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Abstract

Puns pose a challenging test case for large lan-
guage models (LLMs), as their interpretation
requires mapping a surface expression to an im-
plicit meaning through a specific pun-forming
mechanism. Existing benchmarks typically
evaluate isolated abilities such as detection, lo-
calization, explanation, or generation quality,
leaving unclear whether LLMs can consistently
identify, explain, and apply the mechanisms
that make puns work. To address this gap,
we introduce MECHPUNBENCH, a bilingual,
mechanism-oriented benchmark for Chinese
and English pun understanding and generation.
Each positive instance is annotated with trig-
ger spans, surface meanings, implicit meanings,
rhetorical effects, and mechanism labels. Based
on a taxonomy of Lexical-Semantic, Structural—
Syntactic, and Structural-Semantic puns, we
formulate six diagnostic tasks spanning sur-
face recognition to mechanism-guided gener-
ation. Experiments on representative closed-
source and open-source LLMs reveal a substan-
tial surface-mechanism gap: although the best
model achieves 82.8% detection accuracy and
88.2% containment localization accuracy, it re-
mains below the 4/5 threshold used in our eval-
uation on implicit meaning explanation, mecha-
nism explanation, rhetorical effect explanation,
and mechanism-consistent generation. These
findings suggest that recognizing puns or gen-
erating fluent pun-like text does not necessar-
ily indicate robust mechanism-level pun under-
standing.

1 Introduction

Puns are a compact yet challenging form of lan-
guage use: a surface expression evokes an addi-
tional implicit interpretation through a specific lin-
guistic trigger (Coulson, 2001; Giora, 2003). Such
effects may arise from lexical ambiguity, phono-
logical similarity, syntactic reanalysis, or seman-
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tic reinterpretation of larger expressions (Binsted
and Ritchie, 1994; Hempelmann, 2003; Ritchie,
2004). Because verbal humor depends on model-
ing competing meanings and their triggering condi-
tions, rather than surface amusement alone (Raskin,
1985; Attardo and Raskin, 1991; Attardo, 1994),
puns provide a useful testbed for mechanism-level
language understanding.

Although LLMs perform strongly on many lan-
guage tasks (Brown et al., 2020; OpenAl, 2023),
pun processing remains difficult. Prior work has
studied pun detection, localization, interpretation,
explanation, and generation (Miller et al., 2017;
Sun et al., 2022; Xu et al., 2024); however, many
evaluations focus on isolated abilities, such as de-
tecting whether a sentence contains a pun, iden-
tifying a trigger span, or judging the fluency of
generated pun-like text. These settings are use-
ful, but they do not directly test whether models
understand how a pun is formed. Recent studies
suggest that LLMs may rely on pun-like surface pat-
terns without fully capturing the underlying double
meaning or formation mechanism (Xu et al., 2024;
Zangari et al., 2025), consistent with broader con-
cerns about shortcut learning (Geirhos et al., 2020).
This raises our central question: can LLMs move
beyond surface-level pun recognition and exhibit
stable mechanism-sensitive behavior in explanation
and generation?

To address this question, we introduce MECH-
PUNBENCH!, a bilingual, mechanism-oriented
benchmark for Chinese and English pun under-
standing and generation. As illustrated in Figure 1,
our benchmark represents each pun as a structured
relation among its surface form, implicit meaning,
triggering mechanism, and rhetorical effect. This
annotation design makes explicit what expression
triggers the pun, what implicit meaning is evoked,
which linguistic mechanism connects the two, and
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Figure 1: Overview of MECHPUNBENCH. (A) Six diagnostic tasks evaluate Chinese and English puns under three
minimal direct licensing mechanisms. (B) Results reveal a recurring surface—-mechanism pattern: strong surface

recognition does not consistently translate into mechanism-sensitive explanation and generation.

what rhetorical effect the pun produces. Unlike
evaluations that treat puns only as binary labels or
final generated texts, MECHPUNBENCH enables
direct assessment of whether models can recover,
explain, and manipulate the mechanisms connect-
ing what is said to what is implied.

We further organize puns into three mechanism
types: Lexical-Semantic, Structural-Syntactic, and
Structural-Semantic. These categories distinguish
word-level ambiguity or similarity, alternative syn-
tactic analyses, and reinterpretation at the level of
larger expressions or compositional meanings. The
taxonomy allows us to evaluate not only whether a
model recognizes a pun, but also whether it can dis-
tinguish different ways in which double meanings
are constructed. The bilingual setting further tests
whether such mechanism-level behavior is robust
across Chinese and English, two languages that dif-
fer substantially in writing systems, morphology,
and common pun-forming resources.

Based on this annotation schema, we formulate
six diagnostic tasks: pun detection, pun localiza-
tion, pun type classification, implicit expression
recovery, mechanism explanation, and constrained
pun generation. These tasks form a progressive
evaluation pipeline from surface recognition to
mechanism recovery and mechanism application.
Detection and localization test whether models
can identify pun-like inputs and their triggering
spans; classification, recovery, and explanation test
whether models can infer and articulate the mech-
anisms behind double meanings; and constrained
generation tests whether models can apply a speci-

fied mechanism to produce valid puns rather than
merely fluent text. Together, these tasks provide a
fine-grained evaluation of pun understanding and
generation beyond surface-level success.

Experiments on representative closed-source
and open-source LLMs reveal a clear surface—
mechanism gap. The best model reaches 0.828
detection accuracy and 0.882 containment localiza-
tion accuracy, suggesting that current LLMs can
often identify pun-like inputs and locate their trig-
gers. However, mechanism-sensitive tasks remain
substantially harder: several strong models obtain
Type-3 F1 scores of only 0.00-0.36 without CoT,
explanation scores for implicit meaning, mecha-
nism, and rhetorical effect generally fall below the
predefined 4/5 usability threshold, and constrained
generation achieves high language naturalness but
much lower mechanism validity and dual-meaning
clarity. These results show that surface recognition
or fluent generation does not necessarily indicate
stable mechanism-level pun understanding.

Overall, our work makes the following contribu-
tions:

* We construct a bilingual mechanism-centered
pun dataset with structured annotations of trig-
gers, meanings, mechanisms, rhetorical effects,
and generation constraints.

* We operationalize pun-forming mechanisms
through a mechanism-oriented taxonomy and six
diagnostic tasks.

* We reveal a clear surface—mechanism gap in cur-
rent LLMs through systematic evaluation.
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2 Related Work

Pun Understanding and Benchmarks. Compu-
tational humor is challenging because it involves
ambiguity, incongruity, pragmatic inference, and
rhetorical intention (Ritchie, 2001; Mihalcea and
Strapparava, 2005). Classic theories of verbal hu-
mor suggest that humor understanding requires
more than recognizing amusing surface patterns
(Raskin, 1985; Attardo and Raskin, 1991). Puns
are a representative form of wordplay, as their ef-
fects are often grounded in identifiable triggers and
mechanisms such as polysemy, phonological simi-
larity, syntactic ambiguity, or semantic reanalysis
(Binsted and Ritchie, 1994; Hempelmann, 2003;
Ritchie, 2004). Early pun processing work mainly
focused on detection, localization, and interpreta-
tion. SemEval-2017 Task 7 defined subtasks for
detecting puns, locating punning words, and inter-
preting intended meanings (Miller et al., 2017), and
participating systems explored knowledge-based or
supervised methods for these subtasks (Mikhalkova
and Karyakin, 2017). Later work further mod-
eled detection and localization jointly (Zou and
Lu, 2019). These studies provide important founda-
tions, but they offer limited evidence about whether
models can identify the mechanisms by which puns
are formed.

Pun Explanation, Generation, and LLMs. Re-
cent work extends pun processing to explanation
and generation. ExXPUNations augments pun data
with keywords, explanations, and funniness ratings
(Sun et al., 2022), while pun generation studies
explore neural generation, humor principles, and
preference learning (Yu et al., 2018; He et al., 2019;
Tian et al., 2022; Chen et al., 2024). Recent stud-
ies have also examined LLLMs on pun recognition,
explanation, and generation. Xu et al. (2024) show
that LLMs can identify familiar punning patterns
but struggle with deeper explanation and faithful
generation. Zangari et al. (2025) further argue that
LLMs may respond to pun-like surface patterns
even when the actual double meaning is removed,
which is consistent with broader concerns about
shortcut learning in neural models (Geirhos et al.,
2020). These works show that pun processing re-
quires more than detection or fluent generation, yet
many evaluations still focus on post-hoc explana-
tion quality, final fluency, funniness, or target-word
inclusion, rather than on the mechanisms that con-
nect triggers, meanings, and effects.

Multilingual Coverage and Evaluation. Most
existing pun benchmarks are English-centered or
focus on isolated tasks. Chinese resources such
as ChinesePun support pun generation and evalu-
ation (Chen et al., 2024), but existing Chinese or
cross-lingual work often focuses on generation or
translation rather than a unified diagnosis of under-
standing and generation. Open-ended pun explana-
tion and generation also cannot be fully evaluated
by string matching, motivating the use of LLM-as-
Judge and rubric-based evaluation methods (Zheng
et al., 2023; Liu et al., 2023). In contrast, our
benchmark adopts a mechanism-centered annota-
tion schema, covers both Chinese and English puns,
and organizes evaluation as six progressive diag-
nostic tasks: detection, trigger localization, mech-
anism classification, implicit expression recovery,
mechanism explanation, and constrained genera-
tion. This design enables a fine-grained analysis of
whether LLMs can move from surface-level recog-
nition to mechanism-sensitive explanation and gen-
eration.

3 Method

This section describes the construction of our
benchmark. We first define the mechanism tax-
onomy used to assign pun types, then describe data
sources, annotation fields, and quality control, and
finally formulate the six diagnostic tasks derived
from the annotated fields.

3.1 Pun Mechanism Taxonomy

To evaluate mechanism-sensitive behavior in pun
processing, we introduce a three-way mechanism
taxonomy of pun formation, motivated by prior
accounts of ambiguity, script opposition, phono-
logical similarity, and semantic reinterpretation in
verbal humor and punning (Raskin, 1985; Attardo,
1994; Hempelmann, 2003; Ritchie, 2004). The tax-
onomy classifies each pun by its minimal direct
licensing mechanism, namely the most direct lin-
guistic operation that connects the surface expres-
sion with the implicit interpretation and without
which the intended double meaning would not be
licensed. Under this criterion, the three categories
are mutually exclusive mechanism types rather than
overlapping sets of surface cues: auxiliary cues
may co-Occur in a punning expression, but they
determine the label only when they constitute the
minimal direct mechanism that licenses the double
meaning.
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Type Example Explanation
Lexical— I used to be a banker;, | Interest activates both
Semantic but I lost interest. personal interest and
financial interest.
Structural— One morning I shotan | In my pajamas can
Syntactic elephant in my paja- | attach to either the
mas. shooting event or an
elephant.
Structural— The Titanic passen-| The idiom sinking
Semantic gers had a sinking | feeling is reinterpreted
feeling. through the literal
sinking of the ship.

Table 1: Examples of the three mechanism types.

* Lexical-Semantic Pun: the double meaning is
licensed by a localized lexical unit through am-
biguity, homophony, or related lexical-semantic
activation.

* Structural-Syntactic Pun: the punning effect
is licensed by alternative syntactic analyses of
the same surface form.

* Structural-Semantic Pun: the double mean-
ing is licensed by semantic reinterpretation of
a larger expression, idiom, fixed phrase, or con-
struction under stable syntax.

This taxonomy is used as the label space for
pun type classification, the basis for mechanism
explanation, and the mechanism constraint for
constrained pun generation. Detailed decision
rules and additional examples are provided in Ap-
pendix A.

3.2 Data Construction and Annotation

Data Sources. We construct a bilingual dataset
of 2,100 positive pun instances and 400 negatives,
balanced by language (1,050 Chinese and 1,050 En-
glish) and mechanism type (700 instances per cate-
gory). Part of the data is sampled from SemEval-
2017 Task 7 (Miller et al., 2017) and ChinesePun
(Chen et al., 2024), with the rest collected from
diverse real-world sources. We reuse only orig-
inal texts from existing resources and manually
re-annotate all mechanism-oriented fields. The de-
tection set uses 600 positives and 400 negatives,
while the remaining 1,500 positives are used for
SFT and mechanism-oriented distillation. Details
are provided in Appendix C.

