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Abstract: Irony detection in social media requires modeling the incongruity between literal and intended meaning, where pragmatic
markers play a decisive role. This paper proposes a novel framework, IFM-Prompt-BERT, which leverages Illocutionary Force Markers
(IFMs)—both explicit (e.g., how wonderfu, sarcastic emojis) and implicit (e.g., rhetorical questions, hyperbolic modifiers)—as key
signals for irony recognition. Grounded in Searle’s speech act theory and Brown & Levinson’s politeness strategies, we hypothesize that
irony systematically exploits violations of cooperative principles through IFMs, with distinct patterns across speech act categories:
Assertives. Practical applications span social media sentiment monitoring (detecting disguised criticism) and dialog systems (preventing
misinterpretation). Theoretically, this work bridges pragmatics and computational linguistics, demonstrating that [IFMs provide a robust
explanatory framework for irony beyond lexical cues.
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1 Introduction

The present research introduces a novel framework to operationalize this hypothesis. Its principal innovations are threefold: Theoretical
Synthesis: We develop a robust taxonomy of potential irony markers by integrating Searle's taxonomy of speech acts (1976) with Brown and
Levinson's politeness theory(1987). This fusion allows for a granular analysis of how irony operates as a face-threatening act (FTA), often
mitigated or aggravated through specific strategies. For example, an ironic assertion ("I just love being put on hold") may violate Grice's
Maxim of Quality while employing exaggerated politeness or formulaic expressions to mark its critical force.Advanced Computational
Modeling: Moving beyond traditional feature-based classifiers, we propose a novel Contrastive Prompt Learning framework, implemented as
IFM-Prompt-BERT. This model is designed to explicitly teach a pre-trained language model to distinguish between literal and ironic readings
of the same utterance by leveraging contrastive pairs. Prompts are engineered to highlight the potential IFMs, forcing the model to attend to
the pragmatic markers essential for correct interpretation, rather than relying on superficial lexical cues.Pragmatic-First Approach: This study
shifts the focus from a purely semantic or sentiment-based view of irony to a pragmatic-centric one. By foregrounding the concept of
illocutionary force, we provide a more cognitively plausible and linguistically grounded account of irony detection that aligns with how
humans interpret indirectness.

This work aims to establish a new paradigm for irony detection, bridging the gap between theoretical pragmatics and cutting-edge
computational linguistics.

2 Theoretical Framework and Corpus Annotation

2.1 Definition of Illocutionary Force Markers (IFMs) for Sarcasm

Illocutionary Force Markers (IFMs) are the linguistic signals that guide the hearer toward interpreting the intended illocutionary force of
an utterance, which, in the case of sarcasm, is often the direct opposite of its literal meaning. We categorize these markers into two primary
types based on their explicitness:

Explicit Markers: These are overt, often lexicalized cues that carry strong conventionalized pragmatic meanings. Their interpretation is
highly dependent on shared cultural and contextual knowledge within a speech community.Examples:Interjections like " W] Fi] " (hehe,
implying disbelief or mockery) or "I" (wa, implying fake surprise); formulaic positive evaluations used negatively like "X #% 1" (brilliant,
fantastic) or "perfect"; specific discourse markers like "*4%8" (of course, signaling obviousness or mock agreement).

Implicit Markers: These are more subtle and rely on syntactic structures, semantic operations, or prosodic cues (represented through
typography in text). They require a deeper level of inferential reasoning from the hearer.Examples:Rhetorical Questions:A structure that has
the form of a question but functions as a strong assertion ("What could possibly go wrong?").Hyperbole and Exaggeration: The use of extreme
language to highlight the absurdity of a situation ("I only waited a million years for my coffee").Understatement/Litotes:Minimizing a
significant issue to draw attention to its gravity ("Getting a flat tire was a bit of a nuisance"). Typographical Cues:The use of capitalization ("I
am SO happy"), repeated punctuation ("Great!!!"), or emojis (e.g., ) that contradict the literal text.

These markers do not operate in isolation but function as a composite signal, creating a pragmatic dissonance that triggers a non-literal,
sarcastic interpretation.

2.2 A Taxonomy of Sarcasm Across Speech Acts

Building on Searle's (1976) classification of illocutionary acts, we analyze how sarcasm manifests within each category. Sarcasm
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typically subverts the prototypical sincerity conditions of these acts.

