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Abstract

Sarcasm detection remains a significant chal-
lenge due to its reliance on nuanced contextual
understanding, world knowledge, and multi-
faceted linguistic cues that vary substantially
across different sarcastic expressions. Exist-
ing approaches, from fine-tuned transformers
to large language models, apply a uniform
reasoning strategy to all inputs, struggling
to address the diverse analytical demands of
sarcasm. These demands range from mod-
eling contextual expectation violations to re-
quiring external knowledge grounding or rec-
ognizing specific rhetorical patterns. To ad-
dress this limitation, we introduce RAM-SD, a
Retrieval-Augmented Multi-Agent framework
for Sarcasm Detection. The framework op-
erates through four stages: (1) contextual re-
trieval grounds the query in both sarcastic and
non-sarcastic exemplars; (2) a meta-planner
classifies the sarcasm type and selects an opti-
mal reasoning plan from a predefined set; (3) an
ensemble of specialized agents performs com-
plementary, multi-view analysis ; and (4) an
integrator synthesizes these analyses into a fi-
nal, interpretable judgment with a natural lan-
guage explanation. Evaluated on four standard
benchmarks, RAM-SD achieves a state-of-the-
art Macro-F1 of 77.74%, outperforming the
strong GPT-40+CoC baseline by 7.01 points.
Our framework not only sets a new perfor-
mance benchmark but also provides transparent
and interpretable reasoning traces, illuminating
the cognitive processes behind sarcasm com-
prehension.

1 Introduction

Sarcasm detection remains a formidable challenge
in natural language processing due to the intricate
interplay of context, world knowledge, and multi-
faceted linguistic cues required for its comprehen-
sion (Joshi et al., 2017). The ability to accurately
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identify sarcastic intent is crucial for developing
more robust human-computer interaction systems
and for enabling deeper analysis of social media
content, from public opinion mining to user mod-
eling. However, the sheer diversity of sarcastic ex-
pression, which ranges from simple verbal irony to
complex, culturally-grounded statements, presents
a significant hurdle for automated systems (Riloff
et al., 2013). Early research sought to capture sar-
castic signals through feature engineering (Davidov
et al., 2010) and conventional deep learning archi-
tectures (Ghosh et al., 2017). More recently, the ad-
vent of Pre-trained Language Models such as BERT
(Devlin et al., 2019), and the subsequent emergence
of LLMs have established new performance bench-
marks, showcasing remarkable capabilities in un-
derstanding nuanced text through prompting strate-
gies like chain-of-thought (Wei et al., 2022).

Despite recent advances, state-of-the-art ap-
proaches are constrained by a uniform reasoning
strategy ill-suited for the diverse nature of sar-
casm. Different sarcastic expressions demand dis-
tinct analytical methods, such as contextual rea-
soning for expectation violations (Grice, 1975),
cultural grounding for knowledge-dependent irony
(Du et al., 2024), and pattern recognition for rhetor-
ical devices (Gibbs Jr, 2000). This monolithic ap-
proach is further challenged by cognitive research
indicating that human sarcasm processing involves
parallel neural networks (Rapp et al., 2012), which
suggests that single, unified models are inherently
insufficient for this task. Consequently, even power-
ful LLMs lack the adaptivity to dynamically tailor
their analysis, leading to inconsistent performance
across varied types of sarcasm.

To overcome these limitations, we draw inspi-
ration from the parallelism in human cognition to
reframe sarcasm detection as a dynamic, adaptive
reasoning process rather than a static classifica-
tion task. We introduce RAM-SD, a Retrieval-
Augmented Multi-Agent framework designed to
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instantiate this vision. Central to our approach
is a Meta-Planner that first analyzes the input text
alongside retrieved contextual exemplars. Based on
this analysis, it dynamically selects and dispatches
a tailored ensemble of specialized agents to per-
form multi-faceted reasoning. The complementary
analyses from these agents are then synthesized
into a final, coherent prediction accompanied by an
interpretable explanation.

This paper presents a comprehensive evaluation
of RAM-SD, demonstrating its effectiveness and
architectural integrity. Our primary contributions
are as follows:

* We propose RAM-SD, a novel cognitively-
inspired framework where a meta-planner or-
chestrates a retrieval-augmented multi-agent
system to perform adaptive sarcasm analysis.

* The framework achieves state-of-the-art per-
formance on four benchmarks, with an
77.74% average Macro-F1 score that outper-
forms GPT-40+CoC by 7.01 points.

* It offers enhanced interpretability by generat-
ing structured reasoning traces that make the
model’s multi-stage analytical process trans-
parent.

To the best of our knowledge, this is the first
systematic instantiation of a retrieval-augmented,
meta-planning multi-agent paradigm for sarcasm
detection. The design improves interpretability
via evidence-aligned rationales and reduces single-
model bias through specialized agents and cross-
checks, offering a principled pathway to reliable
context-grounded reasoning and a promising direc-
tion for future work.

2 Related Work

2.1 Traditional Feature Engineering
Approaches

Early computational approaches to sarcasm detec-
tion were characterized by their reliance on hand-
crafted features designed to capture explicit signals
of irony. A seminal line of inquiry focused on the
principle of incongruity, exemplified by the con-
trast hypothesis which identifies sarcasm through
the co-occurrence of positive sentiment and a neg-
ative situation (Riloff et al., 2013). Following
this, researchers broadened their investigation to
include a diverse set of linguistic markers. These
included lexical patterns such as specific n-grams

and interjections (Davidov et al., 2010), overt ty-
pographical cues like exclamation marks and hash-
tags (Liebrecht et al., 2013), and various syntactic
structures. The scope was further extended to incor-
porate pragmatic information, with studies demon-
strating the utility of conversational context and
author-specific attributes for more accurate clas-
sification (Bamman and Smith, 2015; Joshi et al.,
2015). These methods, however, relied heavily
on manual feature engineering and struggled to
capture subtle sarcasm that required deep contex-
tual or world knowledge, highlighting the need for
architectures capable of learning complex represen-
tations directly from raw text.

2.2 The Deep Learning Revolution

The advent of deep learning instigated a paradigm
shift from feature engineering to automated repre-
sentation learning. This transition allowed models
to learn salient features directly from raw text, sig-
nificantly improving their ability to capture com-
plex linguistic phenomena. Early applications in
this domain included Recurrent Neural Networks
(LSTMs), which proved effective for modeling the
sequential dependencies inherent in conversational
data (Ghosh et al., 2017), and Convolutional Neu-
ral Networks (CNNs), which were utilized to de-
tect local, position-invariant patterns indicative of
sarcasm (Misra and Arora, 2016). The field was
fundamentally transformed by the arrival of pre-
trained language models based on the Transformer
architecture, such as BERT (Devlin et al., 2019).
By leveraging deep contextualized embeddings,
these models set new standards for performance
and became the predominant approach for the task
(Potamias et al., 2020). While these pre-trained
models excelled at contextual understanding, their
reliance on task-specific fine-tuning and their fixed
architectures limited their adaptability, paving the
way for more general, massively-scaled language
models with emergent reasoning abilities.

