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Abstract

Sarcasm detection is a crucial yet challenging
task in natural language processing. Existing
methods primarily rely on supervised learning
or prompt engineering, which often struggle
to capture the complex reasoning process re-
quired for effective sarcasm detection. This
paper proposes a novel approach that decom-
poses sarcasm detection into three fundamental
dimensions: language, context, and emotion,
meticulously modeling the sarcasm reasoning
process. To enhance the quality of reasoning,
we employ reinforcement learning algorithms
and design customized reward models for each
dimension. We utilize five widely used sarcasm
detection datasets and annotate the sarcasm rea-
soning process from these three dimensions to
improve the performance of the reward models.
Experiments demonstrate that our method out-
performs state-of-the-art baseline methods in
most cases. Additionally, we observe the cen-
tral role of emotional contrast in sarcasm detec-
tion. Our research provides empirical insights
into the mechanism of sarcasm, emphasizing
that emotional contrast is at its core, supported
by linguistic and contextual cues.1

1 Introduction

In recent years, large language models (LLMs)
have demonstrated exceptional performance in nat-
ural language processing (NLP) tasks, particu-
larly excelling in "System 1" fast-thinking tasks
such as sentiment classification and topic analysis,
which require rapid and intuitive processing capa-
bilities (Pan et al., 2025). However, these models
still face significant challenges in "System 2" slow-
thinking tasks, which demand slow, deliberate, and
multi-step reasoning, such as logical inference and
commonsense reasoning (Wei et al., 2022). As a
quintessential "System 2" task, sarcasm detection
requires models to go beyond literal meanings and

*Corresponding author.
1https://github.com/yangqi1725/Sarcasm-R1

Just possibly sprained my ankle on South Campus. 
My Tuesday has been going so swimmingly.

The phrase “going so swimmingly” is an idiom that 
usually means things are going very well.

The context of the situation is that the person 
has just sprained his ankle, which is a painful 
and inconvenient injury. "South Campus" suggests 
this might be a student, where a sprained ankle 
could disrupt their daily activities.

The contrast between the negative event “spraining 
an ankle” and the positive phrasing "going so 
swimmingly" creates a strong emotional reversal.

Lin.

Emo.

Con.

Figure 1: This is an example of sarcastic reasoning for
a piece of sarcastic text. "Lin.", "Con.", and "Emo." rep-
resent reasoning in the linguistic dimension, contextual
dimension, and emotional dimension, respectively.

discern hidden sarcastic intent. From the perspec-
tive of linguistic cognition, understanding sarcasm
is not merely a process of decoding literal language;
it involves processing linguistic cues, integrating
contextual information, and recognizing emotional
contrasts (Matsui et al., 2016). This cognitive pro-
cess is intricately linked to the mechanisms of the
human brain in language processing, background
knowledge integration, and emotional understand-
ing (Davis et al., 2016). Therefore, the key problem
can be framed as:

How can we enhance a model’s sarcasm rea-
soning ability by simulating human cognitive pro-
cesses?

To tackle this question, we draw on insights
from linguistic cognition (Fanari et al., 2023; Pex-
man, 2018; Pickering et al., 2018; Filik et al., 2016;
Naing and Udomwong, 2024) and decompose sar-
casm detection into three critical dimensions: lan-
guage, context, and emotion, see figure 1. Starting
from the definition of sarcasm in cognitive linguis-
tics, we abstract the three dimensions of sarcasm.
Experimental results show that dividing the analy-
sis of sarcasm into these three dimensions can help
the model make correct inferences in most cases.
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This approach systematically guides the reasoning
process of large models and is grounded in the cog-
nitive mechanisms humans employ to comprehend
sarcasm:
Linguistic Dimension: This focuses on rhetori-
cal devices and expressive features (e.g., keywords,
irony, hyperbole, punctuation), which serve as foun-
dational cues for sarcastic expressions.
Contextual Dimension: This examines the text’s
topic, cultural background, and commonsense
knowledge, enabling the model to grasp the context-
dependent nature of sarcasm.
Emotional Dimension: This targets emotional ex-
pressions and their reversals (e.g., positive emo-
tions masking negative intentions), uncovering the
hidden emotional intent behind sarcasm.

To further enhance reasoning quality, we employ
a typical reinforcement learning (RL) algorithm,
Group Relative Policy Optimization (GRPO) (Shao
et al.), and design custom reward models for the
three dimensions of language, context, and emo-
tion. These reward models guide the model to
focus on the core features of each of the three di-
mensions of language context and emotion during
reasoning. Through interaction with the environ-
ment, RL optimizes the policy model, enabling it to
gradually master complex sarcasm detection capa-
bilities. Compared to traditional supervised learn-
ing, this approach more effectively simulates the
human thought process for sarcasm, significantly
improving detection performance.