2.2.1 Assertives (Commit the speaker to the truth of a proposition): Sarcasm here violates the sincerity condition of belief. The speaker
asserts a positive proposition they blatantly disbelieve to criticize a state of affairs ("This is a well-organized meeting" said of a chaotic one).

2.2.2 Directives (Attempt to get the hearer to do something): Sarcastic directives are not genuine requests but are used to criticize the
hearer's current or past actions. The sincerity condition of desire is violated ("Why don't you just take your time?" to someone working too
slowly).

2.2.3 Commissives (Commit the speaker to a future course of action):Sarcastic commissives are hollow promises, violating the sincerity
condition of intention ("Yeah, I'll get right on that" implying the task will be ignored or delayed indefinitely).

2.2.4 Expressives (Express a psychological state about a state of affairs): This is the most common vehicle for sarcasm. The speaker
expresses a positive emotion (e.g., gratitude, admiration) where a negative one is felt, violating the sincerity condition of the expressed feeling
("I just love it when you leave the lights on").

2.2.5 Declaratives (Bring about changes in institutional states of affairs):Sarcasm is rare in true declaratives as they require specific
institutional roles. However, mock or pseudo-declaratives can be used sarcastically among peers ("l hereby declare you the messiest
roommate ever").

2.3 Corpus Construction and Annotation Scheme

To empirically validate our framework, we constructed a dedicated corpus of sarcastic utterances from social media.

2.3.1 Source:Data was sourced from two platforms to capture linguistic and cultural variety:Sina Weibo: Chinese-language posts were
collected from popular sarcasm-hashtags (e.g., # & i&i#, # A Jil#) and dedicated joke accounts.Reddit: English-language data was extracted
from subreddits explicitly dedicated to sarcastic content (e.g., r/sarcasm) and those where sarcasm is a prevalent discursive feature (e.g.,
r/MurderedByWords).

2.3.2 Annotation Protocol:A three-stage annotation process was undertaken by trained linguists. Each instance was annotated
for:Sarcastic Intent:A binary label (sarcastic / not sarcastic) to establish the ground truth.Primary IFM Type: For each sarcastic instance,
annotators identified the dominant IFM(s) from a predefined taxonomy (e.g., Explicit Lexical, Rhetorical Question, Hyperbole,
Understatement).Politeness Strategy (Brown & Levinson, 1987): Annotators identified the politeness strategy employed by the sarcastic act.
Crucially, sarcasm often functions as an on-record record impoliteness strategy, intentionally amplifying the Face-Threatening Act (FTA).
Alternatively, it can be used with redressive action, using irony itself as a form of negative politeness to soften a criticism. The annotation
captured this pragmatic effect (e.g., Bald-on-Record, Positive Impoliteness, Negative Politeness).

This finely-grained annotation scheme allows us to move beyond simple identification and towards a functional and pragmatic analysis
of how sarcasm operates linguistically across different contexts.

3 Methodology: The IFM-Prompt-BERT Framework

This section elucidates the architecture and operational mechanics of our proposed IFM-Prompt-BERT framework. The core innovation
lies in its integration of prompt-based learning with a contrastive objective, explicitly designed to sensitize the model to the pivotal role of
Ilocutionary Force Markers (IFMs) in sarcasm detection.

3.1 Template Design: Bridging Pragmatics and Pre-training

Our approach leverages manual templates to bridge the gap between the pre-training objectives of a Language Model (LM) like BERT
and the downstream task of sarcasm recognition. We design prompts that frame the task as a masked language modeling (MLM) problem,
forcing the model to rely on pragmatic cues for completion.

Base Template (Literal Prompt):This template serves as a baseline, designed to elicit a literal interpretation of the input text. It follows a
simple cloze-test structure:[CLS] Text [MASK] attitude. [SEP]"Example:For the input text "This plan is flawless.", the model would process:
[CLS] This plan is flawless. [MASK] attitude. [SEP].The model is expected to predict tokens like "positive" for the '[MASK]" position,
reinforcing a surface-level, literal reading.

