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Abstract

Humor judgment is subjective and often de-
pends on ambiguity, expectation violation, and
contextual reinterpretation, so the reliability
of an LLM judge cannot be assessed from fi-
nal detection performance alone. Recent work
has shown that LLM judgments can vary with
prompt formulation and user framing, but how
these effects manifest in subjective humor eval-
uation remains less well characterized, particu-
larly in directional error patterns and multi-turn
judgment trajectories. This paper analyzes how
prompt design, structured interpretation, and
user rebuttals shape LLM-based humor judg-
ment. In zero-shot sentence-only judgments,
models with similar F1 scores show substan-
tially different FPR–FNR values, shifting be-
tween over-accepting and under-predicting hu-
mor depending on prompt formulation. Few-
shot examples partially reduce these directional
fluctuations, but their effects remain model-
dependent. We further propose the Incongruity-
Resolution Judgment framework, which com-
pares a humor-supporting interpretation with a
counter interpretation before producing a final
judgment. Rather than uniformly improving
performance, this framework serves as a diag-
nostic structure for examining how competing
interpretations reshape model judgment behav-
ior. Finally, explicit user rebuttals show that
high initial performance does not guarantee ro-
bustness, highlighting the need to evaluate judg-
ment persistence, directional error patterns, and
interaction-level judgment trajectories.

1 Introduction

Although humor evaluation can be operational-
ized as scores or labels through human annotation,
the underlying judgment process remains subjec-
tive and shaped by competing interpretations. Hu-
mor often involves ambiguity, expectation viola-
tion, contextual reinterpretation, and cultural back-
ground knowledge, and has therefore long been

regarded as a challenging problem in natural lan-
guage understanding (Raskin, 1985; Attardo, 1994).
This subjectivity makes humor judgment sensitive
not only to the input sentence itself, but also to the
interpretive frame through which the sentence is
evaluated.

Prior work on computational humor has studied
structurally well-defined forms such as puns us-
ing probability-based metrics, including ambiguity,
distinctiveness (Kao et al., 2015), and local-global
surprisal (He et al., 2019). These metrics capture
important aspects of humor, but they do not fully ex-
plain human-perceived funniness, making human
evaluation central to humor research (Kao et al.,
2015; He et al., 2019). Recent LLM-based stud-
ies further examine humor detection, generation,
preference optimization, and differences between
human and LLM criteria for funniness (Wang et al.,
2025; Sakabe et al., 2026). However, high per-
formance or fluent explanations do not necessar-
ily imply reliable humor judgment. LLMs may
overreact to surface humor cues, such as pun-like
patterns, and misclassify modified non-pun sen-
tences as puns (Zangari et al., 2025). This con-
cern is related to broader findings that LLM-based
evaluation is sensitive to evaluation prompts, pro-
cedures, and user influence (Wang et al., 2024;
Perez et al., 2023). Recent work further shows that
semantically equivalent prompt formulations can
lead to different evaluations, particularly for subjec-
tive attributes (Bhat and Varma, 2026). Ermakova
et al. (2026) also report confirmation, position, and
framing effects in LLM responses under controlled
prompt variations.

This paper provides a diagnostic analysis of
prompt sensitivity, structured interpretation, and
rebuttal robustness in LLM-based humor judg-
ment. We first examine sentence-only prompts
with different levels of instructional detail and few-
shot examples, using F1 and FPR–FNR to dis-
tinguish overall detection performance from di-
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rectional error patterns. We then introduce the
Incongruity-Resolution Judgment (IRJ) framework
as a structured diagnostic intervention that com-
pares a humor-supporting interpretation with a
counter interpretation before producing the final
humor judgment. We evaluate both multi-turn
and single-prompt implementations with ablations
to examine how structured interpretation reshapes
model judgments, rather than to present IRJ as a
uniformly performance-improving method. Finally,
we introduce Rebuttal Stability Evaluation (RSE),
inspired by Flip-Flop and multi-turn sycophancy
studies, to analyze whether LLM judges maintain
their judgments under targeted user rebuttals and
follow-up interaction. Overall, our results show
that the reliability of LLM-based humor judgment
should be assessed not only by final detection per-
formance, but also by directional error patterns,
judgment persistence, and interaction-level judg-
ment trajectories.

2 Related Work

Classical humor theories explain humor through
conflicts between incompatible semantic struc-
tures or scripts, often requiring a shift in inter-
pretation (Raskin, 1985; Attardo, 1994). Build-
ing on this view, early computational studies de-
sign lexical and semantic features for automatic hu-
mor recognition (Mihalcea and Strapparava, 2005),
identify humor anchors within sentences (Yang
et al., 2015), and model puns using structural cues
such as ambiguity and phonological similarity (Kao
et al., 2015; He et al., 2019). Recent LLM-based
studies extend this line of work to humor data con-
struction, generation, and evaluation: Horvitz et al.
(2024) construct paired humor data using LLMs,
Chen et al. (2024) improve pun generation through
preference learning, and Sakabe et al. (2026); Zan-
gari et al. (2025) analyze the capabilities and limita-
tions of LLMs in humor evaluation. However, these
studies primarily focus on detection performance,
generation quality, or agreement with human eval-
uation, leaving the stability of LLM-based humor
judgments under different prompt formulations and
interaction contexts relatively underexplored.

Recent work on LLM-as-a-Judge shows that
large language models can serve as scalable al-
ternatives or complements to human evaluation, as
in MT-Bench, Chatbot Arena, and G-Eval (Zheng
et al., 2023; Liu et al., 2023). However, LLM
judges do not always function as neutral evalua-

tors: their judgments can vary with response or-
der, evaluation procedures, semantically equivalent
prompt formulations, and controlled framing ma-
nipulations (Wang et al., 2024; Bhat and Varma,
2026; Ermakova et al., 2026). This instability is
also related to sycophancy and interaction sensitiv-
ity: models can favor user-aligned responses over
truthful ones (Sharma et al., 2024), and the Flip-
Flop experiment shows that model responses can
change after a simple user rebuttal (Laban et al.,
2024). We examine how these effects appear in sub-
jective humor judgment, focusing on directional er-
ror patterns, structured interpretation, and rebuttal
stability.

3 Experimental Setup

3.1 Datasets

In this study, we construct an experimental cor-
pus to analyze prompt sensitivity and directional
error patterns in LLM-as-a-Judge humor evalu-
ation. Humorous candidates are collected from
SemEval-2017 Task 7 (Miller et al., 2017) and the
short-jokes dataset (Moudgil, 2017), while non-
humorous candidates are collected from SemEval-
2016 Task 4 (Nakov et al., 2016) and the sentiment
subset of TweetEval (Barbieri et al., 2020). To
reduce domain variation, all non-humorous candi-
dates are drawn from Twitter-based datasets.

From this candidate corpus, we select 600 sam-
ples misclassified by humor-no-humor (Dhiab,
2023), an existing encoder-based humor detection
model. We refer to this subset as Challenge-600, a
controlled evaluation set for analyzing LLM judges
on difficult and ambiguous cases, rather than as a
general benchmark for average performance.

To examine robustness across different data com-
positions, we further conduct supplementary exper-
iments on SemEval-2020 Task 7 (Hossain et al.,
2020) and SemEval-2021 Task 7 (Meaney et al.,
2021). We convert their human humor scores into
four-way ordinal labels and filter SemEval-2021
samples with high offensiveness to reduce potential
confounding effects from offensive content. De-
tailed preprocessing, human agreement analysis,
and label transformation criteria are provided in
Appendix A.

3.2 Models and Prompt Conditions

We evaluate three publicly available instruction-
tuned language models: Qwen3-4B-Instruct (Qwen
Team, 2025), Llama-3.1-8B-Instruct (Meta, 2024),
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Figure 1: Zero-shot prompt sensitivity in sentence-only humor judgment. The top row shows FPR–FNR, and the
bottom row shows F1 across Minimal, Standard, Detailed, and Long prompts.

and Mistral-7B-Instruct-v0.3 (Mistral AI, 2024).
To analyze the humor judgment behavior of these
models, we design four zero-shot (ZS) sentence-
only prompt conditions according to the amount
of task guidance provided. The Minimal prompt
contains only essential instructions, the Standard
prompt provides general guidelines for humor judg-
ment, and the Detailed prompt specifies the defini-
tion of humor and explicit judgment criteria. We
also include a Long prompt to examine whether
more extensive instruction improves performance;
this prompt is approximately 2.8 times longer than
the Detailed prompt and elaborates the judgment
criteria in a more fine-grained manner. The com-
plete prompt templates and detailed generation set-
tings are provided in Appendix B.

