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Abstract

Sarcasm is a specific form of ironic speech
which can often be hard to understand for lan-
guage models due to its nuanced nature. Recent
improvements in the ability of such models to
detect and generate sarcasm motivate us to try a
new approach to help language models perceive
sarcasm as a speech style, through a human cog-
nitive perspective. In this work, we propose a
multi-hop Chain of Thought (CoT) methodol-
ogy to understand the context of an utterance
that follows a dialogue and to perform bidirec-
tional style transfer on that utterance, leverag-
ing the Theory of Mind. We use small language
models (SLMs) due to their cost-efficiency and
fast response-time. The generated utterances
are evaluated using both LLM-as-a-judge and
human evaluation, suitable to the open-ended
and stylistic nature of the generations. We also
evaluate scores of automated metrics such as
DialogRPT, BLEU and SBERT; drawing valu-
able insights from them that support our evi-
dence. Based on this, we find that our cognitive
approach to sarcasm is an effective way for lan-
guage models to stylistically understand and
generate sarcasm with better authenticity.

1 Introduction

Sarcasm is a form of verbal irony used to mock
or convey contempt toward a person or subject.
It is often used as a form of aggressive humour
critical in tone indicating playful teasing (Pexman
and Olineck, 2002; Frenda et al., 2022). Sarcasm
is a communicative act rooted in social cognition
and emotional intelligence. It heavily relies on
contextual and linguistic cues, including preceding
discourse (Campbell, 2012), conversational tone,
and linguistic markers such as negation or inversion
of literal meaning and use of interjections like ’gee’
or ’yeah, right.’

Since sarcasm relies on implied meaning and
situational cues, it can often be structurally indis-
tinguishable from non-sarcastic speech, having the

Figure 1: Illustration of our framework for bidirectional
sarcasm understanding.

same or similar forms (Campbell, 2012). It is ob-
served that language models can often struggle to
understand the exact nuances that characterize sar-
castic speech (Sharma et al., 2022), such as incon-
gruity between the literal and intended meaning of
a statement which particularly marks the presence
of sarcasm (Kader et al., 2023; Mishra et al., 2019).
Addressing these difficulties and helping language
models overcome them is important to improve the
natural, human-like quality of text generated by
them. This would benefit the ability of language

259



models to generate and understand humour and
double entendres in speech, useful to chatbots, so-
cial media analytics and content moderation.

Recent advancements have been made in helping
language models detect the presence or absence of
sarcasm as a stepping stone towards developing this
understanding (Jang and Frassinelli, 2024). The
emergence of datasets specifically annotated for
sarcasm detection, (Oraby et al., 2016; Jang and
Frassinelli, 2024; Oprea and Magdy, 2020; Castro
et al., 2019), coupled with improvement in the abil-
ity of language models to reason and understand
broader contexts (Srivastava et al., 2025) has made
it possible to consider helping language models
comprehend the nature of sarcasm from a human
cognitive perspective. It is interpreted as a dynamic
communicative act rather than a speech label, draw-
ing from Theory of Mind (Shamay-Tsoory et al.,
2005; Zhu and Wang, 2020).

We approach the task of perceiving sarcasm as a
two-step process: 1) the ability of language models
to comprehend sarcasm, and 2) to perform bidirec-
tional transformation on the utterance to generate
sarcastic or non-sarcastic utterances within an exist-
ing context. Using the MUStARD dataset (Castro
et al., 2019), we prompt six small language models
(SLMs) to generate both sarcastic and non-sarcastic
utterances when given the preceding dialogue as
context. We use three different prompting methods:
1) zero-shot prompting, 2) few-shot prompting, and
3) Chain of Thought (CoT) prompting. The ut-
terances are generated as alternatives to existing
utterances in the MUStARD dataset.

The remainder of this paper is structured as fol-
lows: Section 2 reviews related work; Section 3
details on our task; Section 4 describes our method-
ology; Section 5 covers experimental setup and
evaluation; Section 6 delineates human evaluation;
Section 7 presents results.

2 Related Works

While there has been significant breakthrough in
sarcasm detection tasks (Castro et al., 2019; Oprea
and Magdy, 2020; Gole et al., 2024), sarcasm gen-
eration remains an underexplored task. Recent
works focus on highlighting the importance of con-
text (Lunando and Purwarianti, 2013). One such
work proposed an unsupervised, modular frame-
work for generating sarcastic outputs by introduc-
ing contextual incongruity, setting a benchmark
for style transfer techniques without paired data

(Mishra et al., 2019). ’Chandler’ is not only a sar-
casm response generator but also provides expla-
nations for why each response is sarcastic (Oprea
et al., 2021). Evaluation of large language models
(LLMs) and smaller 7B/8B models on the emerg-
ing Sarcasm Explanation in Dialogue (SED) task
shows that larger parameter size is an effective fac-
tor for superior human language comprehension
and reasoning capabilities (Zhang et al., 2024). In-
vestigation of people’s preferences on generated
sarcasm showed that even when sarcasm was con-
sidered highly appropriate, non-sarcastic responses
were still preferred (Oprea et al., 2022), which pro-
vided a backbone to the concept of sarcasm style
transfer according to user preference.

While existing works either focus on detection
or one-directional generation, our work stands out
as the first to explore bidirectional sarcasm style
transfer and incorporating contextual incongruity.
We also direct our focus on evaluating our approach
on lightweight SLMs.

3 Sarcasm Understanding

From a cognitive perspective, research has shown
that sarcasm comprehension engages additional in-
ferential processes compared to literal language
(Fanari et al., 2023; McDonald, 1999). Prior work
in sarcasm detection highlighted the importance of
sarcastic cues for detection, but they don’t assess
whether a model actually understands sarcasm be-
yond recognition. To comprehend sarcasm, one
must grasp the incongruity between literal mean-
ing and intended meaning, drawing on contextual
knowledge and theory of mind (Shamay-Tsoory
et al., 2005; Zhu and Wang, 2020). Similarly, pro-
duction of sarcasm requires speakers to manipulate
linguistic cues to insert an incongruity while en-
suring the underlying context remains interpretable
(Ghosh et al., 2018; Ghosh and Veale, 2017). Moti-
vated by this, we suggest a bidirectional framework
with complementary tasks of comprehension and
production, related but distinct cognitive processes
that are necessary for demonstrating sarcasm per-
ception.

3.1 Sarcasm Generation

Given a dialogue, the model must generate a sar-
castic counterpart that retains the context while
introducing pragmatic cues such as exaggera-
tion, polarity reversal or context-dependent irony
(Chakrabarty et al., 2020). This task reflects a
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Model Method BLEU SBERT DialogRPT Accuracy