Filtering and Annotation. For pun detection,
we construct hard negatives, including trigger-
removed minimal pairs, topic-matched non-puns,
and ambiguous or homophonic sentences without
coherent double-meaning activation. For example,
The musician fixed the broken string before the con-
cert preserves a music-related context but does not

E1l Detection 1000
E2 Localization
E3 Classification

E4 Recovery

E5 Explanation

E6 Generation

T
1000

T
0 500
Number of samples

Figure 2: Task-specific evaluation data scale. Detec-
tion includes positive and hard negative samples; the
other tasks use annotated positive puns.

activate both the literal meaning of string and an
idiomatic meaning such as string someone along.
Positive samples are annotated with trigger spans,
mechanism types, surface meanings, implicit ex-
pressions, triggering mechanisms, and rhetorical
effects. Two annotators label mechanism types,
achieving Cohen’s k = 0.863 (Cohen, 1960; Lan-
dis and Koch, 1977); disagreements are resolved
by a third annotator.

Task-specific Data Scale. Figure 2 summarizes
the task-specific evaluation sizes. Detection uses
both positive and hard negative samples, while the
other tasks use positive pun samples with task-
specific annotations.

3.3 Task Formulation

Based on the mechanism-oriented annotation
schema, we formulate six diagnostic tasks to evalu-
ate models’ mechanism-sensitive behavior in pun
understanding and generation. Following diagnos-
tic evaluation principles (Ribeiro et al., 2020), these
tasks are designed to target specific capabilities
rather than only report aggregate benchmark perfor-
mance. The tasks are divided into two groups. The
understanding-oriented tasks include pun detection,
pun localization, and pun type classification, which
respectively evaluate whether models can recog-
nize punning expressions, identify the trigger span,
and distinguish the minimal direct licensing mech-
anism behind a pun. The generation-oriented tasks
include implicit expression recovery, mechanism
explanation, and constrained pun generation, which
evaluate whether models can recover hidden mean-
ings, explain how a pun works, and generate valid
puns under explicit constraints.

Formally, given an input text , pun detection
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predicts a binary label y € {0,1}, where y = 1
indicates that x contains a pun and y = 0 indicates
a non-punning text. For a positive pun sample 2,
pun localization predicts the trigger span ¢, and
pun type classification predicts a mechanism label
m € {LEXSEM, STRSYN, STRSEM}. For open-
ended tasks, the model generates an implicit expres-
sion h, a structured explanation e, or a constrained
punning sentence g conditioned on task-specific in-
puts. Each task is grounded in a specific annotation
field, allowing the benchmark to diagnose mod-
els from surface recognition to mechanism-guided
generation. Detailed task definitions are provided
in Appendix B, and prompt templates with output
formats are provided in Appendix E.

4 Experiments

4.1 Experimental Setup

We evaluate five representative LLMs on the
six diagnostic tasks: GPT-5.4 (OpenAl, 2026b),
Claude Opus 4.6 (Anthropic, 2026a), Gemini 2.5
Pro (Gemini Team, Google, 2025), Qwen3.6-Plus
(Qwen Team, 2026), and Qwen2.5-7B (Qwen
Team, 2024b,a). This selection covers stronger
closed-source systems and a smaller open-source
model under the same benchmark framework.

All models are evaluated with the same task-
specific prompt formats. For discriminative tasks,
including pun detection, localization, and type clas-
sification, we use deterministic decoding with tem-
perature set to 0; for open-ended tasks, including
implicit expression recovery, mechanism explana-
tion, and constrained generation, we set the tem-
perature to 0.7. CoT prompting is applied only
to pun type classification, mechanism explanation,
and constrained generation, where explicit reason-
ing may affect mechanism-level performance (Wei
et al., 2022; Kojima et al., 2022). Detection, lo-
calization, and recovery are evaluated with direct-
answer prompts.

We report task-specific metrics. Detection and
type classification use accuracy and F1-based
metrics; localization uses exact match, contain-
ment match, and IoU; implicit expression recov-
ery uses edit-distance weighted scores and LLM-
as-Judge scores over Top-1 and Top-5 candidates;
mechanism explanation and constrained genera-
tion use rubric-based judge scores. For additional
fine-tuning analysis, we compare standard SFT
(Ouyang et al., 2022) and mechanism-oriented dis-
tillation (Hinton et al., 2015) on Qwen2.5-7B for

pun type classification.

For open-ended tasks, GPT-5.4-mini is used as
the primary judge to score all model outputs accord-
ing to task-specific rubrics, following recent LLM-
as-Judge evaluation practice (Zheng et al., 2023;
Liu et al., 2023). To assess reliability, we conduct
sampled reference evaluation with human annota-
tors and Claude Sonnet 4.6 on the same subset of
outputs and compute Spearman correlations (Spear-
man, 1904) among their scores. Model identities
are anonymized during judging to reduce potential
model-identity bias.

4.2 Understanding-oriented Experiments

The understanding-oriented experiments examine
whether models can move from pun detection to
pun localization and mechanism discrimination.

4.2.1 Pun Detection

Model | Acc. Prec. Rec. F1 BAcc.
GPT-54 0.828 0.822 0.910 0.864 0.807
Qwen3.6-Plus 0.794 0.842 0.810 0.826 0.789
Claude Opus 4.6 | 0.781 0.816 0.816 0.816 0.772
Gemini 2.5 Pro | 0.753 0.752 0.878 0.810 0.722
Qwen2.5-7B 0.582 0.677 0.580 0.625 0.583

Table 2: Results on the pun detection task. BAcc. de-
notes balanced accuracy.

As shown in Table 2, strong models perform
reasonably well on pun detection, with GPT-5.4
achieving the best accuracy and balanced accu-
racy. Since the detection set contains 600 posi-
tive and 400 negative samples, the majority-class
baseline is 60.0%; thus, balanced accuracy is also
reported to account for class imbalance (He and
Garcia, 2009). Qwen2.5-7B falls below the major-
ity baseline in raw accuracy and obtains only 0.583
BAcc., suggesting that smaller models are less re-
liable at distinguishing puns from hard non-pun
instances. Overall, detection is not the main bottle-
neck for strong LL.Ms, but it only tests surface-level
recognition. Full detection results over all evalu-
ated models and language-specific breakdowns are
provided in Appendix F.

4.2.2 Pun Localization

To avoid trivial containment, full-sentence or ex-
cessively long predictions are marked invalid. As
shown in Table 3, closed-source models achieve
high Cont. scores but substantially lower EM
scores, indicating that they can often identify the
approximate trigger region while still producing
coarse span boundaries. Qwen2.5-7B performs
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Model | EM Cont. IoU

GPT-5.4 0.660 0.882 0.800
Qwen3.6-Plus | 0.658 0.867 0.778
Claude Opus 4.6 | 0.695 0.867 0.802
Gemini 2.5 Pro | 0.665 0.865 0.789
Qwen2.5-7B 0.442 0.780 0.603

Table 3: Results on the pun localization task. EM, Cont.,
and IoU denote exact match, containment match, and
character-level intersection-over-union, respectively.
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Figure 3: Qwen3.6-Plus Type Confusion. Row-
normalized confusion matrices (%) of Qwen3.6-Plus
on pun type classification. Without CoT, Type-3 cases
collapse into Type-1; with CoT, predictions become
more balanced.

notably worse, especially in IoU. Overall, pun lo-
calization is easier than pun type classification, but
trigger identification is not fully precise. Detailed
matching rules and full results are provided in Ap-
pendix G.

4.2.3 Pun Type Classification

Model \ Acc. Tl T2 T3
GPT-5.4 .75/.82 .81/.73 .89/.93 .36/.81
Claude Opus 4.6 751777 .82/.67 .91/.88 .08/.80
Qwen3.6-Plus .67/.76 .78/.70 .59/.78 .00/.84
Gemini 2.5 Pro 701770 .78/.67 .78/.84 .26/.76
Qwen2.5-7B 47150 .65/.49 .07/.17 .21/.69
Qwen2.5-7B-Distill .76 .62 .79 .85
Qwen2.5-7B-SFT .56 .70 28 40

Table 4: Mechanism-oriented pun type classification
results. Values before/after the slash denote results with-
out/with CoT. T1-T3 denote F1 scores for Typel-Type3
puns. Fine-tuned variants are evaluated under a single
inference setting.

Pun type classification directly evaluates
whether models can move from recognizing pun-
like cues to distinguishing the mechanism that li-
censes the double meaning. As shown in Table 4,
direct prompting exposes a strong mechanism-level
category bias. The most salient failure occurs on
Type-3 puns: Qwen3.6-Plus obtains 0.00 Type-
3 F1 without CoT, and Claude Opus 4.6 obtains
only 0.08. This is not simply a general accuracy
drop. Type-3 puns require models to recognize

expression- or construction-level semantic reinter-
pretation under relatively stable syntax, which is
less locally marked than lexical ambiguity or syn-
tactic reanalysis. The low Type-3 scores therefore
suggest that, when no explicit reasoning is required,
models tend to reduce pun type classification to
more salient local cues.

The confusion matrix of Qwen3.6-Plus provides
a representative view of this failure mode. As
shown in Figure 3, without CoT, Qwen3.6-Plus
maps almost all Type-3 instances to Type-1, and
many Type-2 instances are also absorbed into Type-
1. This indicates a lexical-semantic shortcut: the
model tends to search for a salient word or phrase
that can be associated with two meanings, even
when the intended pun is licensed by a larger ex-
pression or structural relation. In other words, the
main error is not random confusion among three
labels, but a systematic collapse from higher-level
mechanisms into the lexical-semantic category.

CoT guidance substantially changes this pattern.
Type-3 F1 improves from 0.00 to 0.84 for Qwen3.6-
Plus and from 0.08 to 0.80 for Claude Opus 4.6,
suggesting that explicit step-by-step comparison
helps models attend to the distinction between lexi-
cal ambiguity, syntactic reanalysis, and expression-
level semantic reinterpretation. However, this im-
provement should be interpreted cautiously. The
Qwen3.6-Plus heatmap also shows that CoT shifts
the decision boundary rather than simply eliminat-
ing errors: some Type-1 cases are now predicted
as Type-3. Thus, CoT appears to make mechanism
definitions more salient and encourages rule-like
comparison, but it does not prove that models have
fully internalized a stable mechanism taxonomy.

Prompt Sensitivity. To examine whether clas-
sification performance is primarily driven by de-
tailed mechanism definitions or structured output
scaffolding, we conduct a 2 x 2 ablation on GPT-
5.4. The experiment crosses full mechanism defini-
tions versus label-only descriptions with full JSON
versus minimal label outputs, allowing us to iso-
late the effects of ontology guidance and output
formatting. All other settings, including the 600
evaluation samples, sample construction, decoding
parameters, and number of runs, are held fixed. As
shown in Table 5, replacing full JSON with min-
imal outputs produces only small changes under
either definition condition. With full definitions,
minimal output reduces accuracy from 0.745 to
0.738 and Macro-F1 from 0.687 to 0.678. Under
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Setting Acc. M-F1 T1 T2 T3
Full def. + Full JSON 745 .687 .809 .894 .359
Full def. + Minimal 738 678 .803 .887 .344

Label only + Full JSON .718 .657 .794 .874 .303
Label only + Minimal  .710 .647 .788 .866 .287

Table 5: Prompt-sensitivity results for GPT-5.4 on pun
type classification. M-F1 denotes Macro-F1, and T1-T3
denote type-specific F1 scores.

label-only descriptions, the corresponding changes
are similarly small, from 0.718 to 0.710 in accuracy
and from 0.657 to 0.647 in Macro-F1. In contrast,
removing the detailed definitions produces a some-
what larger, though still moderate, performance
reduction under both output formats.

When both forms of scaffolding are removed,
accuracy decreases from 0.745 to 0.710 and Macro-
F1 decreases from 0.687 to 0.647, corresponding
to drops of 3.5 and 4.0 percentage points, respec-
tively. Importantly, the qualitative error pattern
remains stable across all four conditions. Type-
1 and Type-2 performance remains substantially
higher than Type-3 performance, while Type-3 F1
ranges only from 0.287 to 0.359. Moreover, Type-3
instances continue to be predominantly misclassi-
fied as Type-1, indicating that the lexical-semantic
shortcut is not an artifact of a particular prompt for-
mat. These results suggest that detailed definitions
provide a modest performance scaffold by making
the distinctions among the three mechanism types
more explicit, whereas JSON formatting mainly
standardizes output parsing. Neither factor, individ-
ually or jointly, accounts for the persistent difficulty
of distinguishing expression-level semantic reinter-
pretation from localized lexical ambiguity.

Effect of Mechanism-oriented Distillation. As
a preliminary fine-tuning analysis, we compare
standard SFT and mechanism-oriented distillation
on Qwen2.5-7B under the same classification set-
ting. As shown in Table 4, standard SFT yields
only limited improvement and still leaves clear cat-
egory imbalance, especially on mechanism types
that require non-lexical reasoning. In contrast, the
distillation variant achieves higher overall accuracy
and more balanced Type-2 and Type-3 F1 scores.
This suggests that label-only SFT is insufficient to
correct the observed category bias, whereas teacher
signals that expose mechanism-oriented reasoning
provide more useful supervision for type discrim-
ination. Since this analysis is limited to one base
model and one classification task, we treat it as

suggestive rather than conclusive. Overall, pun
type classification shows that current LL.Ms strug-
gle to maintain stable mechanism-level distinctions,
while explicit reasoning and mechanism-oriented
supervision can partially alleviate this issue. De-
tailed results are provided in Appendix H.