FM-Augmented Template (Pragmatic Prompt):This is the cornerstone of our method. The template is engineered to explicitly
incorporate the IFM and reframe the task as one of inferring illocutionary intent. '[CLS] [IFM] Text. The illocutionary intent is [MASK]?
[SEP] Example: For the sarcastic text "WHA] This plan is flawless" (where "FA[HA[" heheis the IFM), the template injects this crucial cue [CLS]
FATHA] This plan is flawless. The illocutionary intent is [MASK]? [SEP]'

This prompt explicitly shifts the model's focus from "what is the sentiment?" to "what is the intended force?", priming it to use the IFM
("W ") as the primary clue for prediction. The expected completion for the '[MASK]" token would be a label representing a negative or
critical intent (e.g., "criticism", "disapproval").

3.2 Contrastive Learning Mechanism

To robustly teach the model the discriminative power of IFMs, we employ a contrastive learning strategy. This mechanism works by
creating pairs of samples to explicitly show the model how the presence or absence of a specific [FM alters the meaning.

Positive Sample Construction: A positive sample consists of the original sarcastic sentence paired with its correct IFM inserted into the
IFM-augmented template. This represents the genuine, sarcastic instance.Original Text:This plan is flawless. (with sarcastic intent)I[FM: "]
HH]" (hehe). Positive Sample:'[CLS] /W This plan is flawless. The illocutionary intent is [MASK]? [SEP] — Label: criticism

Negative Sample Construction:*We generate two types of negative samples to create "hard negatives" that are lexically similar but
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pragmatically different:FM Replacement:The original IFM is replaced with a lexically similar but pragmatically neutral or literal marker. This
teaches the model that specific markers trigger sarcasm. Action:Replace " Wi M " (*hehe*, sarcastic) with " B S " (indeed,
neutral/agreeing).Negative Sample 1: '[CLS] #i3£ This plan is flawless. The illocutionary intent is [MASK]? [SEP]" — This should not
yield criticism.2. FM Deletion: The IFM is entirely removed from the template, reverting the input towards its literal form.Action: Delete "]
N Negative Sample 2: '[CLS] This plan is flawless. The illocutionary intent is [MASK]? [SEP]' — This should not yield criticism.

4 Experiments and Results

This section presents a comprehensive empirical evaluation of the proposed IFM-Prompt-BERT framework. We detail the experimental
setup, compare our model against strong baseline models, and discuss the key findings that validate our core hypotheses regarding the role of
Illocutionary Force Markers (IFMs).

4.1 Datasets

To ensure a rigorous and fair evaluation, we employed two distinct datasets designed to test both in-domain performance and
cross-domain generalization capability.

Training & Development: SARCASM-v2:This dataset, an extension of the original SARCASM corpus, was used for model training and
validation. It consists of 12,000 social media comments (8,000 sarcastic, 4,000 non-sarcastic) meticulously annotated with Illocutionary Force
Markers (IFMs) and their corresponding speech act categories. Each instance was sourced from platforms like Weibo and Reddit and
underwent the annotation process described in Section 2.3. The key strength of this dataset is its fine-grained pragmatic labeling, which
allows for model training that explicitly leverages IFM cues.

Testing: Pun of the Day (Cross-Domain Generalization).To evaluate the model's ability to generalize beyond its training distribution and
recognize sarcasm in a different linguistic context, we utilized the "Pun of the Day" dataset. This dataset contains examples of sarcastic and
non-sarcastic puns and witty remarks, often presented in a more structured or narrative form compared to the informal social media comments
in SARCASM-v2. Using this dataset as a test bed provides a robust challenge, assessing whether our model learns genuine pragmatic
understanding rather than simply memorizing surface-level patterns from its training data.

4.2 Baseline Model Comparison

We compared the performance of IFM-Prompt-BERT against two state-of-the-art baseline models. Performance was measured using the
F1-score on the sarcastic class, as this metric provides a balanced view of precision and recall, which is crucial for handling class imbalance
often present in sarcasm detection tasks. The results, summarized in Table 1, demonstrate a significant performance improvement achieved by
our proposed framework.