To support this method, we refer to the work of
Wang et al. (2024); Kanwal et al. (2025) and pro-
vide detailed annotations of the sarcasm reasoning
process based on the above three dimensions on
five mainstream sarcasm detection dataset. These
annotations not only improve the reliability of the
reward models, but also provide clear guidance for
model reasoning, thereby improving the effective-
ness of RL.

Experimental results show that our method out-
performs the most advanced baseline methods on
these five datasets, showing significant advantages.
Ablation experiments further reveal the central role
of emotional reversal in sarcasm detection. This
observation helps us deeply understand the mecha-
nism of sarcasm generation.

In summary, the contributions of this paper are
as follows:

1. We divide the sarcastic reasoning process into
three dimensions: language, context, and emo-

tion, refine the modeling of the process, and
annotate the process in the original dataset
based on these three dimensions, and propose
a new dataset named Sarcasm-Reason.

2. In order to learn the sarcastic reasoning pro-
cess more accurately, we first introduce RL
methods into the sarcasm detection task, de-
sign reward models for the three dimensions
of language, context, and emotion, and effec-
tively improve the model’s reasoning quality
and sarcastic detection ability.

3. Through extensive experiments and analysis,
we find that emotional reversal plays a central
role in sarcasm detection, and this discovery
help us gain a deeper understanding of the
mechanism of sarcasm generation.

2 Related Work

With the rise of deep learning, pre-trained language
models such as BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019) have been widely ap-
plied to sarcasm detection tasks. These models
capture rich linguistic representations through pre-
training on large corpora and achieve significant
performance improvements when fine-tuned on sar-
casm detection datasets. For instance, Wang et al.
(2022) propose an unsupervised method that uses
masking and generation techniques to uncover sar-
castic cues in text; Liu et al. (2021) employ atten-
tion mechanisms to analyze sarcasm from multiple
perspectives; and Wen et al. (2023) design a dual
inconsistency-aware network focusing on linguistic
and emotional inconsistencies. These approaches
have improved the accuracy of sarcasm detection
by enhancing the model’s understanding of linguis-
tic features and context.

In recent years, multimodal methods have gained
attention in social media contexts (Pang et al.,
2024), as sarcasm is often expressed through multi-
ple modalities such as text, images, or videos. For
example, Maity et al. (2022) introduce a multi-task
framework that combines textual and visual infor-
mation to simultaneously detect sentiment, emo-
tion, and sarcasm in memes for cyberbullying iden-
tification. Similarly, Jia et al. (2024) use contrastive
learning to reduce bias in multimodal sarcasm de-
tection. While these methods excel at handling
multimodal data, their primary focus is on elimi-
nating differences between modalities, leaving the
exploration of the reasoning process behind sar-
casm insufficient.
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The advent LLMs, such as Llama (Touvron et al.,
2023; Chen et al., 2024) and Qwen (Yang et al.,
2024b), marks a new phase in sarcasm detection re-
search. Studies have shown that carefully designed
prompt strategies enable LLMs to better understand
the implicit intent of sarcasm. For instance, Yao
et al. (2025) investigates whether sarcasm detec-
tion requires step-by-step reasoning and propose
four prompt strategies that significantly outperform
standard prompting methods. Nimase and Hong
(2024) develops a framework that integrates multi-
ple contextual cues, demonstrating that sequentially
adding context can substantially improve perfor-
mance. Yu et al. (2023) enhances the construction
of emotion dependency graphs by incorporating
commonsense knowledge, while Qiu et al. (2025)
uses commonsense reasoning to capture emotional
inconsistencies. These works indicate that LLMs
have potential in handling the semantic complexity
and emotional contrasts of sarcasm, but system-
atically guiding their reasoning process requires
further exploration.

Recent research has shown that RL can signifi-
cantly enhance the performance of LLMs in com-
plex reasoning tasks. For example, DeepSeek-
AI et al. (2025) demonstrates naturally emerg-
ing reasoning capabilities under unsupervised fine-
tuning through RL training. The GRPO algorithm
introduced in DeepSeekMath (Shao et al.) im-
proves model performance in mathematical reason-
ing tasks, providing an efficient RL method for our
sarcasm detection task. Additionally, research on
"Slow-Thinking" Gan et al. (2025) reveals a mecha-
nism for reducing error accumulation by extending
reasoning time and refining steps, supporting our
strategy of decomposing sarcasm detection into
language, context, and emotion dimensions.

In summary, although the field of sarcasm de-
tection has made progress with pre-trained models,
multimodal methods, and LLMs, existing studies
still lack systematic guidance for the reasoning
process and have limit exploration of the working
mechanism of sarcasm. Inspired by the aforemen-
tioned research, this study combines RL and slow-
thinking methods to optimize the model’s sarcasm
reasoning ability and explore the working mecha-
nism of sarcasm.

