MUStReason: A Benchmark for Diagnosing Pragmatic Reasoning in
Video-LMs for Multimodal Sarcasm Detection.

Anisha Saha' 2, Varsha Suresh?, Timothy Hospedales® ¢, Vera Demberg" 2
IMax Planck Institute for Informatics, Saarland Informatics Campus, ?Saarland University,
3The University of Edinburgh, *Samsung Al Center, Cambridge
ansaha@mpi-inf.mpg.de, vsuresh@lst.uni-saarland.de,
t.hospedales@ed.ac.uk, vera@lIst.uni-saarland.de

Abstract

Sarcasm is a specific type of irony which involves discerning what is said from what is meant. Detecting sarcasm
depends not only on the literal content of an utterance but also on non-verbal cues such as speaker’s tonality,
facial expressions and conversational context. However, current multimodal models struggle with complex tasks
like sarcasm detection, which require identifying relevant cues across modalities and pragmatically reasoning
over them to infer the speaker’s intention. To explore these limitations in VideoLMs, we introduce MUStReason,
a diagnostic benchmark enriched with annotations of modality-specific relevant cues and underlying reasoning
steps to identify sarcastic intent. In addition to benchmarking sarcasm classification performance in VideoLMs,
using MUStReason we quantitatively and qualitatively evaluate the generated reasoning by disentangling the
problem into perception and reasoning and aim to pinpoint the current gaps in these VideoLMs. Furthermore, to
facilitate structured pragmatic reasoning, we propose PragCoT, a framework that steers VideoLMs to focus on
implied intentions over literal meaning, a property core to detecting sarcasm. Code and dataset are available at

https://github.com/anisha0325/MUStReason.
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1. Introduction

Conversations in day-to-day life often involve the
use of rhetorical devices like humor, irony, and sar-
casm. These forms of expression have an under-
lying intent that is opposite to their literal meaning.
Some forms of sarcasm, such as “Never? Isn’t that
usually when you go to the gym?”, is explicitly con-
veyed through the speaker’s utterance and can be
directly identified from the text. In contrast, others
like “It was her, right?” rely on additional contex-
tual or multimodal cues like speaker’s tonality to be
understood as sarcastic (Caucci and Kreuz, 2012).

Research has shown that tone of voice (Rock-
well, 2000; Cheang and Pell, 2008; Woodland
and Voyer, 2011), facial micro-expressions (Mishra
etal., 2016), and the broader temporal or situational
context provide essential information for disam-
biguating sarcasm. This task is challenging even
for humans, as it requires reasoning over cues from
diverse sources (Farha et al., 2023; Farabi et al.,
2024a). Thus, sarcasm detection becomes a multi-
modal reasoning challenge which relies on perceiv-
ing and integrating subtle cues across modalities.

Previous work (Farabi et al., 2024b) has shown
that for multimodal models, performing complex
tasks such as sarcasm detection from conversa-
tional videos is challenging because unlike tradi-
tional multimodal tasks such as captioning or visual
question answering, sarcasm detection relies on in-
ferences about underlying intent rather than simple
integration of factual information. Thus, interpreting

sarcasm requires pragmatic reasoning in order to
resolve the incongruity between the literal meaning
of an utterance and non-verbal cues.

Most available datasets provide only coarse-
grained binary labels and lack annotations that
localize relevant multimodal cues or outline the rea-
soning process involved, revealing the gap in exist-
ing resources for evaluating how multimodal mod-
els reason about sarcasm. To bridge this gap, we
propose MUStReason which provides fine-grained
annotations useful for investigating reasoning about
sarcasm in Video-Language Models (VideoLMs).
This work is the first to introduce a diagnostic
benchmark which provides access to reasoning-
aligned annotations enabling recognition of key ar-
eas where models fail (perceptual issues or faulty
reasoning) and provides an in-depth evaluation of
VideolLMs’ performance in detecting sarcasm. In
addition, we propose PragCoT, a pragmatic reason-
ing framework, which enables derivation of implied
intentions from conversational videos, a key step
towards detecting sarcasm. Our key contributions
are:

* We introduce MUStReason to enable inves-
tigation of perceptual and reasoning gaps in
VideoLMs while identifying sarcasm.

» We introduce PragCoT, a pragmatic reasoning
framework to interpret the literal meaning of
the combined modalities as well as underlying
intent conveyed by contextual cues.
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» We benchmark sarcasm classification in Vide-
oLMs with and without structured reasoning.

2. Related Work

2.1,

Sarcasm is a complex rhetorical device where the
intended meaning contrasts with the literal sur-
face form. According to Gricean implicature theory
(Grice, 1975), sarcasm emerges when a speaker
violates conversational norms, prompting listeners
to infer alternative intent. For instance, the utter-
ance ‘I love the idea!” may be interpreted as sar-
castic when non-verbal cues such as facial expres-
sions and tonality of the speaker suggest the op-
posite meaning (Attardo, 2000). Inferring sarcasm
requires perceiving and reasoning over these non-
verbal cues (Farabi et al., 2024a; Caucci and Kreuz,
2012). Studies show that over 76% of ironic utter-
ances in face-to-face settings include explicit verbal,
paraverbal, or non-verbal markers (Athanasiadou
and Colston, 2020). Facial expressions and ges-
tures help humans to detect sarcasm (Giustolisi and
Panzeri, 2021), with indicators such as eye-rolls
(Tabacaru and Lemmens, 2014) and mouth move-
ments (Rockwell, 2000). Prosodic features and
vocal cues like slower tempo and lower pitch also
contribute significantly (Cheang and Pell, 2008).
Early computational approaches focused on tex-
tual sarcasm detection in social media (Hazarika
et al., 2018; Poria et al., 2016), but later works
recognized the importance of non-verbal context.
MUStARD (Castro et al., 2019) introduced a video-
based sarcasm dataset, followed by MUStARD++
(Ray et al., 2022), which incorporated emotion
and modality-based sarcasm categories. These
datasets enabled models to leverage facial, au-
ditory, and contextual signals, prompting the de-
velopment of multimodal fusion techniques using
attention (Pramanick et al., 2022; Aggarwal et al.,
2023), contrastive learning (Zhang et al., 2021),
and adaptations of transformer-based architectures
(Pan et al., 2020; Babanejad et al., 2020). How-
ever, current models often struggle with sarcasm
detection for cases that rely primarily on non-verbal
cues (Bhosale et al., 2023), partly due to datasets
using only binary sarcasm labels without detailed
annotations of relevant cues. This hinders error
analysis and targeted improvements. To address
this gap, we introduce fine-grained multimodal an-
notations that describes cues relevant for sarcasm
and how to reason over them to detect sarcasm.