3.3 Evaluation Metrics

We evaluate model humor judgments against the
reference labels for each dataset. For binary evalua-
tion, we group weak high and strong high as humor-
ous and strong low and weak low as not humorous.
We measure overall detection performance with F1
for the humorous class and report FPR− FNR to
characterize error direction. Positive values indi-
cate a higher false positive rate than false negative
rate, indicating a tendency to predict humor too
often, whereas negative values indicate a higher
false negative rate and a tendency to miss humor.
|FPR−FNR| measures the imbalance between the
two error rates. A smaller absolute difference indi-
cates more similar false positive and false negative
rates but does not by itself imply better detection
performance. We therefore consider F1 together
with FPR− FNR when comparing overall perfor-

mance and error direction.

4 Sentence-Only Humor Judgment

This section establishes sentence-only baselines for
analyzing prompt sensitivity in LLM-based humor
judgment. We compare zero-shot and few-shot
prompts with different levels of instructional de-
tail, and report the complete numerical results in
Appendix C.

4.1 How Does Prompt Design Shape
Directional Error Patterns?

Figure 1 reports F1 and FPR–FNR for the four zero-
shot sentence-only prompts. F1 varies relatively
modestly across prompts in many settings, whereas
FPR–FNR changes substantially even within the
same model. Thus, the zero-shot results suggest
that prompt wording mainly changes the direction
of model errors, rather than only the aggregate
performance score.

This pattern is most pronounced in Mistral-7B.
Across all three datasets, Mistral-7B shows large
prompt-dependent changes in FPR–FNR. The Min-
imal prompt tends to produce a false-negative-
skewed judgment pattern, whereas the Standard
prompt shifts the model toward a false-positive-
skewed pattern. In other words, the same model
can shift from under-predicting to over-predicting
humor solely as a function of prompt phrasing.

This phenomenon is not limited to a single
model. Across multiple models, the Standard
prompt tends to produce relatively high FPR–FNR
values, suggesting that general humor-judgment
instructions may encourage more permissive hu-
mor judgments. The Detailed prompt mitigates this
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Figure 2: Few-shot prompt sensitivity in sentence-only humor judgment. The top row shows FPR–FNR, and the
bottom row shows F1 across Minimal, Standard, Detailed, and Long prompts.

Figure 3: Overview of the IRJ pipeline. The multi-turn version uses separate LLM calls for the structured stages,
while Single Prompt compresses the same structured judgment process into a single prompt.

tendency under some conditions, but the effect is
not consistent across all models and datasets. The
Long prompt further shows that adding more ex-
tensive instruction does not necessarily improve
sentence-only judgment: it improves or stabilizes
performance in some cases, such as Qwen3-4B, but
it can also reduce F1 or amplify directional imbal-
ance in other settings. Overall, these results show
that sentence-only LLM judges can exhibit sub-
stantially different directional error profiles even
when final F1 changes only moderately, and that
prompt length alone is not a reliable solution to this
instability.

4.2 Can In-Context Examples Stabilize
Directional Error Patterns?

To examine whether in-context examples can stabi-
lize sentence-only judgment, we evaluate few-shot
(FS) variants of all four sentence-only prompts.
Figure 2 shows that few-shot examples reduce ex-
treme FPR–FNR fluctuations in some conditions,
but their effects are not uniformly beneficial. This

suggests that in-context examples recalibrate the
model’s judgment criterion in a model- and dataset-
dependent manner, rather than simply improving
sentence-only humor judgment.

This calibration effect is most visible in Mistral-
7B. In the zero-shot setting, Mistral-7B exhibits ex-
treme prompt-dependent fluctuations in FPR–FNR.
In the few-shot setting, the Minimal prompt be-
comes substantially more balanced on Challenge-
600 and SemEval-2021 while also achieving higher
F1 scores. However, the remaining prompts
still show dataset-dependent behavior: the Stan-
dard prompt often remains false-positive-skewed,
whereas the Detailed and Long prompts can shift
toward false-negative-skewed judgments.

The same pattern appears for Llama-3.1-8B and
Qwen3-4B. For Llama-3.1-8B, the Detailed prompt
often provides a relatively strong trade-off between
F1 and FPR–FNR, but other prompts still retain
positive FPR–FNR values in several settings. For
Qwen3-4B, the Detailed and Long prompts are
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Dataset Model Best ZS Competing Single Prompt

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Challenge-600
Mistral-7B 57.2 75.5 58.4 74.6 69.0↑ 69.7†
Llama-3.1-8B 70.0 62.2 69.0 46.9† 65.6 73.0
Qwen3-4B 73.5 10.9 71.2 39.5 76.1↑ 10.0†

SemEval20
Mistral-7B 33.4 85.6 31.8 84.8 33.9↑ 65.4†
Llama-3.1-8B 36.0 11.2 33.6 -7.2† 34.5 49.5
Qwen3-4B 34.4 47.9 34.7 29.5 35.9↑ -13.3†

SemEval21
Mistral-7B 64.6 -35.5 59.1 83.2 65.7↑ 71.8
Llama-3.1-8B 76.4 41.9 69.4 44.2 70.5 57.5
Qwen3-4B 80.7 10.2 76.2 20.5 80.7 3.1†

Table 1: Comparison between the best zero-shot baseline, the competing interpretation pipeline, and the single-
prompt pipeline. All values are reported in percentage points, with the percentage symbol omitted. ↑ indicates
the larger F1 improvement over Best ZS among the pipeline variants, and † indicates the larger reduction in
|FPR− FNR| over Best ZS among the pipeline variants.

beneficial in some datasets, but FS prompting does
not consistently improve F1 across all prompt con-
ditions, and the Minimal and Standard prompts
still produce strong false-positive-skewed patterns.
Overall, few-shot examples act as a calibration sig-
nal whose effects vary across models and datasets.
They do not consistently improve performance or
reduce directional imbalance.

5 Evaluating the Incongruity-Resolution
Judgment Framework

5.1 Framework Design
The IRJ framework is motivated by incongruity-
resolution theory, which views humor comprehen-
sion as a process of detecting an incongruity and
resolving it within the preceding context (Suls,
1983). From this perspective, humor does not arise
merely from an unexpected element itself, but from
whether that element can be reinterpreted in a way
that produces a coherent humorous effect. This
motivates us to examine not only whether an LLM
predicts humor, but also how it constructs and com-
pares interpretations that support or challenge that
prediction.

Accordingly, we propose the Incongruity-
Resolution Judgment (IRJ) framework, as shown in
Figure 3. IRJ first obtains a full-sentence interpre-
tation and selects the trigger span, namely the word
or phrase that most strongly changes the interpreta-
tion of the sentence. It then branches into two com-
peting interpretations: a humor-supporting branch
and a Counter Branch. In the humor-supporting
branch, the model analyzes how the trigger can
create a humorous reading and reconstructs the
setup interpretation that makes this reading possi-

ble. In the Counter Branch, the model constructs
an ordinary or non-humorous counter reading and
reconstructs the corresponding setup interpretation.
The framework then compares these two interpre-
tations, applies a humor gate to decide whether a
recognizable humorous effect remains, and finally
produces an ordinal humor judgment.

We implement IRJ in both multi-turn and single-
prompt forms. The multi-turn version uses separate
LLM calls for the structured stages, whereas Single
Prompt compresses the same judgment process into
a single prompt and produces the structured judg-
ment fields in one response. The full Single Prompt
template is provided in Figure 22. We use these
implementations as diagnostic interventions for an-
alyzing whether structured interpretation changes
both F1 and directional error patterns. In particu-
lar, FPR–FNR allows us to examine whether IRJ
shifts the model toward humor over-prediction, to-
ward under-prediction, or toward a more balanced
relation between false-positive and false-negative
tendencies.

5.2 How Does IRJ Affect Performance and
Directional Error Patterns?

Table 1 compares the Best ZS sentence-only base-
line with the competing pipeline and the single-
prompt implementation of IRJ. Overall, IRJ affects
not only F1 but also the direction and magnitude of
model errors, as measured by FPR–FNR.