3 Methodology

This section introduces the training method of our
sarcasm detection model, Sarcasm-R1. The discus-

sion encompasses three key aspects. Initially, it pro-
vides a concise overview of the GRPO algorithm
that we have employed in our approach. Following
this, it elaborates on the training methodology for
our reward model, where we have crafted distinct
reward models tailored to the dimensions of lan-
guage, context, and emotion—collectively termed
SarGRM for simplicity, as their training processes
are uniform. The names of these three reward mod-
els are LinGRM, ConGRM and EmoGRM. Finally,
the section delves into our data synthesis strategy,
which is a three-step process of synthesizing data
using LLMs and supplemented by human inter-
vention. And offering detailed statistical insights
into the Sarcasm-Reason dataset we have proposed.
The framework diagram of this process is shown in
figure 2.

3.1 Group Relative Policy Optimization

GRPO is a variant of Proximal Policy Optimization
(PPO) (Schulman et al., 2017) that can significantly
enhance the reasoning capabilities of model. The
core idea of GRPO is to optimize the policy model
πθ by evaluating the relative quality of a group
of candidate answers. For a given input question
q, GRPO first employs the current policy πθ to
generate G distinct answers o = {o1, o2, . . . , oG}.
Then, it computes the reward for each answer
r = {r1, r2, . . . , rG} using a predefined reward
functions. To assess the relative quality of each
response, GRPO normalizes the rewards by calcu-
lating their mean and standard deviation:

Âi,t =
ri −mean(r)

std(r)
, (1)

where mean(r) denotes the mean of the rewards
of each answer, std(r) represents the standard de-
viation of the rewards, and Âi,t is the normalized
advantage score that indicates the relative quality
of the i−th answer relative to all G answers.

To prevent the policy model πθ from forgetting
its original knowledge during training, which could
lead to issues like catastrophic forgetting (Li et al.,
2024), GRPO incorporates the model parameters
from the post-instruction fine-tuning stage as a ref-
erence model πref . It then uses KL divergence
to constrain the distribution of prediction scores
between πθ and πref . In terms of algorithm im-
plementation, GRPO refers to the kl divergence
approximator proposed by A Schulman:
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Figure 2: This is the framework diagram of our approach. During SarGRM training, we use pairwise method to train
three reward models: LinGRM, ConGRM, and EmoGRM for different dimensions. During SarGRM reasoning, we
first sample K judgments on the input through SarGRM, and then confirm the winning reasoning by taking the
average of the predicted logits of ’First’ and ’Second’ token by SarGRM. For Sarcasm-R1 training, in addition to
these three reward models, we also use the correctness and format reward function.

DKL [πθ∥πref ] =
πref(oi,t | q, oi,<t)

πθ(oi,t | q, oi,<t)
−

log
πref(oi,t | q, oi,<t)

πθ(oi,t | q, oi,<t)
− 1,

(2)

where oi,t represents the t−th token of the i−th
answer oi. oi,<t represents the first t− 1 tokens of
the i−th answer oi, πref(oi,t | q, oi,<t) represents
the logit score of the πref for oi,t, πθ(oi,t | q, oi,<t)
represents the logit score of the πθ for oi,t.

Combining the relative advantage Âi,t and the
KL penalty term DKL [πθ∥πref ] is the final opti-
mization goal of GRPO:

LGRPO(θ) = − 1∑G
i=1 |oi|

G∑

i=1

|oi|∑

t=1[
πθ(oi,t | q, oi,<t)

[πθ(oi,t | q, oi,<t)]no grad

Âi,t − βDKL [πθ∥πref ]

]
,

(3)

where β represents the coefficient of the kl penalty
term, the default value is 0.04, |oi| represents the
length of oi.

3.2 Training of SarGRM

The training of SarGRM is divided into two stages,
chain-of-thought(CoT) finetune and rule-based RL.

3.2.1 CoT Finetune

An autoregressive language model generates an
output sequence y = (y1, y2, . . . , yT ) given a in-
put context x by predicting tokens one at a time,
based on the previously generated tokens. Assum-
ing that the language model is parameterized by θ,
the conditional probability distribution of generat-
ing a sequence y given context x is pθ(y | x) =∏T

t=1 pθ(yt | x, y<t), with the convention y<1 = ∅
and y<t = (y1, y2, . . . , yt−1). For ease of notation,
we define pθ(yt | x) := pθ(yt | y<t,x). For a
vocabulary size M , the probability of predicting
the t−th token yt, pθ(yt | x) is determined using
a softmax with temperature γ on logit scores z of
all the tokens: pθ(yt | x) = exp(zt/γ)∑M

i=1 exp(zi/γ)
, where

zt = logitθ(yt | x,y<t). Higher values of temper-
ature γ introduce more randomness, while setting
τ = 0 corresponds to greedy decoding.