Multimodal Sarcasm Detection

2.2. Video Understanding with LLMs

VideoLMs encode sampled video frames and align
the extracted visual features with corresponding
text, which are then processed by large language

models (Sun et al., 2019; Lin et al., 2024; Maaz
et al., 2024b,a; Zhang et al., 2023a). Early models
like VideoBERT (Sun et al., 2019) were followed
by later improvements in alignment using unified
visual features in VideoLLaVA (Lin et al., 2024),
segment-wise frame sampling (Maaz et al., 2024b),
and Q-Former spatial-temporal modeling in Video-
LLaMA (Zhang et al., 2023a). Instruction-tuned
models like VideoChatGPT (Maaz et al., 2024a)
enable conversational video understanding. How-
ever, a key limitation of most VideoLMs is the lack
of audio processing (Cheng et al., 2024). This re-
stricts their ability to capture audio cues which play
an essential role in tasks like sarcasm detection.
Recent models like VITA 1.5 (Fu et al., 2025b) and
Qwen2.50mni (Xu et al., 2025b) have introduced
audio encoding capabilities. However, VideoLMs
continue to struggle with tasks that require higher-
level reasoning (Li et al., 2025), as the integration
of temporal, visual, and auditory signals remains
shallow in many architectures, limiting their abil-
ity for nuanced pragmatic interpretation. Our work
focuses on enhancing sarcasm detection through
pragmatic reasoning and identify gaps that hinder
the ability of VideoLMs.

2.3. Multimodal Reasoning

Studies have explored how to elicit reasoning in
Large Language Models (LLMs) for complex plan-
ning tasks (Huang and Chang, 2023). CoT prompt-
ing has emerged as an effective technique to guide
models in producing interpretable, stepwise rea-
soning chains, improving performance on challeng-
ing reasoning tasks (Kojima et al., 2022; Wei et al.,
2022b). In multimodal settings, early methods used
a two-stage pipeline where vision models gener-
ated captions that LLMs then reasoned over (Gupta
and Kembhavi, 2023; Yang et al., 2023). Recent
approaches instead prompt or train models directly
on raw modality representations without verbaliz-
ing them (Li et al., 2025). For example, Zhang
et al. (2023b) combine textual and visual inputs to
produce reasoning chains, while Xu et al. (2025a)
propose staged reasoning in LLaVA-CoT. Composi-
tional CoT (Mitra et al., 2024) leverages structured
representations such as scene graphs to decom-
pose visual scenes before reasoning, further im-
proving interpretability and accuracy. However, rea-
soning about sarcasm requires considering underly-
ing pragmatics in addition to combining multimodal
inputs. In the unimodal setting, LLMs have shown
improved sarcasm classification performance when
backed by pragmatic reasoning (Lee et al., 2025).
Driven by the success of staged reasoning and
the necessity of pragmatic insights to interpret sar-
casm, we introduce PragCoT, a pragmatic reason-
ing framework which processes multimodal cues.
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Figure 1: Sarcasm Reasoning Generation Pipeline for MUStReason

3. MUStReason

Existing sarcasm detection datasets like MUStARD
(Castro et al., 2019) provide only coarse-grained
binary labels and lack fine-grained annotations indi-
cating which specific modalities or cues contribute
to making the utterance sarcastic. Without ex-
plicit reasoning annotation, it is difficult to diagnose
where and why models fail and localize whether the
errors stem from wrong perception or from faulty
inferential reasoning across the modalities. MUS-
tReason bridges this gap by providing reasoning-
aligned annotations that enable detailed evaluation
of modality perception and inference failure which
are key factors for assessing and improving prag-
matic reasoning in multimodal models.

3.1. Creation

MUStReason builds on MUStARD++ Balanced
(Bhosale et al., 2023), which includes 691 sarcastic
and 674 non-sarcastic video clips. We further add
annotations that specify which attributes, individu-
ally or in combination, indicate sarcasm in each
video. Figure 1 illustrates our automatic process
for generating annotations which decomposes
sarcasm reasoning into two stages:

Stage 1: Perception of Independent Modal-
ities: We focus on perceiving sarcasm-relevant
signals independently from text, audio, and visual
modalities. Drawing on insights from linguistic re-
search (Cheang and Pell, 2008), we select a tar-
geted set of cues known to correlate with sarcastic
expression, as outlined below.

Statistic Value
Average Reasoning Length (tokens) 79.51 +16.48
Average Unique Tokens 57.16 + 9.36
Total Unique Tokens 4,346
Total Tokens 107,895
Type—Token Ratio (TTR) 0.0403

Table 1: Descriptive statistics of sarcasm reasoning
annotations in MUStReason.

* Video: VideoGPT+ (Maaz et al., 2024b) is
used to describe the general scene, setting,
and key characters or objects to provide con-
textual grounding.

» Face: We use OpenFace (Baltrusaitis et al.,
2018) to identify facial muscle movements and
expressions over time that reveal emotional
states linked to sarcasm.

+ Audio: The audio is extracted from the corre-
sponding video using PyDub, which is then
passed to Qwen2-Audio (Chu et al., 2024)
to capture tonal attributes like mood, pitch
changes, and stress patterns that influence
the pragmatic meaning.

« Utterance: Textual utterances (annotated in
the dataset) are passed to LLaMA 3.1 (Dubey
et al., 2024) to analyze the emotional content
of the spoken words and identify feelings such
as mockery, contempt, or frustration.

Stage 2: Pragmatic Reasoning Generation:
Once we obtain the individual modality descriptions,
we prompt LLaMA 3.1 (Dubey et al., 2024) to col-
late these, and reason about why the co-occurence
of various attributes or their presence in isolation
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Figure 3: Human Evaluation of Annotation Quality
in MUStReason.

results in the given label being sarcastic or non-
sarcastic. The summary contains the most rele-
vant cues which are instrumental in differentiating
a sarcastic video from a non-sarcastic one.

Table 1 reports the descriptive statistics of the
annotated sarcasm reasoning in MUStReason. Fur-
ther details about extraction of modality descrip-
tions, annotation and associated prompts are dis-
cussed in Section A.1 of Appendix.

3.2. Evaluation of Generated Reasoning

To evaluate the quality of the automatically gener-
ated sarcasm reasoning, we curate a high-quality
gold-standard set of 462 instances (approx. 34%
of the samples). These samples were checked by
two annotators to ensure the correctness of individ-
ual modality descriptions, their relevance for sar-
casm classification, and the coherence of the over-
all reasoning. Out of 462 silver instances converted
to gold, 56% of the samples required corrections,
most of them pertaining to incorrect perception, es-
pecially for facial expressions and action units. The

inter-annotator agreement (IAA) was calculated us-
ing Edit Distance (0.11) and BERTScore (0.99)’,
which ensured high lexical and semantic alignment
between the annotators. In some cases there was
a discrepancy between the model’s final prediction
and original label, and we excluded these samples.