Gemma 3 1B

Zero-shot 0.017± 0.001 0.439± 0.002 0.596± 0.001 0.902± 0.093

Few-shot 0.046± 0.001 0.453± 0.001 0.634± 0.001 0.862± 0.087

Ours 0.057± 0.001 0.462± 0.003 0.651± 0.001 0.930± 0.060

Few-shot + Ours 0.052± 0.003 0.469± 0.001 0.642± 0.002 0.906± 0.068

Gemma 3 4B

Zero-shot 0.109± 0.002 0.443± 0.001 0.636± 0.001 0.924± 0.061

Few-shot 0.150± 0.002 0.451± 0.001 0.638± 0.001 0.937± 0.045

Ours 0.189± 0.003 0.466± 0.001 0.643± 0.001 0.945± 0.039

Few-shot + Ours 0.167± 0.003 0.467± 0.001 0.640± 0.002 0.934± 0.035

LlaMa 3.2 1B

Zero-shot 0.047± 0.004 0.411± 0.004 0.602± 0.005 0.839± 0.103

Few-shot 0.052± 0.004 0.407± 0.004 0.616± 0.010 0.706± 0.324

Ours 0.057± 0.004 0.435± 0.003 0.630± 0.013 0.723± 0.224

Few-shot + Ours 0.059± 0.008 0.412± 0.003 0.598± 0.017 0.592± 0.397

LlaMa 3.2 3B

Zero-shot 0.044± 0.003 0.424± 0.003 0.637± 0.002 0.906± 0.071

Few-shot 0.072± 0.002 0.453± 0.001 0.646± 0.002 0.895± 0.051

Ours 0.075± 0.002 0.437± 0.001 0.648± 0.001 0.921± 0.052

Few-shot + Ours 0.094± 0.002 0.438± 0.002 0.646± 0.003 0.899± 0.061

Qwen 3 1.7B

Zero-shot 0.250± 0.005 0.417± 0.002 0.638± 0.001 0.773± 0.127

Few-shot 0.271± 0.007 0.432± 0.001 0.640± 0.001 0.786± 0.095

Ours 0.224± 0.008 0.425± 0.001 0.653± 0.002 0.781± 0.098

Few-shot + Ours 0.291± 0.012 0.422± 0.001 0.642± 0.002 0.752± 0.080

Qwen 3 4B

Zero-shot 0.144± 0.004 0.424± 0.002 0.659± 0.001 0.933± 0.045

Few-shot 0.153± 0.002 0.438± 0.001 0.648± 0.001 0.973± 0.018

Ours 0.147± 0.004 0.449± 0.001 0.664± 0.001 0.975± 0.025

Few-shot + Ours 0.162± 0.004 0.436± 0.002 0.650± 0.002 0.972± 0.019

GPT-4o

Zero-shot 0.019± 0.001 0.411± 0.000 0.671± 0.000 0.984± 0.017

Few-shot 0.020± 0.001 0.413± 0.000 0.672± 0.000 0.988± 0.006

Ours 0.020± 0.001 0.423± 0.000 0.675± 0.000 0.994± 0.006

Few-shot + Ours 0.021± 0.002 0.422± 0.000 0.674± 0.000 0.996± 0.004

Table 1: Comparison of different models and methods across automatic evaluation metrics. Scores are reported as
mean ± standard deviation over 5 runs. Best performing scores are highlighted in bold.

model’s ability not only to recognize sarcastic cues
but also to recreate it intentionally by understand-
ing the inherent context. This includes both stylis-
tic paraphrasing (sarcastic to sarcastic) and style
transfer (non-sarcastic to sarcastic).

3.2 Sarcasm Removal

The model must produce a non-sarcastic utterance
for a dialogue that retains the intended meaning
by recognizing cues and resolving incongruity to
recover the reader’s intent (Pexman and Olineck,
2002). This includes both style neutralization (sar-
castic to non-sarcastic) as it evaluates the model’s
ability to disentangle the core semantic content of

an utterance from its style and factual paraphras-
ing (non-sarcastic to non-sarcastic) as an anchor
point of literal communication for complete bi-
directionality. A comprehensive understanding of
sarcasm necessarily requires an equally robust un-
derstanding of non-sarcasm, since the recognition
of irony depends on contrasting it with cases where
intent and expression remain aligned.

4 Proposed Methodology

To model bidirectional understanding of sarcasm
as a style, we propose a multi-hop framework to
decompose the task into sequential stages of con-
textual understanding for intent and incongruity,
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Model Method Context Creativity Meaning Rank Sarcasticness

Gemma 3 1B

Zero-shot 2.9541± 0.0608 2.2189± 0.0175 2.4931± 0.0777 3.0061± 0.0468 2.0257± 0.0468

Few-shot 3.9237± 0.1063 2.5157± 0.0851 3.4439± 0.0631 2.4160± 0.1028 2.5942± 0.0761

Ours 3.9526± 0.1119 2.9104± 0.0776 3.4686± 0.0387 2.1986± 0.0559 3.0318± 0.1428

Few-shot + Ours 3.6230± 0.0996 2.4063± 0.0546 3.2265± 0.1106 2.5144± 0.0825 2.6474± 0.0677

Gemma 3 4B

Zero-shot 4.3400± 0.0494 2.9900± 0.0703 3.6700± 0.0650 2.7433± 0.0917 2.8700± 0.1139

Few-shot 4.4033± 0.0845 2.8800± 0.0628 4.0867± 0.0639 2.3667± 0.1130 2.7667± 0.1196

Ours 4.5133± 0.0681 3.0133± 0.1959 3.9010± 0.1014 2.2267± 0.1782 3.0200± 0.2253

Few-shot + Ours 3.7067± 0.1475 2.6033± 0.1102 3.4767± 0.0535 2.9633± 0.0893 2.7333± 0.0825

LlaMa 3.2 1B

Zero-shot 3.1867± 0.1070 2.3333± 0.1359 2.7200± 0.0820 2.9167± 0.0577 2.0667± 0.1173

Few-shot 3.6333± 0.1541 2.4767± 0.0962 3.2467± 0.1221 2.5200± 0.1023 2.4400± 0.1045

Ours 3.6281± 0.1219 2.8429± 0.1756 3.2742± 0.1291 2.2791± 0.0807 2.6605± 0.2488

Few-shot + Ours 2.6391± 0.2746 2.2533± 0.1958 2.4104± 0.2521 2.7238± 0.1469 2.3158± 0.2385

LlaMa 3.2 3B

Zero-shot 4.2267± 0.1116 2.9467± 0.0691 3.3933± 0.0673 2.3067± 0.1134 2.7767± 0.0894

Few-shot 4.3833± 0.1646 3.0500± 0.1419 3.3067± 0.1489 2.5901± 0.1038 2.8300± 0.2053

Ours 4.3331± 0.0987 3.1759± 0.1598 3.5788± 0.1013 2.0888± 0.1127 2.8526± 0.1108

Few-shot + Ours 4.1644± 0.1336 3.0356± 0.1071 3.2875± 0.0879 3.0099± 0.0839 2.4581± 0.1302

Qwen 3 1.7B

Zero-shot 4.2400± 0.0596 2.6933± 0.0418 4.0300± 0.0861 2.3342± 0.0877 2.8767± 0.0723

Few-shot 4.0700± 0.0606 2.6767± 0.0976 3.6167± 0.0850 2.4333± 0.0920 2.5900± 0.1294

Ours 4.3633± 0.0869 2.7467± 0.0938 4.2167± 0.1550 2.1333± 0.0717 2.9500± 0.2062

Few-shot + Ours 3.7225± 0.0736 2.4018± 0.2033 3.5190± 0.2180 2.9028± 0.0410 2.6254± 0.1585

Qwen 3 4B

Zero-shot 4.2633± 0.0861 2.9533± 0.0691 3.7633± 0.0477 2.3167± 0.1034 2.6900± 0.0450

Few-shot 4.2433± 0.0855 3.0600± 0.1090 3.8200± 0.0811 2.2733± 0.1234 2.8700± 0.1431

Ours 4.2933± 0.1090 2.9967± 0.1330 4.2667± 0.0565 2.1910± 0.0723 2.9233± 0.0703

Few-shot + Ours 3.6667± 0.1523 2.8433± 0.0917 3.3700± 0.1293 3.0100± 0.2084 2.8200± 0.0545

GPT-4o

Zero-shot 4.1500± 0.0214 2.9333± 0.0834 3.4500± 0.1112 2.7598± 0.0128 2.6000± 0.0121

Few-shot 4.2833± 0.1392 3.2167± 0.0323 4.0000± 0.1437 2.4350± 0.0548 2.9032± 0.1034

Ours 4.3167± 0.2275 3.3667± 0.0288 4.2833± 0.0233 2.5062± 0.0832 2.6833± 0.0947

Few-shot + Ours 3.9833± 0.1210 3.1000± 0.0955 3.5667± 0.0935 2.9899± 0.0754 2.8000± 0.0838

Table 2: Comparison of different models and different methods across LLM metrics over 5 runs. Scores are reported
as mean ± standard deviation. Best performing scores are highlighted in bold.

and transformation for production of sarcastic or
non-sarcastic style.
In the first hop, the language model extracts the
implicit and explicit emotions and sentiment from
each utterance in the dialogue. Explicit emotions
and sentiment reflect the surface level state of the
conversation while implicit ones are inferred from
the linguistic cues, tone and context of the conver-
sation (Chauhan et al., 2020). Disparities between
the explicit and implicit emotions and between sen-
timents of the utterances lead to an incongruity
which indicates possibility of sarcasm (Joshi et al.,
2017). Utilizing chain-of-thought for reasoning,
the model then deduces the underlying rationale
and constructs the dialogue context.
This contextual representation of the dialogue is
then leveraged to generate a sarcastic or a non-
sarcastic conditioned utterance for the dialogue
in the second hop (Lee et al., 2025). This hop
preserves the speaker’s original tone, emotional
state and conversational dynamics using chain-
of-thought, using the contextual presence or ab-

sence of incongruity to accordingly produce the
specific style. Figure 1 illustrates the working of
our methodology using an example from the MUS-
tARD dataset.