Next-token prediction is the typical approach
for pre-training and fine-tuning LLMs. In partic-
ular, supervised fine-tuning(SFT) minimizes the
cross-entropy loss between the model’s predicted
next token and the actual target token in a given
sequence. Given a dataset D = (x, y) of input con-
text x and target response y, the SFT loss is given
by:
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Datasets #Train #Test #Avg.Len #Lin.Avg #Con.Avg #Emo.Avg %Sarcasm
Ghosh 41373 2000 16.8 67.6 78.5 69.2 45.1%
SARC 13667 3406 28.4 66.6 86.9 70.4 50.0%

IAC-V2 7497 1877 48.6 74.8 85.0 73.9 50.0%
iSarcasm 3465 1400 18.1 64.1 77.4 66.4 21.9%

SemEval2018 3832 784 13.9 68.47 79.68 66.42 48.1%

Table 1: #Train and #Test represent the number of data items, #Avg.Len represents the average length of the text
to be predicted, #Lin.Avg, #Con.Avg, and #Emo.Avg represent the average lengths of linguistic, contextual, and
emotion dimension reasoning, respectively, and %Sarcasm represents the proportion of positive samples.

LSFT(θ,D) = −E(x,y)∼D




|y|∑

t=1

log pθ(yt | x,y<t)


 (4)

We refer to the method of Zhang et al. (2025)
and propose SarGRM, which is trained by the stan-
dard next token prediction equation 4 to predict
which sarcastic reasoning is better in a pair of sar-
castic reasoning. SarGRM uses the probability
distribution of LLM over labels to characterize the
correctness of the solution, rather than predicting
independent numerical scores. For example, in-
put of SarGRM is the original text x and the sar-
castic reasoning pair (y1,y2), if the first reason
y1 is better among the reason pairs, then max-
imize log pθ(

′First′|(x,y1,y2, I)), where I =
"Between the two sarcastic reasons above, which
is better(First / Second)?". We divide sarcastic rea-
soning into three dimensions, so there are also three
types of sarcastic reasoning pairs (y1,y2), corre-
sponding to LinGRM, ConGRM and EmoGRM.
Considering the complexity of judging the quality
of sarcastic reasoning, inspired by Wei et al. (2022),
we improve the judgment accuracy by generating
CoTs. The training data DCoT is constructed as
follows:

DCoT = {
(
x,y+,y−, ICoT

)
,
(
vCoT, I,

′First′
)
}

⋃
{
(
x,y−,y+, ICoT

)
,
(
vCoT, I,

′Second′)},
(5)

where ICoT = "Let’s think about which of these
two sarcastic reasons is better step by step." vCoT

is the process of judgment synthesized by model.
DCoT is also composed of three parts: language,
context, and emotion. In the training phase, vCoT

is synthesized by the external LLMs, and in the
inference phase, vCoT is synthesized by SarGRM.

To sum up the above, at this stage, we use equa-
tion 4 to fine-tune SarGRM. The input of SarGRM
is (x,y+,y−, ICoT) or (x,y−,y+, ICoT) and the
predicted label of SarGRM is (vCoT, I,

′First′) or
(vCoT, I,

′Second′) respectively.

3.2.2 Rule-Based Reinforcement Learning

SarGRM is further fine-tuned using rule-based
online RL. Specifically, we leverage the original
GRPO setup, integrating rule-based format rewards
and outcome rewards. During the rollout phase,
SarGRM generates judgments and predicted scores
based on the input text and the corresponding sar-
castic reasoning pairs, and then we use a predefined
regular expression to match the output format and
extract the predicted score and compare it with the
correct answer.

3.2.3 SarGRM Inference

In the inference phase, we first use SarGRM to gen-
erate correctness judgments CoT vCoT, and then
assign correctness scores to candidate solutions
based on the probabilities of "first" and "second"
tokens. When sampling CoT, SarGRM may gener-
ate different reasoning paths for the same text and
reasoning pair, resulting in changes in correctness
probabilities. As such, we would like to marginal-
ize out these reasoning paths to select the most
consistent correctness answer (Wang et al., 2023).
To do so, we use majority voting: for the gener-
ated K judgments chain reasons, we compute the
average scores of these reasons as follows:

r =
1

K

K∑

i=1

pθ
(
′First′|x,y+,y−, ICoT,v

(i)
CoT, I

)
, (6)

where v
(i)
CoT ∼ pθ(·|x,y+,y−, ICoT), pθ is Sar-

GRM. Since individual CoT judgment may contain
errors, majority voting effectively mitigates the im-
pact of these errors by averaging the correctness
scores across multiple judgments. More impor-
tantly, this demonstrates that Sarcasm-GRM can
improve accuracy by increasing computational re-
sources during inference (i.e., generating more CoT
reasons). In our implementation, Sarcasm-GRM
uses majority voting based on 16 votes, meaning
K = 16 in the equation 6.
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3.3 Sarcasm-Reason Dataset

We use five mainstream sarcasm detection bench-
mark datasets and synthesize the sarcasm reasoning
process based on these datasets in three dimensions:
language, context, and emotion. Specifically in-
clude: Ghosh (Ghosh and Veale, 2017) which is
collected from Twitter and annotated automatically,
SARC (Khodak et al., 2018) that only contain po-
litical content, IAC-V2 (Oraby et al., 2016) which
is obtained from Internet Argument Corpus, iSar-
casm (Oprea and Magdy, 2020) that encompass
tweets which are written by online users and Se-
mEval2018 (Hee et al., 2018), which is collected
from SemEval 2018 Task 3.