Language-level Observation. Because MECH-
PUNBENCH covers both Chinese and English, we
further inspect language-specific results in the
understanding-oriented tasks. We do not observe
a consistent Chinese—English performance gap
across detection, localization, or type classifica-
tion; instead, the more stable pattern is a task-level
surface-mechanism gap. Full language-specific
results are provided in Appendices F, G, and H.

4.3 Generation-oriented Experiments

The generation-oriented experiments evaluate
whether models can reconstruct and apply pun
mechanisms through implicit expression recovery,
mechanism explanation, and constrained pun gen-
eration.

For open-ended tasks, we employ GPT-5.4-mini
(OpenAl, 2026a) as the primary evaluator for large-
scale assessment, following recent LLM-as-Judge
evaluation practice (Zheng et al., 2023; Liu et al.,
2023). Detailed scoring rubrics for the three open-
ended tasks are provided in Appendix D. These
rubrics define a 0-to-5 scale with explicit seman-
tic anchors, thereby treating scores as semantically
meaningful intervals rather than arbitrary numer-
ical values. In consistency checks, we observed
that the model evaluator is more lenient in as-
sessing generation quality than human annotators.
We therefore designate a score of 4—anchored to
human-perceived semantic adequacy—as the oper-
ational threshold, representing the minimum level
at which an output satisfies the primary task re-
quirements and is deemed usable without substan-
tial revision. Accordingly, we adopt scores > 4 as
the criterion-referenced benchmark for acceptable
performance. To assess reliability, we randomly
sample outputs for supplementary evaluation by
both human annotators and Claude Sonnet 4.6 (An-
thropic, 2026b) under anonymized conditions. As
reported in Table 6, Spearman rank correlations
(Spearman, 1904) among the three evaluators re-
main consistently high across all tasks, indicating
that the automated scores provide stable rank-order
reference signals. Additional human binary accept-
ability checks for the score-4 threshold are pro-
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vided in Appendix D.

Task n  GPT-Hum. p GPT-ClL. p Hum.-Cl. p
Recovery 200 0.83 0.87 0.82
Explanation 200 0.86 0.84 0.89
Generation 100 0.84 0.81 0.85

Table 6: Rank-level consistency among GPT-5.4-mini,
human annotators, and Claude Sonnet 4.6 on sampled
outputs. p denotes Spearman correlation.

4.3.1 Implicit Expression Recovery

Model ‘Tl Edit T5 Edit T1 Judge T5 Judge
GPT-5.4 0.364 0.501 3.705 4.180
Qwen3.6-Plus 0.344 0.484 3.750 4.235
Claude Opus 4.6| 0.316 0.437 3.710 4.065
Gemini 2.5 Pro | 0.337 0.482 3.700 4.190
Qwen2.5-7B 0.168 0.229 3.280 4.220

Table 7: Results on the implicit expression recovery task.
T1/T5 denote Top-1/Top-5 candidate outputs; Edit and
Judge denote edit-distance weighted scores and LLM-as-
Judge scores, respectively. Bold values indicate scores
of 4 or above.

Implicit expression recovery evaluates whether
models can infer the hidden semantic expression
behind a pun. Models output Top-1 to Top-5 can-
didates, which are evaluated with two complemen-
tary metrics: an edit-distance weighted score for
surface-form closeness to the annotated expression,
and a judge-based score for semantic recovery. The
former is sensitive to paraphrases, wording differ-
ences, and specificity mismatches, while the latter
assesses whether the intended hidden meaning is
captured even without lexical identity. Following
the judge rubric, scores of 4 or above are treated as
usable recovery results.

As shown in Table 7, edit-distance scores remain
low, especially for Top-1 outputs, indicating that
recovered expressions often differ in form from
the gold annotation. Judge scores are much higher,
particularly for Top-5, because at least one candi-
date often captures the intended meaning through a
paraphrase, broader concept, or related expression.
This suggests that models can often approach the
latent semantic space of the pun, but still struggle
to produce the exact intended expression and rank
it first. Full recovery results and detailed scoring
rubrics are provided in Appendices I and D, respec-
tively.

4.3.2 Mechanism Explanation

Mechanism explanation evaluates whether mod-
els can explain a pun across four rubric dimen-

Model ‘ Surface Implicit Mechanism  Effect

Claude Opus 4.6|3.20/4.02 2.70/3.44  2.82/3.58 2.90/3.63
Gemini 2.5 Pro |3.18/3.92 2.53/3.13  2.82/3.35 2.82/3.51

GPT-5.4 2.83/4.04 2.48/3.30  2.69/3.62 2.49/3.66
Qwen3.6-Plus  (2.92/3.78 2.41/2.95 2.62/3.23 2.53/3.34
Qwen2.5-7B 2.43/3.21 1.30/1.91 1.34/1.68 1.01/1.49

Table 8: Results on the mechanism explanation task.
Values before/after the slash denote results without/with
CoT. Surface, Implicit, Mechanism, and Effect denote
the four rubric dimensions; bold values indicate scores
of 4 or above.

sions: surface meaning, implicit meaning, trigger-
ing mechanism, and rhetorical effect. In the judge
rubric, a score of 4 or above is predefined as a
usable explanation, meaning that the output is ac-
curate, clear, and sufficiently informative for the
corresponding dimension. As shown in Table 8§,
CoT improves scores across most dimensions, but
the improvement is uneven. Models can explain
surface meanings relatively well, with the strongest
CoT scores reaching the usable threshold. How-
ever, implicit meaning, mechanism explanation,
and rhetorical effect remain below 4 for all models.
This shows that current LLMs can often paraphrase
what is explicitly expressed, but still struggle to
provide stable mechanism-sensitive explanations
of how the pun works. Full explanation results
are provided in Appendix J, and detailed scoring
rubrics are provided in Appendix D.

4.3.3 Constrained Pun Generation

Mech. Dual Lang.

GPT-5.4 2.85/3.72 2.94/3.05 4.72/4.14 2.45/1.96
Qwen3.6-Plus  [2.77/3.21 2.73/2.58 4.75/4.34 2.40/1.47
Claude Opus 4.6(2.70/3.52 2.64/2.86 4.70/4.29 2.20/1.82
Gemini 2.5 Pro [2.11/2.82 2.06/2.48 4.69/4.69 1.68/1.68
Qwen2.5-7B 1.47/2.03 1.34/1.29 4.67/3.86 1.22/1.21

Model \ Creat.

Table 9: Constrained pun generation results. Values are
reported as w/o CoT / with CoT. Mech., Dual, Lang.,
and Creat. denote mechanism validity, dual-meaning
clarity, language naturalness, and creativity.

Constrained pun generation evaluates whether
models can generate valid puns under constraints
such as topic, target word, mechanism type,
and style, following controllable text generation
(Keskar et al., 2019). Outputs are scored on mech-
anism validity, dual-meaning clarity, language nat-
uralness, and creativity. In the judge rubric, scores
of 4 or above are predefined as basically usable;
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Figure 4: Fluency—-Mechanism Gap in Generation.
Average constrained generation scores across models.
Fluency remains high, while mechanism validity, dual-
meaning clarity, and creativity stay below the usability
threshold.

Full generation results are provided in Appendix K;
prompts and scoring rubrics are provided in Appen-
dices E and D, respectively.

As shown in Table 9 and Figure 4, models pro-
duce fluent sentences, with language naturalness of-
ten reaching the usable threshold. However, mech-
anism validity, dual-meaning clarity, and creativ-
ity remain much lower, revealing a clear fluency—
mechanism gap. CoT improves mechanism validity
for all models and dual-meaning clarity for some,
but often reduces language naturalness and creativ-
ity, suggesting that explicit reasoning makes gen-
eration more mechanism-oriented but also more
conservative.

A parallel 2 x 2 prompt ablation shows that the
same fluency—mechanism pattern persists across
mechanism-definition and output-format condi-
tions. Removing detailed definitions causes a mod-
est decline, whereas simplifying the JSON output
has only a small effect; full results are reported in
Table 28.

Performance also varies by target mechanism
type: GPT-5.4 obtains lower mechanism-validity
and dual-meaning scores for T3 than for T1, while
naturalness remains stable across types; detailed
results and significance tests are provided in Ta-
ble 27.

Case Study. Qualitative inspection reveals two
recurring failures in constrained generation: weak
semantic grounding, where a surface association
fails to support a coherent second meaning, and
target drift, where the pun moves from the required
target word to another salient word.

In a representative GPT-5.4 case with topic
= travel and transport, target type = Lexical-
Semantic, pun word = harried, and style = short

natural one-line, the non-CoT output is “The air-
port made me so harried, I nearly got married to
my suitcase,” while the CoT output is “The sub-
way delays harried me so much, I arrived both
late and mentally derailed.” The former suggests
harried/married but lacks a coherent second mean-
ing licensed by harried; the latter shifts the actual
pun to derailed. Both outputs remain fluent and
topic-related, explaining why language naturalness
can be high while mechanism validity and dual-
meaning clarity remain low.

Robustness to Sampling Variability. To assess
whether the main findings are sensitive to sampling
variability in the open-ended evaluation sets, we
report percentile 95% confidence intervals from
10,000 instance-level bootstrap resamples stratified
by language and mechanism type (random seed:
42). For GPT-5.4, the Top-1 and Best-of-5 recov-
ery judge scores are 3.705 [3.57, 3.84] and 4.180
[4.08, 4.28], respectively; the CoT mechanism-
explanation score is 3.619 [3.49, 3.75]; and the
without-CoT generation scores are 2.85 [2.64, 3.06]
for mechanism validity and 4.72 [4.61, 4.82] for
language naturalness. These intervals support the
conclusions drawn from the point estimates: con-
sidering multiple candidates increases recovery
coverage, mechanism explanation remains below
the usability threshold, and generation exhibits sub-
stantially higher naturalness than mechanism valid-

ity.
5 Conclusion

We introduced MECHPUNBENCH, a bilingual
mechanism-centered benchmark with structured an-
notations, a three-way mechanism taxonomy, and
six diagnostic tasks. Experiments reveal a clear
surface—mechanism gap: strong LLMs can detect
puns and roughly locate triggers, but remain unsta-
ble in mechanism classification, recovery, explana-
tion, and constrained generation. These findings
suggest that current LLMs can recognize or fluently
produce pun-like text, but still struggle to reliably
recover, explain, and apply the mechanisms that
make puns work.

Limitations

This work has several limitations. The benchmark
covers only Chinese and English puns with a lim-
ited data scale, so the findings may not generalize
to other languages or culturally specific forms of
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wordplay. The mechanism taxonomy is an opera-
tional annotation schema, and some multi-cued
puns may still involve subjective labeling deci-
sions despite the minimal direct licensing criterion,
inter-annotator agreement, and adjudication. Open-
ended tasks rely partly on rubric-based LL.M-as-
Judge evaluation, which may introduce bias and
may not fully capture humor, creativity, or prag-
matic appropriateness (Zheng et al., 2023; Liu et al.,
2023). Results on closed-source LLMs may also
be affected by model updates and API changes.
Therefore, our findings should be interpreted as a
diagnostic snapshot of observable task performance
rather than direct claims about the internal cogni-
tive states of LLMs (Bender and Koller, 2020).
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A Taxonomy Details and Examples

This appendix provides additional explanations and
examples for the mechanism-oriented taxonomy
introduced in Section 3.1. The key criterion is
the minimal direct licensing mechanism: the most
direct linguistic operation that licenses the intended
double meaning of a pun. The taxonomy does not
classify a pun by all linguistic cues that appear in
the sentence, but by the mechanism without which
the punning effect would not be established.

A.1 Definition and Decision Rules

Our taxonomy classifies each pun according to the
minimal direct licensing mechanism that makes its
double meaning possible. The classification target
is not the set of all linguistic cues appearing in
the sentence, but the single most direct linguistic
operation without which the punning effect would
not be licensed. Under this criterion, each valid
pun instance receives exactly one mechanism label.
Instances whose double meaning cannot be reduced
to a sufficiently clear minimal direct mechanism
are excluded during annotation.

A Lexical-Semantic Pun is licensed by the dual
semantic activation of a localized lexical unit, such
as a word, morpheme, character, or short lexical
expression. The crucial condition is that the local-
ized unit itself directly supports two interpretations
through polysemy, homonymy, homophony, lexi-
cal association, or domain-specific meaning shift.
The double meaning must be established without
requiring an alternative syntactic parse or the rein-
terpretation of a larger expression as a conventional
construction.