5 Experimentation

5.1 Dataset

We use the publicly available MUStARD dataset
(Castro et al., 2019) for our experimentation. It is a
multi-modal dataset comprising of 690 audiovisual
utterances and dialogue contexts with an even num-
ber of annotated sarcastic and non-sarcastic labels.
Although, we only use the textual data which is ap-
propriate to our methodology. Initially developed
for sarcasm detection, we utilize the 690 dialogue
long dataset for sarcasm generation and removal.
Each dialogue has an utterance with a label for sar-
casm. To achieve complete bi-directionality, we
generate both sarcastic and non-sarcastic utterances
for each dialogue irrespective of its label.
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Model Type Zero-shot Few-shot Ours Few-shot+Ours

Gemma-1B
Sarcastic 258.2± 5.8 81.8± 2.5 61.4± 8.2 71.8± 5.4

Non-Sarcastic 194.0± 9.1 97.2± 3.6 53.8± 6.1 61.8± 2.4

Gemma-4B
Sarcastic 23.4± 1.1 31.4± 0.5 15.2± 3.5 20.0± 1.0

Non-Sarcastic 24.6± 0.9 34.8± 0.8 18.0± 5.4 35.4± 4.7

LLaMA-1B
Sarcastic 228.4± 24.1 82.6± 16.4 61.8± 48.2 341.6± 78.4

Non-Sarcastic 122.0± 18.3 74.2± 19.4 85.2± 27.8 251.6± 63.1

LLaMA-3B
Sarcastic 13.6± 1.7 9.8± 1.3 9.6± 1.9 13.4± 3.8

Non-Sarcastic 10.8± 1.5 8.8± 1.3 8.3± 1.9 15.4± 4.3

Qwen-1B
Sarcastic 10.6± 0.5 16.8± 0.8 8.2± 2.3 13.8± 3.9

Non-Sarcastic 12.8± 0.4 18.0± 0.7 11.0± 2.0 13.2± 4.4

Qwen-4B
Sarcastic 10.8± 1.3 2.2± 0.4 1.2± 0.8 1.4± 0.9

Non-Sarcastic 6.8± 1.3 1.8± 0.9 0.2± 0.4 1.6± 1.3

Table 3: Failures (mean ± std) per model across settings (Zero-shot, Few-shot, Ours, Few-shot+Ours) over 5 runs.
Rows report sarcastic and non-sarcastic utterances separately. Best performing scores are highlighted in bold.

5.2 Setup

All tests were run on 2 NVIDIA Tesla T4 GPUs.
We report the inference time and memory usage of
models in Appendix. We used 4-bit quantization
via the Unsloth framework (Han and team, 2023),
significantly reducing memory and computation
needs, allowing for scalable experimentation. We
also use zero-shot and few-shot as baselines along
with an ablation of few-shot in our methodology to
compare results and efficacy of our strategy.

5.3 Models

We focus primarily on open-weight smaller lan-
guage models (SLMs) because they can be effi-
ciently deployed on local, on-premises GPUs, en-
abling cost-effective fine-tuning on configurable
sarcastic styles. We use LlaMa 3.2’s 1B and 3B
variants (Van Der Maaten et al., 2024) , Gemma3’s
1B and 4B variants (Kamath and team, 2025),
Qwen-3 1.7B and 4B variants(Yang and Qwen
Team, 2025) and GPT-4o as a state-of-the-art
(SOTA) baseline and LLM-as-a-judge due to its
strong reasoning abilities and intelligence (Hurst
and Team, 2024).

5.4 Metrics

To evaluate the effectiveness of the proposed multi-
hop inference strategy for sarcasm understanding,
we employed a combination of automated, LLM
and human evaluated metrics.

5.4.1 Automated Metrics
We employed a suite of automatic metrics with
sarcasm classification for detecting sarcasm in gen-
erated utterances, BLEU-4 for lexical overlap with
the reference utterance (Papineni et al., 2002), se-
mantic similarity with the dialogue using Sentence-
BERT 1 (Reimers and Gurevych, 2019) and Dialo-
gRPT Updown 2 as a dialog-level appropriateness
and relevance measure for generated utterances
(Gao et al., 2020). We used GPT-4o as a classifier
due to its ability to capture context-sensitive prag-
matic cues. For every utterance, the dialogue was
embedded as context for sarcasm detection.

5.4.2 LLM Metrics
We employed GPT-4o as our LLM-as-a-judge (Gu
et al., 2025) to assess the quality of the utterances
generated through our multi-hop inference frame-
work on the dimensions mentioned in Table 4. The
temperature was set to zero to ensure deterministic
and reproducible judgments across all generated
outputs.

6 Human Evaluation

We recruited 5 annotators on a volunteer basis from
the general public to evaluate a total of 60 cases
from the multimodal MUStARD dataset (Castro
et al., 2019) in the survey. The annotators were cho-
sen from a pool of volunteers with a minimum of
a 4-year bachelor’s degree from a program taught
strictly in English, ensuring they were proficient

1Huggingface: sentence-transformers/all-MiniLM-L6-v2
2Huggingface: microsoft:DialogRPT-updown
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in the language. Our aim with conducting this hu-
man survey was to measure multiple linguistic and
stylistic dimensions, giving a deeper insight of how
humans comprehend machine-generated sarcastic
responses. All evaluations, including human evalu-
ation, are conducted using only the dialogue tran-
scripts and context provided in the dataset, without
incorporating visual or audio signals.

6.1 Experimental Setup
The survey presents the participants with 60 dis-
tinct, randomly selected cases from the MUStARD
dataset (Castro et al., 2019). Each case featured the
following:

1. Dialogue context with respective speakers.

2. Four generated candidate utterances, each pro-
duced by one of the distinct prompting strate-
gies up for comparison:

• Using zero-shot methodology.
• Using few-shot methodology.
• Using our novel methodology.
• Using our novel methodology with few-

shot.

To further reduce order effects and anchoring bias,
both the case order and the sequence in which can-
didate utterances appeared were randomized for
every participant. For each set, the annotators were

Criterion Description
Sarcasticness How well does each utterance convey

sarcasm?
Creativity How well does the utterance avoid

formulaic or repetitive patterns? How
stylistically flexible is it?

Contextual
Appropriateness

How fitting is the utterance to the pro-
vided dialogue context?

Meaning
Preservation

How well does each generated utter-
ance preserve the meaning of the orig-
inal reference?

Table 4: Evaluation criteria for assessing the quality of
generated utterances.

asked to perform two tasks:

1. Comparative Ranking: Participants were to
rank each utterance from best (1) to worst (4)
based on their overall subjective preference.

2. Likert Scale Rating: Participants were to
rate each of the four generated utterances on
a 5-point Likert scale (where 1 = poor quality
and 5 = excellent quality) according to the
four criteria detailed in Table 4.

6.2 Justifying Evaluation Criteria

Implicit Display Theory (IDT) (Utsumi, 2005) dis-
tinguishes sarcasm from non-sarcasm, and portrays
it as a dynamic communicative act with cognitive
preconditions such as shared context, emotional
intelligence, and the ability to navigate the incon-
gruity between literal and intended meaning. A
model could, in theory, detect sarcasm with high
accuracy yet fail completely at generating an ap-
propriate sarcastic utterance. In fact, people tend
to prefer non-sarcastic responses over incoherent,
overly specific sarcastic responses (Oprea et al.,
2022). Thus, the evaluation of sarcasm generation
must mirror the complexity and nuances of human
judgment. Drawing inspiration from above, we rely
on human-centric evaluation criteria as automated
metrics are often blind to the very pragmatic and
contextual nuances. Significance of each criterion
is detailed below:

1. Sarcasticness: From a theoretical point of
view, it is a direct application of IDT’s con-
cept of the "degree of ironicalness". This
criterion measures how effectively an utter-
ance conveys implicit irony. From an empir-
ical standpoint, it measures if the model has
successfully employed cognitive criteria like
pragmatic insincerity and emotional markers.
It is also the primary measure of style transfer
accuracy.

2. Creativity: This criterion measures stylistic
expression of the generated utterances. Sar-
casm was typically preferred by users only
when it was also considered "funny" (Oprea
et al., 2022). Creativity includes ’humor’ and
’originality’, proving to be very valuable. It
evaluates the quality of style transfer, assess-
ing if the generated sarcasm is not just rec-
ognizable but also potentially preferable to a
literal alternative.