2.3 Large Language Model Approaches

The current frontier in sarcasm detection is defined
by the capabilities of LLMs such as the GPT se-
ries (Brown et al., 2020). Comprehensive evalu-
ations have benchmarked these models, confirm-
ing their state-of-the-art performance while also
revealing challenges related to prompt sensitivity
and the comprehension of cultural nuances (Mi-
ranskyy et al., 2023; Zhang et al., 2024; Liu et al.,
2025a). To elicit this performance, researchers
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employ a range of strategies, from few-shot in-
context learning to advanced prompting techniques
like Chain-of-Thought, with recent work inves-
tigating the nature and efficacy of such step-by-
step reasoning processes for sarcasm (Wei et al.,
2022; Yao et al., 2025). While these methods en-
hance the reasoning of a single model, they do
not alter its fundamental monolithic architecture.
This uniform approach is inherently limited when
faced with a cognitively complex task like sarcasm,
which requires an orchestration of diverse analyti-
cal skills such as contextual reasoning and world
knowledge (Grice, 1975; Rapp et al., 2012). Re-
cent fine-grained and cross-dialectal evaluations
further suggest that monolithic reasoning behaves
unevenly across pragmatic sarcasm categories and
English varieties. Motivated by this architectural
mismatch, our work proposes a departure from the
single-model paradigm towards a framework built
on adaptive, specialized reasoning.

3 Methodology

We introduce RAM-SD, a Retrieval-Augmented
Multi-Agent framework for Sarcasm Detection. As
illustrated in Figure 1, RAM-SD operates through
a four-stage cognitive pipeline: (1) Contextual Re-
trieval, (2) Retrieval-Augmented Meta-Planning,
(3) Agent-based Multi-faceted Reasoning, and (4)
Synthesis and Final Judgment.

3.1 Stage 1: Contextual Retrieval

This module grounds the analysis in relevant back-
ground knowledge. For a given query text T, we
retrieve semantically relevant exemplars from a

pre-compiled knowledge base D = {(T},y;)} ;.
Dual-Subset  Retrieval. All  texts are
encoded into vectors using OpenAl’s

text-embedding-3-large. To mitigate la-
bel imbalance and enhance contrast, we partition
the vectorized knowledge base into sarcastic Dja

and non-sarcastic Dyo. subsets. We then retrieve
the top-k exemplars from each subset based on
similarity to 7g, forming a balanced retrieved set

Cret = C3 U C1O" of size 2k.

Rationale-Enhanced Contextualization. To
transform retrieved instances into actionable
insights, we use an LLM-based analyzer, LLM;y,
to generate a concise rationale r; for each exemplar
(T3, yi) € Crer- The rationale explains why the text
is sarcastic or not by identifying cues like hyper-
bole, sentiment-context mismatch, or knowledge

contradictions. This creates a rationale-augmented
context set, Cyg = {(Ti,yi,ri)}?il, which pro-
vides both examples and the underlying reasoning
for downstream modules. These rationales are
not used as a stand-alone classifier; instead, they
function as a linguistically informed scaffold
that exposes expectation violations, knowledge
conflicts, and rhetorical cues for downstream
reasoning.

3.2 Stage 2: Retrieval-Augmented
Meta-Planning

This module acts as a dynamic planner, selecting
a tailored reasoning strategy for the query 7;. The
planner LLM,,j,, analyzes T, by referencing the
rationale-augmented exemplars in Cyyg, inferring
potential context and background information. It
produces two outputs: (1) the selected reasoning
plan P*, and (2) a contextual analysis Opja, that
synthesizes inferred situational context based on
Caug:

(P*7 Oplan) = LLMplan (Tq7 Caug)

where P* = argmaxp,cp P(P; | T, Caug) and
Oplan contains inferred context that guides sub-
sequent agent reasoning. Both P* and Opja, are
passed to Stage 3.

Pre-defined Reasoning Plans. We define three
plans targeting distinct sarcasm archetypes:

* Expectation Violation Plan (Pgy): Tar-
gets sarcasm arising from pragmatic incon-
gruity. It deploys agents focused on seman-
tics, expectations, incongruity, and rhetoric:
{Asema Aexp7 Aincona Arhet}-

* Knowledge-Dependent Plan (Pkp): For
sarcasm requiring external world knowl-
edge. It uses agents for semantics, knowl-
edge grounding, alignment, and rhetoric:
{Asema Aknowa Aaligna Arhet}-

* Simple Irony Plan (Psp): A lightweight
plan for overt irony, primarily relying on the
rhetoric agent { Ame} for efficient detection,
with optional { Asem, Aincon} Support for am-
biguous cases.

The output of this module is the selected plan
P*, which dictates the precise set of agents and the
reasoning workflow for the next stage.
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Stage 4: Synthesis and Final Judgment
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Figure 1: The four-stage architecture of the RAM-SD framework. Stage 1 grounds the query with retrieved sarcastic
and non-sarcastic exemplars. This informs the Stage 2 meta-planner which selects a tailored reasoning plan. Stage
3 executes this plan with an ensemble of specialized agents. The agents’ findings are synthesized in Stage 4 to
produce a final judgment and explanation.

3.3 Stage 3: Agent-based Multi-View observed contexts.

Reasoning * Knowledge Agent (Agnow): Identifies key en-
tities or events and retrieves relevant factual
or cultural information through prompt-based
grounding. The resulting summaries enrich
contextual understanding.

* Alignment Agent (Ajjign): Evaluates whether
the semantics of T}, are more consistent with
sarcastic or non-sarcastic patterns in Cyyg,
guided by Opjan.

* Incongruity Agent (Ajcon): Synthesizes in-
consistencies among semantic, rhetorical, and
contextual dimensions into an overall incon-
gruity judgment.

Following the meta-planner’s directive, the selected
agent ensemble P* analyzes T;, from complemen-
tary perspectives. Each agent receives 71y, the con-
textual analysis Opan, and the rationale-augmented
exemplars Cyye as input. Agents operate through
structured prompting, producing interpretable rea-
soning outputs:

e Semantic Agent (Agm): Provides a literal
interpretation of the text, identifying senti-
ment polarity and assessing surface-level co-
herence.

* Rhetoric Agent (Apet): Detects rhetori-
cal signals such as hyperbole, understate-

ment, or rhetorical questions, and qualitatively
estimates their strength and intent through
prompt-guided reasoning.