The remaining 66% of the dataset comprises
silver-standard samples (899), which underwent
a sanity check to filter out irrelevant content. To
estimate how different the silver data is from the
gold data, we pass the gold annotations with their
corresponding silver version to GPT-4.1 (Fu et al.,
2024), prompting it to evaluate the silver reasoning
in terms of perceptual correctness and reasoning
coherence compared to what is mentioned in the
corresponding gold annotation. We find that the
silver data achieves a rating of 4.51 out of 5 when
compared to the gold data. To further validate the
efficacy of silver data, we conduct a user study. We
randomly select 10 samples each from the silver
and gold sets and ask 26 participants to rate the rea-
soning on a 1-5 scale. Figure 3 shows the scores
achieved by the silver and gold quality reasoning
from GPT and human evaluators, supporting the
overall quality of MUStReason

4. Experiments

To benchmark sarcasm detection in VideoLMs, we
compare the following strategies with increasing
order of guidance as shown in Figure 2:

Zero-Shot without Reasoning: The prompt
strictly asks the model to classify the video into
either ‘sarcastic’ or ‘non-sarcastic’ class.

Zero-Shot with Reasoning (Han et al., 2023):
Given a video, the model is prompted to explain
any sarcastic content and assign a label.

In-Context Learning (ICL) (Wei et al., 2022a): A
video example along with its corresponding sar-

For comparison: Semantic similarity between annotation pairs for
different videos are Edit Distance: 0.65, BERTScore: 0.88.

9816



casm reasoning is provided to the model. Given
a target video, the model generates a reasoning
including mention of the crucial attributes as in the
reference reasoning. A practical limitation of this
approach is that most VideoLMs are unable to pro-
cess more than one video in a single conversation.
Multimodal-CoT (Zhang et al., 2023b): A two-
stage framework which fuses text and image in-
formation to generate a rationale, followed by infer-
ential reasoning. We adapt this to our use case by
first extracting individual modality descriptions and
then collating them to perform reasoning.

PragCoT (Ours): To enable VideoLMs to reason
about sarcasm pragmatically, we propose a struc-
tured prompting approach called PragCoT, a variant
of Zero-Shot CoT prompting (Kojima et al., 2022).
Developing complex reasoning abilities through
the integration of information from multiple modali-
ties and the systematic resolution of sub-problems
has proven highly effective in multimodal contexts
(Zhang et al., 2023b; Fei et al., 2024). However,
while multimodal reasoning draws inferences from
the combined content of modalities, pragmatic rea-
soning contains an additional layer of complexity:
It relies heavily on contextual cues, social dynam-
ics and the viewer’s interpretation of a situation,
focusing more on the underlying intent rather than
the literal meaning. PragCoT bridges this gap by
introducing a modality-decoding step in addition to
the perception and reasoning steps:

1. Perception: The model is queried for speaker
utterance, acoustic features, generic facial
attributes and video backdrop context, sep-
arately to disentangle information from the
modalities present.

2. Decoding: Pragmatic reasoning unlike tra-
ditional reasoning aims to derive non-literal
meaning conveyed by a situation based on
speaker intent and interaction (Grice, 1975).
This interpretation heavily relies on how a dia-
logue is framed (Goffman, 1981) especially in
conjunction with facial attributes, the most im-
mediate visual evidence. For instance, when
the content of an utterance is not congruent
with how it is delivered (e.g., saying "Thank
You!" with a deadpan face), the listener’s abil-
ity to decode the sarcastic intent is signifi-
cantly enhanced compared to relying on only
words or tone (Attardo et al., 2003). This step,
thus, facilitates gathering specific ingredients
required for pragmatic reasoning. To capture
minute facial attributes, we prompt the model
to classify which facial action units from a pro-
vided list are present on the speaker’s face.
Further, if sarcasm is self-contained in a di-
alogue, it can render a video sarcastic irre-
spective of visual or auditory cues. Hence, we

ask the model to categorize dialogues into one
of the following classes: neutral, metaphoric,
ironic or hyperbolic (Burgers et al., 2016).

3. Reasoning: Finally, the model is given de-
tailed instructions about the kind of cues it
should attend to, disentangle the incongruity
among intents, generate a rationale and ag-
gregate its analysis into a comprehensive rea-
soning, consisting of the classification label.

For the model choices we use off-the-shelf
VideoLMs from the leaderboard (Fu et al., 2025a).
Among the 7 models that we evaluate, 5 of them
do not support audio. We provide these models
explicitly with transcriptions of the speaker utter-
ances, which are available in the original dataset.
Details about implementation and prompts for in-
ference using PragCoT are provided in Section A.2
of Appendix.

4.1.

Our evaluation framework assesses performance
of VideoLMs with respect to sarcasm classifica-
tion and quality of generated reasoning. Following
previous work (Castro et al., 2019; Zhang et al.,
2021), accuracy and macro-F1 are chosen as met-
rics for binary classification. Next, we leverage the
detailed annotations in MUStReason to assess the
perceptual correctness and reasoning coherence
of the sarcasm explanations generated by Vide-
oLMs. We conduct an automated GPT4.1 (Achiam
et al., 2023) based evaluation to analyze whether
the model explanations align with the annotated rea-
soning in MUStReason on the basis of correctness
of input modality attributes (e.g., spoken words, fa-
cial expressions, audio tone), reasoning, and over-
all understanding of sarcasm.

Evaluation Metrics

5. Results and Analysis

MUStReason serves dual purpose: (1) It acts as a
benchmark to help evaluate the reasoning quality of
VideoLMs for the task of sarcasm detection. (2) The
detailed, modality-focused annotations facilitate the
identification of failure cases, reveal whether Vide-
oLMs attend to the relevant attributes, and highlight
gaps in perception and reasoning.