In the primary evaluation, the single-prompt
implementation improves F1 for Mistral-7B and
shows the most balanced pattern for Qwen3-4B,
but in different ways. Mistral-7B achieves higher
F1 scores than Best ZS across all three datasets,
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(a) Competing Pipeline

Dataset Model Full No Counter Self-Revision

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Challenge-600
Mistral-7B 58.4 74.6 65.5 62.1 5.2↓ -97.3↓
Llama-3.1-8B 69.0 46.9 66.9↓ 99.0↓ 40.7↓ -60.7↓
Qwen3-4B 71.2 39.5 66.1↓ 93.2↓ 49.4↓ -61.0↓

SemEval20
Mistral-7B 31.8 84.8 33.2 47.9 0.3↓ -99.8↓
Llama-3.1-8B 33.6 -7.2 32.8↓ 98.0↓ 10.8↓ -88.8↓
Qwen3-4B 34.7 29.5 32.9↓ 94.0↓ 17.7↓ -81.7↓

SemEval21
Mistral-7B 59.1 83.2 66.3 58.8 1.6↓ -99.1↓
Llama-3.1-8B 69.4 44.2 63.0↓ 93.8↓ 48.0↓ -57.9↓
Qwen3-4B 76.2 20.5 63.6↓ 91.1↓ 48.2↓ -60.3↓

(b) Single Prompt Pipeline

Dataset Model Full No Counter Self-Revision

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Challenge-600
Mistral-7B 69.0 69.7 58.5↓ -30.3 68.2↓ 66.0
Llama-3.1-8B 65.6 73.0 67.0 97.7↓ 21.4↓ -78.3↓
Qwen3-4B 76.1 10.0 58.9↓ -45.0↓ 43.4↓ -69.3↓

SemEval20
Mistral-7B 33.9 65.4 21.4↓ -64.3 34.2 53.2
Llama-3.1-8B 34.5 49.5 32.8↓ 99.3↓ 7.3↓ -93.1↓
Qwen3-4B 35.9 -13.3 17.7↓ -81.1↓ 4.7↓ -96.3↓

SemEval21
Mistral-7B 65.7 71.8 52.1↓ -35.6 67.0 68.6
Llama-3.1-8B 70.5 57.5 63.1↓ 94.2↓ 25.7↓ -80.4↓
Qwen3-4B 80.7 3.1 63.6↓ -42.7↓ 50.0↓ -62.9↓

Table 2: Ablation results for the competing and single-prompt pipelines. No Counter removes the Counter Branch,
while Self-Revision replaces the independent adjudication stage with branch-side self-revision. Arrows indicate
degradation relative to the corresponding full pipeline. For F1, degradation indicates a lower score; for FPR–FNR,
degradation indicates a larger absolute distance from zero.

although its directional error imbalance worsens on
SemEval-2021. In contrast, Qwen3-4B improves or
matches Best ZS in F1 while reducing the absolute
magnitude of FPR–FNR across all three datasets.
This suggests that, for some models, integrating
structured interpretation into a single prompt can
improve performance while moving the error pat-
tern closer to balance.

Llama-3.1-8B shows a different pattern. Under
the single-prompt implementation, F1 decreases
and FPR–FNR increases across all datasets, indi-
cating stronger humor over-prediction. Under the
competing pipeline, however, the absolute FPR–
FNR decreases on Challenge-600 and SemEval-
2020 even when F1 does not improve. This sug-
gests that explicitly separating humor-supporting
and counter interpretations can affect directional
error patterns independently of performance gains.

Taken together, these results indicate that the
effect of IRJ is model-dependent: it sometimes
improves F1, sometimes reduces directional im-
balance, and sometimes shifts the model toward

stronger humor over-prediction. To further assess
decoding stability, we repeat the primary IRJ eval-
uations with multiple random seeds and report the
results in Appendix C.4.

5.3 Which Components of IRJ Are Most
Important?

Table 2 reports the ablation results for two key de-
sign choices in IRJ: the Counter Branch and the in-
dependent adjudication stage. The No Counter vari-
ant removes the counter-side interpretation stages
and makes the final decision from the humor-
supporting path alone. The Self-Revision vari-
ant keeps the counter interpretation, but replaces
independent adjudication with branch-side self-
revision, where the initial humor-supporting inter-
preter revises its own judgment after considering
the counter interpretation. Overall, the two variants
affect performance and directional error patterns in
distinct ways.

The effect of No Counter is not primarily re-
flected in large F1 degradation. Removing the
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Figure 4: RSE results on SemEval-2021. We report F1, FPR–FNR, and response trajectories across Original, After
TR, and After FI. The trajectory panel is computed from four-way ordinal humor labels.

Counter Branch does not always reduce F1, and in
some competing-pipeline settings it even improves
performance. However, it often pushes FPR–FNR
toward a stronger one-sided error pattern, espe-
cially in the competing pipeline, where the absence
of an explicit counter interpretation frequently pro-
duces large positive FPR–FNR values. This sug-
gests that accumulating only humor-supporting ev-
idence can make the model increasingly prone to
over-predicting humor.

The Self-Revision variant shows a different pat-
tern. Unlike No Counter, it often causes substantial
F1 degradation, especially for Llama-3.1-8B and
Qwen3-4B, and shifts FPR–FNR far into the neg-
ative range. This indicates that self-revision tends
to move the model toward false-negative-skewed
judgments rather than producing a balanced correc-
tion. Mistral-7B is a partial exception in the single-
prompt implementation, where Self-Revision re-
mains closer to the full pipeline, but its competing-
pipeline results still show a severe collapse in both
F1 and directional error balance.

The Counter Branch provides an explicit com-
peting perspective against the humor-supporting
interpretation and helps prevent one-sided humor
over-prediction, whereas independent adjudication
is more directly tied to final decision quality. These

results indicate distinct roles for competing inter-
pretations and independent adjudication in shaping
the final judgment.

6 Robustness under User Rebuttal

After evaluating the initial judgments produced by
sentence-only prompts and the single-prompt im-
plementation of IRJ, we examine whether these
judgments remain stable under explicit user rebut-
tals. Inspired by the Flip-Flop evaluation of La-
ban et al. (2024) and multi-turn sycophancy stud-
ies (Hong et al., 2025), we introduce Rebuttal Sta-
bility Evaluation (RSE), a task-specific setting for
analyzing judgment persistence and trajectory-level
instability in subjective humor judgment. RSE con-
sists of Targeted Rebuttal (TR), where the user chal-
lenges the initial judgment in the opposite direction,
and Follow-up Interaction (FI), where the user par-
tially retracts the rebuttal if the model changes its
judgment, or continues to disagree if the model
maintains it. We track changes from Original to
After TR and After FI in terms of F1, FPR–FNR,
and response trajectories.

Figure 4 shows the RSE results on SemEval-
2021. Overall, sentence-only baselines are vulner-
able to targeted rebuttal. Llama-3.1-8B shows a
particularly large drop: under the Detailed prompt,
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Figure 5: Summary of paired bootstrap validation re-
sults. Each bar reports the percentage of paired compar-
isons whose 95% bootstrap confidence interval excludes
zero. Prompt, IRJ, and RSE aggregate 27, 72, and 72
paired comparisons, respectively.

F1 decreases from 0.76 to 0.07 after TR, and un-
der the Long prompt it similarly decreases from
0.66 to 0.06. This indicates that longer instruc-
tion does not eliminate rebuttal-induced instability.
Mistral-7B also degrades after TR across several
sentence-only prompts, whereas Single Prompt mit-
igates this decline in some conditions. For example,
with Mistral-7B, F1 decreases from 0.66 to 0.52
after TR and remains at 0.55 after FI. Qwen3-4B
shows the most stable F1 trajectory overall.

FPR–FNR shows that rebuttals alter not only
performance but also the direction of model er-
rors. Mistral-7B and Llama-3.1-8B often move
from positive or moderate FPR–FNR values in the
Original setting to negative values after TR, indicat-
ing a shift toward false-negative-skewed judgments.
After FI, FPR–FNR often moves back in the op-
posite direction, suggesting that FI is not a simple
recovery but another interaction-induced judgment
shift. Qwen3-4B shows relatively smaller FPR–
FNR changes, especially under the Detailed, Long,
and Single Prompt conditions.

Let yO, yTR, and yFI denote the four-way or-
dinal labels at Original, after Targeted Rebuttal,
and after Follow-up Interaction, respectively. The
response trajectory panel groups these sequences
into Stable (yO = yTR = yFI ), FI-only change
(yO = yTR and yFI ̸= yO), Reverted after TR
(yO ̸= yTR and yFI = yO), and Non-reverted after
TR (yO ̸= yTR and yFI ̸= yO). The last category
includes both retention of the TR label and a sub-

sequent change to a third label. These categories
show that interaction effects cannot be reduced to
simple label flips: Reverted after TR may resemble
recovery but still reflects trajectory-level instabil-
ity, whereas a high Stable rate is not necessarily
desirable when final F1 remains low.