A Structural-Syntactic Pun is licensed by an
alternative syntactic analysis of the same surface

form. The crucial condition is that the double mean-
ing arises from changes in constituent boundaries,
attachment relations, part-of-speech assignment,
segmentation, punctuation, or dependency struc-
ture. The pun is not labeled as Lexical-Semantic if
the competing interpretation depends on a different
structural organization rather than on the ambiguity
of a single localized lexical item. It is not labeled
as Structural-Semantic if the effect is produced by
syntactic reanalysis rather than by semantic reinter-
pretation under a stable syntactic structure.

A Structural-Semantic Pun is licensed by the
semantic reinterpretation of a larger expression, id-
iom, fixed phrase, sentence pattern, or construction
under a stable syntactic analysis. The crucial con-
dition is that the expression has a conventional or
contextually expected meaning, but is reoriented
in a new semantic frame to produce an additional
interpretation. The pun is not labeled as Lexical—
Semantic merely because one word in the expres-
sion is semantically salient; the classification de-
pends on whether the larger expression, rather than
an isolated lexical unit, directly licenses the double
meaning. It is not labeled as Structural-Syntactic
because no alternative syntactic parse is required.

In short, the three labels are mutually exclusive
because the minimal direct licensing mechanism
is located at one of three distinct levels: localized
lexical meaning, syntactic structure, or expression-
level semantic reinterpretation. Auxiliary cues may
co-occur, but they do not determine the label unless
they constitute the minimal direct mechanism that
licenses the double meaning.

A.2 TIllustrative Chinese Examples

We provide additional Chinese examples to illus-
trate how the same taxonomy can be applied across
languages.

Lexical-Semantic Pun. In i H H P90,
B & TCHEEIEIE, the pun is licensed by the homo-
phonic relation between F% and 1. On the surface,
iF refers to clear weather, forming a contrast with
. At the implicit level, however, i evokes 15,
meaning affection or romantic feeling. The double
meaning is therefore directly licensed by a local-
ized lexical unit, making this a Lexical-Semantic
Pun.

Structural-Syntactic Pun. In [ WRK&E % KHE
AN, the punning effect is licensed by alterna-
tive segmentation and punctuation. The same sur-
face string can be parsed in different ways, such as

29484


https://proceedings.neurips.cc/paper_files/paper/2023/hash/91f18a1287b398d378ef22505bf41832-Abstract-Datasets_and_Benchmarks.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/91f18a1287b398d378ef22505bf41832-Abstract-Datasets_and_Benchmarks.html
https://doi.org/10.18653/v1/N19-1217
https://doi.org/10.18653/v1/N19-1217

TR, BERK. BFA? 8! , which means
that the rainy day is suitable for keeping the guest
and the speaker should stay. With a different seg-
mentation, however, the string can also be inter-
preted as NI K, &K, BEIAHE, where
the final part expresses uncertainty or refusal. The
crucial mechanism is not the ambiguity of a single
word, but the alternative syntactic organization of
the same string. Therefore, this instance is classi-
fied as a Structural-Syntactic Pun.

Structural-Semantic Pun. In EORAEZ, AL
1k Bk 22, the expression EORAEZ convention-
ally means thinking repeatedly. The second clause
reinterprets S8>f and % as semantically manipula-
ble components, as if 3 could be made to “go.”
The syntactic form remains stable, and the effect
does not rely on a single lexical ambiguity. In-
stead, the pun is licensed by reinterpreting a larger
conventional expression and its internal semantic
relations, making it a Structural-Semantic Pun.

A.3 Annotation Decision Rules

When assigning a mechanism label, annotators fol-
low the minimal direct licensing mechanism crite-
rion. The following decision rules are used:

1. If the double meaning is directly licensed by
a localized word, morpheme, character, or
short lexical expression through polysemy,
homonymy, homophony, or lexical associa-
tion, the instance is labeled as LEXSEM.

2. If the double meaning is directly licensed by
an alternative syntactic analysis of the same
surface form, including changes in attachment,
constituent boundary, segmentation, part-of-
speech assignment, or dependency relation,
the instance is labeled as STRSYN.

3. If the double meaning is directly licensed by
the semantic reinterpretation of a larger ex-
pression, idiom, fixed phrase, sentence pat-
tern, or construction under stable syntax, the
instance is labeled as STRSEM.

If an instance contains multiple auxiliary cues,
annotators do not label all cues. Instead, they iden-
tify the mechanism without which the intended dou-
ble meaning would not be licensed. For example, a
sentence may contain both a salient word associa-
tion and a fixed expression, but if the punning effect
depends on reinterpreting the fixed expression as a

whole, it is labeled as Structural-Semantic rather
than Lexical-Semantic.

A.4 Boundary Cases

Some puns contain multiple surface cues, such as
salient words, contextual hints, homophony, id-
iomatic expressions, or structural ambiguity. We
still assign a single label according to the minimal
direct licensing mechanism: the most direct lin-
guistic operation without which the intended dou-
ble meaning would not be licensed. The following
examples illustrate how this criterion is applied in
boundary cases.

Lexical-Semantic cases. [ used to be a banker,
but I lost interest. This example contains a banking
context, but the double meaning is directly licensed
by the localized lexical item interest, which acti-
vates both the psychological meaning of interest
and the financial meaning of interest. Since no
alternative syntactic parse or larger-expression rein-
terpretation is needed, it is classified as Lexical—
Semantic.

RAH AN, EETHENERE . The
surface reading concerns weather, where & means
clear weather. The implicit reading is licensed by
the homophonic relation between 5 and [, evok-
ing affection or romantic feeling. Although the
surrounding poetic contrast helps the interpretation,
the minimal direct mechanism is the localized ho-
mophonic lexical unit, so this is Lexical-Semantic.

The fisherman was hooked on his new hobby.
This case contains the expression kooked on, which
might appear construction-like. However, the pun-
ning effect is directly licensed by hooked, which
activates both the literal fishing-related meaning
and the figurative meaning of being strongly in-
terested. The larger phrase provides context, but
the minimal direct mechanism is lexical-semantic
activation.

AL, FJLENEL - The punning ef-
fect is licensed by the homophonic relations be-
tween 3£ and 12, and between %% and &. The
surface reading describes the bitterness of lotus
seeds and the sourness of pears, while the implicit
reading evokes emotional suffering caused by pity
and separation. The double meaning is triggered
by localized homophonic lexical units, so the case
is classified as Lexical-Semantic.

Structural-Syntactic cases. Time flies like an ar-
row; fruit flies like a banana. Although the words
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flies and like are salient, the pun is licensed by al-
ternative syntactic and part-of-speech analyses of
the repeated surface pattern. In the first clause, flies
functions as a verb and like as a preposition; in the
second, fruit flies is a noun phrase and like func-
tions as a verb. The crucial mechanism is syntactic
reanalysis, so it is Structural-Syntactic.

TR REEREHFAE - The same unpunctu-
ated string can be segmented and punctuated differ-
ently, yielding different pragmatic interpretations
about whether the guest should stay. For example,
TR, BER. BHIEA? B! supports stay-
ing, while a different grouping can express refusal
or uncertainty. The double meaning is licensed by
alternative segmentation and syntactic organization,
not by one word carrying two meanings.

Visiting relatives can be boring. The ambiguity
arises from two syntactic analyses: visiting rela-
tives can mean relatives who are visiting, or the act
of visiting relatives. The word visiting is salient,
but the double reading depends on whether the
phrase is analyzed as a noun phrase or a gerun-
dive construction. Therefore, the minimal direct
mechanism is structural-syntactic.

I saw the man with the telescope. The ambiguity
is licensed by alternative attachment of the preposi-
tional phrase with the telescope. Under one parse,
the speaker used a telescope to see the man; un-
der another, the man had the telescope. Since the
double meaning depends on syntactic attachment
rather than lexical ambiguity, this case is Structural—
Syntactic.

Structural-Semantic cases. The Titanic passen-
gers had a sinking feeling. The word sinking is
salient, but the pun is not classified as Lexical—-
Semantic because the humorous effect depends on
reinterpreting the larger idiomatic expression sink-
ing feeling in the Titanic context. The syntactic
structure remains stable, and the minimal direct
mechanism is expression-level semantic reinterpre-
tation.

BRMEE, Bl EokZE o The fixed expres-
sion JAJRAEZ: conventionally means thinking re-
peatedly. The second clause reinterprets &% and
2 as semantically manipulable components, as if
J8K could be made to “go.” The pun is licensed
by reinterpreting a larger expression rather than by
localized lexical ambiguity alone.

The broken elevator had its ups and downs. The
expression ups and downs conventionally refers to
alternating good and bad experiences. In the ele-

vator context, the same expression is reinterpreted
as literal upward and downward movement. Since
the syntax remains stable and the effect depends on
the reinterpretation of the larger expression, this is
Structural-Semantic.

The bakery had a lot of dough to rise. The ex-
pression combines the business sense of having
money with the baking frame in which dough lit-
erally rises. The pun is not licensed by a single
lexical item alone, but by reinterpreting the larger
expression dough to rise within the bakery context.
The syntax remains stable, so the case is Structural—
Semantic.

These cases show that the taxonomy does not
classify puns by all cues present in the sentence.
A sentence may contain salient words, contextual
hints, idioms, or phonological associations, but
the label is determined only by the minimal direct
mechanism that licenses the double meaning. This
keeps the three categories mutually exclusive while
still allowing real puns to contain auxiliary cues
from multiple linguistic levels.

B Task Details

This appendix provides detailed definitions of the
six diagnostic tasks introduced in Section 3.3. Each
task is derived from one or more fields in the
mechanism-oriented annotation schema.

B.1 Understanding-oriented Tasks

Pun Detection. Pun detection is formulated as a
binary classification task. Given an input text z, the
model is required to determine whether it contains
a pun. The output is a binary label y € {0,1},
where y = 1 indicates that the text contains a pun
and y = 0 indicates a non-punning text. This task
is derived from the positive and negative sample
labels in the dataset and evaluates models’ surface-
level sensitivity to punning expressions.

Pun Localization. Pun localization is conducted
on positive pun samples. Given a text 2 known to
contain a pun, the model is required to output the
word or span ¢ that triggers the punning effect. This
task corresponds to the trigger-span annotation. It
evaluates whether models can identify the linguistic
unit responsible for activating the double meaning,
rather than merely recognizing that a pun exists.

Pun Type Classification. Pun type classification
is also conducted on positive samples. Given a pun-
ning text 27, the model must classify it into one of
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the three mechanism types: LEXSEM, STRSYN, or
STRSEM. This task corresponds to the mechanism-
type annotation and evaluates whether models can
identify the minimal direct licensing mechanism
by which the punning effect is produced.

B.2 Generation-oriented Tasks

Implicit Expression Recovery. Implicit expres-
sion recovery asks the model to recover the implicit
expression behind a pun. Given a positive pun sam-
ple 2, the model outputs one or more candidate
implicit expressions h. This task corresponds to
the implicit-expression annotation and evaluates
whether models can infer the hidden semantic tar-
get that is not directly expressed on the surface but
is necessary for the punning effect.

Mechanism Explanation. Mechanism explana-
tion requires the model to provide a structured ex-
planation of the pun. Given a positive pun sample,
the model is asked to explain its surface mean-
ing, implicit meaning, triggering mechanism, and
rhetorical effect. This task corresponds to the
surface-meaning, implicit-expression, triggering-
mechanism, and rhetorical-effect fields in the an-
notation schema. It evaluates whether models can
explicitly articulate why the pun works and how its
double meaning is produced.

Constrained Pun Generation. Constrained pun
generation evaluates whether models can actively
apply pun-forming mechanisms in generation.
Given constraints such as a topic, a target pun word,
a target mechanism type, and a style requirement,
the model is required to generate a sentence that
forms a valid pun. This task is derived from the
controllable generation fields in the dataset and
evaluates whether models can produce mechanism-
valid punning expressions under explicit semantic
and stylistic constraints.

C Data Sources and Annotation
Guidelines

C.1 Data Sources and Composition

Our benchmark is constructed from both existing
pun resources and newly collected punning expres-
sions. The positive pool contains 2,100 pun in-
stances, balanced across languages with 1,050 Chi-
nese and 1,050 English puns. Part of the data is
sampled from SemEval-2017 Task 7 (Miller et al.,
2017) and ChinesePun (Chen et al., 2024), while
the remaining samples are collected from diverse

real-world sources. From existing resources, we
use only the original punning texts and do not reuse
their original task labels or auxiliary annotations.
All fields required by our benchmark are manu-
ally re-annotated under our mechanism-centered
schema.