5.1. Benchmarking Sarcasm Detection
Performance of VideoLMs

Table 2 shows classification results (average of 3
runs) across 5 methods for 7 VideoLMs. PragCoT
resulted in higher F1 scores with statistically signif-
icant (p-value=0.025 < 0.05) improvements of up
to 20% compared to zero-shot classification, about
17% with respect to ICL and 2.4% compared to
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zs Multimodal

Model ‘ Modalities | w/o Reasoning  w/ Reasoning IcL CoT PragCoT

| | Acc Acc Fi1 Acc F1 Acc F1 Acc F1
Video-LLaVA (Lin et al., 2024) T+V 49.6 33.9 52.2 429 - - 50.3 33.7 50.2 3441
VideoGPT+ (Maaz et al., 2024b T+V 49.7 35.0 50.5 39.8 - - 50.7 336 56.4 36.1
ShareGPT4Video (Chen etal., 2024 T+V 509 464 478 47.6 - - 549 541 550 5238
LLaVA-Next-Video (Zhang et aI 2024 T+V 50.2 385 496 357 50.0 333 523 484 548 53.2
Qwen2.5VL (Bai et al., 2025) T+V 49.6 395 50.6 35.4 478 323 58.0 572 574 553
VITA (Fu et al., 2025b) T+V+A 49.6 33.7 495 33.6 - - 494 332 496 334
Qwen2. 50mn| (Xu et al., 2025b) T+V+A 496 395 489 343 55.0 422 570 569 595 59.3

Table 2: Performance of Video-Language Models on Sarcasm Classification using CoT Prompting (Acc:

Accuracy, F1: macro F1-Score).

Components | Acc F1

PragCoT w/o Dialogue Decoding | 56.6 56.6
PragCoT w/o Face Decoding 59.0 58.7
PragCoT 59.5 59.3

Table 3: Ablation of the Decoding step in PragCoT
for Qwen2.50mni.

Multimodal-CoT. We observe that VideoLMs per-
form quite poorly in the zero-shot classification set-
ting. In fact for few models (Qwen2.5VL, LLaVA-
Next-Video and Qwen2.50mni), the F1-score goes
down when the model generated an accompany-
ing reasoning compared to zero-shot classification
without reasoning. Low performance in the zero-
shot setting suggests that the models might not be
attending to the appropriate cues during classifi-
cation. Alternatively, it could indicate the model’s
dependence on implicit heuristics for sarcasm de-
tection, with a limited ability to articulate intermedi-
ate reasoning (Anantha Ramakrishnan et al., 2025).
ICL shows slight performance gains over zero-shot
classification for the Qwen2.50mni model only, in-
dicating that providing an example might be helpul
but not entirely reliable. Multimodal-CoT, owing to
its multi-step reasoning process achieves higher
scores than the single-step methods. PragCoT
achieves best performance for majority of the mod-
els highlighting how crucial the decoding step is for
better perception-reasoning alignment. We provide
evidence of empirical improvement on addition of
the decoding step in Table 3.

Qualitative Evaluation of Reasoning: In ad-
dition to assessing sarcasm classification perfor-
mance, we also evaluate the generated reasoning
using MUStReason by comparing the generated
reasoning with the annotated data. GPT4.1 judges
the sarcasm reasoning based on a set of guidelines,
ensuring the credibility of the perceptual cues and
the overall relevance of the reasoning. Figure 4
displays the ratings provided by GPT for the overall
quality of the reasoning and description of individ-
ual modalities within the reasoning generated by
the discussed prompting techniques compared to
the gold reasoning. We observe a consistent im-

5 —e— ZS w/ Reasoning
=- |ICL
4 - Multimodal-CoT

PragCoT

Visual Face

Utterance Overall

Figure 4: Qualitative Evaluation of Model Gener-
ated Reasoning.

provement across most aspects of the reasoning
generated via PragCoT. The visual modality descrip-
tions receive the highest ratings, likely because
VideoLMs are predominantly trained on scene un-
derstanding. In contrast, they show limited ability
in capturing intent and audio tone.

Table 4 presents examples of sarcasm reason-
ing generated by different prompting techniques for
the Qwen2.50mni model. We observe that zero-
shot reasoning is prone to hallucinations; although
Qwen2.50mni can interpret audio, its reasoning
often claims the absence of any audio input. ICL
vividly articulates the factors contributing to sar-
casm but tends to include irrelevant factual argu-
ments. This suggests that exposure to examples
might teach the model to perceive the essential
cues, but it still fails to build meaningful association
between them. Multimodal-CoT incorporates stan-
dard perceptual cues such as speech content but of-
ten overlooks finer indicators like facial expressions,
that hinders coherent reasoning as highlighted in
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Utterance: “Interesting. You see betrayal in others, but not yourself."

Gold: The video is sarcastic because of the speaker’s utterance “you see betrayal in others, but not yourself", which implies hypocrisy and
double standards, conveying a negative sentiment with a hint of frustration and anger. The tone is assertive and slightly confrontational, and the
facial expressions, such as raised brows and forced smile, supports the sarcastic tone. The irony and criticism in the statement, combined with the
speaker’s composed and unemotional delivery, also contribute to the sarcastic label.

ZS w/ Reasoning: To analyze the video for sarcasm, let’s break down the elements: The setting appears to be a casual dining area, possibly a
cafeteria or a similar communal space. There are other people around, some eating and others engaged in conversation. The environment seems
relaxed and informal. The audio tone is not explicitly provided, but we can infer from the visual context that the speaker might be using a neutral or
slightly casual tone, as there are no indications of an exaggerated or mismatched delivery that would suggest sarcasm.The main character is seen
speaking while holding a fork and a drink. His facial expression does not show any obvious signs of sarcasm such as raised eyebrows or a forced
smile. Instead, he appears to be engaged in a normal conversation. The dialogue is not provided in the description, so we cannot determine the
sentiment directly. However, based on the context, it seems to be a neutral conversation without any indication of sarcasm. Given the lack of any
clear indicators of sarcasm in the audio tone, facial expressions, and dialogue sentiment, the scene does not provide strong evidence for sarcasm.

ICL: The video is sarcastic. The speaker’s tone is likely to be mocking or dismissive, which is a common characteristic of sarcasm. The dialogue
sentiment is negative, as the speaker is pointing out a perceived flaw in the other person’s ability to recognize their own betrayal. The facial
expressions and AUs, such as raised eyebrows or a forced smile, would likely contradict the spoken words, further indicating sarcasm. The setting
appears to be a casual environment, possibly a workplace or social gathering, which could contribute to the context of the sarcastic remark.

Multimodal-CoT: The video segment is likely to be ironic or sarcastic. The serious tone and content of the speech, combined with the incongruity
between the serious tone and the casual setting, suggest that the speaker is making a pointed observation about the other person’s behavior in a
way that is intended to be taken seriously but may also be interpreted as ironic or sarcastic.

PragCoT: The video segment is sarcastic. The utterance cues, particularly the use of “interesting" and the direct contradiction in the statement,
clearly indicate sarcasm. The audio cues support this with an accusatory and slightly dismissive tone, as well as a slightly raised pitch at the
end of the sentence. The facial expression cues, while neutral to slightly concerned, do not negate the sarcastic tone of the speech. The overall

interaction between the tone and the facial expression further reinforces the sarcastic nature of the statement.