Following the approach in Wang et al. (2024),
our data pair construction process consists of three
main steps: Standard Reasoning Generation, Neg-
ative Sample Generation, and Data Validation. In
our methodology, we use GPT-4o to synthesize
the positive and negative sample pairs for sarcasm
reasoning. Subsequently, we employ Claude-3.5
Sonnet, Gemini 2.0 Flash, and Qwen-Max to eval-
uate the quality of these pairs.

3.3.1 Standard Reasoning Generation
We leverage LLMs to synthesize sarcastic reason-
ing processes. In the linguistic dimension, we
focus on features such as keywords, rhetorical de-
vices, polysemy, punctuation, and homophones in
the original text. In the contextual dimension,
we consider elements including the topic, cultural
background, social consensus, and common knowl-
edge of the original text. In the emotional dimen-
sion, we primarily analyze emotional words and
instances of emotional reversal. Based on this anal-
ysis, we design a group of prompts and utilize
LLMs to annotate sarcastic reasoning results for
the original dataset: y+

i,j = LLM(xi,pj), where
xi represents the i−th data entry in the dataset,
and pj denotes the j−th prompt from the prompt
group. Figure 3 shows a prompt example.

3.3.2 Negative Sample Generation
We generate "noisy" versions of the original
prompts to construct low-quality reasoning nega-
tive samples. There are two principles for construct-
ing negative samples: (1) the reasoning do not accu-
rately express the reasoning content of this dimen-
sion, and (2) the reasoning confused with the con-
tent of other dimensions. Specifically, we employ
the following strategies to create "noisy" prompts:
adding irrelevant content, removing critical infor-

Here is a text that is {not} a sarcastic text.
Please deduce the reason why it is {not}
sarcastic from the perspectives of (1)lan-
guage, (2)context, and (3)emotion in this
text. Please answer in the following format:
<reason>
(1)language: like keywords, rhetorical de
vices, punctuation and language style
(2)context: like topic, cultural background,
social consensus, common knowledge
(3)emotion: like emotional words, special
symbols and emotional reversal
</reason>
Here is the text: {text}

Figure 3: This is our original prompt. The other prompts
in the prompt group are slightly modified from this.

mation, or partially replacing content across differ-
ent dimensions. Additionally, we record the modi-
fications made to the original prompts and analyze
why the standard reasoning process outperforms
the negative samples: y−

i,k = LLM(xi,p
′
j), where

xi represents the i−th data entry in the dataset,
and p′

k denotes the k−th prompt from the noisy
prompt group.

3.3.3 Data Validation

To verify the correctness of positive and negative
reasoning samples, we randomly combine them
corresponding to the same xi and submit them to
multiple distinct LLMs for evaluation. If all LLMs
can accurately distinguish between the positive and
negative samples, the positive-negative sample pair,
along with the reason J why the positive sample
outperforms the negative one. Finally, for each orig-
inal text xi, we retain a standard sarcastic reasoning
positive sample y+

i and several negative samples
y−
i,k, as well as the corresponding positive and nega-

tive sample judgment reasoning process Ji,k. Table
1 gives the information about the original dataset
including the standard sarcastic reasoning process.

Human review is an integral part of our data syn-
thesis process. Our specific procedure is as follows:
for each generated positive-negative pair, we con-
sider it a high-quality sample only when all three
judge models make the correct assessment. This
initial step filters out 80% of the originally gener-
ated pairs. For the remaining samples, we conduct
a manual review, focusing on whether the emo-
tional reversal between the positive and negative
samples is reasonable, thereby ensuring the quality
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Model
Ghosh SARC IAC-V2 iSarcasm SemEval2018

Acc Ma-F1 Acc Ma-F1 Acc Ma-F1 Acc Ma-F1 Acc Ma-F1
RoBERTa 72.2 72.4 66.7 66.7 76.6 76.7 78.6 56.8 70.2 69.1
DC-Net 80.2 78.6 72.9 72.4 78.0 77.9 78.8 58.7 70.8 69.6

SD-APRR 82.6 82.3 - - 78.8 78.8 80.3 61.2 72.2 70.7
SensoryT5 86.1 86.1 - - 83.0 83.0 - - 77.7 77.9

SarcasmCue 83.0 82.9 74.1 73.7 73.4 72.3 79.4 60.3 74.0 74.0
EICR 86.2 84.3 77.2 75.3 84.5 83.8 83.3 70.4 80.1 80.3