To increase source diversity and reduce depen-
dence on a single benchmark source, we collect
candidate punning expressions from online joke
and wordplay collections, advertising slogans, film
and television lines, social media posts and com-
ments, literary or idiomatic expressions, classroom
and everyday conversational examples, and man-
ually collected bilingual pun examples. Table 10
summarizes the source composition of the posi-
tive pun pool. Candidate samples are retained only
when they contain a recoverable double meaning,
an identifiable pun trigger, and a mechanism that
can be assigned under our taxonomy.

In addition to positive pun instances, we con-
struct 400 hard negative samples for the pun detec-
tion task. These negative samples are designed
to reduce source and style artifacts and to test
whether models can distinguish genuine double-
meaning activation from ordinary ambiguity, hu-
mor, or wordplay-like surface cues. Table 11 sum-
marizes the composition of the hard negative set.

Data and Code Availability. MECHPUNBENCH,
including the benchmark annotations, data splits,
task prompts, evaluation scripts, and documen-
tation, is publicly available at https://github.
com/ZhangTianweo/MechPunBench. We release
the newly created annotations and accompanying
code under their specified licenses. Texts originat-
ing from existing datasets or third-party sources
remain subject to their original licenses and terms
of use; where redistribution is not permitted, we
provide source identifiers or links together with our
derived annotations.

The retained positive samples are reorganized
into evaluation and training subsets. For bench-
mark evaluation, 600 positive samples are used
together with 400 hard negatives for pun detection;
the same 600 positive samples support trigger lo-
calization and mechanism type classification, with
smaller subsets used for implicit expression recov-
ery, mechanism explanation, and constrained gen-
eration. The remaining 1,500 positive samples are
used for the SFT and mechanism-oriented distilla-
tion experiments.
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Chinese English

Source

Candidates Retained Candidates Retained
SemEval-2017 Task 7 0 0 243 200
ChinesePun 216 200 0 0
Online joke/wordplay collections 221 151 236 158
Advertising slogans 146 112 128 95
Film and television lines 132 94 151 107
Social media posts/comments 238 158 247 165
Literary or idiomatic expressions 176 127 104 76
Classroom/everyday conversations 113 78 101 71
Manually collected bilingual examples 171 130 258 178
Total 1413 1050 1468 1050

Table 10: Source composition of the positive pun pool. Candidates denotes initially collected candidate texts, and
Retained denotes samples kept after manual filtering and mechanism-centered re-annotation.

Negative type Chinese English Total
Trigger-removed minimal pairs 73 77 150
Source/topic-matched non-puns 68 64 132
Ambiguous or homophonic non-puns 59 59 118
Total 200 200 400

Table 11: Composition of hard negative samples for pun
existence detection.

C.2 Filtering and Hard Negative Construction

To ensure that the pun detection task does not rely
on superficial source or style artifacts, we construct
hard negative samples in addition to ordinary non-
punning texts. A negative sample is retained only
if it is fluent, contextually natural, and does not
license a stable double meaning under our pun def-
inition. In particular, we exclude sentences that
contain an unintended pun, require excessive world
knowledge to disambiguate, or remain ambiguous
after adjudication.

We use three main types of hard negatives. First,
trigger-removed minimal pairs are constructed by
replacing or rewriting the pun trigger in a positive
sample while preserving the topic and sentence
style. For example, the English pun [ used to be
a banker, but I lost interest can be rewritten as [
used to be a banker, but I changed careers, where
the financial/psychological ambiguity of interest is
removed. Similarly, the Chinese pun 7R3 H t 7
T, EZTCHEEIEE can be rewritten as R
HH A, RSZEWHES B, where the homo-

phonic relation between I and 1§ is removed.

Second, source- or topic-matched non-puns are
collected from similar domains, such as advertise-
ments, social media comments, film lines, everyday
conversations, or humorous texts, but are retained
only when they do not contain a recoverable dou-
ble meaning. For example, The train was delayed
again, so everyone arrived late is travel-related and
may sound like a complaint, but it does not contain
a punning trigger. Likewise, KX N[, B LR
¥, KRZARBE| T is a natural everyday sentence
about rain and traffic, but it does not activate an
implicit meaning through a shared trigger.

Third, we include ambiguous or homophonic
non-puns, where a word or expression could in
principle be ambiguous but the context does not
support coherent double-meaning activation. For
example, The bank is closed on Sunday contains
the ambiguous word bank, but the sentence only
supports the financial-institution reading and does
not form a pun. Similarly, 4K iR SR HE RH
contains g, which is homophonic with 1%, but the
context only supports the weather meaning and
does not license a punning interpretation.

During filtering, annotators check whether each
candidate negative contains an identifiable trigger,
whether a surface meaning and an implicit mean-
ing can both be recovered, and whether the two
meanings are connected by the same lexical item,
syntactic structure, or larger expression. If a coher-
ent double meaning can be recovered, the instance
is removed from the negative set or relabeled as
a positive pun candidate. If annotators disagree
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Subset Language Mechanism Source

Domain Count

Evaluation positives Zh T1/T2/T3 Mixed sources Mixed domains 300
Evaluation positives En T1/T2/T3 Mixed sources Mixed domains 300
Training positives Zh T1/T2/T3 Mixed sources Mixed domains 750
Training positives En T1/T2/T3 Mixed sources Mixed domains 750
Detection negatives  Zh N/A Minimal pairs / matched non-puns / ambiguous non-puns Mixed domains 200
Detection negatives  En N/A Minimal pairs / matched non-puns / ambiguous non-puns Mixed domains 200
Total positives Zh Balanced over T1/T2/T3 Mixed sources Mixed domains 1,050
Total positives En Balanced over T1/T2/T3 Mixed sources Mixed domains 1,050
Total negatives Zh/En N/A Hard negative construction Mixed domains 400

Table 12: Dataset composition by language, mechanism, source type, task split, and domain. T1, T2, and T3 denote
Lexical-Semantic, Structural-Syntactic, and Structural-Semantic puns, respectively.

about whether the sentence contains a pun, the case
is sent to a third annotator; unresolved cases are
discarded.

C.3 Positive Sample Annotation

Each positive pun sample is annotated with a set of
mechanism-oriented fields. The core fields include
the original text, language, trigger span, mecha-
nism type, surface meaning, implicit expression,
triggering mechanism, and rhetorical effect. For
samples used in constrained generation, additional
fields are annotated, including topic, target pun
word, target mechanism type, and style constraint.

Trigger Span. The trigger span refers to the min-
imal word, phrase, character sequence, or surface
string that directly activates the punning effect. An-
notators are instructed to mark the shortest span
that is necessary for licensing the double meaning.
If a longer phrase contains the trigger but the pun-
ning effect is carried by a smaller unit, the smaller
unit is preferred.

Mechanism Type. The mechanism type is as-
signed according to the minimal direct licensing
mechanism defined in Section 3.1. If the double
meaning is directly licensed by a localized lexi-
cal unit, the sample is labeled as LEXSEM. If it
is licensed by an alternative syntactic analysis, it
is labeled as STRSYN. If it is licensed by the se-
mantic reinterpretation of a larger expression or
construction under stable syntax, it is labeled as
STRSEM.

Surface Meaning and Implicit Expression. The
surface meaning describes the interpretation di-
rectly supported by the literal or conventional read-
ing of the text. The implicit expression records the
hidden meaning, concept, or expression that is not
explicitly stated but is necessary for the punning
effect. Annotators are asked to make the implicit

expression concise and semantically explicit.

Triggering Mechanism and Rhetorical Effect.
The triggering mechanism explains how the trig-
ger connects the surface meaning with the implicit
expression. The rhetorical effect describes the ex-
pressive function of the pun, such as humor, irony,
emphasis, surprise, or stylistic playfulness.

C.4 Quality Control

The annotation is conducted by two annotators.
Each annotator first determines whether the sam-
ple contains a valid pun, then identifies the trigger
span and assigns a mechanism type. For positive
samples, annotators further provide or verify the
surface meaning, implicit expression, triggering
mechanism, and rhetorical effect. We compute
Cohen’s kappa for mechanism-type annotation, ob-
taining a score of 0.863. Disagreements are re-
solved by a third annotator, and unresolved cases
are discarded.

D Scoring Rubrics

For open-ended tasks, we use task-specific 0-5
rubrics. A score of 4 or above is predefined as a
usable output, indicating that the response satisfies
the target requirement with only minor omissions
or weaknesses. Scores are assigned independently
for each evaluated dimension.

D.1 Human Binary Acceptability Check

To validate the operational threshold used in the
judge-based evaluation, we further conduct a sam-
pled human binary acceptability check for the three
open-ended tasks. Human annotators are asked to
judge whether each output is acceptable for the
corresponding task requirement. We then com-
pare human acceptability labels with the criterion-
referenced judge decision, where scores > 4 are
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Task Human Acc.@< 4 Human Acc.@> 4 Agreement K
Recovery 0.027 0.963 0.970 0.925
Explanation 0.037 0.947 0.960 0.875
Generation 0.053 1.000 0.960 0.896

Table 13: Human binary acceptability validation of
the score-4 threshold. Human Acc.@ < 4 and Human
Acc.@> 4 denote the proportion of outputs judged
acceptable by humans among outputs receiving judge
scores below 4 and at least 4, respectively. Each task
uses 100 sampled outputs.

treated as acceptable and scores < 4 as unaccept-
able. As shown in Table 13, outputs scored > 4
by the rubric-based judge are more likely to be ac-
cepted by humans, supporting the use of 4 as the
usability threshold.

D.2 Implicit Expression Recovery Rubric

Implicit expression recovery evaluates whether the
model output captures the intended hidden expres-
sion or latent meaning behind the pun. For Top-1
evaluation, only the first candidate is scored. For
Top-5 evaluation, the candidate list is evaluated
according to whether at least one candidate suc-
cessfully recovers the intended implicit expression.

Score  Definition

5 The output exactly or nearly exactly recovers the
intended implicit expression, with no substantive
semantic error.

4 The output correctly captures the intended im-
plicit meaning, with only minor wording differ-
ences, omissions, or level-of-specificity differ-
ences.

3 The output is semantically related to the intended
implicit expression, but is incomplete, under-
specified, or partially misaligned.

2 The output captures only a vague association or a
peripheral clue, but fails to recover the intended
implicit meaning.

1 The output is weakly related to the pun context
but does not identify the hidden expression.
0 The output is irrelevant, empty, invalid, or con-

tradicts the intended implicit meaning.

Table 14: Scoring rubric for implicit expression recov-
ery.

D.3 Mechanism Explanation Rubric

Mechanism explanation is evaluated along four
dimensions: surface meaning, implicit meaning,
triggering mechanism, and rhetorical effect. Each
dimension receives an independent 0-5 score.

Surface Meaning. This dimension evaluates
whether the model correctly explains the literal

or contextually explicit meaning of the punning
text.

Implicit Meaning. This dimension evaluates
whether the model correctly identifies the hidden
meaning, latent expression, or second interpreta-
tion activated by the pun.

Triggering Mechanism. This dimension evalu-
ates whether the model explains how the pun is
produced, including the trigger span and the mech-
anism that connects the surface meaning with the
implicit meaning.

Rhetorical Effect. This dimension evaluates
whether the model explains the humorous, ironic,
emphatic, surprising, or stylistic effect created by
the pun.

Score  Definition

5 The explanation is accurate, complete, and
clearly articulated for the target dimension, with
no substantive error.

4 The explanation is mostly accurate and usable,
with only minor omissions, simplifications, or
wording issues.

3 The explanation is partially correct but incom-
plete, vague, or missing an important component
of the target dimension.

2 The explanation captures only a weak or periph-
eral aspect and fails to explain the target dimen-
sion adequately.

1 The explanation is mostly incorrect, only loosely
related to the pun, or confuses the relevant mean-
ing or mechanism.

0 The explanation is irrelevant, empty, invalid, or
completely contradicts the pun interpretation.

Table 15: General 0-5 scoring rubric for each dimension
in mechanism explanation.

D.4 Constrained Pun Generation Rubric

Constrained pun generation is evaluated along four
independent 0-5 dimensions: mechanism validity,
dual-meaning clarity, language naturalness, and
creativity. Mechanism validity measures whether
the output follows the target mechanism type and
uses the target pun word or structure to license a
genuine punning effect. Dual-meaning clarity mea-
sures whether both the surface and implicit mean-
ings are clearly supported and connected through
the intended trigger. Language naturalness mea-
sures fluency, grammaticality, and consistency with
the topic and style constraint. Creativity measures
whether the pun is novel, engaging, and rhetorically
effective rather than generic, forced, or mechanical.
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Score  Definition

5 The output fully satisfies the dimension, with a
strong, clear, and effective punning construction.

4 The output is basically usable for the dimension,
with only minor weaknesses or imperfections.

3 The output partially satisfies the dimension, but
the pun is somewhat weak, unclear, forced, or
incomplete.

2 The output shows a limited attempt, but the

target dimension is poorly satisfied or only
marginally present.