3. Contextual Appropriateness: This metric
directly assesses whether the model has cor-
rectly identified a valid context for sarcasm.
An utterance cannot be sarcastic in the ab-
sence of "ironic environment" (Utsumi, 2005),
and inappropriateness in general leads to neg-
ative reception of machine-generated sarcasm
(Oprea et al., 2021). Measure of contextual in-
congruity is crucial for evaluating the model’s
pragmatic and social intelligence.
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4. Meaning Preservation: It is a cornerstone of
any text style transfer task, becoming more nu-
anced in the specific case of sarcasm. Sarcasm
often works by inverting the literal meaning
or valence of a statement. This metric en-
sures that the stylistic transformation does not
generate an off-topic utterance that discards
the original meaning. Particularly critical for
evaluating our bidirectional methodology, it
is used to confirm that stylistic neutralization
retains semantics.

The evaluation framework required for our task
cannot be limited to measuring classification accu-
racy as a binary evaluation, as it is fundamentally
misaligned with the nature of the phenomenon it
seeks to measure. Hence, we use 5-point Likert
scale to capture the nuances of sarcasm. It is per-
fect to evaluate ’Sarcasticness’ as it explicitly asks
the evaluator to place the generated utterance on
a continuum, judging not just if it is sarcastic, but
how sarcastic it is. This allows for a much more
fine-grained assessment of stylistic success. Rank-
ing the generations according to reader’s preference
forces a comparative judgment, acknowledging that
even among several "sarcastic" outputs, some will
simply be better than others. Results are discussed
in 7.4.

7 Results

The results of our human survey are summarized in
Table 5; the results of automated evaluation metrics
are presented in Table 1; Table 2 shows the results
of LLM evaluation metrics.

7.1 Need for semantically-aware metrics

It is worthwhile to note that even though BLEU is a
widely applied metric for style transfer and genera-
tion tasks, it does not lead to any significant trends
in our task. In fact, the relatively low BLEU scores
observed in our experiments can be attributed to
the inherent limitations of lexical overlap metrics
in capturing sarcasm and pragmatic nuances. Fur-
ther, semantic similarity using transformers also
fails to capture the shifts in context, style and ex-
pression in sarcasm generation. While DialogRPT
provides a suitable metric for assessing dialogue
quality, it also does not account for subtle changes
in pragmatic nuance and sarcastic intent (Gao et al.,
2020).

7.2 Limitations in using few shot for
multi-hop reasoning

Our methodology shows consistent increases in
human, LLM and automated metrics over the base-
lines and its few-shot counterpart. Incorporating
few-shot examples into our strategy showed some
improvement over baselines in automated metrics
but perform sub-optimally in case of LLM and
human evaluated metrics, which again calls for
metrics that can capture more than surface-level
cues. This is likely because few-shot prompting in-
troduces fixed exemplar biases that may constrain
the small language model’s reasoning pathways,
limiting its ability to explore alternative interpreta-
tions to leverage the dialogue context. Further, we
also observed formulaic patterns in sarcastic gener-
ations like "Oh, absolutely!" or "Oh, really?" and
non-sarcastic generations like "That’s a bummer"
or "I’m sorry to hear that". We theorize these gener-
ations were likely due to model’s limited reasoning
capabilities as utterances became more creative as
model-size increased.

7.3 Punts and Failures

SLMs are known to have limited reasoning which
leads to failures like punts, text degeneration, text
repetition, etc. A primary example is a punt, which
is a response where the model explicitly avoids or
refuses to fulfill the prompt (e.g., "I’m sorry, I can-
not help with that"). Other failures include text de-
generation, text repetition and so on. We analyzed
our generations for these failures along with our
task specific failures such as wrong speaker name
and empty generation (’<your generated line>’).
We enumerate these errors in Table 3. Our method-
ology demonstrates an improvement in reasoning
over the other methods by giving fewer punts. We
do not include GPT-4o in the table as it did not lead
to failures.

7.4 Result Analysis

Across all four bidirectional style transfer tasks, our
method was consistently preferred by human an-
notators over the zero-shot and few-shot baselines.
The inter-annotator agreement was calculated us-
ing Krippendorff’s alpha which yielded a score of
0.4536. This depicts a moderate level of agree-
ment which seems reasonable due to the highly
subjective and nuanced nature of the task, where
individual interpretations tend to vary. Our method
achieved the best performance in Sarcasm Genera-
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Category Method Context Creativity Meaning Rank Sarcasticness.

S→ S

ZS 3.45 3.23 3.32 2.79 3.57
FS 3.59 3.19 3.13 2.65 3.44

Ours 3.68 3.68 3.38 2.50 3.70
Ours+FS 3.80 3.64 3.29 2.63 3.76

S→ NS

ZS 4.11 2.78 3.57 2.75 3.15
FS 3.83 2.41 3.01 2.60 2.88

Ours 4.24 2.98 3.91 2.17 2.48
Ours+FS 4.07 2.85 3.68 2.48 2.84

NS→ S

ZS 3.73 3.39 3.01 2.73 2.96
FS 3.71 3.61 2.80 2.60 3.34

Ours 4.01 3.81 3.51 2.21 3.56
Ours+FS 3.96 3.69 3.28 2.41 3.60

NS→ NS

ZS 3.71 2.55 3.25 2.48 1.84
FS 3.79 2.61 3.17 2.45 1.76

Ours 4.17 2.77 3.97 2.11 1.65
Ours+FS 3.87 2.61 3.47 2.16 1.79

Table 5: Direction-wise Human Evaluation Metrics. Sar-
castic (S), Non-sarcastic (NS). Best performing scores
are highlighted in bold.

Figure 2: Spearman correlation between human and
automated metrics across sarcastic and non-sarcastic
cases.

tion, demonstrating that cognitive reasoning of the
first hop enables the model to generate sarcastic
utterances that are not only stylistically accurate
but also fit naturally in the context. Our method

also excelled in Sarcasm Removal and style main-
tenance tasks.
Our methodology shows consistent improvements
over baselines in LLM evaluations and automated
metrics as well. While Qwen Models show higher
BLEU scores, they also show relatively lower Cre-
ativity scores in LLM evaluations. Tables in the
Appendix display direction-wise LLM metrics and
direction-wise automated metrics. Sarcasm Re-
moval reports lower Creativity and Meaning Preser-
vation scores indicating a loss in creativity and
change of meaning, when going from sarcastic
to non-sarcastic. However, Sarcasm Generation
shows improvements in creativity while inducing
sarcasm in utterances over their counterparts. Fig-
ures 2 show correlation of human and automated
metrics for our task. Accuracy shows a positive and
negative correlation with Sarcasticness for sarcastic
and non-sarcastic generation respectively. Further,
DialogRPT proves to be a good metric for nuanced
communication analysis of human metrics. SBERT
has a poor correlation demonstrating that higher se-
mantic similarity with the original context doesn’t
lead to better generations.

8 Conclusion and Future Work

We have performed bidirectional transformation
to approach the novel task of understanding of
sarcasm as a style using a multi-hop CoT-based
framework, helping SLMs generate utterances of
specific styles with authenticity while maintaining
their contextual relevance. By including a hop to
first understand the context and perform reasoning
to gain insight into its stylistic nature, in accor-
dance with the Theory of Mind; we were able to
generate new utterances in the next hop that pre-
served the original intent while being expressed
creatively to suit the target style. Our experimenta-
tion was performed on the textual data of the MUS-
tARD dataset with models taken from across three
SLM families, as well as GPT-4o, a SOTA LLM
model. Along with automated metrics, we em-
ployed human assessment and LLM-as-a-judge for
evaluating these generations. We supplemented the
results of our methodology with experimentation
using other methods such as zero-shot and few-shot.
The insights gained highlight the effectiveness of
our strategy which approaches sarcasm inspired by
principles of human cognition. In the future, we
would like to improve the ability of small language
models to perform reasoning for sarcasm using Im-
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plicit Display Theory (IDT) (Utsumi, 2005) and
reinforcement learning, making use of the multi-
modal features of the MUStARD dataset, as well as
employing newer datasets such as SE-MUStARD
(Chauhan et al., 2020) with sentiment and emotion
annotations.

Limitations

Our human evaluation process involved only 5 hu-
man annotators. While this added a valuable source
to verify our generations, the paucity of our an-
notators limits the degree of diversity in insights
that could have helped observe trends of human
preference for various directions of style transfer.
Furthermore, since we have only used the textual
data presented within the MUStARD dataset, we
were limited to experiment with 690 dialogue cases.
We were also limited in the design of our prompts,
since our experimentation did not involve the mul-
timodal features of MUStARD which add further
context to each dialogue case. We also found auto-
mated metrics such as BLEU and SBERT to show
inconsistent alignment with human judgments of
sarcasm, with only DialogRPT demonstrating ro-
bust correspondence, thus highlighting the scarcity
of automated metrics for evaluating stylistic gener-
ations.