Gemini 2.0 Flash 84.5 83.3 72.5 70.6 74.1 72.7 78.6 63.8 74.4 72.6
GPT-4o 82.4 82.1 74.1 70.0 73.0 72.0 76.0 59.4 69.0 68.2

Claude 3.5 Sonnet 82.9 81.4 73.1 72.4 76.8 76.6 74.7 61.2 75.1 75.1
Qwen-Max 84.1 82.9 77.4 75.8 78.4 76.3 80.4 65.7 76.9 75.6

LLaMA SFT 79.3 77.1 70.6 68.9 75.3 74.9 74.9 61.4 71.9 70.4
LLaMA 0-shot 74.2 72.2 67.7 65.3 69.7 67.9 69.2 55.4 62.4 61.5
LLaMA 5-shot 76.9 74.1 69.2 66.7 70.1 68.8 70.1 55.9 62.4 61.9

Qwen SFT 78.2 75.1 71.9 70.2 74.1 72.0 71.7 62.4 70.9 70.4
Qwen 0-shot 73.9 71.5 68.7 65.9 67.7 66.9 70.2 56.4 61.6 61.2
Qwen 5-shot 75.2 73.9 70.2 67.9 71.9 69.1 69.3 55.1 61.9 62.0
Sarcasm-R1 87.3 85.4 79.2 77.3 85.6 84.4 85.4 72.3 82.1 81.9

Table 2: Performance comparison of different methods on datasets. Acc denotes Accuracy(%) and Ma-F1 denotes
Macro-F1(%). The input of Gemini 2.0 Flash, GPT-4o, Claude 3.5 Sonnet and Qwen-Max models is 0-shot CoT
prompt. The best results are represented in bold. The second-best results are underlined.LLaMA is LLaMA 3.1 8B
Instruct and Qwen is Qwen2-7B-Instruct.

Method
Ghosh SARC IAC-V2 iSarcasm SemEval2018

Acc Ma-F1 Acc Ma-F1 Acc Ma-F1 Acc Ma-F1 Acc Ma-F1
w/o Lin 80.9 74.6 75.1 70.5 82.6 77.3 81.8 62.7 80.2 78.3
w/o Con 86.1 81.2 77.9 74.3 80.7 74.3 83.4 63.0 79.1 74.3
w/o Emo 82.7 79.1 73.3 71.2 81.9 76.2 78.9 63.3 78.1 77.2

Sarcasm-R1 87.3 85.4 79.2 77.3 85.6 84.4 85.4 72.3 82.1 81.9

Table 3: Result of ablation experiments on reward models in three dimensions: language, context, and emotion.

of the pairs. This process is inspired by the data
synthesis method proposed by Meta FAIR (Wang
et al., 2024). The rationale for this approach is
our focus on the relative quality of the positive-
negative pairs. This data is primarily used to train
our pairwise reward models: LinGRM, ConGRM,
and EmoGRM. Therefore, during data synthesis
and filtering, we prioritize the relative quality of
pairs, using a combination of multi-LLM screening
and human review to ensure data integrity.

4 Experiments

We conduct extensive experiments to evaluate the
performance of our method. On this basis, we eval-
uate the contribution of the quality of reasoning
in different dimensions to the final sarcasm predic-
tion through ablation experiments. The details of

the experiment implementation are shown in the
Appendix A, including the training details of Sar-
GRM and Sarcasm-R1, and the model used for data
synthesis.

4.1 Baseline

We compare our method against 10 mainstream
models, including 6 baseline methods for sarcasm
detection and 4 high-performance general models.
The baseline methods include: (1)RoBERTa (Liu
et al., 2019), which served as a strong base-
line by capturing nuanced contextual and lin-
guistic features; (2)DC-Net (Liu et al., 2022),
which modeled literal and implied sentiments sep-
arately to recognize sentiment conflict; (3)SD-
APRR (Min et al., 2023), an incongruity reasoning
model that employed a denoising module based
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data 1 2 3 4 5 6 7 8 avg pvalue statistic
Ghosh w/o Lin 78.5 79.0 81.5 79.9 83.7 83.6 81.9 79.4 80.9

0.165 -1.55
Ghosh w/o Emo 81.1 80.9 83.0 84.4 80.7 81.5 83.7 86.1 82.7

iSarcasm w/o Lin 80.8 82.6 82.7 81.8 82.2 81.6 80.9 82.2 81.8
5.7e-06 12.2

iSarcasm w/o Emo 78.9 78.9 79.8 78.4 79.7 79.4 77.9 78.5 79.9

Table 4: We select two extreme cases as our test objects, namely Ghosh and iSarcasm. For the former, when
the language dimension is ablated, the average performance drops more than emotion dimension, while for the
latter, the opposite is true. The test involved conducting 8 ablation experiments with the same settings on these two
datasets and analyzing the significance of the results.

on a commonsense-augmented dependency graph;
(4)SensoryT5 (Zhao et al., 2025), which integrated
sensory knowledge into the T5 framework’s at-
tention mechanism to facilitate sensory emotional
interactions; (5)SarcasmCue (Yao et al., 2025),
which introduced a prompting framework that
elicited LLMs to detect sarcasm by considering
sequential and non-sequential prompting methods;
(6)EICR (Qiu et al., 2025), which performs incon-
gruous reasoning based on commonsense enhance-
ment and adopts adversarial contrastive learning
to improve the robustness of the detector. The
high-performance general models include: (1)Gem-
ini 2.0 Flash (Google, 2025), (2)GPT-4o (OpenAI,
2025), (3)Claude 3.5 Sonnet (Anthropic, 2025),
(4)Qwen-Max (Tongyi, 2025).