1 The output is mostly unsuccessful for the di-
mension, with serious problems in mechanism,
meaning, fluency, or creativity.

0 The output is invalid, irrelevant, non-punning,
empty, or violates the given constraints com-
pletely.

Table 16: General 0-5 scoring rubric for each dimension
in constrained pun generation.
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E Task Prompts

This appendix presents the task-specific prompt
templates used in our experiments. Figures 5-10
show the prompts for pun detection, localization,
type classification, implicit expression recovery,
mechanism explanation, and constrained pun gen-
eration, respectively.

Detection Prompt

System:
You are a bilingual pun detection assistant for both
Chinese and English.

User:

Determine whether the following text contains a pun.
Return JSON only.

text: {text}

Figure 5: Prompt template for pun detection.

Localization Prompt

LOCALIZATION_SYSTEM_PROMPT =
for Chinese and English.

Your task is to identify the minimal surface span that directly triggers the punning effect in a
text known to contain a pun.

The trigger span should be the shortest necessary expression that activates the double
meaning. For lexical-semantic puns, it is usually a word or short phrase. For structural-
syntactic puns, it is the smallest span responsible for alternative segmentation, attachment,
or syntactic analysis. For structural-semantic puns, it may be a whole idiom, fixed expression,
or construction rather than a single word.

Do not output the full sentence unless the whole sentence is an irreducible trigger. Return
exactly one valid JSON object and nothing else.

Output schema:

{

""You are a bilingual pun trigger localization assistant

"trigger_span": "string",
"trigger_type_hint": "lexical | syntactic | structural_semantic | null",
"confidence": 0.0
}
e
LOCALIZATION_USER_PROMPT = """The following text is known to contain a pun. Identify
the minimal pun trigger span. Return JSON only.
text: {text}

i

Figure 6: Prompt template for pun localization.

Classification Prompt with COT

CLASSIFICATION_COT_SYSTEM_PROMPT = """You are a bilingual pun mechanism classification assistant for Chinese and
English.

Given a text known to contain a pun, classify its minimal direct licensing mechanism. You may reason privately, but the
final answer must be exactly one valid JSON object and must not include the reasoning process.

Target labels:
1= lexical-semantic pun: the double meaning is licensed by a localized word, character, morpheme, phrase, or surface

form, such as through polysemy, o lexical
2= structural-syntactic pun: the double meaning is licensed by alternative syntactic analyses of the same surface string,
such as different i part-of-speech assi ion, o structure.

3 = structural-semantic pun: the double meaning is licensed by semantic reinterpretation of a larger expression, idiom,
fixed phrase, collocation, sentence pattern, or construction under stable syntax.

Classification rule:

Choose the single mechanism without which the pun would not work. Do not classify by all possible cues in the sentence. If

awhole idiom or fixed expression is reinterpreted, do not label it as lexical merely because one word inside it is

salient.

Use private reasoning to compare the three labels, then output JSON only.

Output schema:

{
“target_type_high": 1,
“target_type_labs
"trigger_span";
“hidden_meaning_hint": "
“confidence": 0.0

EXSEM",

Figure 7: Prompt template for pun type classification
with CoT.

Recovery Prompt

RECOVERY_SYSTEM_PROMPT = """You are a bilingual implicit expression recovery assistant for Chinese and English puns.
Given a text containing a pun, recover the implicit expression or hidden meaning activated by the pun trigger.

The implicit expression is the unstated secondary meaning that supports the double meaning of the pun. It should not be a
paraphrase of the whole sentence or merely the surface meaning. For lexical-semantic puns, it is usually the alternative
meaning of the trigger. For structural-syntactic puns, it may come from an alternative segmentation, attachment, part-of-
speech assignment, or syntactic analysis. For structural-semantic puns, it may come from the reinterpretation of an idiom,
fixed expression, collocation, or construction.

Return five concise candidates ranked from most likely to least likely. Return exactly one valid JSON object and nothing else.
Output schema:{
“top1_implicit_expression": "string or null",
“candidates": [{
"ranl 9
“implicit_expression": “string or null"

A

“rank": 2,

“rank": 3,

“implicit_expression": "string or null"

“rank": 4,
“implicit_expression": "string or null"

"rank": 5,
“implicit_expression":

n

tring or null”

Figure 8: Prompt template for implicit expression re-
covery.

Explanation Prompt

EXPLANATION_SYSTEM_PROMPT = """You are a bilingual pun mechanism explanation assistant for Chinese and English.
Given a text containing a pun, explain how the pun works in terms of four dimensions: surface meaning, implicit meaning,
triggering mechanism, and rhetorical effect.

The surface meaning is the literal, conventional, or explicit contextual meaning of the text. The implicit meaning is the
hidden or secondary meaning activated by the pun. The triggering mechanism explains how the surface expression
connects the two meanings, such as through lexical ambiguity, homophony, syntactic reanalysis, or semantic
reinterpretation of a fixed expression or construction. The rhetorical effect describes the humor, irony, cleverness,
contrast, or semantic surprise produced by the double meaning.

Return exactly one valid JSON object and nothing else.
Output schema:

“surface_meani ring or null”,
"implicit_meaning’
“triggering_mechanism": "string or null",
“rhetorical_effect": "string or null",
"trigger_span": "string or null",
"target_type_high": 1,
"target_type_label

}

Figure 9: Prompt template for mechanism explanation.

Generation Prompt with COT

GENERATION_COT_SYSTEM_PROMPT = """You are a controlled pun generation assistant for Chinese and English.
Given a set of control conditions, generate one original punning sentence. Privately plan the surface meaning, hidden
meaning, and mechanism before answering, but do not reveal the reasoning process.

The sentence should satisfy the specified language, topic, target mechanism type, pun word, and style constraint

whenever possible. Use the specified pun_word as the main pun trigger, or a very close inflected, homophonic, near-

i or ort ically related form if necessary.

Target mechanism types:

1= lexical-semantic pun: the same word, phrase, or surface form evokes two meanings.

2 = structural-syntactic pun: the pun depends on alternative pausing, part-of-

speech assignment, or syntactic reanalysis.

3= structural-semantic pun: a whole expression, idiom, collocation, fixed phrase, sentence pattern, or construction

carries both a i meaning and a literal itional meaning.

Privately self-check that the output is original, short, natural, uses the intended trigger, and matches the target

mechanism type. Return exactly one valid JSON object and nothing else.

Output schema:{
"generated_text": "s
"pun_word_used": “string or null",
“target_type_high" 1,
“intended_surface_meaning": "string or null’,
“intended_hidden_form": "string or null",
“mechanism_hint": “string or null",
"brief_explanation": "string or null"

b

Figure 10: Prompt template for constrained pun genera-
tion with CoT.

F Full Results for Pun Existence

Detection

This appendix reports the full results for the pun ex-
istence detection task. Table 17 presents the overall
results across all evaluated models, and Table 18
reports the language-specific results.
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Model Acc. Prec. Rec. F1 Spec. BAcc. AUC
GPT-5.4 0.828 0.822 0.910 0.864 0.704 0.807 0.731
Qwen3.6-Plus 0.794 0.842 0.810 0.826 0.769 0.789 0.820
GPT-5.4-mini 0.784 0.893 0.727 0.801 0.870 0.798 0.785
Claude Opus 4.6  0.781 0.816 0.816 0.816 0.728 0.772 0.698

Claude Sonnet 4.6 0.756 0.790 0.805 0.798 0.683 0.744 0.772

Gemini 2.5 Pro 0.753 0.752 0.878 0.810 0.565 0.722 0.671
Gemini 2.5 Flash  0.750 0.771 0.832 0.800 0.627 0.729 0.776
Qwen3.5-9B 0.710 0.761 0.753 0.757 0.645 0.699 0.684
Mistral-7B 0.628 0.737 0.592 0.656 0.683 0.637 0.824
Gemma 3 12B 0.593 0.646 0.713 0.678 0.412 0.563 0.669
Qwen2.5-7B 0.582 0.677 0.580 0.625 0.585 0.583 0.589
Llama 3.1 0.459 0.537 0.720 0.615 0.068 0.394 0.652

Table 17: Overall results on the pun existence detection
task. Spec., BAcc., and AUC denote specificity, bal-
anced accuracy, and ROC-AUC, respectively.

Model Lang. Acc. Prec. Rec. Fl BAcc. AUC

GPT-54 Zh 0.86 0.86 091 0.89 0.85 0.68
Qwen3.6-Plus Zh 0.81 0.87 0.80 0.84 0.81 0.83
GPT-5.4-mini Zh 0.79 0.93 0.70 0.80 0.81 0.74
Claude Opus 4.6 Zh 0.80 0.79 0.90 0.84 0.77 0.74
Claude Sonnet 4.6 Zh 0.77 0.75 093 0.83 0.73 0.86
Gemini 2.5 Pro Zh 0.76 0.74 0.92 0.82 0.72 0.78
Gemini 2.5 Flash  Zh 0.79 0.84 0.80 0.82 0.79 0.77

Qwen3.5-9B Zh 0.64 0.75 0.61 0.67 0.65 0.68
Mistral-7B Zh 0.59 0.76 0.47 0.58 0.62 0.87
Gemma 3 12B Zh 0.61 0.65 0.74 0.69 0.57 0.71
Qwen2.5-7B Zh 0.62 0.72 0.60 0.66 0.63 0.66
Llama 3.1 Zh 0.45 0.53 0.69 0.60 039 0.55
GPT-5.4 En 0.80 0.79 091 0.84 0.77 0.78

Qwen3.6-Plus En 0.78 0.81 0.82 0.82 0.76 0.81
GPT-5.4-mini En 0.78 0.86 0.76 0.81 0.79 0.83
Claude Opus 4.6 En 0.79 0.81 0.85 0.83 0.78 0.75
Claude Sonnet 4.6 En 0.75 0.78 0.82 0.80 0.74 0.77
Gemini 2.5 Pro En 0.76 0.79 0.83 0.81 0.75 0.58
Gemini 2.5 Flash En 0.71 0.72 0.86 0.78 0.67 0.80

Qwen3.5-9B En 0.78 0.77 0.90 0.83 0.75 0.72
Mistral-7B En 0.66 0.72 0.71 0.72 0.65 0.79
Gemma 3 12B En 0.58 0.64 0.69 0.66 0.55 0.64
Qwen2.5-7B En 0.54 0.64 0.56 0.59 0.54 0.49
Llama 3.1 En 0.47 0.54 0.75 0.63 0.40 0.76

Table 18: Language-specific results on the pun existence
detection task. Each language-specific subset contains
500 samples. Zh and En denote Chinese and English,
respectively; BAcc. and AUC denote balanced accuracy
and ROC-AUC.

G Full Results for Pun Localization

This appendix provides the evaluation details and
full results for the pun localization task. Models
are instructed to output a single contiguous trigger
span for each positive pun sample. If a response
contains additional explanations, we first extract
the explicitly marked trigger field. If no trigger
field can be extracted, the prediction is treated as
invalid. To prevent trivial containment matches,
predictions that reproduce the entire input sentence
or return an excessively long span are marked as
invalid for all localization metrics.

We report exact match (EM), containment match,
and character-level intersection-over-union (IoU).
EM requires the normalized predicted span to be
identical to the gold trigger span. Containment
match is directional: a prediction is counted as
correct only if the predicted span contains the
gold trigger span, while cases where the gold span
merely contains the prediction are not counted as
correct. IoU is computed over character-level spans
after normalization, using the same character-based
granularity for both Chinese and English. When a
predicted string occurs multiple times in the input,
we use the occurrence with the maximum overlap
with the gold span. For completeness, we also re-
port soft precision, soft recall, and soft F1 based on
character-level span overlap.