Table 4: Example of sarcasm reasoning generated by Qwen2.50mni model for different prompting
strategies. The texts marked in red, blue and olive indicate wrong attribute prediction, hallucination and

uncertainty, respectively.

the example. In contrast, PragCoT integrates es-
sential cues, including facial expressions, achieving
more accurate sarcasm detection by distinguishing
between literal and implied meanings.

5.2. Analyzing Perception and
Reasoning in VideoLMs for
Determining Sarcasm

We observed that even though classification pre-
ceeded by reasoning improves accuracy, VideoLMs
perform quite poorly in classifying sarcasm com-
pared to state-of-the-art models (Dong et al., 2025)
fine-tuned for the task. VideoLMs are composed
of encoders which process image frames, speech
and text, followed by an LLM decoder capable of
reasoning and decision-making. This leads us to
examine whether these models fail in accurately
perceiving multimodal cues essential for detecting
sarcasm or struggles to construct the reasoning
chain. MUStReason lays a ground for investigation
by providing gold-standard sarcasm reasoning an-
notations, which could be qualitatively and quanti-
tatively compared with model-generated responses
to identify the loopholes. Upon analyzing the failure
cases, we identify two types of errors as observed
in Figure 5:

Failure in both perception and reasoning: In
Example 1, we observe that the model vaguely as-
signs a neutral tag to all the modalities, without

describing what each modality individually conveys.
Lack of concrete details results in minimal reason-
ing by the model. Comparing with the gold annota-
tion it is evident how the mocking utterance, in con-
junction with the speaker’s expressions and actions,
supports the conclusion that the video is sarcastic.
This highlights the importance of accurate percep-
tion as a prerequisite for reasoning when tackling
complex tasks like sarcasm detection. Thus, if the
model fails to attend to key perceptual cues, the
reasoning thread gets disrupted, resulting in an in-
correct prediction.

Failure in reasoning with correct perception:
For Example 2, the model correctly identifies ex-
pression of frustration and furrowed eyebrows of
the speaker. The gold annotation shows how rea-
soning is grounded in these attributes. In contrast,
a preceding spurious cue generated by the model
subsequently leads to an under-confident reason-
ing chain. It completely overlooks the correct cues
it had identified earlier, leading to an incorrect pre-
diction. In this type of error, even though the model
correctly perceives information from the different
modalities, it lacks confidence in the reasoning pro-
cess or fails to infer the association between the
cues that would lead to the correct label.

We further leverage the MUStReason dataset
to evaluate the model’s reasoning quantitatively.
Firstly, we compare the model’s response with
the gold reasoning using semantic metrics like
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Example 1

Gold: The video is sarcastic because the speaker’s utterance "Dave. Sounds like
Leonard's got a new BFF" conveys a tone of mild mockery and teasing, with a hint of
sarcasm. The use of the phrase "BFF" in a playful and informal way adds to the sarcastic
tone. The speaker's facial expressions, such as raised brows and tightened lips, also
suggest a sense of amusement and playfulness, which is consistent with a sarcastic tone.
Additi the speaker's sighs may indicate feelings of relief or resignation, 1
which could be interpreted as sarcastic. Overall, the combination of the speaker's tone,
language, and facial expressions suggest that the video is sarcastic.

Utterance

Predicted: The given video segment is non-sarcastic. The dialogue, tone, facial expression,

Perception Rating
Audio
1 1 1

Reasoning Rating

Video Face

Video ID: 1.71 7727‘1, and overall atmosphere are all <P> neutral and straightforward <P>, <R> without any elements BERTScore METEOR Rougel. GPT41
True Label: Sarcastic that would indicate sarcasm <R>.
Predicted Label: Non-Sarcastic 0.859 0.094 0473 1
Perception X Reasoning X
Example 2 Gold: The video is non-sarcastic because the speaker's utterance, tone, and facial
expressions convey genuine frustration, disappointment, and discontent. The use of phrases . .
like "it just bums me out" and the emphasis on certain words suggest a heartfelt and sincere Perception Rating
sentiment. The speaker's tone is characterised by a sense of distress, disheartenment, and
negativity, which is reinforced by their facial expressions, such as a raised inner brow, Utterance | Audio Video Face
tightened lid. The emotions observed do not contradict the overall negative sentiment, and the
speaker's smile appears to be a momentary expression that does not undermine the genuine
frustration conveyed throughout the video. 2 2 4 3
Predicted: The video segment is sarcastic. The speaker's <P> explicit expression of i )
frustration <P> ("bums me out") combined with the slightly exasperated tone and body Reasoning Rating
language (<P> slightly furrowed eyebrows <P>) suggests that the speaker is not genuinely
. enjoying the pregnancy-related activities they are doing. <R> The use of ""cause™ in the
Video D:2_626_u utterance, while informal, does not necessarily indicate sarcasm but could be used in a BERTScore | METEOR | RougeL | GPT41
True_Labe\. NDn'SarCESt!C sarcastic context if the speaker's tone and body language were more exaggerated or
Predicted Label: Sarcastic inconsistent with the literal meaning of the words.<R> The overall tone and expression of the 0.872 0.268 0.268 >
speaker align with the ironic statement, indicating that the speaker is sarcastic about the
situation.
Perception Reasoning X
Example 3 Gold: The video is sarcastic because the speaker's utterance "You just keep talking" Perception Rating
ys a sense of Y and ion, implying that they feel lectured or talked
at, rather than being listened to or understood. The tone is slightly ironic and annoyed, Utt Audi Vid E.
and the use of hyperbolic language ("I'm gonna chew my leg off") adds to the sarcastic erance udio ideo ace
tone. Additionally, the contrast between the spoken words and the laughter that punctuates
the speech suggests a humorous or ironic undertone, further supporting the label of sarcasm. 5 4 4 4
Predicted: The video segment is sarcastic. The <P> dialogue uses hyperbole ("chew my leg Reasoning Rating
off"") to express frustration or discomfort <P> in a playful manner, not to convey a literal
situation. The visual and audio cues, including the setting, body language, tone, and facial BERTScore METEOR RougeL GPT4.1
expressions, all align with the playful and exaggerated nature of the statement. <R> The
Video ID: 1 11224 u speaker is not genuinely in danger but is using the phrase to emphasize their desire to escape
C - the conversation,<R> which is a clear indication of sarcasm. 0.891 0.362 0.306 4

True Label: Sarcastic
Predicted Label: Sarcastic

Perception o

Reasoning

Figure 5: Qualitative and quantitative analysis of model-generated reasoning using annotations from
the MUStReason dataset. These annotations help in identifying whether the model fails in perception,
reasoning or both when identifying sarcasm. Bold words in Gold indicate the attributes expected to be

present in Predicted. Text marked in

and red indicate

and wrong predictions respectively.

Tags <P> and <R> represent perception and reasoning respectively.