4.2 Analysis

We present our experimental results in this subsec-
tion and design three research questions (RQs) to
aid our analysis.

RQ1: Is focusing on the sarcasm reasoning pro-
cess effective for sarcasm detection?

Our method is evaluated against the baseline
methods shown in Table 2. We observe that:
(1)Sarcasm-R1 achieves the best performance on
five public benchmarks in most case, demonstrat-
ing the effectiveness of improving sarcasm de-
tection performance by focusing on the sarcasm
reasoning process; (2)The baseline methods ex-
hibit relatively low Macro-F1 scores on the iSar-
casm dataset, which may be caused by the imbal-
anced label distribution. In contrast, Sarcasm-R1
shows strong robustness in handling this imbal-
ance; (3)The performance improvement observed
compared to SarcasmCue suggests that guiding
LLM thinking through prompts alone will lead to
a certain degree of hallucination. We use RL al-
gorithm to improve the model’s reasoning ability,
which can effectively alleviate the phenomenon of

hallucinations in the process of sarcastic reason-
ing. The comparison results with the general artifi-
cial intelligence models Gemini 2.0 Flash, GPT-4o,
Claude 3.5 Sonnet and Qwen-Max also illustrate
this point; (4)Compared with EICR, SensoryT5 and
SD-APRR, the experimental results show that our
comprehensive consideration of sarcasm from the
three dimensions of language context and emotion
is more comprehensive.

RQ2: Is it reasonable to decompose sarcasm rea-
soning into three dimensions of language, con-
text, and emotion?

We observe that eliminating any of the three di-
mensions would have a significant impact on the
final model performance. (1) In the ablation ex-
periment of the linguistic dimension, the average
accuracy drop by 3.8% and the average Macro-
F1 drop by 7.6%. And the Macro-F1 drop in this
experiment is the largest, which reflects the impor-
tance of the linguistic dimension in determining
the balance between positive and negative samples.
This was also demonstrated by the ablation exper-
iment on the iSarcasm dataset with an imbalance
of positive and negative samples. (2) In the contex-
tual dimension, the average accuracy drop by 2.5%
and the average Macro-F1 drop by 6.8%. When
ignoring context reasoning, the drop in Macro-F1
value is the largest relative to the drop in accuracy,
which also illustrates the importance of context di-
mension reasoning in distinguishing the balance
between positive and negative samples. (3) In the
emotional dimension, the average accuracy drop
by 4.9% and the average Macro-F1 drop by 6.7%.
As can be seen in 4, although the average perfor-
mance drops more when the language dimension
is ablated, the p-value = 0.165 indicates that the
result is not significant. In iSarcasm, the average
performance drop is smaller when the language
dimension is ablated, and the p-value = 5.7e-06
indicates that the result is sufficiently significant.
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Figure 4: We test the performance change trend of LinGRM, ConGRM and EmoGRM reward models as the change
of sampling number K. The horizontal axis is the value of K, and the vertical axis is the accuracy of the reward
models classification, in %.

This reflects the core role of emotional reasoning
in sarcasm detection, which is mainly based on
the reasoning of emotion reversal. This observa-
tion demonstrates the importance of the three di-
mensions of language, context, and emotion for
sarcasm detection, and also proves the rationality
of our decomposition of sarcasm into these three
dimensions.

RQ3: Are the judgments of the three reward
models reliable?

In this research problem, we test the performance
of three reward models under different K values, as
shown in Figure 4. The experiment shows that as
the number of vCoT samples gradually increases,
the performance of the reward model shows a cer-
tain scalability. This shows that we can improve
the performance of the reward model by increasing
the inference cost. This proves the reliability of our
reward model.

Through the analysis of the above three RQs, we
can draw the following three conclusions:

1. By focusing on the sarcastic reasoning pro-
cess, the sarcasm detection ability of model
can be effectively improved.

2. It is reasonable to decompose sarcasm into
three dimensions: language, context, and emo-
tion.

3. Rewarding the rationality of model design is
helpful to improve the quality of sarcastic rea-
soning.

To summarize these three research questions, we
find that the emotional dimension dominated by
emotional reversal is at the core, but the accurate
expression of emotional reversal depends on the
joint effect of language clues and common context.
The coordinated thinking of these three dimensions
is the core of detecting sarcasm.