» Expectation Agent (Aep): Examines the
alignment between the situation implied by
T, and general world knowledge. Although
not based on explicit statistical divergence, its
reasoning approximates a measure conceptu-
ally akin to a deviation between expected and

Together, these six agents form the minimal inven-
tory we found sufficient to cover sarcasm’s core
mechanisms—expectation violation, knowledge
conflict, and rhetorical contrast—while keeping
the plan space compact. Each agent A; € P* pro-
duces a reasoning output R; = A;(Ty, Oplan, Caug)-
The collective outputs form a structured reasoning
trace Rp« = {R; | A; € P*}, serving as the
foundation for final synthesis.
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3.4 Stage 4: Synthesis and Final Judgment

In the final stage, all agent outputs from R p«
are first aggregated by an Integrator component,
which synthesizes the diverse analytical perspec-
tives into a coherent evidence summary. Subse-
quently, this integrated reasoning trace is evaluated
by the Judger model, LLM;yqge, to produce the fi-
nal verdict. The Judger receives a comprehensive
prompt Phnal = Tjudge(Ty, Rp+), which consoli-
dates the original query 7; and the multi-faceted
reasoning trace R p». This design ensures that the
final prediction is grounded in the aggregated rea-
soning evidence while maintaining interpretability
and consistency across agent decisions.

Prediction and Explanation. The Judger per-
forms two crucial tasks. First, it predicts the final
probability of the text being sarcastic:

p(y = sarcasm | Ty, Rp+) = LLMjudge ( Phinal)

The final label ypeq is determined by threshold-
ing this probability at 0.5. Second, and critically
for interpretability, it generates a natural-language
explanation based on Pgpy, which is not a mere
concatenation of agent outputs but a coherent syn-
thesis that highlights the most salient evidence and
logical steps leading to the conclusion. This dual
output provides both a quantitative prediction and
a qualitative justification, completing the RAM-SD
pipeline by delivering a robust, transparent, and
contextually aware sarcasm detection judgment.

4 Experiments

We conduct comprehensive experiments to evalu-
ate the effectiveness of RAM-SD across diverse
sarcasm detection benchmarks. Our evaluation fo-
cuses on: (1) Overall performance comparison with
state-of-the-art baselines, (2) Ablation studies to
validate the contribution of key architectural com-
ponents, (3) Sensitivity analysis of the retrieval
parameter, (4) Analysis of inference efficiency, and
(5) Comprehensive evaluation of the framework’s
interpretability and limitations through quality as-
sessment and error pattern analysis.

4.1 Experimental Setup
4.1.1 Datasets

We evaluate RAM-SD on four widely-used sarcasm
detection benchmarks covering diverse linguistic
styles and contexts. Table 1 summarizes the dataset
statistics.

Table 1: Overview of the benchmark datasets used for
evaluating sarcasm detection.

Dataset Train Test Context Source
IAC-V1 1,595 320 No Reddit
TAC-V2 5,216 1042 No Reddit
MUSTARD 552 138 Yes TV Shows
SemEval 3,634 784 No Twitter

IAC-V1/V2 (Oraby et al., 2016) contain polit-
ical debate posts from Reddit’s r/politics forum,
where sarcasm often manifests through expecta-
tion violations and implicit critique. MUSTARD
(Ghosh et al., 2020) provides conversational utter-
ances from TV show dialogues with contextual
background, requiring understanding of character
relationships and situational awareness. SemEval-
2018 Task 3 (Van Hee et al., 2018) comprises Twit-
ter posts where sarcasm frequently relies on sim-
ple irony and rhetorical devices within character-
limited expressions.

4.1.2 Baselines

We compare RAM-SD against representative meth-
ods from three categories:

Deep Learning Models: MIARN (Tay et al.,
2018) employs multi-interactive attention net-
works; SAWS (Pan et al, 2020) leverages
sentiment-aware word selection; DC-Net (Liu
et al., 2021) utilizes dual-channel networks for
multi-view reasoning.

Fine-tuned PLMs: BERT-base (Devlin et al.,
2019) and RoBERTa-base (Liu et al., 2019) fine-
tuned on each target dataset using standard classifi-
cation protocols.

LLM-based Methods: We compare RAM-SD
against several state-of-the-art zero-shot LLM base-
lines. Our primary comparisons include prompting
strategies from SarcasmCue (Yao et al., 2025), such
as GPT-4o0 with Chain of Contradiction, Graph of
Cues, and Bagging of Cues prompting, as well as
IDADP (Yi et al., 2025) and CAF-I (Liu et al.,
2025b). Additional open-source reproducibility
results are reported in Appendix A.

4.1.3 Implementation Details

We use OpenAl’'s text-embedding-3-large
(3072 dimensions) for text embeddings in the
Contextual Retrieval stage. The Meta-Planner,
all specialized agents, and the Judger are imple-
mented using GPT-40 with temperature=0.1, top-
p=1.0, max_tokens=512, and default penalties
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(frequency_penalty=0, presence_penalty=0).
We use a single generation per prompt (n=1). Be-
cause the API does not expose seed control and we
do not use stochastic resampling, each input yields
one stable output. Vector similarity search employs
FAISS (Johnson et al., 2019) with cosine similar-
ity after L2 normalization. Retrieval is performed
strictly over the training split of the same dataset,
with no cross-dataset retrieval and no test-set ac-
cess. Unless otherwise specified, we set k = 3 for
dual-subset retrieval, yielding |Cr¢| = 6 balanced
exemplars. The + values in Tables 2 and 3 reflect
three runs differing only in FAISS retrieval order-
ing, and all p-values are computed using paired
McNemar tests against GPT-40+CoC.

4.2 Main Results

Table 2 presents the performance comparison
across all datasets. RAM-SD achieves state-of-
the-art performance with an average Macro-F1 of
77.74% and accuracy of 77.65%, substantially out-
performing all baseline methods.

Performance Analysis: RAM-SD achieves con-
sistent improvements across all datasets, with par-
ticularly strong performance on SemEval (86.30%
Accuracy) where retrieval-grounded reasoning is
especially beneficial. The system outperforms the
strongest baseline GPT-40+CoC by 7.01 points on
average (70.73% vs. 77.74%). On MUSTARD,
we intentionally disable Stage 1 retrieval because
the dataset already provides rich dialogue context
and its training instances do not naturally serve as
independent retrieval exemplars; under this setting,
RAM-SD is therefore equivalent to RAM-SD w/o
RAG. Appendix A further reports an open-source
reimplementation with DeepSeek-V3 on IAC-V1,
where RAM-SD preserves a 3.31-point Ma-F1 ad-
vantage over the direct baseline.

4.3 Ablation Study

To validate the architectural design of RAM-SD,
we conduct ablation studies isolating the contribu-
tion of key components. Table 3 presents results
averaged across all four datasets.

The most substantial performance degradation
arises from removing the Meta-Planner (Stage
2), which causes a 3.27% Ma-F1 drop. This high-
lights that adaptive reasoning-plan selection is cru-
cial for handling the diverse manifestations of sar-
casm. The Incongruity Agent follows with a
3.09% decrease, underscoring the necessity of de-
tecting semantic-pragmatic inconsistencies. Elimi-

nating the Contextual Retrieval leads to a 2.69 %
reduction, confirming that grounding analysis in
contextual exemplars remains vital for recognizing
nuanced sarcastic patterns. The Rhetoric Agent
yields a 2.57% decline, showing that rhetorical-
cue modeling provides complementary interpretive
depth. Finally, removing the Knowledge Agent re-
sults in a 2.43% drop, suggesting that world knowl-
edge enhances contextual understanding without
dominating the reasoning process.