In summary, RSE shows that user rebuttals can
alter both final performance and error direction.
Single Prompt does not eliminate rebuttal sensi-
tivity, but it mitigates F1 degradation and extreme
FPR–FNR shifts in some model conditions. Simi-
lar trends are observed on the remaining datasets,
and detailed results are reported in Appendix C.

7 Bootstrap Validation of Observed Shifts

To examine whether the observed changes are ro-
bust to sampling variation, we perform an instance-
level paired bootstrap analysis. For each model–
dataset–condition comparison with n evaluation
instances, we generate 10,000 bootstrap replicates
by sampling n instance indices with replacement
from the corresponding evaluation set. For each
replicate, metric differences are recomputed using
the same resampled indices for both conditions, pre-
serving the paired structure of the comparison. We
denote FPR−FNR as D. This analysis quantifies
uncertainty in metric differences due to evaluation
sample composition. Decoding variability is as-
sessed separately by repeating the evaluation with
multiple random seeds.

Figure 5 summarizes the proportion of compar-
isons whose 95% paired bootstrap confidence inter-
vals exclude zero. The denominators differ because
each analysis group aggregates a different number
of paired comparisons: 27 for prompt comparisons,
72 for IRJ comparisons, and 72 for RSE compar-
isons. Overall, a large proportion of changes are
supported under paired resampling, especially for
D and |D|. This indicates that the observed shifts
in prompt sensitivity, IRJ behavior, and rebuttal-
induced judgment trajectories are not driven by
a small number of evaluation instances. Detailed
confidence intervals and the directions of supported
changes are provided in Appendix D.

8 Conclusion

This paper analyzes LLM-based humor judgment
as a subjective evaluation problem whose reliability
depends on prompt formulation, structured inter-
pretation, and interaction context. Across sentence-
only prompts, models with similar F1 scores can
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produce substantially different FPR–FNR patterns,
indicating that prompt wording can shift the judge
toward humor over-prediction or under-prediction.
Few-shot examples partially reduce these shifts in
some settings, but their effects remain model- and
dataset-dependent.

We further examine structured interpretation
through IRJ and interaction robustness through
RSE. IRJ does not serve as a uniformly
performance-improving method; rather, it provides
a diagnostic structure for observing how compet-
ing interpretations and adjudication stages reshape
model judgments. RSE shows that explicit user re-
buttals can alter both performance and error direc-
tion, and that apparent recovery during follow-up
interaction may reflect another interaction-induced
shift rather than stable judgment maintenance.

These findings suggest several practical safe-
guards for using LLMs in subjective evaluation. Re-
liability should be assessed across multiple prompt
formulations because a single prompt may not re-
veal how consistently the model maintains its judg-
ments. FPR–FNR should also be reported along-
side F1 to distinguish overall performance from the
direction of model errors. Evaluations involving
user interaction should examine both the final label
and the full trajectory from the initial judgment
through Targeted Rebuttal and Follow-up Interac-
tion. The present study does not validate these
practices as mitigation methods. They should be
viewed as safeguards for identifying instability in
model judgments and as directions for future miti-
gation.

Limitations

This study has several scope limitations. First, IRJ
does not yield consistent performance gains across
all models and datasets. Rather than maximizing
the performance of a particular model, this work
aims to diagnose how prompt formulation, struc-
tured interpretation, and user rebuttals shape di-
rectional error patterns and judgment stability in
LLM-based humor judgment. Second, Challenge-
600 is a hard-case stress-test set constructed from
samples misclassified by an encoder-based humor
detector, not a general-purpose benchmark for av-
erage performance. Its intentionally difficult and
ambiguous construction requires caution when in-
terpreting metric differences. Finally, RSE uses
fixed rebuttal and follow-up templates, and the ex-
periments are limited to three publicly available

instruction-tuned LLMs. Thus, our findings should
be interpreted as evidence for the observed judg-
ment shifts in the evaluated settings, rather than
as fully generalizable conclusions about all LLM
judges.
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A Dataset Details

A.1 Construction of the Challenge-600 and
Human Evaluation

To construct the Challenge-600, we first collected
candidate humorous and non-humorous sentences
from the public datasets described in Section 3.
We then applied humor-no-humor (Dhiab, 2023),
an existing encoder-based humor detection model,
to the candidate corpus and selected 600 samples
that were misclassified by the model. This filter-
ing process was not intended to construct a dataset
reflecting the average humor/non-humor distribu-
tion. Instead, it was designed to create a controlled
evaluation set for analyzing LLM judges on cases
where an existing encoder-based detector does not
produce reliable distinctions.

We conducted human evaluation to assign humor
labels and humor type labels to the Challenge-600.
The evaluation interface is shown in Figure 6. The
humor labels consisted of four categories: strong
low, weak low, weak high, and strong high. When
strong low or weak low was selected, the sentence
was treated as non-humorous, and its humor type
was automatically set to Other / Not sure. To align
the evaluation setting with SemEval-2020, each
sample was evaluated by five annotators. All anno-
tators were informed in advance of the evaluation
procedure and the purpose of data use, participated
voluntarily, and received appropriate compensation
considering the time and effort required. To obtain
the four-way reference label, we first determined
the low or high direction by majority vote over the
five annotations. We assigned a strong label when
at least four annotators voted in that direction and
at least two selected the corresponding extreme la-

Dataset Total Strong L. Weak L. Weak H. Strong H.
Challenge-600 600 182 128 192 98
SemEval-2020 3,024 1,532 901 482 109
SemEval-2021 5,737 2,974 201 2,243 319

Table 3: Label distributions after preprocessing.

bel. Otherwise, we assigned the weak label in the
majority direction.

Krippendorff’s α for the four humor labels was
0.124. When the four labels were collapsed into
binary low/high judgments, Krippendorff’s α in-
creased to 0.358. This low agreement is consistent
with the subjectivity of humor judgment and dif-
ferences in interpretation. In particular, 179 out of
600 samples, corresponding to 29.8%, showed a
3–2 split, where three annotators and two annota-
tors made opposite binary judgments. When these
cases were excluded only for the agreement analy-
sis, Krippendorff’s α for the binary labels increased
to 0.596. This result shows that the Challenge-600
contains many cases with substantial human dis-
agreement, rather than consisting only of clear-cut
humorous or non-humorous examples.

A.2 Preprocessing of the Supplementary
Datasets

Table 3 summarizes the label distributions after
preprocessing. For all datasets, we use the same
four-way ordinal humor labels: strong low, weak
low, weak high, and strong high. For binary eval-
uation, weak high and strong high are mapped to
the positive class, while strong low and weak low
are mapped to the negative class.

For SemEval-2020 Task 7, we reconstruct labels
from the distribution of grades assigned by indi-
vidual annotators rather than from the meanGrade

Figure 6: Interface used for human evaluation of the Challenge-600. Annotators selected one of four ordinal humor
labels and, when the sentence was judged as humorous, selected the humor type that best explained their judgment.
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(a) Binary label setting

(b) Four-way label setting

Figure 7: Human agreement analysis across label granularities. The radar plots compare sentence-only prompts, the
competing pipeline, and the single-prompt implementation using agreement and macro F1 across datasets, with
humor-type agreement reported for Challenge-600.

value. Each item contains humor grades ranging
from 0 to 3. We first assign strong low and strong
high to items with strong consensus on grade 0 and
grade 3, respectively. For the remaining items, we
define grades 2 and 3 as positive votes and grades 0
and 1 as negative votes, and assign weak or strong
labels according to the direction and strength of
the vote distribution. When extreme votes can-
cel each other out or the annotations are highly
dispersed, we also consider the distribution of in-
termediate grades and assign weak low when there
is no clear positive majority. After preprocessing,
the SemEval-2020 test set contains 3,024 items.

For SemEval-2021 Task 7, we use the training
split because it includes human evaluation scores.
To reduce the influence of offensive content, we
retain only samples with an offensiveness score of
0.5 or lower. Missing values in humor-related and
offensiveness score fields are replaced with 0.0. We
then convert humor ratings into four-way ordinal
labels using fixed thresholds: strong low for scores

of 0.5 or lower, weak low for scores greater than
0.5 and up to 1.5, weak high for scores greater than
1.5 and up to 3.0, and strong high for scores greater
than 3.0. After preprocessing and offensiveness
filtering, the SemEval-2021 dataset contains 5,737
items.