BERTScore (Zhang et al., 2019), METEOR (Baner-
jee and Lavie, 2005) and RougelL (Lin, 2004) and
observe that the inclusion and exclusion of cues
and reasoning steps reflects in the scores. Since
reasoning might have low semantic similarity while
still conveying the same meaning, we use GPT as
a judge to compare the model generated response
with gold annotation. The evaluation rates the pres-
ence of individual modality descriptions and reason-
ing in a scale of 1-5, from highly dissimilar to highly
similar. For Example 1, which falls short in both
perception and reasoning, the scores are 1, further
establishing the reason of failure. In Example 2,
while there is some similarity in video context and
facial expressions, the overall rating remains low
due to incorrect construction of reasoning chain. To
examine how reasoning quality degrades from cor-
rect to incorrectly classified samples, we calculate
the mean of the ratings provided by GPT for overall
reasoning quality for each class, obtaining scores
of 3.02 for correct and 1.64 for incorrect predictions,
on a 5-point scale.

Table 8 and 9 in Section A.3 of Appendix show
the variation in perceptual ratings and reasoning

Model Acc F1
Large Language Models (LLMs)

Llama-3.1-8B-Instruct (Dubey et al., 2024) 59.0 57.6
Qwen3LM-8B (Yang et al., 2025) 60.5 60.0
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) 61.8 61.7
GPT-5 65.6 65.6
Video-Language Models (VideoLMs)

LLaVA-Next-Video 60.6 604
Qwen2.5VL 61.8 61.7
Qwen2.50mni 60.7 59.7

Table 5: Sarcasm classification performance of
LLMs vs VideoLMs when provided with quasi-
perfect perception.

scores for correct and incorrect model predictions
for all 1365 samples. The prompt for GPT-based
evaluation has also been included.

Do LLMs outperform VideoLMs in sarcasm
detection when provided with quasi-perfect per-
ceptual cues?

During error analysis we observe that incorrect
perception misguides the model to build an incor-
rect reasoning chain. This raises the question:
given near-perfect modality descriptions derived
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individually from modality — text models, how well
can the VideoLMs reason? To investigate this, we
undertake an approach where the model is supplied
with individual modality descriptions and tasked
to only reason and explain. This is typically em-
ployed for LLMs that lack the ability to process
audio or visual inputs. In our setup, we extend
this method to VideoLMs as well. This helps in
assessing the reasoning ability of these models.
Table 5 shows a marginal increase in classifica-
tion scores for Qwen2.50mni compared to Table
2 indicating the model suffers from a reasoning
bottleneck even when perception is improved. For
LLaVA-Next-Video and Qwen2.5VL, the increase is
higher, suggesting a substantial gap in perception
as well. This proves that finer-grained perception is
an essential first step to reason about complex prag-
matic phenomenon like sarcasm. LLMs achieve
performance comparable to VideoLMs, with GPT-5
being the best reasoner, beating the open-source
LLMs. However, the overall classification perfor-
mance remains low for both LLMs and VideoLMs,
indicating that these models are still far from demon-
strating pragmatic reasoning capabilities.

6. Conclusion

In his work, we analyze the performance gaps of
existing open-source VideoLMs in perceiving, rea-
soning and detecting sarcasm, which requires in-
terpreting and disambiguating conflicting informa-
tion gathered from diverse modalities, we introduce
the MUStReason diagnostic benchmark which con-
tains samples annotated with sarcasm reasoning.
Furthermore, we device a multi-stage structured
prompting approach, PragCoT, in order to incor-
porate pragmatic reasoning abilities in VideoLMs,
which is key to understanding and inferring underly-
ing sarcastic implications in videos. While PragCoT
provides one example of how MUStReason can
be used to evaluate reasoning behavior, the an-
notations can support evaluation of any generic
reasoning framework and similar reasoning anno-
tations can be generated to assess tasks like humor
detection and figurative language understanding.

7. Limitations

A primary limitation of our work lies in the sarcasm
reasoning annotations being derived from the MUS-
tARD++ Balanced dataset. Thus, the contextual
cues and non-verbal markers present in the annota-
tions are dataset-specific, preventing generalizabil-
ity across dyadic conversations which might contain
additional cue variations not represented in these
annotations. Besides, the dataset is in English.
Since sarcasm is influenced by cultural and social
dynamics, the monolingual nature of the dataset

misses language-specific sarcasm indicators. In
addition, while PragCoT lays the foundation for
pragmatic reasoning for sarcasm interpretation by
capturing contradictions and incongruities between
modalities, integrating ensemble approaches or
reinforcement learning based techniques into this
framework might help these models generate better
reasoning chains. Currently the diagnostic bench-
mark is limited to sarcasm. Future work would focus
on extending it to other tasks like irony and figura-
tive language understanding to make pragmatic
reasoning in multimodal models interpretable.
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A. Appendix
A.1. Dataset Creation and Annotation
A.1.1. Extracting Individual Modality

Descriptions

We employ modality — text expert models to derive
insights from each modality:

1. Video: By feeding the videos to VideoGPT+
(Maaz et al., 2024b), we obtain description of
the general visual scene, setting, characters
and objects present across entire length of the
video.

2. Face: We use OpenFace (Baltrusaitis et al.,
2018) toolkit to extract Facial Action Units
(FAU) and derive the expression it corresponds
to from the facial muscle movements detected.
A sequential heuristic is followed, details of
which can be found in Section A.1.2.

3. Audio: The audio is extracted from the cor-
responding video using PyDub, which is then
passed to Qwen2-Audio (Chu et al., 2024) for
obtaining tonal attributes.

4. Utterance: We pass the textual utterances
(annotated in the original dataset) to LLaMA
3.1 (Dubey et al., 2024) and obtain insights
conveyed by the spoken words.

Following are the prompts used for extracting
individual modality descriptions and combining
these descriptions along with the gold label to

generate sarcasm reasoning using LLaMAS3.1.

SYSTEM: You are an expert at describing
videos.

USER: Provide a description of the
video that includes information about the
actors, their actions, and the scene they
are in.

. J

SYSTEM: You are an audio analysis expert.

USER: Provide a comprehensive analysis
of the speaker’s vocal dynamics in the
following audio. For each segment or the
entirety of the audio, comment on:

- *Tone:*™ (e.g., warm, cold, serious,
playful, authoritative)

- **Intonation:** (e.g., melodic, monotonous,
emphatic rises, questioning falls)

- **Sentiment.*™* (e.g., positive, negative,
neutral, sarcastic, uncertain)

- **Emotions:** (e.g., happiness, frustration,
calmness, anxiety - with evidence from
vocal cues)

- **Shifts:** (Note any transitions in tone,
intonation, or amplitude, and try to interpret
their significance)

- **Amplitude:** (e.g., loud, soft, varying -
and how it contributes to the overall delivery)

Below is an example of the style in
which you should answer about the pro-
vided audio clip.