4.4 Retrieval Parameter Sensitivity

We analyze the sensitivity of RAM-SD to the re-
trieval parameter £, which controls the number of
exemplars retrieved from each subset (sarcastic and
non-sarcastic). Figure 2 shows Macro-F1 perfor-
mance on IAC-V1 as k varies from 1 to 10.

Parameter Sensitivity Analysis by Dataset

IAC-v1 IAC-v2

-
/

/4

\

Number of Retrieved Samples (k)

SemEval

Number of Retrieved Samples (k)

MUSTARD

pN
/
J
4
\
J

Macro-F1 Score

Number of Retrieved Samples (k)

Number of Retrieved Samples (k)

Figure 2: Retrieval sensitivity across the four datasets.
Performance peaks at &k = 3 and then plateaus.

Performance improves as k increases from 1
to 3, confirming that richer contextual grounding
benefits downstream reasoning. However, perfor-
mance plateaus at k¥ = 3 and slightly declines for
k > b, suggesting that excessive exemplars intro-
duce noise from less relevant samples. This vali-
dates our default choice of £ = 3 as balancing con-
textual richness with focused relevance. To probe
robustness under weak retrieval signals relevant to
rarely attested but still observed cases, we addition-
ally replace two of the three retrieved exemplars
with random training samples for every IAC-V1
test instance. Under this severe stress test, Ma-F1
drops only from 74.45 to 72.71 (-1.74), indicat-
ing graceful rather than catastrophic degradation;
details are provided in Appendix C.
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Table 2: Overall performance comparison across four benchmark datasets. All LLM strategies are zero-shot. Acc.
denotes Accuracy and Ma-F1 signifies Macro-F1. Best results are in bold, second-best are underlined. For RAM-SD,
=+ values reflect three runs differing only in FAISS retrieval ordering; p-values are paired McNemar tests against

GPT-40+CoC.
Method \ IAC-V1 \ IAC-V2 | MUSTARD | SemEval 2018 | Avg.

| Acc. Ma-F1 | Acc. Ma-F1 | Acc. Ma-F1 | Acc. Ma-F1 | Acc. Ma-F1
MIARN 63.21  63.18 | 7275 7275 | 64.60 6390 | 68.50 67.80 | 67.26 6691
SAWS 66.13 6560 | 7620 7620 | 69.71 7095 | 69.90 6890 | 7048  70.41
DC-Net 66.50  66.40 | 78.00 77.90 | 7128 7143 | 7630 7670 | 73.02  73.11
BERT 6530 6520 | 76.40 7620 | 6430 6430 | 6990 6840 | 68.97  68.52
RoBERTa 70.10  69.90 | 76.60 7670 | 66.10  66.00 | 70.20  69.10 | 70.75  70.42
GPT-40 70.63  70.05 | 73.03 7199 | 6724 6579 | 6403 63.17 | 68.73  67.75
GPT-40+CoT 61.56 5849 | 58.83  56.42 | 58.92 5199 | 58.11 5576 | 59.36  55.67
GPT-40+CoC 7219 7152 | 7336 7231 | 69.42 6848 | 70.79  70.60 | 71.44  70.73
GPT-40+GoC 69.84 6920 | 72.47 71.60 | 68.10 6742 | 6591 6503 | 69.58 6831
GPT-40+BoC 7032 70.11 | 73.12 7208 | 6753  66.12 | 64.88 6392 | 6896  68.06
CAF-I 7375 7371 | 7780  76.82 | 7521 7473 | 80.73  79.99 | 76.89 7631
IDADP 6584 67.13 | 7032 69.73 | 6744 6737 | 6531 6528 | 6722 6737
RAM-SD w/o RAG | 71.25 7123 | 78.69 78.68 | 69.38  69.32 | 80.94 80.90 | 75.07  75.05
RAM-SD 7481 7445 | 8013 80.11 | 69.38 6932 | 8630 87.10 | 77.65 77.74
Improv. 1L.06T 0741 | 2131t 2211 - - 5367 6201 | 0271  0.941
p-val. 5.82¢7% 1.91e™*|7.04e™3 3.36e73[9.15e7* 2.28¢7%|6.77e ™3 4.59¢7*|8.13e7® 3.51e~>

Table 3: Ablation Study Results (Average Macro-F1%
across Four Datasets)

Configuration Ma-F1 ~ AMa-Fl
Full RAM-SD System 77.74 £ 0.8

w/o Contextual Retrieval (Stage 1) 75.05 £ 09 -2.69
w/o Meta-Planner (Stage 2) 7447 £ 1.1 -3.27
w/o Rhetoric Agent 75.17£0.7  -2.57
w/o Knowledge Agent 7531 £08 -2.43
w/o Incongruity Agent 74.65+09 -3.09

4.5 Inference Efficiency Analysis

Beyond accuracy improvements, the meta-planner
provides computational efficiency through adaptive
agent selection. Table 4 presents inference time
breakdown across the four-stage pipeline.

Table 4: Average Inference Time per Sample

Stage | Time (s) | Percentage
Stage 1: Contextual Retrieval 3.42 17.67%
Stage 2: Meta-Planning 2.41 12.46%
Stage 3: Multi-Agent Reasoning | 11.35 58.65%
Stage 4: Synthesis & Judgment 2.17 11.21%
Total | 1935 | 100%

Multi-agent reasoning dominates inference time
at 58.67%, but the meta-planner mitigates this by
selecting minimal agent ensembles. Simple Irony
plans activate only 1-3 agents compared to 4-5 for
Expectation Violation plans, achieving 35% reduc-
tion in agent invocations for appropriate cases. The
reported 19.35s is a sequential upper bound rather

than a deployment-time constant: the three plans
require only 4, 6, and 7 API calls for Simple Irony,
Expectation Violation, and Knowledge-Dependent
reasoning, respectively, and the agent calls can be
executed asynchronously. In practice, with paral-
lel execution, processing 320 samples completes
within approximately 20 minutes (Appendix C).

4.6 Interpretability Quality Evaluation

To validate that RAM-SD produces higher-quality
explanations beyond accuracy gains, we conduct
LLM-as-Judge evaluation on 200 randomly sam-
pled instances (50 per dataset, balanced) compar-
ing four systems: RAM-SD, RAM-SD w/o RAG,
GPT-40+CoC, and GPT-40. Using GPT-40 as the
primary judge, we evaluate explanations along four
criteria: Correctness (faithfulness to the text and
agent evidence), Sufficiency (coverage of major
reasoning elements), Coherence (logical consis-
tency across the reasoning chain), and Specificity
(reference to concrete linguistic or factual cues).
Appendix B further reports a blind manual evalu-
ation with two trained annotators and cross-judge
validation with Gemini-2.5 Flash.