A.3 Human Agreement Analysis

We further analyze the extent to which model judg-
ments align with human evaluations. Figure 7
compares sentence-only prompts, the Competing
Pipeline, and Single Prompt across the three mod-
els. The sentence-only prompts include Minimal,
Standard, Detailed, and Long. We report agreement
and macro F1 across datasets for each condition,
and additionally report humor-type agreement for
Challenge-600, where human humor-type anno-
tations are available. Panel (a) shows the binary
setting, where the four ordinal labels are collapsed
into low/high humor judgments, whereas Panel (b)
shows the original four-way ordinal-label setting.
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Model Condition High-agreement Low-agreement

F1 FPR–FNR F1 FPR–FNR

Mistral-7B

Minimal 54.3 -56.4 33.3 -67.3
Standard 53.1 69.6 65.9 88.2
Detailed 64.1 -40.5 40.8 -49.3
Long 35.3 -72.5 13.8 -77.2
Competing 55.7 71.5 64.3 81.6
Single 68.0 65.3 71.0 81.4

Llama-3.1-8B

Minimal 65.5 19.2 54.0 16.5
Standard 63.5 98.2 69.3 99.0
Detailed 71.5 60.3 66.9 69.6
Long 65.5 88.5 70.6 96.4
Competing 69.5 48.3 67.8 45.3
Single 65.5 70.3 65.9 81.3

Qwen3-4B

Minimal 73.2 30.7 64.8 33.2
Standard 65.2 91.2 69.9 96.5
Detailed 76.1 10.6 64.4 17.1
Long 77.9 9.9 64.4 17.1
Competing 72.3 34.3 68.9 54.3
Single 79.9 6.5 68.6 22.2

Table 4: Agreement-subset analysis on Challenge-600. High-agreement denotes samples with 5–0 or 4–1 binary
human votes, while Low-agreement denotes samples with 3–2 binary human votes. All values are reported in
percentage points, with the percentage symbol omitted. FPR–FNR indicates the direction of prediction errors.

Overall, model–human agreement is higher in
the binary setting. This indicates that models can
align with human evaluations to some extent when
humor is evaluated as a coarse-grained judgment
of whether humor is present. In particular, Qwen3-
4B shows relatively high agreement and macro F1
across several conditions, and Detailed and Single
Prompt often yield more balanced profiles than the
other conditions. Mistral-7B and Llama-3.1-8B
also show high agreement under specific condi-
tions, but the pattern varies across datasets and
prompt conditions. Thus, structured interpreta-
tion and more specific judgment criteria can im-
prove alignment with human evaluations in some
cases, but no single condition is consistently supe-
rior across all models and evaluation axes.

The results for the Long prompt are consistent
with this interpretation. Although Long achieves
high scores on some axes, it does not consistently
stabilize agreement or macro F1 across models and
datasets. In other words, simply providing longer
instructions does not automatically improve align-
ment with human evaluations. This suggests that
how the judgment criteria are presented and struc-
tured may be more important than prompt length
alone.

In contrast, agreement and macro F1 are substan-
tially lower in the four-way setting. This suggests
that models have greater difficulty distinguishing

fine-grained humor strength, such as strong low,
weak low, weak high, and strong high, than making
a binary judgment about the presence of humor.
Conditions that show relatively high scores in the
binary setting exhibit compressed scores in the four-
way setting, and the differences between conditions
also become more limited. These results indicate
that ordinal humor labeling is not merely a more
difficult classification setting, but a subjective judg-
ment space in which interpretive differences can
arise even among human evaluators. This pattern is
consistent with the low inter-annotator agreement
observed in Challenge-600.

Humor-type agreement is also generally low.
This implies that even when a model reaches a
binary humor decision similar to human judgments,
it may rely on a different interpretation of the un-
derlying humor mechanism. For example, the same
sentence may be judged as humorous but attributed
to different mechanisms, such as homonymy/pol-
ysemy, cultural or social memes, or situational in-
congruity, depending on the evaluator. Therefore,
the reliability of LLM-based humor judgment can-
not be assessed solely through binary detection
performance; label granularity and humor-type in-
terpretation must also be considered.

In summary, Figure 7 shows that LLM judges
can align with human evaluations to some extent in
coarse-grained humor detection, but fine-grained
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judgments of humor strength and humor mecha-
nism remain more challenging. Detailed and Sin-
gle Prompt often produce relatively balanced agree-
ment profiles, but no prompt condition, including
Long, is consistently superior across all evalua-
tion axes. This supports the main argument of this
paper: LLM-based humor judgment should be ana-
lyzed not only in terms of final F1, but also in terms
of label granularity, interpretation-level agreement,
and directional error patterns.

A.4 Agreement-Subset Analysis
To examine whether the prompt sensitivity and re-
buttal instability observed on Challenge-600 are
driven only by samples with divergent human judg-
ments, we divide the dataset into two subsets based
on binary human agreement. The high-agreement
subset consists of samples with 5–0 or 4–1 binary
votes, whereas the low-agreement subset consists
of samples with 3–2 binary votes. This distinc-
tion allows us to determine whether shifts in model
judgment are concentrated in cases that human an-
notators also find ambiguous, or whether they also
appear in cases with relatively consistent human
evaluations.

Table 4 reports the results for the sentence-only
prompts and IRJ variants on the high-agreement
and low-agreement subsets of Challenge-600.
The results show that prompt-induced shifts in
judgment direction are not confined to the low-
agreement subset. Even in the high-agreement sub-
set, the Standard prompt produces large positive
FPR–FNR values across all three models, indicat-
ing a false-positive-skewed judgment pattern even
for samples on which human annotators largely
agree about the binary humor label. In contrast, the
Minimal and Detailed prompts generally produce
lower FPR–FNR values, and the same tendency is
also observed in the low-agreement subset.

The Long prompt further shows that increasing
instruction length does not remove this prompt-
dependent behavior. For Mistral-7B, Long pro-
duces a strongly negative FPR–FNR pattern in both
subsets, whereas for Llama-3.1-8B it produces a
strongly positive FPR–FNR pattern. For Qwen3-
4B, Long remains closer to Detailed, with relatively
small FPR–FNR values in both subsets. Thus, the
effect of longer instruction is model-dependent and
does not provide a uniform correction to directional
error imbalance.

These results suggest that the prompt sensitiv-
ity observed on Challenge-600 cannot be explained

solely by disagreement among human annotators in
the 3–2 split samples. In other words, prompt for-
mulation can alter the error direction of the model
even for samples with relatively clear human evalu-
ations. Therefore, the FPR–FNR shifts reported in
this study should be interpreted as systematic direc-
tional shifts associated with prompt design, rather
than as an artifact confined to low-agreement sam-
ples.

A similar tendency is observed in RSE. Llama-
3.1-8B shows flip rates of 81.2% and 86.0% in the
high-agreement and low-agreement subsets, respec-
tively, while Mistral-7B shows flip rates of 52.7%
and 50.8%. In contrast, Qwen3-4B maintains low
flip rates of 8.3% and 11.2% in the two subsets.
These results indicate that rebuttal-induced judg-
ment shifts cannot be explained solely by divergent
human judgments, but also reflect model-specific
differences in interaction-level stability.

A.5 Humor-Type Low-Agreement Analysis
Section A.4 divides Challenge-600 into high-
agreement and low-agreement subsets based on
binary humor labels, showing that the prompt
sensitivity and rebuttal instability observed on
Challenge-600 are not driven solely by 3–2 split
samples. In this section, we extend the agreement-
based analysis beyond binary humor judgment by
examining samples with low agreement in humor-
type interpretation. Here, low agreement refers not
to disagreement about whether a sentence is hu-
morous, but to disagreement about which humor
mechanism best explains the sentence.

For each sample in Challenge-600, we compute
the plurality ratio of the humor-type labels assigned
by the five annotators, defined as the proportion of
annotators selecting the most frequent humor type.
We define a humor-type low-agreement item as a
sample for which no single humor type receives ma-
jority agreement. This criterion yields 96 samples,
most of which have a plurality ratio of 0.4. In other
words, even the most frequently selected humor
type is chosen by only two out of five annotators.
Thus, this subset captures disagreement among hu-
man annotators in humor mechanism interpretation,
rather than disagreement about the binary humor
label.