Ethics Statement

This work only uses public domain datasets and
does not use any personal data. We appointed all
of our human evaluators on volunteer-basis. Our
system is intended solely for informational and
research purposes.
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A Appendix

A.1 Implementation Details

A.1.1 Model Cards

We have used six open-source small language mod-
els, with all converted by Unsloth’s 4-bit quantiza-
tion. These are the links to the official model cards
for each model:

• unsloth/LlaMa-3.2-1B-Instruct-unsloth-bnb-
523-4bit

• unsloth/LlaMa-3.2-3B-Instruct-unsloth-bnb-
525-4bit

• unsloth/Qwen3-1.7B-unsloth-bnb-4bit

• unsloth/Qwen3-4B-unsloth-bnb-4bit

• unsloth/gemma-3-1b-it-unsloth-bnb-4bit

• unsloth/gemma-3-4b-it-unsloth-bnb-4bit

A.1.2 Inference Settings

Models were loaded with a maximum sequence
length of 1024 tokens. Temperature was set to 0.7
for 5 validation runs for all models. For evaluation,
since greedy decoding is not supported by Ope-
nAI API, so we try using deterministic outputs by
setting temperature=0.

A.1.3 Instruction Template
We follow a structured, instruction-based multihop
prompting strategy to guide the model in generating
new utterances of particular styles. In each prompt,
the dialogue and utterance is specified followed by
clear directions to help it understand the context in
the first hop and then generate suitable utterances in
the second hop. Additionally, we also provide the
prompts used for few-shot and zero-shot strategies.

For the first hop which serves the purpose of
contextual understanding, the model is prompted
as follows:

Read the following dialogue.
Dialogue:
{dialogue}
{utterance}
For each line in the dialogue
as well as the utterance, do the following:
1. Identify the speaker.
2. Identify the **explicit sentiment**
(positive, neutral, negative) expressed
directly in what is said.
3. Identify the **implicit sentiment**
(positive, neutral, negative) inferred
from tone, choice of words, or context.
4. Name the **explicit emotion**
(anger, excited, fear, sad, surprised,
frustrated, happy, neutral, disgust).
5. Name the **implicit emotion**
(anger, excited, fear, sad, surprised,
frustrated, happy, neutral, disgust).
6. Briefly explain the reasoning for both
explicit and implicit sentiment/emotion.
7. Estimate the context based off of
the dialogue, identified implicit
and explicit sentiment, and emotion.
Format for each line:
Speaker: <name>
Explicit Sentiment:
<positive/neutral/negative/mixed>
Implicit Sentiment:
<positive/neutral/negative/mixed>
Explicit Emotion:
<emotion>
Implicit Emotion:
<emotion>
Reasoning:
<brief explanation>
Context: <context>

For the second hop which serves the purpose of
generating utterances, the model is prompted as
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follows:

You are given a dialogue
and a detailed analysis of
explicit and implicit sentiment/emotion
for each line.
Previous sentiment analysis:
{hop1_output}
Original utterance:
{utterance}
Task:
Generate ONE new utterance that:
- Fits naturally after the dialogue.
- Is written in a {mode} style
that is not harmful.
- **Preserves the core meaning and intent**
of the original utterance.
- Matches the original speaker's tone,
emotional state, and relationship dynamics.
- Maintains the estimated
context of the conversation.

{example}

Format:
New utterance: {speaker_name}: <your
generated line>

For few-shot strategy, we used the following
prompt:

Read the following dialogue.
Dialogue:
{dialogue}
Utterance:
{utterance}
Task:
Generate ONE new utterance that:
- Fits naturally after the dialogue.
- Is written in a {mode} style that is
not harmful.
- Preserves the core meaning and
intent of the original utterance.
- Matches the original speaker's tone,
emotional state, and relationship dynamics.
- Maintains the estimated context
of the conversation.
Example 1:
Input:
Dialogue:
Output:
{example_output_1}
Example 2:

Input:
Dialogue:
Output:
{example_output_2}
Format:
New utterance: {speaker_name}:
<your generated line>
"""

We evaluate the generated utterances using LLM
by giving it the following prompt:

"You are evaluating multiple candidate
utterances for a dialogue.\n\n"
"Your evaluation must follow these steps:
\n\n"
"Step 1: Rank each utterance.\n"
"Rank the four generated utterances
in order from 1 (best) to 4 (worst) "
"based on their overall impression of
quality and effectiveness.\n\n"
"Step 2: Sarcasticness.\n"
"This dimension measures how well
each utterance conveys sarcasm. "
"Rate on a scale from 1 (not sarcastic
at all) to 5 (highly sarcastic). "
"\n\n"
"Step 3: Creativity.\n"
"Creativity assesses the originality
and inventiveness of the utterance. "
"A score of 1 means the utterance
is very plain or formulaic, "
"while 5 indicates a highly novel
and imaginative expression. "
"\n\n"
"Step 4: Contextual Appropriateness.
\n"
"This measures how well the utterance
fits within the dialogue context. "
"Rate on a scale from 1
(very inappropriate or off-topic)
to 5 (very natural and
contextually fitting).
\n\n"
"Step 5: Meaning Preservation
vs Reference.\n"
"How well does each generated utterance
preserve the meaning of the original
reference utterance? "
"Rate from 1 (completely different)
to 5 (very faithful).\n\n"
"Return your answer as a JSON object
mapping each 'utterance i'
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to an object with:\n"
"{rank:int, sarcasticness:int,
creativity:int,
context:int, meaning:int}.\n\n"
"Example:\n"
"{\n"
" \"utterance 1\": {\"rank\":2,
\"sarcasticness\":4, \"creativity\":3,
\"context\":5, \"meaning\":4},\n"
" \"utterance 2\": {\"rank\":1,
\"sarcasticness\":2, \"creativity\":2,
\"context\":3, \"meaning\":3}\n"
"}\n\n"
f"Dialogue: {dialogue}\n"
f"Reference utterance (Label:
{label}): \"{reference}\"\n"

A.2 Examples
We have provided some examples of utterances gen-
erated from bidirectional style transfer according
to our methodology. We cover six models across
three SLM families that we conducted our experi-
mentation on along with a SOTA LLM model, as
listed below:

1. LLaMA family: LLaMA3.2 1B,
LLaMA3.2 3B

2. Qwen family: Qwen3 1.7B, Qwen3 4B

3. Gemma family: Gemma3 1B, Gemma3 4B

4. LLM model: GPT-4o

In the following tables, we provide examples of
generation performing style maintenance and style
transfer performed on the utterance by each model.
Table 10 shows generation performed over a sar-
castic reference utterance, while Table 11 shows
generation performed over a non-sarcastic refer-
ence utterance. The reference dialogue and utter-
ances, both taken from the MUStARD dataset, are
presented below:

1. Sarcastic reference:

• PERSON: Leonard. Come, join us.
• LEONARD: Hey, Dave.

And Penny, what a surprise.
• PENNY: Dave was just showing me

around the university. This place is unbe-
lievable!

• LEONARD: I know, I’ve been offering
to show you around for a year and a half.
You always said you had yoga.

• LEONARD: Maybe I heard you wrong.
A lot of words sound like "yoga." (Refer-
ence utterance)

2. Non-sarcastic reference:

• LEONARD: You’ll never guess who they
got to replace you at work.

• SHELDON: Okay, I know what you’re
doing.

• LEONARD: Really?
• SHELDON: Yes, you’re using choco-

lates as positive reinforcement for what
you consider correct behaviour.