Results. As shown in Table 5, RAM-SD
achieves an overall score of 4.43, representing a sig-
nificant improvement of 16.5% over GPT-40+CoC
(score of 3.80) and 38.5% over the standard GPT-
40 (score of 3.20). Notably, while GPT-40+CoC
demonstrates highly competitive performance in
Specificity with a score of 4.26 that approaches
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Figure 3: LLM-as-Judge evaluation results. Left: Radar chart across four dimensions, RAM-SD (blue) dominates,
while GPT-40+CoC (orange) achieves competitive Specificity, surpassing RAM-SD w/o RAG (purple). Right:
Grouped bar chart showing mean scores with standard deviation bars for each dimension.

Table 5: GPT-40-as-Judge evaluation on n = 200 in-
stances. Scores are reported on a 5-point Likert scale
(5 = best) for Correctness (Corr.), Sufficiency (Suff.),
Coherence (Cohe.), and Specificity (Spec.). All im-
provements of RAM-SD over the baselines are statisti-
cally significant.

System | Corr. Suff. Cohe. Spec. |  Overall
RAM-SD 4.47 4.48 4.33 4.43 4.43
RAM-SD w/o RAG 4.20 3.80 4.21 3.92 4.03
GPT-40+CoC 3.88 3.46 3.61 4.26 3.80
GPT-40 3.29 3.11 3.34 3.05 3.20

RAM-SD’s 4.43, the advantages of our framework
are most pronounced in Sufficiency and Coher-
ence. In these dimensions, RAM-SD outperforms
GPT-40+CoC by 29.6% and 20.0% respectively,
which we attribute to the richer evidence provided
by the multi-agent architecture and the consistency
enforced by the integrator. The ablation result for
RAM-SD w/o RAG, which scored 4.03, confirms
that the retrieval mechanism contributes a substan-
tial 0.40 points (a 9.0% relative contribution) to the
final performance. This ranking is stable under hu-
man and cross-judge validation: Appendix B shows
a blind manual study with two annotators (4.39 vs.
4.05 overall for RAM-SD vs. GPT-40+CoC) and
a Gemini-2.5 Flash re-evaluation on the same 200
instances (4.34 vs. 3.82).

Figure 3 visualizes these results. The radar chart
reveals an interesting pattern: while RAM-SD dom-
inates most dimensions, GPT-40+CoC achieves
competitive Specificity scores, indicating calibra-
tion prompting’s strength in producing concrete
reasoning. The grouped bar chart with error bars
clearly shows dimension-wise performance differ-
ences and variability across systems.

Error Analysis: False Positive vs False Negative Distribution

False Negative (FN)
False Positive (FP)

(40.3%)

(41.5%)

Error Count

59.7%
(GEF) (58.5%) ¢ ) (97.4%)

(32.7%)
(2.6%)
SemEval

iACv1 iACv2 MUSHARD

Dataset

Figure 4: Error distribution showing distinct FP/FN
patterns across datasets.

Implications. RAM-SD’s structured reasoning
enables transparent error diagnosis: users can in-
spect (1) retrieved exemplar relevance, (2) meta-
planner strategy selection, (3) individual agent
contributions, and (4) integrator synthesis. This
interpretability is crucial for high-stakes deploy-
ments requiring human oversight. Appendix D ex-
tends this discussion with an additional knowledge-
dependent success case in which direct prompting
over-predicts sarcasm but RAM-SD correctly iden-
tifies sincere argumentative discourse.

4.7 Error Analysis and Failure Patterns
4.7.1 Error Analysis

Figure 4 shows error distributions across datasets,
revealing retrieval-induced failure modes.

Corpus Size Effects: Our error analysis reveals
a strong correlation between corpus characteris-
tics and predominant error patterns, creating a di-
chotomy between datasets prone to over-prediction
and those susceptible to under-detection. The IAC-
vl and SemEval datasets exhibit high false posi-
tive (FP) rates of 67.3% and 97.4%, respectively.
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This over-prediction in IAC-vl1 is attributed to its
small retrieval pool (1,595 samples), which forces
a reliance on surface-level rhetorical markers that
can misclassify figurative language. SemEval’s FP
bias stems from misleading structural cues, such as
hashtags and @mentions, that superficially mimic
sarcasm without the same pragmatic intent.

Conversely, the IAC-v2 and MUSTARD datasets
show significant under-detection, with false neg-
ative (FN) rates of 58.5% and 59.7%. The larger
corpus of IAC-v2 appears to induce a more con-
servative model behavior, as the abundance of di-
verse retrieved contexts dilutes confidence in more
nuanced cases. Finally, MUSTARD’s FN domi-
nance highlights the inherent limitation of a text-
only analysis on multimodal data, where essential
audio-visual cues like vocal tone and facial expres-
sions are fundamentally inaccessible.

4.7.2 Case Study: Cascading Failure from
Retrieval Bias

We examine a representative SemEval FP error:
“when you refer to yourself in the plural, you’ll get

that @ RBRNetworkl...” (Label: 0, Predicted: 1,
Conf.: 0.85). Table 6 traces the cascading failure.

Table 6: Stage-wise error propagation analysis.

Stage Output & Failure Mechanism

Retrieval Retrieved: “LOOL from guy with multiple handles”,
“9 Followers, now relevant?”
Issue: Matched Twitter structure (@mentions), not

pragmatic intent (mockery vs. meta-commentary).

Meta-Plan Plan: Pgy; Oplan: “indirect mockery”

Issue: Biased priming from retrieval.

Agents Amher: “mild irony”; Ajncon: 6/10; Aexp: “mocks
plural self-ref”

Issue: Weak signals amplified by biased Opjan.

Synthesis Judger: p = 0.85; “strong sarcastic alignment”

Issue: No mechanism to challenge consensus.

This exemplifies the echo chamber effect. bi-
ased retrieval constrains meta-planning, which
primes agents toward confirmation, yielding high-
confidence errors. Our symbolic pipeline lacks
gradient-based error attribution, making such cas-
cades hard to detect. Mitigation requires con-
trastive retrieval and agent-level calibration to
challenge weak unanimous signals.

5 Conclusion

We introduced RAM-SD, a novel four-stage multi-
agent framework for sarcasm detection. Its core
meta-planner dynamically orchestrates specialized
agents based on retrieval-augmented analysis of

the input text. The framework achieves a state-of-
the-art 77.74% average Macro-F1, improving upon
the GPT-40+CoC baseline by 7.01 points. Abla-
tion studies validate this hierarchical design, con-
firming the meta-planner and retrieval module are
critical components that contribute 3.27 and 2.69
percent to the Macro-F1 score respectively. Our
results demonstrate the efficacy of structured multi-
agent systems for nuanced language understanding.
We position RAM-SD as an extensible, backward-
compatible paradigm: practitioners can plug in new
plans/agents as domains evolve. We expect this line
of work to guide a shift from opaque single-pass
classifiers to context-grounded, plan-conditioned
reasoning frameworks.