The plurality humor-type distribution of this sub-
set consists of Cultural / Social meme (34), Situa-
tional incongruity / unexpected interpretation (29),
Homonym / Polysemy (17), Other / Not sure (10),
and Similar pronunciation (6).
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(a) IRJ Corrects Sentence-only Suppression

Sentence: “Who was the knight that invented the round
table? Sir Cumference.”
Reference: weak_high
Best ZS: × strong_low
Competing IRJ: ✓ weak_high
Single IRJ: ✓ weak_high
Observation: IRJ preserves the pun-based reinterpretation
as an actual humorous payoff, while the sentence-only
baseline collapses the sentence into a non-humorous judg-
ment.

(b) IRJ Over-predicts Humor

Sentence: “Tiger Woods’ real first name is Eldrick.”
Reference: strong_low
Best ZS: ✓ weak_low
Competing IRJ: ✓ strong_low
Single IRJ: × weak_high
Observation: Single-prompt IRJ over-reads a plain factual
statement as humor by treating weak lexical novelty as a
humorous payoff.

(c) IRJ Preserves Everyday Humor

Sentence: “No thermostat is as effective at regulating
temperature as sticking a foot out from under the bed
covers.”
Reference: strong_high
Best ZS: ✓ weak_high
Competing IRJ: ✓ weak_high
Single IRJ: ✓ weak_high
Observation: Both IRJ variants keep the everyday incon-
gruity as humor, showing that structured interpretation
does not necessarily suppress simple experiential jokes.

(d) Rebuttal-induced Judgment Shift

Sentence: “The chemicals heating up boils down to the
scientist turning on the furnace.”
Reference: weak_high
Best ZS: × weak_low
Single IRJ: ✓ weak_high
RSE: weak_low → weak_high → weak_low
Observation: The model fully oscillates under rebuttal
and follow-up interaction, suggesting that user feedback
can redirect the interpretation of a short pun-like trigger.

Figure 8: Representative qualitative cases illustrating how IRJ changes humor judgments and how rebuttal interaction
can alter the judgment trajectory.

The humor-type low-agreement subset is heavily
skewed toward positive binary labels, with 94 posi-
tive samples and only 2 negative samples. There-
fore, high F1 scores on this subset should not be in-
terpreted as direct evidence of better understanding
of difficult cases. Since most samples are positive
under the binary label, high F1 may instead reflect
a permissive tendency to classify interpretation-
disputed cases as humorous. In addition, FPR-
based quantities are unstable on this subset because
the number of negative samples is extremely small.
We therefore use this subset as a supplementary
descriptive analysis of judgment direction, rather
than as a direct comparison of methodological su-
periority.

From this perspective, the high F1 scores of
the Standard baseline likely reflect a permis-
sive judgment tendency toward interpretation-
disputed cases, rather than better understanding of
humor-type low-agreement samples. Conversely,
lower F1 scores under the Minimal or Detailed
prompts may indicate stricter humor criteria, where
some positive-skewed samples are judged as non-
humorous or only weakly humorous. The Long

prompt shows a similarly model-dependent pattern:
for some models, additional instruction makes the
judgment more permissive, whereas for others it
produces stricter decisions and lower F1 on this
positive-skewed subset. Thus, longer instruction
does not provide a uniform correction for humor-
type disagreement. The Competing Pipeline and
Single Prompt conditions also change the observed
error direction in model-specific ways, suggesting
that prompt structure can alter the decision crite-
rion even within the same subset of samples with
disputed humor mechanisms.

Together, the agreement-subset analysis in Sec-
tion A.4 and the humor-type low-agreement anal-
ysis in this section provide complementary views
of human disagreement in Challenge-600. Sec-
tion A.4 shows that prompt-induced directional
shifts are not driven solely by binary-label ambi-
guity, whereas this section shows that prompt and
pipeline structures can also change model judgment
patterns when human annotators disagree about the
underlying humor mechanism.
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A.6 Qualitative Case Analysis

To complement the quantitative analysis, Figure 8
presents representative qualitative examples illus-
trating how IRJ affects humor judgments and in-
terpretation trajectories. The cases are selected to
cover four distinct patterns: correction of sentence-
only suppression, humor over-prediction, preser-
vation of everyday humor, and rebuttal-induced
judgment shift.

Figure 8(a) shows a case in which the sentence-
only baseline misses a recognizable name-based
pun by collapsing the sentence into a literal reading.
In contrast, both IRJ variants preserve the reinter-
pretation of “Sir Cumference” and connect it to
a humorous payoff. This example illustrates that
structured interpretation can help retain reinterpre-
tations that may be lost when the sentence is judged
in isolation.

Figure 8(b) presents the opposite pattern. Al-
though the sentence is largely factual, the single-
prompt IRJ variant treats weak lexical novelty as
evidence of humor and assigns a positive label.
This case shows that structured interpretation does
not always improve calibration; in some cases, it
can encourage the model to search too aggressively
for a humorous payoff.

Figure 8(c) illustrates an example of everyday
incongruity-based humor. Here, both IRJ variants
retain the humorous reading rather than reducing
the sentence to a purely literal explanation. This
suggests that structured interpretation does not sim-
ply make the model more conservative, but can
also preserve mild or experiential humor when the
humorous effect remains recognizable.

Finally, Figure 8(d) illustrates a judgment shift
caused by rebuttal interaction under the RSE set-
ting. The model initially suppresses the humorous
interpretation, accepts it after the targeted rebuttal,
and then returns to its original judgment after the
follow-up interaction. This trajectory suggests that
user rebuttals can reshape the interpretation process
itself, rather than merely changing the final label.

Overall, these qualitative case studies support
the main quantitative findings. IRJ can preserve
or recover humorous reinterpretations, but it can
also introduce new forms of instability and humor
over-prediction depending on how the interpretive
process is organized.

A.7 Artifact Licenses and Intended Use
This work uses publicly available datasets and
model artifacts for research evaluation and analy-
sis. The source datasets and models are cited in the
main paper and appendices, including SemEval-
2017 Task 7, the short-jokes dataset, SemEval-
2016 Task 4, TweetEval, SemEval-2020 Task 7,
SemEval-2021 Task 7, the humor-no-humor model,
and the evaluated instruction-tuned language mod-
els. We use these artifacts under their respective
licenses, terms of use, and access conditions.

Our use of these artifacts is consistent with their
research-oriented purpose. The datasets are used
to construct evaluation inputs and supplementary
evaluation settings, and the models are used only
to analyze LLM-based humor judgment behavior.
We do not use these artifacts for deployment, user-
facing decision making, moderation, profiling, or
any application that affects individuals. We do
not redistribute model weights or complete orig-
inal source datasets. When supplementary mate-
rials include derived or preprocessed evaluation
files constructed from the public sources, they are
provided only to support research review and re-
producibility, together with source attribution and
dataset construction information. Users of these
files should also comply with the licenses, terms
of use, and access conditions of the corresponding
source artifacts.

The Challenge-600 subset is constructed as
a controlled evaluation set for diagnosing LLM
judges on difficult and ambiguous humor judgment
cases. It is not intended to serve as a general-
purpose benchmark for average humor detection
performance or as a deployed evaluation service. If
any derived artifacts are released in the future, they
will be distributed with appropriate documentation,
attribution, and license or terms-of-use information
for the source artifacts.

B Prompt Templates and Generation
Settings

B.1 Model and Generation Settings
For the sentence-only baseline, we use four prompt
conditions: Minimal, Standard, Detailed, and Long.
In this direct humor evaluation setting, we use deter-
ministic decoding with temperature 0.0, top-p 0.9,
and a maximum generation length of 520 tokens.
The RSE stages based on sentence-only outputs,
namely Targeted Rebuttal (TR) and Follow-up In-
teraction (FI), use the same decoding settings.
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The Competing Pipeline uses a multi-turn struc-
ture. Each generation call uses temperature 0.2,
top-p 0.9, and a maximum generation length of
220 tokens. Single Prompt generates multiple judg-
ment steps within a single response, and therefore
uses the same maximum generation length as the
sentence-only baselines, namely 520 tokens. For
IRJ, including both the Competing Pipeline and
Single Prompt, we use a low nonzero temperature
of 0.2. This setting is chosen because IRJ requires
the model to generate intermediate interpretations,
including humor-supporting and counter readings,
while keeping generation variability as limited and
controlled as possible. The Competing Pipeline
ablations use the same decoding settings as the full
Competing Pipeline.