Table 19 presents the overall results across
all evaluated models, and Table 20 reports the
language-specific results.
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Model n  EM Count EM Acc. Cont. Count Cont. Acc. Soft Prec. Soft Rec. Soft F1 ToU
GPT-5.4 600 396 0.660 529 0.882 0.859 0.878 0.843 0.800
GPT-5.4-mini 600 370 0.617 523 0.872 0.844 0.847 0.813 0.765
Qwen3.6-Plus 600 395 0.658 520 0.867 0.889 0.807 0.818 0.778
Gemini 2.5 Flash 600 368 0.613 520 0.867 0.868 0.826 0.815 0.765
Claude Opus 4.6 600 417 0.695 520 0.867 0.878 0.838  0.836 0.802
Gemini 2.5 Pro 600 399 0.665 519 0.865 0.848 0.862 0.829 0.789
Claude Sonnet 4.6 600 389 0.648 512 0.853 0.835 0.868 0.826 0.783
Qwen3.5-9B 600 310 0.517 498 0.830 0.854 0.702  0.729 0.669
Gemma 3 12B 600 292 0.487 497 0.828 0.853 0.688 0.714 0.648
Qwen2.5-7B 600 265 0.442 468 0.780 0.801 0.637 0.666 0.603
Llama 3.1 600 228 0.380 443 0.738 0.787 0.587 0.629 0.558
Mistral-7B 600 158 0.263 387 0.645 0.710 0.498 0.542 0.461

Table 19: Overall results on the pun localization task. EM, Cont., and IoU denote exact match, containment match,
and character-level intersection-over-union, respectively. Soft Prec., Soft Rec., and Soft F1 are computed from

character-level span overlap.

Model Lang. EM Cont. SoftP Soft R Soft F1
Claude Opus 4.6  Zh 0.71 0.84 0.82 0.82 0.80
Claude Sonnet 4.6 Zh 0.70 0.84 0.80 0.85 0.80
Gemini 2.5 Pro Zh  0.69 087 081 0.86 0.81
Qwen3.6-Plus Zh  0.67 086 086 0.77 0.78
Gemini 2.5Flash Zh  0.67 087 0.82 0.85 0.81
GPT-5.4 Zh  0.66 087 0.82 0.85 0.81
GPT-5.4-mini Zh  0.62 087 081 0.82 0.79
Qwen3.5-9B Zh 059 0.86 0385 0.71 0.73
Gemma 3 12B Zh 053 0.85 0.83 0.68 0.70
Qwen2.5-7B Zh 051 0.82 079 0.67 0.68
Llama 3.1 Zh 045 072 070 0.60 0.61
Mistral-7B Zh 025 0.62 062 043 0.46
Claude Opus 4.6  En 0.73 090 091 0.85 0.86
GPT-5.4 En 0.70 090 0.86 0.89 0.85
Qwen3.6-Plus En 0.70 0.88 0.89 0.83 0.84
Gemini 2.5 Pro En 0.69 086 0.84 0.86 0.82
Claude Sonnet 4.6 En 0.66 0.87 0.82 0.86 0.82
GPT-5.4-mini En 0.64 0.88 0.82 0.86 0.81
Gemini 2.5Flash En 064 087 0.84 0.83 0.81
Qwen3.5-9B En 046 0.80 0.80 0.62 0.66
Gemma 3 12B En 046 0.80 078 0.62 0.65
Qwen2.5-7B En 039 074 074 054 0.58
Llama 3.1 En 032 076 0.75 048 0.54
Mistral-7B En 029 0.68 0.66 045 0.50

Table 20: Language-specific results on the pun localiza-
tion task. Each language-specific subset contains 300
samples. Zh and En denote Chinese and English, re-
spectively.

H Full Results for Pun Type Classification

H.1 Fine-tuning and Distillation Setup

We conduct an additional fine-tuning analysis on
Qwen2.5-7B for the pun type classification task.
This analysis compares ordinary label-based super-
vision with mechanism-oriented distillation under
the same base model and evaluation setting.

Training Data. We collect an additional training
set of 1,500 positive pun samples that is separate
from the test set used in the main classification ex-
periment. The training set is balanced by language
and mechanism type, containing 750 Chinese and
750 English samples. For each language, the three
mechanism types are evenly distributed, with 250
Lexical-Semantic, 250 Structural-Syntactic, and
250 Structural-Semantic samples. All samples are
annotated with gold mechanism labels under the
same taxonomy used in the main benchmark.

Standard SFT. For standard supervised fine-
tuning, we apply LoRA-based fine-tuning to
Qwen2.5-7B using the gold mechanism labels as
direct supervision. The model is trained to map
each input pun to one of the three mechanism la-
bels without being given explicit intermediate rea-
soning about the trigger, surface meaning, implicit
meaning, or pun-forming mechanism.

Mechanism-oriented Distillation. For
mechanism-oriented distillation, we use GPT-5.4
as the teacher model. Given each training sample,
GPT-5.4 is prompted with CoT guidance to
analyze the trigger, surface meaning, implicit
meaning, and mechanism distinction before
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producing the final mechanism label. We save
this teacher-generated reasoning process together
with the final label as the distillation target, and
then fine-tune Qwen2.5-7B to reproduce the
mechanism-oriented output. Compared with
standard SFT, this setting provides intermediate
teacher signals that explicitly expose the decision
process behind the type distinction.

Inference and Evaluation. After fine-tuning,
both Qwen2.5-7B-SFT and Qwen2.5-7B-Distill
are evaluated on the same 600-sample pun type
classification test set used in the main experiment.
The test set contains 300 Chinese and 300 English
samples, with balanced mechanism types within
each language. The fine-tuned variants are evalu-
ated under a single direct inference setting and are
therefore reported without the non-CoT/CoT slash
notation used for prompting-based evaluations. We
parse the final predicted mechanism label and com-
pute the same classification metrics as in the main
experiment.

This appendix reports the full results and fine-
tuning details for the pun type classification task.
The task evaluates whether models can identify
the minimal direct licensing mechanism of a pun.
We use three mechanism labels: T1 for Lexical—
Semantic puns, T2 for Structural-Syntactic puns,
and T3 for Structural-Semantic puns. Compared
with detection or localization, this task more
directly probes mechanism-level discrimination,
since models must distinguish whether the double
meaning is licensed by a localized lexical unit, an
alternative syntactic analysis, or expression-level
semantic reinterpretation.

We first describe the additional fine-tuning anal-
ysis on Qwen2.5-7B, including the standard SFT
setting and the mechanism-oriented distillation set-
ting. Table 21 then presents the overall classifica-
tion results under without-CoT and CoT prompt-
ing settings, together with the fine-tuned variants.
In addition to accuracy, we report macro preci-
sion, macro recall, macro F1, weighted F1, and
type-specific F1 scores. Macro-level metrics eval-
uate balanced mechanism recognition, while type-
specific F1 scores reveal whether models are biased
toward particular pun mechanisms.
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Model Setting Acc. MacroP MacroR Macro F1 Weighted F1 T1F1 T2F1 T3Fl

GPT-5.4 w/o CoT  0.745 0.734 0.675 0.687 0.721 0.809 0.894 0.359
Claude Opus 4.6 w/o CoT  0.748 0.805 0.630 0.605 0.669 0.824 0.908 0.083
Qwen3.6-Plus w/o CoT  0.668 0.534 0.473 0.458 0.571 0.782 0.591 0.000
Gemini 2.5 Pro w/o CoT  0.695 0.646 0.606 0.607 0.662 0.781 0.776 0.264
GPT-5.4-mini w/o CoT  0.713 0.769 0.566 0.600 0.670 0.802 0.687 0.311
Claude Sonnet 4.6  w/o CoT  0.745 0.774 0.619 0.629 0.690 0.826 0.842 0.218
Gemini 2.5 Flash w/o CoT  0.668 0.540 0.468 0.453 0.569 0.783 0.575 0.000
Gemma 3 12B w/o CoT  0.580 0.294 0.345 0.293 0466 0.736 0.144 0.000
Mistral-7B w/o CoT  0.477 0.377 0.407 0.375 0.468 0.585 0.104 0.436
Qwen2.5-7B w/o CoT  0.465 0.308 0.316 0.311 0.453 0.654 0.066 0.214
Llama 3.1 w/o CoT ~ 0.438 0.326 0.307 0.290 0425 0.631 0.155 0.084
GPT-5.4 with CoT  0.822 0.832 0.822 0.824 0.824 0.731 0.928 0.811
Claude Opus 4.6 with CoT  0.773 0.813 0.773 0.782 0.782 0.665 0.878 0.803
Qwen3.6-Plus with CoT  0.763 0.811 0.763 0.771 0.771 0.698 0.780 0.835
Gemini 2.5 Pro with CoT ~ 0.703 0.831 0.703 0.758 0.758 0.669 0.841 0.763
GPT-5.4-mini with CoT  0.797 0.808 0.797 0.799 0.799 0.706 0.863 0.827
Claude Sonnet 4.6  with CoT  0.763 0.807 0.763 0.776 0.776  0.673 0.845 0.811
Gemini 2.5 Flash with CoT  0.753 0.780 0.753 0.753 0.753 0.637 0.826 0.795
Gemma 3 12B with CoT  0.490 0.555 0.490 0.427 0.427 0454 0.093 0.736
Mistral-7B with CoT  0.420 0.512 0.420 0.366 0.366 0.501 0.127 0.471
Qwen2.5-7B with CoT ~ 0.502 0.571 0.502 0.447 0.447 0486 0.167 0.686
Llama 3.1 with CoT  0.450 0.475 0.450 0.379 0.379 0496 0.029 0.613
Qwen2.5-7B-Distill Fine-tuned 0.758 0.763 0.758 0.752 0.752 0.617 0.789 0.849
Qwen2.5-7B-SFT  Fine-tuned 0.555 0.458 0.460 0.458 0.557 0.698 0.281 0.396

Table 21: Overall results on the pun type classification task. Each setting is evaluated on 600 samples. T1-T3 denote
F1 scores for Lexical-Semantic, Structural-Syntactic, and Structural-Semantic puns, respectively. Fine-tuned
variants are evaluated under a single inference setting.

Table 22 further reports row-normalized con-
fusion matrices for representative models. Each
row corresponds to a gold mechanism type, and
each value indicates the percentage of instances
assigned to a predicted label. The confusion matri-
ces make the category bias more explicit: without
CoT, several models tend to collapse T3 Structural—
Semantic puns into T1 Lexical-Semantic predic-
tions, whereas CoT prompting generally leads to
more balanced predictions across the three mech-
anism types. The invalid column records outputs
that cannot be mapped to one of the three prede-
fined labels.
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Model Gold Without CoT CoT

Tl T2 T3 Inv. T1 T2 T3 Inv.

Claude Opus 4.6 Tl 983 1.1 0.6 0.0 600 1.0 375 1.5
T2 13.6 864 0.0 0.0 13.5 790 1.0 6.5
T3 956 0.0 44 00 7.0 0.0 93.0 0.0

Claude Sonnet 4.6 T1 97.8 0.8 14 0.0 66.5 0.5 295 3.5
T2 204 748 49 0.0 200 735 1.0 55
T3 86.9 0.0 13.1 0.0 11.0 0.0 89.0 0.0

GPT-5.4 T1 892 19 86 03 715 0.5 280 0.0
T2 12.6 864 1.0 0.0 12.0 870 1.0 0.0
T3 73.0 0.0 27.0 0.0 12.0 0.0 88.0 0.0

GPT-5.4-mini T1 958 0.6 3.6 0.0 725 4.0 235 0.0
T2 447 534 19 0.0 205 79.0 0.5 0.0
T3 79.6 0.0 204 0.0 125 0.0 87.5 0.0

Gemini 2.5Pro  Tl1 869 42 89 0.0 60.0 0.5 255 14.0
T2 223 757 19 0.0 11.0 73.0 1.0 15.0
T3 774 3.6 190 0.0 85 0.0 78.0 13.5

Gemini 2.5 Flash T1 99.7 03 0.0 0.0 61.0 1.0 383.0 0.0
T2 59.2 40.8 0.0 0.0 245 71.0 45 0.0
T3 1000 0.0 0.0 0.0 6.0 0.0 94.0 0.0

Qwen3.6-Plus T1 992 0.6 0.3 0.0 740 0.0 26.0 0.0
T2 573 427 0.0 0.0 295 640 1.0 55
T3 1000 0.0 0.0 0.0 85 0.0 91.0 05

Table 22: Row-normalized confusion matrices (%) for
representative models on pun type classification under
without-CoT and CoT settings. T1-T3 denote predicted
mechanism labels, and Inv. denotes invalid predictions.
Each row sums to approximately 100%, up to rounding.

I Full Results for Implicit Expression
Recovery

This appendix reports the full results for the im-
plicit expression recovery task. Given a positive
pun sample, models are asked to recover the im-
plicit expression or hidden meaning that is evoked
by the pun but not directly stated in the surface text.
Since the target expression may be paraphrased in
multiple valid ways, we evaluate model outputs us-
ing both automatic string-based metrics and judge-
based semantic scores.

We report Top-1 and Top-5 accuracy, edit-
distance weighted scores, and LLM-as-Judge
scores. Top-1 metrics evaluate whether the model
ranks the intended implicit expression as its first
answer, while Top-5 metrics evaluate whether the
intended meaning is covered by any of the gener-
ated candidates. The edit-distance weighted score
gives partial credit to close textual matches, and
the judge score evaluates semantic adequacy ac-
cording to the rubric in Appendix D. Scores of 4 or
above are treated as usable recovery results under
the judge rubric.