Limitations

Fundamental Limitations of Retrieval-Based
Reasoning. Our primary limitation concerns en-
tirely novel sarcasm forms rather than rare but
still attested cases. When relevant precedents exist
but retrieval signals are weak, RAM-SD degrades
gracefully: even under a severe corruption setting
where two of the three retrieved exemplars are re-
placed with random samples, performance drops
by only 1.74 Ma-F1 on IAC-V1 (Appendix C). The
harder failure mode arises when no meaningful
precedent exists in the retrieval corpus at all, as
in emergent memes, evolving cultural references,
or multimodal sarcasm such as MUSTARD where
text alone cannot capture audio-visual cues. In such
cases, retrieval alone is insufficient, and stronger
compositional reasoning or multimodal world mod-
eling is needed for genuine generalization.

Agent Coordination and Conflict Resolution.
While the Integrator synthesizes agent outputs,
our framework lacks principled mechanisms for
contradictory evidence. Current reliance on im-
plicit weighting by the Judger is brittle. Future
work should incorporate confidence calibration,
cross-agent consistency checks, or argumentation-
theoretic arbitration protocols.
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A Additional Experimental Details

This appendix summarizes reproducibility clarifica-
tions and supplementary experiments omitted from
the main text for space reasons.

A.1 Reproducibility and Retrieval Protocol

We use a deterministic decoding configuration for
all GPT-4o calls: temperature=0.1, top-p=1.0, n =
1, frequency_penalty=0, and presence_penalty=0.
The API does not expose seed control, and we do
not use stochastic resampling. Accordingly, re-
peated runs differ only in FAISS retrieval ordering
rather than in LLM generation.

Retrieval follows a strict train-only protocol:
each dataset retrieves exemplars only from its own
training split; we never retrieve from the test split
and never retrieve across datasets. Labels on re-
trieved exemplars come exclusively from the train-
ing data and are used only as in-context demonstra-
tions. For MUSTARD, we disable Stage 1 retrieval

because the dataset already provides rich dialogue
context and its training instances do not naturally
serve as independent retrieval exemplars; under
this setting, RAM-SD is therefore equivalent to
RAM-SD w/o RAG.

Table 7: Leakage stress test on [AC-V1.

Ma-F1

Train-only 74.45  No leakage
10% test added 81.23 +6.78 inflation

Configuration Observation

A.2  Open-Source Reproducibility

To verify that the gains are not tied to a proprietary
model stack, we reimplemented RAM-SD with
DeepSeek-V3 on IAC-V1.

Table 8: Open-source reproducibility results on IAC-
V1.

Model Accuracy Ma-F1
RAM-SD (DeepSeek-V3)  72.81  72.79
DeepSeek-V3 baseline 7031  69.48

This preserves gains of 2.50 Accuracy points
and 3.31 Ma-F1 points over the direct DeepSeek-
V3 baseline, showing that the framework remains
beneficial in an open-source setting.

B Explanation Evaluation Protocol and
Validation

We supplement the GPT-40-as-judge results with
explicit criteria, a blind manual study, and cross-
judge validation.

Table 9: Explanation evaluation criteria.

Criterion Definition

Correctness  Explanation faithfully reflects the input
text and agent evidence without hallucina-
tion.

Sufficiency All major reasoning elements, such as ex-
pectation violations, rhetorical cues, and
relevant knowledge, are covered.

Coherence The reasoning chain is logically consis-
tent and integrates multi-agent evidence
without contradiction.

Specificity The explanation cites concrete cues, such

as lexical contrast or factual inconsistency,
rather than generic statements.

B.1 Manual Evaluation

Setup: two annotators with linguistics/pragmatics
training rated 200 paired explanations under blind
1-5 Likert scoring; disagreements were adjudicated
through discussion.
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Table 10: Blind manual evaluation on 200 paired expla-
nations.

System Corr.  Suff. Cohe. Spec. Overall
RAM-SD 438 445 441 432 439
GPT-40+CoC 4.06 4.04 4.04 404 4.05
A +0.32 +0.41 +0.37 +0.28 +0.34

Manual annotators consistently preferred RAM-
SD when the explanation integrated multiple ev-
idence types rather than relying on a single
sentiment-like cue.

B.2 Cross-Judge Validation

We further re-evaluated the same 200 instances
with Gemini-2.5 Flash as an independent judge.

Table 11: Cross-judge validation with Gemini-2.5 Flash
on the same 200 instances.

System Corr. Suff. Cohe. Spec. Overall
RAM-SD 435 432 438 431 434
GPT-40+CoC 3.82 3.78 385 3.83 382

The same ranking is preserved across human and
independent-model judges, which suggests that the
main-text explanation gains are not an artifact of a
single evaluator.

C Additional Robustness and
Generalization Studies

C.1 Weak-Retrieval Robustness

To simulate rarely attested but still observed cases,
we replaced two of the three retrieved exemplars
with random training instances for every IAC-V1
test sample.

Table 12: Robustness under corrupted retrieval on IAC-
V1.

Retrieval configuration Ma-F1 Degradation

74.45 -
-1.74

Normal (top-3)
67% corrupted (2/3 random) 72.71

Even under this severe upper-bound stress test,
performance degrades gracefully rather than catas-
trophically, indicating that Stage 1 provides approx-
imate guidance instead of deterministic rules.

C.2 Stage-1 Rationale Verification

To assess whether rationale-augmented retrieval
captures human-interpretable evidence, two anno-
tators judged 100 Stage 1 rationale chains.

Table 13: Human verification of Stage 1 rationales.

Outcome Ratio
Correct T4%
Partially correct 21%
Incorrect 5%

We also observed that expert agreement with the
model’s routing increased from 72% to 84% after
annotators reviewed the Stage 1 rationales, suggest-
ing that the rationales make implicit pragmatic cues
more explicit.

C.3 API Call Complexity

To provide a hardware-independent cost view, we
report API-call counts for each reasoning plan.

Table 14: API calls per reasoning plan.

Plan type API calls
Simple Irony 4
Expectation Violation 6

Knowledge-Dependent 7

C.4 Cross-Dialectal Generalization

We further evaluated RAM-SD on BESSTIE di-
alectal English subsets.

Table 15: Cross-dialectal evaluation on BESSTIE.

Dialect RAM-SD GPT-40 SOTA vs. SOTA vs. GPT-4o
en-IN 83.51 7495 58.00 +25.51 +8.56
en-UK 83.18 82.05 77.00 +6.18 +1.13
en-AU 81.40 78.98 72.00 +9.40 +2.42

The strongest gain appears on Indian English,
suggesting that retrieval-grounded context and
adaptive plan selection are especially helpful when
sarcasm depends on culturally grounded knowl-
edge.