• LEONARD: Chocolate? - No, I don’t
want any chocolate! (Reference utter-
ance)
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Model Method NS → NS

R S Cr Cx M

Gemma 3 1B

1 2.99 ± 0.32 1.49 ± 0.12 2.08 ± 0.14 2.99 ± 0.32 2.56 ± 0.34
2 2.45 ± 0.17 1.75 ± 0.12 2.11 ± 0.09 3.87 ± 0.21 3.41 ± 0.09
3 2.31 ± 0.27 1.39 ± 0.26 2.48 ± 0.14 3.87 ± 0.30 3.61 ± 0.14
4 2.39 ± 0.25 1.53 ± 0.29 2.16 ± 0.14 3.63 ± 0.21 3.46 ± 0.19

Gemma 3 4B

1 2.56 ± 0.23 1.49 ± 0.06 2.41 ± 0.03 4.11 ± 0.12 3.75 ± 0.15
2 2.37 ± 0.21 1.55 ± 0.14 2.53 ± 0.23 4.36 ± 0.14 3.95 ± 0.18
3 2.32 ± 0.10 1.47 ± 0.16 2.57 ± 0.23 4.44 ± 0.15 3.96 ± 0.21
4 2.75 ± 0.32 1.42 ± 0.31 2.19 ± 0.21 3.76 ± 0.40 3.64 ± 0.32

LlaMa 3.2 1B

1 2.80 ± 0.26 1.48 ± 0.29 2.19 ± 0.17 3.25 ± 0.20 2.85 ± 0.18
2 2.43 ± 0.06 1.39 ± 0.17 2.12 ± 0.12 3.81 ± 0.14 3.44 ± 0.22
3 2.23 ± 0.12 1.29 ± 0.27 2.79 ± 0.17 3.91 ± 0.23 3.45 ± 0.24
4 2.55 ± 0.33 2.19 ± 0.14 2.48 ± 0.31 3.01 ± 0.44 2.75 ± 0.41

LlaMa 3.2 3B

1 2.30 ± 0.24 1.85 ± 0.18 2.49 ± 0.15 4.24 ± 0.17 3.77 ± 0.17
2 2.24 ± 0.12 1.84 ± 0.41 2.60 ± 0.21 4.35 ± 0.28 3.91 ± 0.18
3 2.11 ± 0.14 1.61 ± 0.15 2.73 ± 0.20 3.81 ± 0.24 3.97 ± 0.21
4 2.18 ± 0.22 1.71 ± 0.34 2.25 ± 0.35 3.52 ± 0.31 3.81 ± 0.20

Qwen 3 1.7B

1 2.63 ± 0.13 1.79 ± 0.12 2.13 ± 0.08 4.32 ± 0.06 3.91 ± 0.13
2 2.31 ± 0.10 1.57 ± 0.16 2.28 ± 0.20 4.20 ± 0.12 3.91 ± 0.19
3 2.19 ± 0.13 1.40 ± 0.15 1.87 ± 0.17 4.28 ± 0.18 4.12 ± 0.25
4 2.45 ± 0.22 1.68 ± 0.10 2.08 ± 0.18 3.69 ± 0.25 3.53 ± 0.37

Qwen 3 4B

1 2.60 ± 0.23 1.34 ± 0.12 2.13 ± 0.12 3.97 ± 0.25 3.71 ± 0.19
2 2.35 ± 0.12 1.33 ± 0.09 2.39 ± 0.06 4.23 ± 0.06 3.99 ± 0.17
3 2.17 ± 0.28 1.19 ± 0.18 2.43 ± 0.13 4.44 ± 0.28 4.39 ± 0.28
4 2.84 ± 0.22 1.31 ± 0.26 2.65 ± 0.26 3.88 ± 0.32 3.79 ± 0.25

GPT-4o

1 3.20 ± 0.32 1.67 ± 0.11 2.33 ± 0.12 4.00 ± 0.18 3.53 ± 0.11
2 2.53 ± 0.26 1.53 ± 0.14 2.80 ± 0.11 4.27 ± 0.09 3.80 ± 0.21
3 2.11 ± 0.17 1.30 ± 0.12 2.93 ± 0.19 4.67 ± 0.03 4.97 ± 0.09
4 2.13 ± 0.11 1.43 ± 0.31 2.73 ± 0.08 4.33 ± 0.12 4.87 ± 0.18

Table 6: LLM Evaluation Metrics for Models with Non-Sarcastic Source Text (NS → NS). Categories are NS
(Non-Sarcastic) and S (Sarcastic). Parameters are R (Rank), S (Sarcasticness), Cr (Creativity), Cx (Context), and M
(Meaning). Methods are 1 (zero-shot), 2 (few-shot), 3 (ours) and 4 (ours + few-shot).

Model Method NS → S

R S Cr Cx M

Gemma 3 1B

1 2.67 ± 0.15 2.75 ± 0.20 2.52 ± 0.14 3.08 ± 0.28 2.61 ± 0.17
2 2.37 ± 0.16 2.73 ± 0.13 2.59 ± 0.16 3.64 ± 0.15 3.78 ± 0.13
3 2.27 ± 0.18 3.80 ± 0.39 3.19 ± 0.22 3.75 ± 0.28 3.94 ± 0.08
4 2.99 ± 0.13 2.92 ± 0.22 2.45 ± 0.18 3.56 ± 0.40 3.80 ± 0.48

Gemma 3 4B

1 2.79 ± 0.14 3.85 ± 0.13 3.51 ± 0.13 4.61 ± 0.09 3.53 ± 0.07
2 2.37 ± 0.25 2.68 ± 0.14 2.83 ± 0.14 4.69 ± 0.13 3.87 ± 0.08
3 2.25 ± 0.23 4.15 ± 0.30 3.32 ± 0.23 4.05 ± 0.21 3.81 ± 0.27
4 3.12 ± 0.17 2.99 ± 0.25 2.48 ± 0.17 3.89 ± 0.12 3.68 ± 0.35

LlaMa 3.2 1B

1 2.85 ± 0.28 2.35 ± 0.26 2.47 ± 0.26 3.05 ± 0.47 2.69 ± 0.46
2 2.25 ± 0.22 3.32 ± 0.25 3.03 ± 0.18 3.87 ± 0.34 3.40 ± 0.39
3 2.46 ± 0.16 2.71 ± 0.38 2.76 ± 0.25 3.24 ± 0.12 3.02 ± 0.21
4 3.10 ± 0.30 2.20 ± 0.40 1.92 ± 0.29 2.44 ± 0.37 2.24 ± 0.23

LlaMa 3.2 3B

1 2.17 ± 0.29 3.56 ± 0.28 3.29 ± 0.23 4.19 ± 0.25 3.48 ± 0.19
2 1.92 ± 0.27 3.45 ± 0.36 3.32 ± 0.34 4.51 ± 0.26 4.25 ± 0.18
3 2.57 ± 0.23 3.67 ± 0.32 2.97 ± 0.31 3.93 ± 0.32 3.52 ± 0.06
4 3.33 ± 0.11 2.61 ± 0.24 2.43 ± 0.08 3.43 ± 0.28 3.44 ± 0.26

Qwen 3 1.7B

1 6.67 ± 0.21 2.66 ± 0.22 2.71 ± 0.08 4.24 ± 0.13 4.05 ± 0.13
2 2.40 ± 0.31 2.68 ± 0.26 2.81 ± 0.23 4.32 ± 0.13 3.83 ± 0.08
3 2.23 ± 0.15 2.68 ± 0.28 2.77 ± 0.34 4.25 ± 0.20 4.20 ± 0.16
4 3.25 ± 0.19 2.43 ± 0.24 2.35 ± 0.21 3.76 ± 0.09 3.71 ± 0.24

Qwen 3 4B

1 2.41 ± 0.04 3.08 ± 0.11 3.31 ± 0.14 4.20 ± 0.08 3.53 ± 0.13
2 2.32 ± 0.30 4.07 ± 0.33 3.63 ± 0.17 4.23 ± 0.17 3.93 ± 0.17
3 2.16 ± 0.27 4.01 ± 0.25 3.91 ± 0.26 4.29 ± 0.31 4.13 ± 0.18
4 3.15 ± 0.41 3.76 ± 0.35 3.23 ± 0.36 3.55 ± 0.17 3.11 ± 0.23

GPT-4o

1 2.67 ± 0.12 3.77 ± 0.11 3.42 ± 0.17 4.47 ± 0.11 3.51 ± 0.06
2 2.56 ± 0.17 3.83 ± 0.02 3.53 ± 0.19 4.83 ± 0.07 3.83 ± 0.11
3 2.47 ± 0.06 3.91 ± 0.09 3.56 ± 0.12 3.87 ± 0.12 3.92 ± 0.12
4 2.90 ± 0.07 3.87 ± 0.04 3.48 ± 0.13 3.67 ± 0.08 3.75 ± 0.09

Table 7: LLM Evaluation Metrics for Models with Non-Sarcastic Source Text (NS → S). Categories are NS
(Non-Sarcastic) and S (Sarcastic). Parameters are R (Rank), S (Sarcasticness), Cr (Creativity), Cx (Context), and M
(Meaning). Methods are 1 (zero-shot), 2 (few-shot), 3 (ours) and 4 (ours + few-shot).
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Model Method S → NS