Table 1: Model Performance Comparison (F1-Score on Sarcastic Class)

Model Architecture F1-Score
BERT-base Standart flne‘-FumAg on the sequence 76.2
classification on task
RoBERTa+Attention Fine-tuing RoBERTa-base augumented 78.9
with a hierachical attention mechanism
IFM-Promp-BERT(Ours) Contras’Flve prompt learning framework 847
with IFM-aware templateds

BERT-base: This model represents a strong standard baseline. Fine-tuning a pre-trained BERT model for classification is a common and
effective approach for many NLP tasks. Its performance of 76.2 F1 confirms the inherent difficulty of the sarcasm detection task for models
that lack explicit pragmatic signaling.

RoBERTa + Attention: This enhanced baseline replaces BERT with its more robustly trained counterpart, RoOBERTa. The addition of an
attention mechanism allows the model to theoretically weigh more important tokens. Its improved performance (78.9 F1) suggests that
focusing on specific parts of the utterance is beneficial, yet it still falls short of a dedicated pragmatic framework.

FM-Prompt-BERT: Our proposed model significantly outperforms all baselines, achieving an Fl-score of 84.7. This **5.8-point
absolute improvement** over the ROBERTa baseline strongly validates our core hypothesis. The framework's design—explicitly highlighting
IFMs through prompts and teaching their function through contrastive learning—proves to be a far more effective strategy for sarcasm
recognition.

5 Conclusion

This research set out to address the persistent challenge of irony detection in social media by proposing a novel perspective centered on
pragmatics rather than literal semantics. Through the development and rigorous evaluation of the IFM-Prompt-BERT framework, this study
has successfully demonstrated the critical role of pragmatic markers in deciphering non-literal meaning. Our findings offer significant
contributions to both linguistic theory and computational methodology, while also outlining a path for future work.

Our primary theoretical contribution lies in the empirical validation of a core tenet of pragmatics: that Illocutionary Force Markers (IFMs)
provide a powerful explanatory framework for ironic communication.We have moved beyond theoretical postulation to provide quantitative
evidence that these markers—whether explicit (e.g., "M H[") or implicit (e.g., rhetorical questions, hyperbole)—serve as the crucial, reliable
signals that trigger a non-literal interpretation. By integrating Searle's speech act taxonomy with Brown and Levinson's politeness theory, we
established a functional typology of irony, demonstrating how it operates as a face-threatening act across different categories of illocutionary
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force. The notable performance improvement, especially on directive speech acts (+9.1% F1-score), robustly confirms that irony is not merely
a reversal of sentiment polarity but a sophisticated pragmatic act governed by discernible linguistic rules. This work, therefore, successfully
bridges a long-standing gap between abstract pragmatic theory and concrete, verifiable computational linguistics research.

From a methodological standpoint, this study highlights the considerable technical value of prompt learning in activating latent
knowledge within pre-trained language models while reducing annotation dependency.Unlike traditional fine-tuning approaches that add
task-specific layers and often require massive amounts of labeled data to learn task-specific features from scratch, our prompt-based
framework cleverly reformulates the classification task into a cloze-test format familiar to models like BERT. This approach effectively
"activates" the pragmatic knowledge and reasoning capabilities already embedded during pre-training, guiding the model to focus on the most
salient cues—the IFMs. The contrastive learning mechanism further refined this ability by explicitly teaching the model to distinguish
between genuine markers and their neutral counterparts.This paradigm significantlylowers the dependency on vast amounts of densely
annotated data. While we utilized a corpus annotated with IFMs for training, the prompt-based approach is inherently more data-efficient than
standard supervised methods. It points toward a future where leveraging the intrinsic knowledge of LMs through smart prompting can achieve
superior performance with less task-specific annotation, a crucial advantage for processing low-resource languages or specialized pragmatic
phenomena.

Despite the promising results, this work opens up several avenues for future exploration. First, expanding the framework to a
multilingual and cross-culturalsetting is essential to overcome the limitations posed by culture-specific IFMs, as identified in our error
analysis. Second, investigating the automatic generation of optimal prompts for pragmatic tasks could further enhance model performance
and generalizability. Finally, exploring the integration of extra-linguistic context (e.g., user history, community norms) could provide an even
richer contextual ground for disambiguating subtle ironic intent.

In summary, this research affirms that a linguistically-grounded approach, powered by innovative computational techniques, offers a
robust solution to the complex problem of irony detection. By focusing on how intentions are signaled, rather than just what is said, we have
taken a significant step toward building NLP systems with genuine pragmatic competence.
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