D Plan-Aligned Case Analysis

This appendix complements the main-text SemEval
failure case with an additional success case from
the knowledge-dependent regime.

D.1 Knowledge-Dependent Success Case

Text. “Yes it is, police aren’t obligated by the US
Constitution to protect individual citizens. If they
were, lawsuits could be filed every time a crime
is committed, and the police would go bankrupt
really quick.”

Ground truth / prediction. Ground-truth la-
bel O (non-sarcastic); RAM-SD predicts 0 with
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confidence 0.95. Direct GPT-40 prompting and
CoT-style baselines tend to over-predict sarcasm
here because they misread argumentative hyperbole
(“go bankrupt really quick™) as ironic exaggeration.
Why RAM-SD succeeds. Stage 1 retrieves
non-sarcastic legal and policy arguments whose
rationales emphasize literal reasoning rather than
mockery. The meta-planner therefore selects the
knowledge-dependent plan. The Knowledge Agent
grounds the claim in legal precedent and institu-
tional constraints, the Alignment Agent finds that
the literal meaning is consistent with common le-
gal knowledge, and the Semantic Agent identifies
a literal argumentative tone rather than semantic
inversion. The final judgement is thus driven by
agreement between retrieval, planning, and agent-
level evidence, showing how RAM-SD can sup-
press false positives when emphatic language ap-
pears inside sincere argumentative discourse.

E Full Prompt Templates

This appendix provides the complete prompt tem-
plates used in each stage of the RAM-SD frame-
work. All prompts are executed using GPT-40 with
temperature=0.1 for consistency.

E.1 Stage 1: Contextual Retrieval

E.1.1 Step 1.1: Rationale Generation Prompt
This prompt generates explanatory rationales
for each retrieved exemplar to create rationale-
augmented context Cyyg.

Rationale Generator

Analyze why the following text is [sarcastic/non-sarcastic]:
Text: "{text}" Label: {label}

Provide a concise rationale (2-3 sentences) explaining: 1.
Key linguistic features (tone, style, rhetorical devices) 2.
Contextual cues or knowledge dependencies 3. Why this is
clearly [sarcastic/non-sarcastic]

Focus on concrete evidence rather than abstract concepts.

Note: This prompt is applied to all 2k retrieved
exemplars to form the rationale-augmented context

Set Caug = {(j-jh yl? T/L)}'

E.1.2 Step 1.2: Similarity Analysis Prompt

After generating rationales, this prompt analyzes
the query’s similarity patterns with both sarcastic
and non-sarcastic exemplars. The analysis output
informs the Meta-Planner in Stage 2.

Similarity Analyzer

You are a similarity analysis expert. Compare the query text
with retrieved exemplars to identify linguistic patterns and
stylistic similarities.

**xQuery Text:** "{text}" {context_if_available}

*xRetrieved NON-SARCASTIC Examples (Label 0) with
Rationales:*x 1. Text: "{example_1}" | Rationale:
{rationale_1} 2. Text: "{example_2}" | Rationale:
{rationale_2} 3. Text: "{example_3}" | Rationale:

{rationale_3}

*xRetrieved SARCASTIC Examples (Label 1) with Rationales:*x
1. Text: "{example_1}" | Rationale: {rationale_1} 2.
Text: "{example_2}" | Rationale: {rationale_2} 3. Text:
"{example_3}" | Rationale: {rationale_3}

Analyze the query’s similarity patterns:

*xSimilarity to NON-SARCASTIC Examples:** - Shared features:
[tone, directness, literal expression, etc.] - Pattern
alignment: [similar linguistic structures or rhetorical
styles] - Strength of similarity: [strong/moderate/weak]
*xSimilarity to SARCASTIC Examples:x* - Shared features:
[irony markers, contradiction patterns, mocking tone, etc.]
- Pattern alignment: [similar ironic devices or expectation
violations] - Strength of similarity: [strong/moderate/weak]
*xComparative Assessment:** - Primary similarity direction:
[more similar to sarcastic/non-sarcastic/mixed] - Key
discriminative features: [2-3 critical differences from one
category] - Confidence level: [high/medium/low]
*xContextual Inference:*x Based on retrieved examples and
their rationales, infer: - Likely situational context
of the query - Potential background knowledge required
for interpretation - Candidate sarcasm type if sarcastic:
[expectation_violation/knowledge_dependent/ simple_irony]
Return structured analysis focusing on concrete pattern
matching with exemplars.

Output: This produces similarity analysis
Sanalysis that captures pattern-matching insights be-
tween query and exemplars, which is passed to
Meta-Planner along with Cyyg.

E.2 Stage 2: Retrieval-Augmented
Meta-Planning

E.2.1

This prompt integrates similarity analysis from
Stage 1 with feature analysis to select optimal rea-
soning plan. Produces both plan selection (P*) and
contextual analysis (Opjan)-

Meta-Planner (Retrieval-Augmented)

As meta-planner, analyze query and select optimal reasoning strategy.
*xQuery:xx "{text}"

*xSimilarity Analysis from Stage 1:*x {similarity_analysis_output}
*xRetrieved Examples Summary : xx = Non-sarcastic:
{brief_summary_of_non_sarc_examples} = Sarcastic:
{brief_summary_of_sarc_examples}

Based on similarity patterns and query features, analyze:

**xFeature Analysis:** 1. Contradiction level: [none/low/medium/high]
- between literal/intended meaning 2. Exaggeration/irony present:
[yes/no] 3. Emotional conflict: [yes/no] - positive words with negative
intent 4. Context dependency: [low/medium/high] 5. Rhetorical devices:
[list key devices if present] 6. Knowledge entities: [list SPECIFIC
entities: named persons, events, orgs] Exclude: generic concepts,
common terms, abstract ideas

*xPlan Selection (choose ONE):*x - expectation_violation: For
contradiction/irony, pragmatic violations - knowledge_dependent: For
SPECIFIC entities requiring background knowledge - simple_irony: For
short (fewer than 15 words), overt ironic expressions

*xContextual Analysis (O_plan):** Synthesize inferred context from
similarity analysis and examples: - Likely situational context:
[inferred scenario/setting] - Relevant background knowledge: [key
info for understanding] - Expectation baseline: [what would be normal
expression in this context] - Pragmatic interpretation hints: [guidance
for downstream agents]

*%0utput:#* {"selected_plan”:
"expectation_violation/knowledge_dependent/simple_irony”,
"confidence”: ©-1, "contextual_analysis”: "synthesized context and
interpretation guidance”, "reasoning”: "why this plan based on
similarity patterns and features"}

Priority: Weight similarity patterns heavily - if query strongly
matches sarcastic/ non-sarcastic exemplar patterns, factor this into
plan selection.

Meta-Planner Prompt

Output: Produces (P*, Oplan) Where P* deter-
mines agent ensemble for Stage 3, and Opjan pro-
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vides contextual grounding for all agents.
Implementation Note: LLM selection validated
by rules (text length greater than 50 words over-
rides simple_irony; 3+ specific entities triggers
knowledge_dependent).