Table 23 presents the overall results across all

evaluated models. The results show that exact re-
covery remains difficult, especially under Top-1
accuracy, while the Best Top-5 judge scores are
substantially higher. This suggests that models of-
ten generate semantically relevant candidates but
still struggle to rank the intended implicit expres-
sion as the top answer.
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Topl TopS  Topl Top5  Topl Best Top5

Model Samples Acc.  Acc. Edit-w. Edit-w. Judge Judge
GPT-5.4 200 0.145 0.235 0364 0501  3.705 4.180
Gemini 2.5 Flash 200 0.105 0.230 0.337 0.514 3.543 3.975
Qwen3.6-Plus 200 0.110 0.205 0.344 0484  3.750 4.235
Claude Opus 4.6 200 0.090 0.180 0316 0437 3.710 4.065
Gemini 2.5 Pro 200 0.105 0.170  0.337 0.482 3.700 4.190
GPT-5.4-mini 200 0.060 0.160 0.292 0442 3.645 4.230
Claude Sonnet 4.6 200 0.085 0.145 0280 0417 3.736 4.198
Gemma 3 12B 200 0.035 0.080 0.248 0.356  3.035 3.845
Mistral 7B 200 0.025 0.065 0.197 0341 2.720 3.940
Llama 3.1 200 0.020 0.025 0.188 0.293  2.855 3.780
Qwen2.5-7B 200 0.005 0.010 0.168 0.229  3.280 4.220

Table 23: Overall results on the implicit expression recovery task. Top-1 metrics evaluate the first generated
candidate, while Top-5 metrics evaluate whether any of the five generated candidates matches or semantically
captures the target implicit expression. Edit-w. denotes the edit-distance weighted score. Best Top5 Judge denotes
the highest judge score among the five candidates.

J Full Results for Mechanism mains more difficult than surface paraphrasing.
Explanation

This appendix reports the language-specific results
for the mechanism explanation task. Given a pos-
itive pun sample, models are asked to explain the
surface meaning, the implicit meaning, the trig-
gering mechanism, and the rhetorical effect of the
pun. This task evaluates whether models can move
beyond recognizing a pun and explicitly articulate
how its double meaning is licensed.

We evaluate each explanation along four dimen-
sions: surface meaning, implicit meaning, trigger-
ing mechanism, and rhetorical effect. Each dimen-
sion is scored on a 0-5 scale according to the rubric
in Appendix D, and the overall score is the sum of
the four sub-scores, with a maximum of 20. Ta-
ble 24 reports language-specific results under both
the direct-answer and CoT settings. Each language-
specific subset contains 100 samples.

The results show that CoT prompting improves
explanation quality for most models, especially on
the implicit meaning, mechanism, and rhetorical-
effect dimensions. However, the gains are not uni-
form across languages or model families. Even
under CoT, models generally obtain higher scores
on surface-meaning explanation than on implicit
meaning, mechanism, and effect explanation, sug-
gesting that mechanism-sensitive explanation re-
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Model Lang. Overall/20 Literal/5 Implicit/5  Mechanism/5 Effect/5

Claude Opus 4.6  English  12.347/15.175 3.296/4.138 2.888/3.488  3.133/3.875 3.031/3.675
GPT-5.4 English  12.120/14.925 3.230/4.013 2.860/3.563  3.080/3.725  2.950/3.625
Claude Sonnet 4.6 English  11.781/14.488 3.292/3.938 2.854/3.463  2.896/3.538  2.740/3.550
GPT-5.4-mini English  11.770/14.063 3.120/3.838 2.740/3.388  3.150/3.425 2.760/3.413
Qwen3.6-Plus English  11.500/14.150 3.180/3.888 2.610/3.250  2.920/3.563  2.790/3.450
Gemini 2.5 Pro English  11.490/14.502 3.250/4.056 2.560/3.315 2.890/3.464  2.790/3.667
Gemini 2.5 Flash ~ English  10.790/12.800 3.120/3.750 2.490/2.900 2.570/3.025 2.610/3.125
Llama 3.1 English  6.790/8.363  2.530/3.100 1.470/1.925 1.380/1.888  1.410/1.450
Mistral-7B English  6.650/8.513  2.870/3.450 1.300/1.925 1.160/1.525 1.320/1.613
Gemma 3 12B English  6.212/8.700  2.495/3.513 1.333/2.000 1.242/1.838  1.141/1.350
Qwen2.5-7B English  6.070/8.625  2.410/3.150 1.390/2.050 1.340/1.788  0.930/1.638
Gemini 2.5 Pro Chinese 11.200/13.324 3.110/3.782 2.500/2.947  2.740/3.240  2.850/3.355
Claude Opus 4.6 Chinese 11.150/14.150 3.080/3.900 2.600/3.388  2.640/3.288  2.830/3.575
Qwen3.6-Plus Chinese  9.440/12.438  2.650/3.663 2.200/2.650  2.320/2.888  2.270/3.238
GPT-5.4 Chinese  9.196/14.325 2.515/4.075 2.196/3.038  2.299/3.513  2.186/3.700
Claude Sonnet 4.6 Chinese 9.131/13.863  2.747/3.975 2.030/3.313  2.101/3.263  2.253/3.313
Gemini 2.5 Flash ~ Chinese  8.230/11.788  2.770/3.763 1.820/2.500  1.790/2.550  1.850/2.975
GPT-5.4-mini Chinese  7.903/12.738  2.301/3.825 1.806/2.675 1.946/2.950  1.849/3.288
Qwen2.5-7B Chinese  6.070/7.938  2.450/3.263 1.200/1.775 1.330/1.563  1.090/1.338
Mistral-7B Chinese  5.897/7.575  2.722/3.188 0.969/1.388 0.918/1.225 1.289/1.775
Gemma 3 12B Chinese  5.820/8.013  2.420/3.475 1.160/1.700  0.860/1.413  1.380/1.425
Llama 3.1 Chinese ~ 5.500/7.450  2.110/2.950 1.030/1.625 1.090/1.450  1.270/1.425

Table 24: Language-specific results on the mechanism explanation task. Each score is reported as Direct without
CoT / CoT. Overall/20 denotes the sum of four judge sub-scores. Literal/5, Implicit/5, Mechanism/5, and Effect/5
denote scores for surface meaning explanation, implicit meaning explanation, triggering mechanism explanation,

and rhetorical effect explanation, respectively.

K Full Results for Constrained Pun
Generation

This appendix reports the full results for the con-
strained pun generation task. Given a topic, a target
pun word, a target mechanism type, and a style
constraint, models are asked to generate a punning
sentence that satisfies all specified constraints. We
evaluate generated outputs along four judge-scored
dimensions: mechanism validity, dual-meaning
clarity, language naturalness, and creativity. Each
dimension is scored on a 0-5 scale according to
the rubric in Appendix D, and the overall score is
the sum of the four sub-scores, with a maximum
of 20. Valid Rate denotes the proportion of out-
puts judged as valid puns, and Recov. Rate denotes
the proportion of outputs whose intended implicit
meaning can be recovered from the generated text.

Tables 25 and 26 present the results under the
without-CoT and CoT-guided settings, respectively.
The results show a consistent fluency—mechanism
gap: most models achieve relatively high language

Model Overall Mech. Dual Nat. Creat. Valid Recov.
GPT-5.4-mini 13.01 295 289 471 246 056 0.8
GPT-5.4 1296 285 294 472 245 0.58 0.60
Claude Sonnet4.6 1292 290 3.01 452 249 059 0.61
Qwen3.6-Plus 12.65 277 273 475 240 0.53 0.55

Claude Opus 4.6
Gemini 2.5 Flash
Gemini 2.5 Pro

1224 270 2.64 470 220 050 0.51
10.58  2.14 2.11 457 176 037 039
10.54 211 2.06 4.69 1.68 037 038

Gemma 3 12B 921 176 1.69 421 155 027 027
Qwen2.5-7B 870 147 134 467 122 024 024
Llama 3.1 834 143 135 437 1.19 021 022
Mistral-7B 7.67 140 134 3.68 125 022 024

Table 25: Constrained pun generation results under the
without-CoT setting.

naturalness, but obtain much lower scores on mech-
anism validity and dual-meaning clarity. CoT guid-
ance often improves mechanism validity, but may
also reduce naturalness or creativity, suggesting
that explicit reasoning can make generation more
mechanism-oriented but also more conservative.

29499



Model Overall Mech. Dual Nat. Creat. Valid Recov.

Claude Sonnet 4.6 1299 3.64 3.12 427 196 053 0.57

GPT-5.4 1287 3.72 3.05 414 196 0.60 0.61
Claude Opus 4.6 1249 352 286 429 182 052 054
GPT-5.4-mini 11.97 339 283 397 178 050 0.50
Gemini 2.5 Pro 11.67 2.82 248 469 168 037 038
Qwen3.6-Plus 11.60 321 2.58 434 147 039 0.39
Gemini 2.5 Flash 10.53 2.86 221 409 137 030 033
Gemma 3 12B 840 1.66 1.68 358 148 030 0.32
Qwen2.5-7B 839 203 129 386 121 022 025
Llama 3.1 7.16 120 1.17 3.72 1.07 0.15 0.19
Mistral-7B 6.67 109 1.06 3.51 1.01 0.13 0.15

Table 26: Constrained pun generation results under the
CoT-guided setting.

Results by Target Mechanism Type. To exam-
ine whether generation performance varies with
the target mechanism constraint, we further ana-
lyze GPT-5.4 outputs in the without-CoT setting by
mechanism type. Table 27 reports the results.

Dual Nat. Valid

3.18 4.73 0.65
294 472 0.58
2.69 4.70 0.51

Type n  Mech.

T1 Lexical-Semantic 34  3.08
T2 Structural-Syntactic 33 2.84
T3 Structural-Semantic 33  2.62

Table 27: GPT-5.4 constrained generation results by tar-
get mechanism type in the without-CoT setting. Mech.,
Dual, Nat., and Valid denote mechanism validity, dual-
meaning clarity, language naturalness, and valid-pun
rate, respectively.

A Kruskal-Wallis test indicates significant differ-
ences across mechanism types in mechanism valid-
ity (H(2) = 8.64, p = .013) and dual-meaning
clarity (H(2) = 7.92, p = .019), but not in
language naturalness (H(2) = 0.41, p = .814).
Holm-corrected Dunn tests identify significant T1—
T3 differences in mechanism validity (p = .010)
and dual-meaning clarity (p = .016); the remain-
ing pairwise comparisons are not significant. Al-
though the valid-pun rate follows the same order-
ing, differences across types are not significant
(x3(2) = 1.20, p = .549). These results indicate
type-dependent variation in mechanism-sensitive
generation performance for GPT-5.4, whereas a
more general analysis of item-level difficulty would
require independent difficulty annotations.

Prompt-Sensitivity Analysis. To examine
whether constrained-generation performance is
primarily driven by detailed mechanism definitions
or structured output scaffolding, we conduct a
2 x 2 ablation on GPT-5.4 in the without-CoT
setting. The experiment crosses full mechanism
definitions versus label-only descriptions with full

JSON versus minimal outputs. All four conditions
use the same 100 evaluation instances, decoding
parameters, sample construction, and number of
runs. Table 28 reports the results.

Setting Mech. Dual Nat. Creat. Valid Recov. Parse

Full def. + Full JSON 285 294 472 245 058 0.60 0.00
Full def. + Minimal 280 2.89 474 249 0.56 0.58 0.01
Label only + Full JSON 272 2.82 470 243 0.53 0.55 0.02
Label only + Minimal 2,66 276 473 247 051 0.53 0.00

Table 28: Prompt-sensitivity results for GPT-5.4 on
constrained pun generation in the without-CoT setting.
Mech., Dual, Nat., Creat., Valid, Recov., and Parse de-
note mechanism validity, dual-meaning clarity, language
naturalness, creativity, valid-pun rate, implicit-meaning
recoverability rate, and parse-failure rate, respectively.

Changing the output format alone produces only
small differences. Under full definitions, replacing
full JSON with minimal outputs changes mecha-
nism validity from 2.85 to 2.80 and dual-meaning
clarity from 2.94 to 2.89. Removing detailed defini-
tions produces a somewhat larger but still moderate
decline: under minimal outputs, mechanism valid-
ity decreases from 2.80 to 2.66 and dual-meaning
clarity from 2.89 to 2.76. Crucially, language natu-
ralness remains high in every condition (4.70-4.74),
while mechanism validity and dual-meaning clarity
remain substantially lower. Thus, detailed defini-
tions provide a modest scaffold and JSON mainly
standardizes output parsing; neither accounts for
the observed fluency—mechanism gap.
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