R S Cr Cx M

Gemma 3 1B

1 3.60 ± 0.23 1.43 ± 0.28 1.91 ± 0.16 2.81 ± 0.30 2.28 ± 0.23
2 2.39 ± 0.14 2.64 ± 0.19 2.60 ± 0.17 3.97 ± 0.15 3.41 ± 0.17
3 2.32 ± 0.17 2.07 ± 0.39 2.52 ± 0.32 3.85 ± 0.09 3.19 ± 0.08
4 1.63 ± 0.29 2.88 ± 0.39 2.66 ± 0.45 4.02 ± 0.24 3.41 ± 0.22

Gemma 3 4B

1 3.15 ± 0.10 2.19 ± 0.23 2.51 ± 0.14 3.96 ± 0.14 3.21 ± 0.20
2 2.66 ± 0.19 2.96 ± 0.30 2.85 ± 0.16 3.85 ± 0.22 3.89 ± 0.20
3 2.60 ± 0.25 2.16 ± 0.42 2.98 ± 0.17 3.63 ± 0.22 3.92 ± 0.23
4 2.78 ± 0.17 3.20 ± 0.36 3.09 ± 0.22 3.65 ± 0.19 3.35 ± 0.18

LlaMa 3.2 1B

1 3.44 ± 0.35 2.32 ± 0.35 2.11 ± 0.23 2.96 ± 0.32 2.44 ± 0.33
2 2.73 ± 0.15 2.91 ± 0.29 2.17 ± 0.13 3.33 ± 0.27 2.83 ± 0.25
3 2.06 ± 0.21 2.60 ± 0.56 2.88 ± 0.36 3.82 ± 0.28 3.28 ± 0.30
4 2.02 ± 0.22 2.89 ± 0.52 2.81 ± 0.38 2.90 ± 0.38 2.60 ± 0.40

LlaMa 3.2 3B

1 3.08 ± 0.26 2.99 ± 0.18 2.47 ± 0.24 3.76 ± 0.24 3.17 ± 0.22
2 2.41 ± 0.24 2.87 ± 0.29 2.71 ± 0.18 4.05 ± 0.09 3.55 ± 0.21
3 2.39 ± 0.29 2.53 ± 0.38 2.98 ± 0.27 3.96 ± 0.30 3.55 ± 0.38
4 2.12 ± 0.31 2.83 ± 0.12 3.14 ± 0.19 3.68 ± 0.32 3.39 ± 0.26

Qwen 3 1.7B

1 2.57 ± 0.27 2.91 ± 0.31 2.64 ± 0.17 3.93 ± 0.17 3.60 ± 0.17
2 2.71 ± 0.15 2.27 ± 0.28 2.40 ± 0.21 3.55 ± 0.06 3.04 ± 0.21
3 1.77 ± 0.33 2.21 ± 0.47 3.20 ± 0.29 4.57 ± 0.25 4.39 ± 0.30
4 2.32 ± 0.14 3.20 ± 0.21 2.53 ± 0.31 3.79 ± 0.20 3.47 ± 0.36

Qwen 3 4B

1 2.55 ± 0.27 2.60 ± 0.18 2.76 ± 0.27 4.09 ± 0.19 3.71 ± 0.18
2 2.73 ± 0.18 2.41 ± 0.22 2.59 ± 0.28 3.88 ± 0.22 3.35 ± 0.21
3 1.89 ± 0.24 1.53 ± 0.34 3.37 ± 0.30 4.44 ± 0.22 4.21 ± 0.29
4 2.51 ± 0.44 2.71 ± 0.37 2.77 ± 0.20 3.80 ± 0.30 3.48 ± 0.27

GPT-4o

1 3.40 ± 0.13 2.42 ± 0.08 2.27 ± 0.13 3.47 ± 0.05 2.73 ± 0.15
2 2.67 ± 0.14 2.13 ± 0.14 2.93 ± 0.18 4.13 ± 0.11 3.40 ± 0.13
3 2.12 ± 0.11 1.93 ± 0.13 3.07 ± 0.21 4.40 ± 0.08 3.73 ± 0.11
4 1.87 ± 0.38 2.87 ± 0.15 3.80 ± 0.03 4.47 ± 0.02 4.00 ± 0.03

Table 8: LLM Evaluation (S → NS). Parameters: R (Rank), S (Sarcasticness), Cr (Creativity), Cx (Context), M
(Meaning). Best performing scores are highlighted in bold.

Model Method S → S

R S Cr Cx M

Gemma 3 1B

1 2.79 ± 0.14 2.41 ± 0.13 2.36 ± 0.17 2.94 ± 0.21 2.51 ± 0.22
2 2.45 ± 0.28 3.21 ± 0.12 2.75 ± 0.18 3.97 ± 0.28 3.76 ± 0.13
3 1.82 ± 0.15 4.14 ± 0.21 3.40 ± 0.25 4.32 ± 0.20 3.98 ± 0.25
4 2.97 ± 0.18 2.85 ± 0.22 2.37 ± 0.13 3.33 ± 0.21 3.16 ± 0.14

Gemma 3 4B

1 2.18 ± 0.15 3.85 ± 0.25 3.53 ± 0.14 4.68 ± 0.09 3.99 ± 0.13
2 2.26 ± 0.13 3.88 ± 0.20 3.31 ± 0.13 4.51 ± 0.15 4.24 ± 0.09
3 2.14 ± 0.23 3.91 ± 0.38 3.48 ± 0.42 4.53 ± 0.12 4.03 ± 0.23
4 3.23 ± 0.08 3.03 ± 0.14 2.65 ± 0.17 3.52 ± 0.13 3.24 ± 0.10

LlaMa 3.2 1B

1 2.57 ± 0.31 2.79 ± 0.36 2.57 ± 0.33 3.48 ± 0.36 2.89 ± 0.28
2 2.67 ± 0.27 3.04 ± 0.32 2.59 ± 0.26 3.52 ± 0.31 3.32 ± 0.14
3 2.35 ± 0.30 3.32 ± 0.38 2.95 ± 0.47 3.55 ± 0.36 3.36 ± 0.45
4 3.22 ± 0.06 2.01 ± 0.22 1.81 ± 0.18 2.21 ± 0.22 2.07 ± 0.26

LlaMa 3.2 3B

1 2.77 ± 0.14 4.11 ± 0.10 3.53 ± 0.12 4.72 ± 0.17 3.95 ± 0.18
2 2.43 ± 0.20 4.13 ± 0.37 3.57 ± 0.17 4.63 ± 0.16 4.21 ± 0.18
3 1.77 ± 0.27 4.23 ± 0.35 3.62 ± 0.27 4.63 ± 0.23 4.17 ± 0.17
4 2.98 ± 0.12 3.69 ± 0.24 2.33 ± 0.12 3.94 ± 0.19 3.01 ± 0.13

Qwen 3 1.7B

1 2.36 ± 0.08 3.25 ± 0.23 3.29 ± 0.23 4.17 ± 0.05 4.06 ± 0.09
2 2.32 ± 0.14 3.74 ± 0.11 3.21 ± 0.21 4.21 ± 0.23 3.89 ± 0.14
3 2.35 ± 0.15 3.81 ± 0.33 3.25 ± 0.28 4.35 ± 0.13 4.16 ± 0.11
4 3.19 ± 0.17 3.20 ± 0.35 2.64 ± 0.51 3.65 ± 0.11 3.37 ± 0.25

Qwen 3 4B

1 2.83 ± 0.15 3.83 ± 0.05 3.61 ± 0.10 4.79 ± 0.07 4.11 ± 0.08
2 2.01 ± 0.28 3.97 ± 0.14 3.64 ± 0.18 4.44 ± 0.17 4.01 ± 0.14
3 2.23 ± 0.24 4.05 ± 0.15 3.68 ± 0.38 4.53 ± 0.36 4.33 ± 0.16
4 3.55 ± 0.17 3.17 ± 0.33 2.72 ± 0.14 3.44 ± 0.08 3.11 ± 0.08

GPT-4o

1 2.83 ± 0.18 3.87 ± 0.09 3.60 ± 0.19 4.67 ± 0.09 3.93 ± 0.11
2 2.62 ± 0.13 4.38 ± 0.05 4.20 ± 0.11 4.82 ± 0.02 4.27 ± 0.04
3 2.46 ± 0.09 4.56 ± 0.03 4.27 ± 0.08 4.88 ± 0.04 4.33 ± 0.01
4 3.12 ± 0.43 3.27 ± 0.19 3.17 ± 0.23 4.01 ± 0.07 3.90 ± 0.13

Table 9: LLM Evaluation (S → S). Methods are 1 (zero-shot), 2 (few-shot), 3 (ours) and 4 (ours + few-shot).

273



Non-Sarcastic → Sarcastic Non-Sarcastic → Non-Sarcastic

Model Method BLEU SBERT DRPT Acc. BLEU SBERT DRPT Acc.