To assess variability due to stochastic decoding,
we repeat the primary Competing Pipeline and Sin-
gle Prompt evaluations with three random seeds,
17, 42, and 2026, while keeping all other genera-
tion settings fixed. We also report prompt length
statistics to clarify the relationship between the
Long baseline, the Detailed baseline, and the Sin-
gle Prompt implementation. The Long prompt is
approximately 2.8 times longer than the Detailed
prompt, and it is also longer than the Single Prompt,
by approximately 1.22 times in characters, 1.37
times in words, and 1.08 times in lines. Thus, the
Long baseline serves as a length-control baseline
for examining whether the effect of Single Prompt
is driven merely by having a longer prompt. Fig-
ures 9–13 present the ZS sentence-only baseline
prompt templates, while Figure 14 shows the FS
examples appended to each baseline user prompt
in the FS experiments.

All experiments are inference-only. Experiments
are conducted on a local server with four NVIDIA
RTX 5090 GPUs, each with 32GB of memory.
Each inference process uses one GPU, while multi-
ple runs can be scheduled in parallel across GPUs.
Processing 600 instances for one model–condition
pair takes approximately one wall-clock hour on a
single RTX 5090, corresponding to approximately
one GPU hour per 600-instance run.

B.2 Prompt Templates for IRJ and RSE
This section presents the prompt templates used for
the proposed IRJ framework, its ablation variants,
and Rebuttal Stability Evaluation (RSE). For the
Incongruity-Resolution Judgment (IRJ) pipeline,
the prompts from the humor-supporting trigger
analysis to the final ordinal-label judgment are pro-

vided in Figures 15–21. Earlier-stage prompts for
obtaining the full-sentence interpretation and trig-
ger span are omitted for brevity, as they do not
directly produce the final humor label. The com-
plete prompt template for Single Prompt is shown
in Figure 22.

The ablation prompt templates are shown in Fig-
ures 23–26. These prompts correspond to the No
Counter and Self-Revision variants for both the
Competing Pipeline and Single Prompt. The No
Counter prompts remove the Counter Branch and
retain only the humor-supporting interpretation
path, while the Self-Revision prompts replace the
independent adjudication stage with branch-side
self-revision by the initial humor-supporting inter-
preter. The single-prompt schema-control template
is shown in Figure 27; this control preserves the
structured output schema while replacing interme-
diate interpretation fields with fixed placeholders.
The corresponding control results are reported in
Appendix C.2.

Finally, the RSE prompt templates are shown in
Figures 28–30. Figure 28 shows the Targeted Re-
buttal (TR) prompt, which challenges the initial pre-
diction with an opposite label. Figures 29 and 30
show the Follow-up Interaction (FI) prompts used
after TR, depending on whether the model changes
or maintains its initial judgment.
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Minimal
System Prompt

You are a humor judge.
Return JSON only.

User Prompt
Read the sentence and judge whether it is humorous.

Sentence:
{sentence}

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 9: System and user prompts for the Minimal sentence-only setting.

Standard
System Prompt

You are a careful humor judge.

Judge whether the sentence is actually humorous from the sentence alone.

Return JSON only.

User Prompt
Sentence:
{sentence}

Judge whether the sentence creates a recognizable humorous effect.

Guidance:
- Ambiguity, reinterpretation, clever wording, or oddness may contribute to humor,

but none is sufficient by itself.
- A merely possible humorous reading is not enough.
- weak_low: some ambiguity, reinterpretation, cleverness, or oddness is present,

but no recognizable humorous effect.
- weak_high: a recognizable humorous effect is present, even if mild or subtle.
- strong_high: the humorous effect is strong and obvious.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 10: System and user prompts for the Standard sentence-only setting.
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Detailed
System Prompt

You are a calibrated humor judge.

Your task is to assign a four-way humor label from the sentence alone.

You must distinguish clear non-humor, failed or weak humor, successful humor, and strong humor.

Important principles:
- Do not assign weak_high or strong_high merely because the sentence is surprising,

odd, ambiguous, or interpretable.
- A positive humor label requires amusement, wit, comic payoff, or a clearly playful reinterpretation.
- If reasonable readers would strongly disagree about whether the sentence is funny, choose

weak_low unless a recognizable humorous payoff remains.
- If the sentence is coherent but the humorous effect is weak or unsuccessful, prefer weak_low.
- Use strong_high only when the humorous payoff is clear, accessible, and strong.

Label definitions:
- strong_low: There is no recognizable humorous effect at all.
- weak_low: Some ambiguity, reinterpretation, cleverness, or humorous intention may be present,

but it does not create a successful humorous payoff.
- weak_high: A recognizable humorous effect exists. The sentence is mildly or moderately amusing.
- strong_high: A strong, clear, and accessible humorous payoff exists.

Output JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

User Prompt
Sentence:
{sentence}

Assign the final calibrated four-way humor label from the sentence alone.

Guidance:
- Do not assume hidden triggers or alternate readings unless the sentence itself supports them.
- Do not assign a positive humor label merely because the sentence is odd, ambiguous,

surprising, or open to reinterpretation.
- A positive humor label requires a recognizable comic payoff, amusement, wit,

or a clearly playful reinterpretation.
- If a humorous reading is possible but weak, unstable, or likely to divide reasonable readers,

prefer weak_low unless a recognizable humorous payoff remains.
- If some humorous intention seems present but the payoff does not succeed, prefer weak_low.
- Use strong_high only when the humorous payoff is clearly strong.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 11: System and user prompts for the Detailed sentence-only setting.
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Long
System Prompt

You are a calibrated humor judge.

Your task is to assign a four-way humor label from the sentence alone.

This prompt is intentionally detailed so that the instruction length is comparable to a
longer structured prompt. However, your judgment must remain sentence-only and must
not introduce any additional interpretation branches, rebuttal branches, or multi-step
competing analysis.

You must distinguish clear non-humor, failed or weak humor, successful humor, and strong humor.

Important principles:
- Do not assign weak_high or strong_high merely because the sentence is surprising, odd, ambiguous, or interpretable.
- A positive humor label requires amusement, wit, comic payoff, or a clearly playful reinterpretation.
- If reasonable readers would strongly disagree about whether the sentence is funny, choose weak_low unless a recognizable
humorous payoff remains.
- If the sentence is coherent but the humorous effect is weak or unsuccessful, prefer weak_low.
- Use strong_high only when the humorous payoff is clear, accessible, and strong.
- Do not infer hidden context that is not supported by the sentence.
- Do not assume that a sentence is humorous simply because it resembles a joke, pun, meme, edited headline, or social-media post.
- Do not treat mere incoherence, awkward wording, randomness, exaggeration, or unexpectedness as sufficient evidence of humor.
- A humorous reading must produce a recognizable effect for a reasonable reader, not merely a possible explanation.
- If the sentence can be read naturally as ordinary, literal, factual, emotional, or nonsensical without a comic payoff, avoid
assigning a positive label.
- If a sentence contains wordplay, ambiguity, or incongruity, evaluate whether that device actually creates humor.
- If the humorous intention is detectable but the payoff is weak, failed, unclear, or too dependent on unsupported context,
choose weak_low.
- If the humor is mild but recognizable, choose weak_high.
- If the humor is clear, accessible, and strongly effective, choose strong_high.

Use the following calibration logic:
- First, determine whether the sentence has any recognizable humorous effect.
- Then, determine whether that effect is successful enough to count as positive humor.
- Then, determine whether the positive humor is mild or strong.
- If no recognizable humorous effect exists, assign strong_low.
- If some humorous intention, ambiguity, cleverness, or reinterpretation exists but does not produce successful humor, assign
weak_low.
- If recognizable humor exists but is limited in strength, assign weak_high.
- If the payoff is clearly strong and accessible, assign strong_high.

Do not follow a competing-interpretation procedure.
Do not construct a humor-supporting branch.
Do not construct an ordinary rebuttal branch.
Do not compare two branches.
Do not perform adjudication between interpretations.
Do not output intermediate reasoning fields.
Do not provide long chain-of-thought reasoning.

Label definitions:
- strong_low:

There is no recognizable humorous effect at all.
- weak_low:

Some ambiguity, reinterpretation, cleverness, or humorous intention may be present, but it does not create a successful
humorous payoff.
- weak_high:

A recognizable humorous effect exists. The sentence is mildly or moderately amusing.
- strong_high:

A strong, clear, and accessible humorous payoff exists.

