multimodal tasks.
Researchers have developed various LVLMs [Liu et al.2023,
Zhu et al.2024,Dai et al.2023], which generally consist of an
image encoder and a text decoder derived from pre-trained
models and a text-image alignment module. These LVLMs
exhibit excellent generalization abilities and can be applied
to many scenarios. As multimodal research deepens, some
studies began focusing on evaluating the zero-shot capabil-
ities of LVLMs [Lu et al.2023], forming a series of bench-
marks [Yang et al.2024, Lin et al.2024]. In addition, more
and more studies have found that the existing LVLMs have
some defects, such as Hallucinations [Jing et al.2023a], and
Overfitting [Xu et al.2023]. To mitigate these issues, tech-
niques like Chain-of-Thought [Zhang et al.2024, Zheng et
al.2023] and In-Context-Learning [Zhou et al.2024b, Shukor
et al.2024] are increasingly employed to enhance model per-
formance during inference. Despite extensive research into
the evaluation and enhancement of LVLMs, there is a lim-
ited focus on assessing and improving their performance for
sarcasm analysis tasks.

5.2 Multimodal Sarcasm Detection and
Explanation.

In the sarcasm analysis task, there are two key sub-tasks, in-
cluding sarcasm detection and sarcasm explanation. Recent
studies [Desai et al.2022,Cai et al.2019,Tang et al.2024,Chen
et al.2024,Wen et al.2023,Qiao et al.2023,Yue et al.2023,Wu
et al.2021, Jing et al.2023b] have concentrated on develop-
ing specialized training methods and models to achieve state-
of-the-art results in these tasks. Notably, some research ef-
forts, such as those presented in [Jing et al.2023b, Wang et
al.2024], have demonstrated that incorporating additional ex-
ternal knowledge—such as contextual information or back-
ground knowledge—can significantly enhance model perfor-
mance by providing a richer understanding of the sentiment
conveyed. Different from the existing works, we focus on
evaluating and improving sarcasm understanding ability in
zero-shot scenarios.

6 Conclusion
In this paper, we evaluated the zero-shot capabilities of Large
Vision-Language Models (LVLMs) on the core tasks of Mul-
timodal Sarcasm Analysis (MSA), specifically focusing on
sarcasm detection and explanation. Our findings reveal that
LVLMs perform poorly in understanding multimodal sarcasm
content, particularly due to limitations in visual semantics
and conceptual knowledge. To address these gaps, we pro-
posed incorporating in-depth object information and external
conceptual knowledge sources to enhance the models’ per-
formance. This approach offers a promising direction for
improving the ability of LVLMs to handle complex sarcas-



Table 4: Performance comparison of LVLMs on the MSE task. The best results are highlighted in bold. * indicates that the p-value of the
significance test comparing our result with the best baseline result is less than 0.01.

Model Method BLEU Rouge Mentor
B1 B2 B3 B4 RL R1 R2

LLaVA Baseline 8.285 4.689 3.120 2.203 14.500 14.488 5.068 26.628
+Ours 9.430∗ 5.681∗ 3.925∗ 2.852∗ 16.301∗ 16.549∗ 6.447∗ 29.640∗

InstructBLIP Baseline 9.617 7.265 5.823 4.773 7.738 9.133 5.183 7.901
+Ours 14.196∗ 9.198∗ 6.866∗ 5.343∗ 22.473∗ 23.386∗ 11.140∗ 30.380∗

MiniGPT Baseline 7.252 2.928 1.587 1.007 12.295 16.441 2.403 7.776
+Ours 21.173∗ 11.400∗ 7.276∗ 4.846∗ 19.000∗ 23.074∗ 6.202∗ 16.600∗

GPT-4o Baseline 5.803 3.423 2.315 1.638 10.778 12.143 4.463 25.115
+Ours 8.863∗ 4.989∗ 3.202∗ 2.148∗ 14.242∗ 15.475∗ 5.595∗ 28.717∗

Table 5: Performance comparison of LVLMs on the MSD task. The
table shows accuracy and F1 scores for each model using the base-
line method and our method. The highest values in each category
are highlighted in bold. The relative increase percentages are noted
in parentheses.

Model Method Accuracy (%) F1 (%)

LLaVA Baseline 41.1 57.4
+Ours 60.3 (+46.8%) 59.4 (+3.5%)

MiniGPT Baseline 44.2 54.5
+Ours 50.0 (+13.2%) 56.5 (+3.7%)

InstructBLIP Baseline 42.5 55.2
+Ours 51.5 (+21.2%) 57.9 (+4.9%)

GPT-4o Baseline 65.9 68.6
+Ours 75.3 (+14.2%) 72.1 (+5.1%)

tic content in multimodal scenarios.
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