E.3 Stage 3: Agent-Based Multi-View
Reasoning

All specialized agents receive the query text 7,
contextual analysis Oplay from Stage 2, and can ref-
erence the similarity analysis Synarysis and rationale-
augmented exemplars C,ue Wwhen needed.

E.3.1 Semantic Agent Prompt

This agent (Agem) performs semantic analysis.

Semantic Agent

As a semantic analysis expert, deeply analyze the semantics
of the text:

Text: "{text}" Context: "{context}" (if available)
Analysis: 1. Literal meaning and deep meaning 2. Emotional
tendency and intensity (positive/negative/neutral, intensity
1-10) 3. Emotional coloring of key vocabulary 4. Overall
tone (formal/informal/teasing/serious, etc.)

Return precise, concise structured analysis in several
sentences.

E.3.2 Expectation Agent Prompt

This agent (Aeyxp) builds expectation models using
contextual grounding from Meta-Planner.

Expectation Agent

Build expectation model using prior analysis:

Text: "{text}"

Analysis from prior agents: - Context analysis (from
Context Agent): {context_agent_output} - Semantic analysis
(from Semantic Agent): {semantic_agent_output} - Contextual
grounding (from Meta-Planner): {meta_planner_context}

Build expectation model: 1. Normal expectation: What
would be typical expression in this context 2. Actual
VS. expected: Compare query expression with baseline
expectation 3. Deviation analysis: Degree (1-1@) and
type (semantic/tonal/pragmatic) 4. Intentionality: Whether
deviation appears deliberate for rhetorical effect
Reference Meta-Planner’s expectation baseline for contextual
grounding. Return structured analysis (3-4 sentences).

E.3.3 Knowledge Agent Prompt

This agent (Axnow) retrieves background knowl-
edge.

Knowledge Agent

As a knowledge retrieval expert,
concepts in the text:

Text: "{text}" Context: {context_agent_output}

Please retrieve and analyze: 1. Key entities, people, events
mentioned in the text 2. Common evaluations, stereotypes,
public perceptions of these entities 3. Related background
knowledge and common sense 4. Importance of this knowledge
for understanding text sarcasm

Return precise, concise structured analysis in several
sentences.

analyze entities and

E.3.4 Alignment Agent Prompt

This agent (Aajign) checks alignment between text
and knowledge, referencing similarity patterns

from Stage 1.

Alignment Agent

Check alignment between text and background knowledge:
Text: "{text}" Semantic analysis: {semantic_agent_output}
Background knowledge: {knowledge_agent_output} Similarity
patterns (from Stage 1): {similarity_analysis_summary}
Analyze: 1. Consistency: Does literal meaning align
with background knowledge/common sense 2. Distortion
detection: Deliberate misrepresentation or counter-factual
claims 3. Inconsistency assessment: Degree (1-10) and nature
(factual/evaluative/tonal) 4. Sarcastic intent: Whether
inconsistency serves ironic/mocking purpose

Consider similarity patterns - if query matches known
sarcastic patterns with knowledge contradictions, weight
this evidence. Return structured analysis (3-4 sentences).

E.3.5 Incongruity Agent Prompt

This agent (Aincon) detects inconsistencies.

Incongruity Agent

Specifically detect and quantify inconsistencies:
Text: "{text}" Expectation
{expectation_agent_output}

Please detect: 1. Specific types of inconsistency (semantic,
emotional, logical, common sense, etc.) 2. Quantification
of inconsistency degree (1-10) 3. Whether inconsistency has
sarcastic effect 4. Key inconsistency points location and
manifestation
Return precise,
sentences.

analysis:

concise structured analysis in several

E.3.6 Rhetoric Agent Prompt

This agent (Ame) identifies rhetorical devices.
Added constraints to reduce false positives from
over-interpretation.

Rhetoric Agent

Identify if there is any rhetorical devices in the text:
Text: "{text}" Context: "{context}" (if available)

Focus on identifying: 1. Irony, exaggeration, understatement
2. Puns, rhetorical questions, interrogative sentences
3. Contrast, analogy 4. Contribution of these rhetorical
devices to the expression 5. Do not think too much, these
may be replies to other people on social media 6. Judge it
as you are a normal linguist, not a sarcasm detector

Return precise, concise structured analysis in several
sentences.

Modification Rationale: Points 5-6 instruct the
agent to avoid over-analyzing casual social media
language, reducing false positive rate (see Section
4.7.1 error analysis).

E.4 Stage 4: Synthesis and Final Judgment
E.4.1 Integrator Prompt

Enhanced with explicit decision logic, strict stan-
dards, and integration of Stage 1 similarity analysis
to address over-prediction bias.

Integrator

As sarcasm expert, synthesize all evidence and make final judgment:
*xQuery:xx "{text}"

*xSimilarity Analysis (Stage 1):** {similarity_analysis_from_stagel}
**Meta-Planner Output (Stage 2):*x Selected plan: {plan_type},
Contextual analysis: {O_plan_summary}

**kAgent Outputs (Stage 3):*x {all_agent_outputs_json}

**Decision Framework:**
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*Positive Indicators:* Contradiction literal/intended; rhetorical
questions with mocking; exaggeration/understatement; emotional
incongruity; ironic praise; expectation violations; strong similarity
to sarcastic exemplars

*Negative Indicators:* Direct criticism without irony; genuine
questions; consistent tone; literal matches intent; strong similarity
to non-sarcastic exemplars

*Synthesis Requirements:* 1. Weight similarity analysis heavily -
if Stage 1 shows strong pattern match to sarcastic/non-sarcastic,
prioritize this evidence 2. Evaluate coherence: Do multiple agents
agree on sarcastic interpretation? 3. Assess intentionality: Are
contradictions/devices deliberate rhetorical strategy? 4. Context
alignment: Does judgment match Meta-Planner’s contextual inference?
**%STRICT Decision Logic:** = Multiple clear indicators
(irony+contradiction+mocking) < similarity to sarcastic -
sarcastic - Strong similarity to sarcastic patterns + agent consensus
on irony =+ sarcastic - Obvious contradiction literal/intended with
intentionality - sarcastic - Direct criticism/opinions without ironic
devices = non-sarcastic - Genuine inquiry (not mockery) + similarity

to non-sarcastic = non-sarcastic - Emotional expression without
contradiction + non-sarcastic patterns - non-sarcastic
**Domain Context:** Forum posts/comments/replies. Apply STRICT

standards - only classify sarcastic with CLEAR evidence (intentional
irony/mockery/contradiction). Casual criticism without ironic intent
-+ non-sarcastic.

*x0utput Format:x* Line 1: «LABEL» 1 (sarcastic) or @ (non-sarcastic)
Line 2: JSON {"label”: 1/0, "conf": ©-1, "reasoning”: "synthesis
referencing similarity analysis, agent findings, and decision
rationale”}
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