5 Conclusion

This study aims to study the working mechanism of
sarcasm. First, we decompose sarcasm into three
dimensions: language context and emotion. By us-
ing reinforcement learning algorithms, we design
reward models for each of these three dimensions to
enhance the model’s reasoning ability for sarcasm.
In order to improve the reliability of the reward
model, we propose the Sarcasm-Reason dataset
and rely on repeated sampling methods to expand
the performance of the reward model. Our method
outperforms traditional methods and achieves the
best accuracy on all five datasets, which proves
the rationality of our method. Finally, we rely on
experimental observations to summarize the work-
ing mechanism of sarcasm from the above three
dimensions.

Limitations

Sarcasm is highly dependent on human subjec-
tive judgment. Although we have experimentally
proved that it is reasonable to decompose sarcasm
into three dimensions: language, context, and emo-
tion, it is undeniable that there are still other angles
that we have not noticed, which can better explain
sarcasm in some cases.
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A Implementation Details

For the three reward models LinGRM, ConGRM
and EmoGRM, we use the Lora method (Hu et al.,
2022; Oida-Onesa and Ballera, 2024) to train
Gemma 7B (Rivière et al., 2024). The Lora Adapter
is configured on all linear layers of Gemma 7B, and
both rank and alpha are set to 32. We use the Adam
optimizer (Kingma and Ba, 2015) with a learning
rate of 2e − 6. We use a linear warm up with
1000 gradient steps and a cosine decay scheme that
decays to 10% of the peak learning rate after the
decay period.

We conduct RL based on based on Qwen2.5-7B-
Instruct (Yang et al., 2024a). The learning rate of
the policy model is set to 1e-6. The KL coefficient
is 0.04. For each problem, we sample 8 outputs,
the maximum length is set to 2048, and the batch
size is set to 8. The policy model is updated only
once in each exploration phase.

In the data synthesis stage, we use the GPT-4o
to synthesize our positive and negative reasoning
samples. In the data validation, we use Claude 3.5
Sonnet, Gemini 2.0 Flash and Qwen-Max.

Our training is divided into three stages.
Stage 1: We train the model for approximately

50 steps using only a format reward function. This
stage aims to familiarize the model with the correct
response format, which facilitates the subsequent
extraction of its reasoning and predicted answer.
In this process, if the model’s response conforms
to the predefined structure, the reward score is 1;
otherwise, it is 0.

Stage 2: We use the format reward combined
with our three specialized reward models. This
stage is primarily focused on enhancing the model’s
sarcastic reasoning ability. If the model’s response
conforms to the predefined structure, the reward is
0; otherwise, it is -1. For the reward models, if the
model’s reasoning for a corresponding dimension
is superior to the default reasoning, the reward is
0.5; otherwise, it is 0.

Stage 3: We use the format reward, a correctness
reward, and the three specialized reward models to
ultimately boost the model’s performance. If the
response conforms to the predefined structure, the
reward is 0; otherwise, it is -1. If the model’s rea-
soning for a corresponding dimension is superior
to the default reasoning, the reward is 0; otherwise,
it is -0.5. If the model’s final answer is correct, it
receives a reward of 1.5; otherwise, the reward is 0.

During our training process, we set the maxi-
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mum prompt length for the model to 1024 tokens
and the maximum length for the reasoning path
to 2048 tokens. Based on our observations and
statistics, the model’s response rarely exceeds 2048
tokens in the vast majority of cases. This indicates
that the length of the reasoning path is not the pri-
mary factor limiting the model’s performance.

Our analysis suggests this is because the input
sarcastic prompts are relatively short (typically un-
der 150 tokens) and do not qualify as long-text
inputs. Furthermore, the reasoning required for
the dimensions of language, context, and emotion
does not necessitate excessively long responses to
be high-quality. Specifically: Language reasoning
involves analyzing elements like keywords, rhetor-
ical devices, intonation, linguistic style, punctu-
ation, and emojis. Contextual reasoning involves
analyzing the topic, social consensus, cultural back-
ground, and common sense. Emotional reasoning
involves analyzing sentiment words and emotional
incongruity. For all these aspects, a high-quality
explanation can be generated without being partic-
ularly verbose.

The training of the reward model took a total of
15 hours on a single L40 GPU. For the rl phase, we
use a server with 8 A100 GPUs, and the training
took approximately 60 hours. The GPU allocation
is : 3 A100s are used to host the 3 reward models.
1 A100 is used for the reference model during the
GRPO training process. The remaining 4 A100s
are dedicated to updating the policy model’s pa-
rameters. The training for our ablation studies is
similar, with each experiment requiring approxi-
mately 2/3 to 3/4 of the compute resources of the
full training process.

For inference, we utilize the vLLM acceleration
framework. This enables our model to achieve real-
time responses (within a second) on a single 4090
GPU.
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