Example audio utterance: I'm really
happy to be here.
Example explanation: The intonation

in this part features a slight rising contour
on ‘really happy" and a gentle falling
contour on “to be here," which typically
conveys enthusiasm and sincerity. The
overall sentiment at the start is clearly
positive, suggesting joy and contentment.
The emotion expressed seems to be
happiness or excitement, supported by the
bright tone and engaging intonation.

Now comment about the provided au-
dio clip. Be as detailed and specific as
possible in your observations, providing
justifications based on the auditory cues.
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SYSTEM: You are a text analysis expert.

USER: Analyze the following text and
identify the primary underlying emotion and
the overall sentiment expressed. Mention
if you sense a hint of sarcasm or not in
the text. Do not say “I cannot provide an
analysis of a text". Do not start with “Based
on the provided text". Do not say that
the text lacks context or anything similar.
Provide an analysis always and whatever
you can. {utterance text}

. J

Pragmatic Reasoning Generation

SYSTEM: You are a summarization expert.

USER: You have been given a tex-
tual description of a video. The description
contains the speaker utterance, the un-
derlying emotion or sentiment conveyed
by the speaker utterance, the video con-
text description, the speaker’s tonality
description, the speaker’s facial description
and possible emotions. The description
has also been labeled as “sarcastic" or
“non-sarcastic." Your task is to provide
a concise yet comprehensive summary,
reasoning about how the entire given
description can be used to conclude the
given label. Include only those parts of
the whole description in the summary
that are useful to conclude whether the
video is sarcastic or non-sarcastic. Do
not start your answer with “Based on the
provided description" or a similar prefix.
{utterance text, utterance sentiment, audio
tone description, video context description,
speaker facial expressions}

ASSISTANT: The video is <sarcastic/non-
sarcastic> because

A.1.2. Derivation of Facial Emotion and
Attribute Descriptions for constructing
MUStReason

To extract fine-grained features from the speaker’s
face, we use the OpenFace (Baltrusaitis et al.,
2018) toolkit, which is state-of-the-art for facial
behavior analysis. Facial Action Coding System
(FACS) (Ekman and Friesen, 1978) is a systematic
way to quantize facial muscle movements. Each
Action Unit (AU) represents one or more muscle
movements and various combinations of these AUs
can represent an expression or emotion. Since, a

video has multiple frames and each frame can have
non-speaker characters, we take a sequential ap-
proch to detect AUs and facial emotions:

1. For each frame of a video, we first detect and
crop the speaker faces using TalkNet (Tao
et al., 2021). To improve resolution for precise
AU detection, the cropped frames are super-
pixelized through Real-ESRGAN (Wang et al.).

2. Next, we obtain the AU activation values from
OpenFace for each of the frames. Since, a
speaker’s facial expression is prominent only
for a certain subset of the frames, we filter
out the redundant frames having AU activation
values below a certain threshold (< 0.5). This
gives a set of AUs having the highest activation
values across the frames.

3. The set of AUs are then replaced by their cor-
responding description of the muscle move-
ments (Table 6), which are then aggregated
into a single description through the template
“The speaker’s face shows ...<list of AU de-
scriptions>".

4. We refer to Table 7 to assign expression la-
bels to the corresponding unique combination
of AUs obtained in step 2. Finally, they are
plugged into a similar template “The possible
emotions observed along different segments
of the video are: ...<list of emotions>"

| _Facial Action Unit | Description \

AUO1 Inner Brow Raised
AU02 Outer Brow Raised
AU04 Brow Lowered
AUO05 Upper Lid Raised
AUO06 Cheek Raised
AUO07 Lid Tightened
AU09 Nose Wrinkled
AU10 Upper Lid Raised
AU12 Lip Corner Pulled
AU14 Dimple
AU15 Lower Lip Depressed
AU17 Chin Raised
AU20 Lip Stretched
AU23 Lip Tightened
AU25 Lips Parted
AU26 Jaw Dropped
AU45 Blink

Table 6: Facial Attribute Description for Facial Ac-
tion Units.

A.1.3. Data Filtering and Annotation

The sarcasm explanations were generated auto-
matically by individual modality expert models and

9826



Facial Expression | Facial Action Units

Happiness AUO06, AU12, AU14

Worry AU28, AU20

Surprise AUO1, AU02, AUO5, AU26

Sadness AU04, AUO1, AU14, AU15

Doubt AU25

Contempt AU12, AU10, AU15, AU17

Anger AUO04, AUO05, AUO07, AU23,
AU10, AU17

Fear AUO1, AUO02, AU04, AUO05,
AUO07, AU20, AU26

Table 7: Mapping between Facial Expressions and
Facial Action Units

collated using LLaMA 3.1. However, models are
often known to hallucinate and any misinformation
generated at the individual level, might travel down
to the sarcasm summary. Since human annota-
tion is very time-consuming and expensive, we cu-
rate two types of dataset samples - silver-standard
and gold-standard data. The samples in the silver-
standard data go through a basic sanity check to en-
sure the model has not generated gibberish or irrel-
evant content. On the other hand, each of the sam-
ple in the gold-standard data are human-annotated
to ensure correctness of the mentioned multi-modal
attributes, their overall relevance in sarcasm clas-
sification and quality of the generated explanation.
The high quality gold data ensures that model gen-
erated explanation quality would be evaluated on a
standard benchmark. The explanations were also
checked for spelling and grammatical errors. For
few instances, we observed that LLaMA 3.1 gen-
erated contradictory explanations. For example,
when provided with the ground truth label sarcastic
for reasoning, the model indicated the instance was
non-sarcastic and justified its response accordingly.
To ensure the accuracy of these cases, we manu-
ally reviewed the corresponding samples to identify
any inconsistencies or explanation errors. Upon
inspection, we found that in four cases, LLaMA’s
predictions were actually correct and the ground
truth labels were incorrect. These samples were
excluded. The resulting dataset consists of 462
gold and 899 silver samples, each set having a
nearly balanced distribution of sarcastic and non-
sarcastic classes. The MUStARD and MUStARD
++ Balanced dataset provides the raw videos and
sarcasm annotations. Each video clip has a unique
key. The dataset we provide contains sarcasm rea-
soning annotated against these keys.