Gemma 3 1B

1 0.019 0.455 0.616 0.902 0.020 0.424 0.607 0.880
2 0.074 0.443 0.664 0.798 0.065 0.430 0.614 0.951
3 0.040 0.468 0.669 0.911 0.038 0.432 0.636 0.968
4 0.051 0.457 0.670 0.844 0.052 0.430 0.623 0.978

Gemma 3 4B

1 0.140 0.426 0.660 0.932 0.089 0.435 0.644 0.947
2 0.184 0.427 0.661 0.908 0.109 0.433 0.636 0.956
3 0.111 0.432 0.670 0.952 0.078 0.444 0.647 0.964
4 0.144 0.429 0.665 0.923 0.091 0.438 0.638 0.967

LlaMa 3.2 1B

1 0.039 0.510 0.643 0.626 0.043 0.487 0.656 0.964
2 0.064 0.417 0.612 0.409 0.059 0.411 0.634 0.986
3 0.043 0.459 0.629 0.456 0.042 0.442 0.646 0.988
4 0.048 0.424 0.594 0.194 0.056 0.415 0.619 0.990

LlaMa 3.2 3B

1 0.039 0.470 0.648 0.868 0.045 0.458 0.638 0.903
2 0.082 0.471 0.657 0.837 0.070 0.460 0.637 0.947
3 0.077 0.496 0.670 0.920 0.069 0.462 0.640 0.970
4 0.103 0.477 0.668 0.905 0.083 0.461 0.641 0.973

Qwen 3 1.7B

1 0.513 0.467 0.661 0.722 0.329 0.455 0.637 0.759
2 0.225 0.447 0.654 0.729 0.249 0.437 0.639 0.805
3 0.321 0.437 0.674 0.747 0.280 0.432 0.653 0.819
4 0.278 0.432 0.657 0.652 0.238 0.428 0.638 0.841

Qwen 3 4B

1 0.177 0.437 0.679 0.940 0.170 0.427 0.644 0.942
2 0.073 0.450 0.673 0.959 0.084 0.439 0.642 0.965
3 0.122 0.469 0.695 0.986 0.146 0.456 0.655 0.976
4 0.084 0.468 0.685 0.979 0.102 0.442 0.645 0.974

GPT-4o

1 0.019 0.440 0.685 0.984 0.020 0.421 0.679 0.973
2 0.019 0.430 0.686 0.995 0.022 0.412 0.683 0.993
3 0.019 0.446 0.712 0.998 0.021 0.431 0.685 0.997
4 0.020 0.447 0.701 0.996 0.022 0.429 0.684 0.995

Table 10: Automated metrics for transfers from a non-sarcastic source. The ’Method’ column is abbreviated as: 1
(zero-shot), 2 (few-shot), 3 (ours) and 4 (ours + few-shot).
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Sarcastic → Sarcastic Sarcastic → Non-Sarcastic

Model Setting BLEU SBERT DRPT Acc. BLEU SBERT DRPT Acc.

Gemma 3 1B

1 0.017 0.417 0.589 0.985 0.013 0.405 0.574 0.762
2 0.096 0.412 0.655 0.785 0.065 0.407 0.601 0.912
3 0.037 0.420 0.669 0.913 0.033 0.410 0.630 0.930
4 0.053 0.418 0.666 0.837 0.052 0.414 0.611 0.965

Gemma 3 4B

1 0.132 0.408 0.656 0.953 0.075 0.425 0.625 0.845
2 0.198 0.407 0.655 0.947 0.109 0.420 0.621 0.855
3 0.110 0.404 0.663 0.978 0.059 0.425 0.629 0.888
4 0.157 0.405 0.665 0.963 0.076 0.426 0.626 0.883

LlaMa 3.2 1B

1 0.057 0.427 0.610 0.567 0.050 0.421 0.634 0.902
2 0.066 0.400 0.599 0.449 0.058 0.400 0.620 0.949
3 0.052 0.434 0.612 0.476 0.045 0.427 0.631 0.973
4 0.067 0.396 0.577 0.203 0.061 0.402 0.601 0.982

LlaMa 3.2 3B

1 0.045 0.431 0.665 0.904 0.049 0.415 0.628 0.808
2 0.088 0.442 0.657 0.899 0.069 0.421 0.624 0.897
3 0.087 0.449 0.672 0.913 0.066 0.434 0.625 0.920
4 0.111 0.440 0.656 0.878 0.080 0.423 0.627 0.930

Qwen 3 1.7B

1 0.601 0.435 0.647 0.944 0.356 0.424 0.634 0.595
2 0.297 0.426 0.638 0.882 0.313 0.420 0.628 0.726
3 0.367 0.424 0.659 0.931 0.321 0.427 0.636 0.768
4 0.349 0.421 0.642 0.812 0.299 0.415 0.631 0.705

Qwen 3 4B

1 0.231 0.443 0.660 0.982 0.197 0.434 0.629 0.866
2 0.086 0.435 0.651 0.980 0.090 0.423 0.626 0.938
3 0.157 0.430 0.668 0.976 0.162 0.429 0.637 0.942
4 0.110 0.434 0.659 0.988 0.112 0.415 0.629 0.945

GPT-4o

1 0.017 0.416 0.667 0.981 0.019 0.413 0.655 0.962
2 0.020 0.407 0.663 0.989 0.020 0.403 0.654 0.984
3 0.020 0.396 0.703 0.995 0.020 0.420 0.657 0.988
4 0.021 0.397 0.689 0.992 0.021 0.416 0.656 0.990

Table 11: Automated metrics for transfers from a sarcastic source. The ’Method’ column is abbreviated as: 1
(zero-shot), 2 (few-shot), 3 (ours) and 4 (ours + few-shot).
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Model Sarcastic to Sarcastic Sarcastic to Non-Sarcastic

Llama3.2 1B Oh, great, just what I needed, another
thing to add to my never-ending list of
things I’ve been meaning to do for years.

I’m glad you’re finally here, I’ve been
looking forward to showing you around
all morning.

Llama3.2 3B Yeah, because nothing says "yoga" like
a bunch of guys in their 30s doing
downward-facing dog in the middle of a
university building.

I’m glad you’re here, though. I was just
trying to figure out what you were say-
ing.

Qwen3 1.7B Maybe I heard you wrong. A lot of
words sound like "yoga."

Maybe I heard you wrong. A lot of
words sound like "yoga."

Qwen3 4B Oh, I see. So it’s not just the university
that’s unbelievable — it’s the fact that
I’m suddenly part of this conversation.

Maybe I heard you wrong. A lot of
words sound like "yoga."

Gemma3 1B Oh, really? You’re really getting into the
details of the campus layout, are you?

Don’t worry, let’s just take it slow. It’s a
lot to take in.

Gemma3 4B Oh, really? You mean like, actually
around the university?

Maybe I heard you wrong. A lot of
words sound like "yoga." I just meant,
it’s a really impressive place.

GPT-4o Sure, because "yoga" is definitely the
first thing that comes to mind when you
hear "unbelievable."

I just want to make sure we’re on the
same page here.

Table 12: Utterance generation from sarcastic reference utterance:
LEONARD: Maybe I heard you wrong. A lot of words sound like "yoga."

Model Non-Sarcastic to Sarcastic Non-Sarcastic to Non-Sarcastic

Llama3.2 1B Oh, great, another thing you’re using
chocolates as positive reinforcement for
your lack of effort.

Honestly, I’m not sure what to make of
this chocolate as a reward for your good
behavior.

Llama3.2 3B Oh great, just what I always wanted, to
be replaced by a chocolate fan.

I’m really disappointed that they re-
placed you with someone else.

Qwen3 1.7B Chocolate? - No, I don’t want any choco-
late!

I’m not interested in chocolate. - Alright,
fine.

Qwen3 4B Oh, I see. You’re not a fan of chocolate,
but I’m sure you’d love a lifetime supply
of it.

I don’t want any chocolate. I’m not in
the mood.

Gemma3 1B Seriously? You’re telling me you’re re-
warding incorrect behavior with choco-
late?

Seriously?

Gemma3 4B Really? Because that’s exactly what I
was hoping for.

I just thought you might be craving
something sweet.

GPT-4o Oh, right, because who wouldn’t want a
delicious distraction from reality?

Alright, I just thought it might lighten
the mood a bit.

Table 13: Utterance generation from non-sarcastic reference utterance:
LEONARD: Chocolate? - No, I don’t want any chocolate!
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