A.1.4. Data Constraint for Sarcasm Detection

High-quality videos are extremely difficult to source.
Most publicly released video datasets only offer
video frames instead of the raw videos due to eth-
ical and copyright issues. Perception-grounded

tasks like sarcasm detection relies on scene con-
tinuity to spot dynamic changes with time. As
discussed before, audio also plays a vital role in
explaining sarcasm. Besides, sarcasm is a very
distinct genre which is hard to find in commonly
available videos on YouTube. A bulk of sarcas-
tic clips can only be fetched from a limited num-
ber of TV shows, especially sitcoms. Quite often,
these videos are of extremely low resolution. Crop-
ping faces from such videos causes blurring and in-
creases the difficulty of extracting facial information.
Identifying and annotating clips containing sarcas-
tic content is time-consuming, labour-intensive and
expensive. Besides, there is always some risk of
bias and cultural perspective involved as to how hu-
mans interpret sarcastic intent. For instance while
annotating the MUStARD ++ Balanced dataset for
sarcasm explanation, we infact found a few sam-
ples having wrong class labels.

A.2. Experiments

A.2.1. Implementation Details

For our experiments, we utilize the 7B parameter
variant of every VideoLM, except for ShareGPT4,
which offers a 8B variant. We conducted infer-
ence on NVIDIA Tesla A40 (48GB) and A100 (80B)
GPUs, depending on the memory footprint of each
model. The max number of new tokens to be gen-
erated was set to 512 for every model. For the ICL
experiment, except for the models whose classifi-
cation scores are included in the table, all the other
models do not accept more than one video input
in a single turn of the conversation. Hence, the
scores for these models are empty.

A.2.2. Prompts for Inference using PragCoT

Perception: Video

USER: Summarize what is happening visu-
ally in the scene.

Perception: Audio

USER: Describe the speaker’s utterance
tone, pitch, rhythm, and prosodic cues in
the audio/speech.

Perception: Utterance

USER: What does the speaker say?

9827



Perception: Face

USER:
1. Describe the speaker’s facial expression
and facial emotion in details.

2. Choose one or more attributes from the
following list which can be observed on the
speaker’s face:

['Inner brow raised’,'Outer brow
raised’,'Brow lowered’,'Upper lid
raised’,'Cheek raised’,'Lid tightened’,'Nose
wrinkled’,'Upper lid raised’,‘'Lip corner
pulled’,'Dimple’,'Lower lip depressed’,'Chin
raised’,'Lip stretched’,'Lip tightened’,'Lip
parted’,'"Jaw dropped’,'Blink’]

Decoding: Facial Action Unit Classification

USER: Choose one or more attributes from
the following list which can be observed on
the speaker’s face:

1. Inner brow raised

2. QOuter brow raised

3. Brow lowered

4. Upper lid raised

5. Cheek raised

6. Lid tightened

7. Nose wrinkled

8. Upper lid raised

9. Lip corner pulled

10. Dimple

11. Lower lip depressed
12. Chin raised

13. Lip stretched

14. Lip tightened

15. Lip parted

16. Jaw dropped

17. Blink

Decoding: Utterance Classification

USER: Interpret the dialogue to understand
whether it is neutral, metaphorical, ironic or
hyperbole : DIALOGUE: <utterance>

Reasoning

SYSTEM: You are a highly intelligent and
helpful assistant who can understand text,
audio and video. Your task is to answer
questions thoughtfully. Always try to explain
your reasoning process step-by-step before
giving a final answer, especially for complex
queries. Be concise when asked for a
summary, but elaborate when more detail

is requested.

USER:

TASK: Explain in detail why the given video
segment is sarcastic or non-sarcastic.
REQUIREMENTS:

- Go step-by-step for **each cue**, one
modality at a time.

- **Explicitly mention and use all modality
cue descriptions*™ listed above in your
explanation.

- Compare and contrast cues across
modalities.

- Consider interactions (e.g., over-
enthusiastic tone with flat expression).

- Do not omit any modality or cue.

\. J

A.3. Quantitative Evaluation of Model
Generated Reasoning

Table 8 and 9 show the variation in perceptual rat-
ings and reasoning scores for correct and incorrect
model predictions for all 1365 samples.

Predictions  Utterance Video Audio Face
Incorrect 1.4140.79 2.5610.89 1.8940.83 1.80+0.79
Correct 3.5210.93 3.3740.88 2.9940.98 2.4310.83

Table 8: GPT ratings (scale: 1-5) for perceptual
correctness for correct and incorrect predictions of
Qwen2.50mni model for all samples.

Predictions BERTScore METEOR RougelL GPT
Incorrect 0.87+0.07 0.2410.06 0.2410.05 1.6410.73
Correct 0.88+0.01 0.26+0.06 0.2640.04 3.0210.86

Table 9: Reasoning quality for correct and incorrect
predictions of Qwen2.50mni model for all samples.
Metric scales: GPT: 1-5, Others: 0-1.
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Prompt for GPT-based Evaluation

Compare a “GENERATED" explanation to a “GOLD" explanation for sarcasm based on these
components:

(1) Description of video context (setting, environment, etc.)

(2) Facial expressions and action units

(3) Audio tone of the speaker

(4) Intent of speaker utterance.

Carefully analyze each component, rate their similarity from 1 to 5 (where 1 = totally dissimilar, 2 =
somewhat dissimilar, 3 = mixed similarity, 4 = somewhat similar, 5 = totally similar), then provide
an overall similarity rating focused specifically on reasoning about sarcasm. You must explain your
reasoning for each component before giving the rating. The overall rating should be based on
your analysis of the three components and reflect the quality of the silver explanation’s reasoning
compared to the gold. Be thorough in your analysis before outputting any ratings.

Output your answer as a JSON object, structured with “reasoning” preceding all ratings, and the
final overall rating at the end. For each reasoning field, provide a short paragraph (2-4 sentences)
explaining your comparison. For each rating field, use only an integer from 1 to 5.

Example output format:

“Context_Reasoning": Analysis comparing video context in generated vs. gold; state if details,
accuracy/relevance, and completeness about setting environment are similar or different, and why.,
"Context_Rating": 1-5,

“Facial_Reasoning": Analysis comparing facial expressions/action units in generated vs. gold;
state if key actions, detail level, and interpretive accuracy are similar or different, and why.,
“Facial_Rating": 1-5,

“Audio_Reasoning": Analysis comparing audio tone in generated vs. gold; state if descriptors,
nuance, or identification are similar or not, and why.,

"Audio_Rating": 1-5,

“Intent_Reasoning": Analysis comparing utterance intent in generated vs. gold; state if descriptors,
nuance, or identification are similar or not, and why.,

“Intent_Rating™: 1-5,

“Overall_Reasoning": Summarize how the silver explanation’s reasoning about sarcasm, across all
three components, compares to the gold. Explain which aspects are most/least similar and the
main strengths/weaknesses.,

"Overall_Rating": 1-5

(Reminder: Output MUST be in JSON as above, with reasoning before each rating and only integer
ratings 1-5.)
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