Allowed humor_type_label values:
- Homonym / Polysemy
- Similar pronunciation
- Cultural / Social meme
- Situational incongruity / unexpected interpretation
- Other / Not sure

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

Figure 12: System prompt for the Long sentence-only setting.
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Long
User Prompt

Sentence:
{sentence}

Assign the final calibrated four-way humor label from the sentence alone.

This is a sentence-only judgment. Use the detailed calibration guidance below, but do not
introduce a multi-step competing interpretation process.

Guidance:
- Do not assume hidden triggers or alternate readings unless the sentence itself supports them.
- Do not assign a positive humor label merely because the sentence is odd, ambiguous, surprising, or open to reinterpretation.
- A positive humor label requires a recognizable comic payoff, amusement, wit, or a clearly playful reinterpretation.
- If a humorous reading is possible but weak, unstable, or likely to divide reasonable readers, prefer weak_low unless a
recognizable humorous payoff remains.
- If some humorous intention seems present but the payoff does not succeed, prefer weak_low.
- Use strong_high only when the humorous payoff is clearly strong.
- Do not infer missing context that is not present in the sentence.
- Do not treat a sentence as humorous merely because it contains exaggeration, strangeness, surprise, ambiguity, or unusual
phrasing.
- Do not reward a sentence for being interpretable if the interpretation itself does not create humor.
- Do not treat a failed joke, weak pun, unclear meme, or unsupported cultural reference as successful humor.
- If the sentence is ordinary, literal, factual, emotional, or nonsensical without a comic payoff, choose strong_low or weak_low
rather than a positive label.
- If the sentence has a detectable humorous intention but the effect is not successful, choose weak_low.
- If the sentence has a mild but recognizable humorous effect, choose weak_high.
- If the sentence has a strong, clear, and accessible humorous payoff, choose strong_high.

Calibration:
- strong_low means that no recognizable humorous effect is present.
- weak_low means that ambiguity, cleverness, reinterpretation, or humorous intention may be present, but the payoff is absent,
failed, or too weak.
- weak_high means that the sentence contains a recognizable humorous effect, although it may be mild or not universally funny.
- strong_high means that the sentence contains a strong and accessible humorous payoff.

Restrictions:
- Do not construct separate humor-supporting and non-humorous interpretations.
- Do not generate a rebuttal.
- Do not compare competing interpretations.
- Do not output trigger analysis, setup analysis, or adjudication fields.
- Return only the final label, humor type label, and one short reason.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

Figure 13: User prompt for the Long sentence-only setting.

Few-Shot
Few-Shot Examples

/* Examples */

Text: Scientists turn aluminum into metal in breakthrough that could revolutionise the planet
Output: {

"label": "strong_low",
"humor_type_label": "Other / Not sure",
"reason": "The sentence is semantically incorrect but does not create a humorous reinterpretation."

}

Text: Consequences of banana legalization
Output: {

"label": "weak_low",
"humor_type_label": "Other / Not sure",
"reason": "The substitution creates mild incongruity but does not strongly support humor."

}

Text: The people descended from squirrels
Output: {

"label": "weak_high",
"humor_type_label": "Situational incongruity / unexpected interpretation",
"reason": "The sentence creates an unexpected and slightly amusing reinterpretation of ancestry."

}

Text: What if donkeys had as much influence as economists?
Output: {

"label": "strong_high",
"humor_type_label": "Situational incongruity / unexpected interpretation",
"reason": "The comparison creates a clear absurd and humorous contrast."

}

Figure 14: Few-shot examples appended to the end of each sentence-only baseline user prompt in the FS setting.
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3A. Humor-Supporting Trigger Analysis
System Prompt

You analyze the mechanism associated with the selected trigger span and how it affects
the interpretation of the sentence.

You do not generate a new interpretation.
You do not explain the whole joke.
You do not retell the sentence.
You do not add unsupported facts.

Strict rules:
- Return valid JSON only
- Choose exactly ONE humor_type_label
- Focus on the trigger span itself and the mechanism by which it affects interpretation
- If the trigger span itself supports multiple meanings, and the effect depends on that

contrast, choose "Homonym / Polysemy"
- Do not choose "Situational incongruity / unexpected interpretation" if the trigger

already works mainly through multiple meanings
- Choose "Situational incongruity / unexpected interpretation" only when the trigger

does not mainly function through multiple meanings, pronunciation similarity,
or cultural reference

- The reason must be exactly one short sentence
- The reason must describe the trigger mechanism only
- Do not explain the whole humorous effect
- Keep the reason under 16 words
- If the reason is unclear, choose "Other / Not sure"

Allowed humor_type_label values:
- Homonym / Polysemy
- Similar pronunciation
- Cultural / Social meme
- Situational incongruity / unexpected interpretation
- Other / Not sure

Return JSON only:
{

"humor_type_label": "...",
"reason": "one short English sentence"

}

User Prompt
Sentence:
{sentence}

Final interpretation:
{cand1}

Selected trigger span:
{cand2}

Classify the trigger mechanism, if a clear mechanism is supported.

Return JSON only:
{

"humor_type_label": "...",
"reason": "one short English sentence"

}

Figure 15: System and user prompts for 3A, humor-supporting trigger analysis.

4A. Humor-Supporting Setup
System Prompt

You describe the setup meaning that is already being formed before the selected trigger
span fully determines the final reading.

You do not try to prove that the sentence is humorous.
You do not explain the punchline.
You do not retell the whole sentence.
You do not add unsupported facts.

Strict rules:
- Output exactly one natural English sentence, or exactly: NONE
- Do not complete the sentence
- Do not predict the next words
- Do not guess beyond the provided text
- Do not explain the final judgment
- Focus on the setup meaning or situation only
- If no stable setup meaning can be identified, output only: NONE

User Prompt
Sentence:
{sentence}

Text before the selected trigger span:
{prefix_text}

Selected trigger span:
{cand2}

Trigger analysis:
{cand3a_json}

Describe the setup interpretation before the selected trigger fully determines the final
reading.

Output exactly one English sentence, or NONE.

Figure 16: System and user prompts for 4A, humor-supporting setup interpretation.
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3B. Counter Rebuttal
System Prompt

You evaluate whether the trigger-based explanation is overstated or whether the trigger
can be understood more ordinarily.

Your task is not to invent a random alternative interpretation.
Your task is not to merely disagree.
Your task is to identify the strongest ordinary explanation of the trigger and give a
focused rebuttal when the humor-supporting analysis goes too far.

Strict rules:
- Return valid JSON only
- Choose exactly one humor_type_label from the allowed label set
- Use "Other / Not sure" when no clear humor mechanism remains
- The reason must explain how the trigger can be interpreted without relying on a

strong humorous mechanism
- The rebuttal must directly address the humor-supporting trigger analysis
- Keep each field short
- Do not force a non-humorous reading if the sentence clearly supports humor

Allowed humor_type_label values:
- Homonym / Polysemy
- Similar pronunciation
- Cultural / Social meme
- Situational incongruity / unexpected interpretation
- Other / Not sure

Return JSON only:
{

"humor_type_label": "...",
"reason": "one short English sentence",
"rebuttal": "one short English sentence"

}

User Prompt
Sentence:
{sentence}

Final interpretation:
{cand1}

Selected trigger span:
{cand2}

Humor-supporting trigger analysis:
{cand3a_json}

Humor-supporting setup interpretation:
{cand4a}

Evaluate whether the trigger has a stronger ordinary explanation and provide a focused
rebuttal if needed.

Return JSON only:
{

"humor_type_label": "...",
"reason": "one short English sentence",
"rebuttal": "one short English sentence"

}

Figure 17: 3B. counter rebuttal prompt template.
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4B. Counter Setup
System Prompt

You reconstruct an ordinary setup reading after reviewing the humor-supporting analysis
and the rebuttal.

Your task is to describe a coherent ordinary setup when one is available.

You do not merely deny the humorous reading.
You do not invent hidden context.
You do not force a non-humorous setup when the text clearly supports humor.
You do not treat an ordinary setup as proof that humor is absent.

Strict rules:
- Output exactly one natural English sentence, or exactly: NONE
- Keep the setup interpretation grounded in the provided text
- Reconstruct the ordinary setup that follows from the rebuttal when possible
- If no stable ordinary setup meaning can be identified, output only: NONE

User Prompt
Sentence:
{sentence}

Text before the selected trigger span:
{prefix_text}

Selected trigger span:
{cand2}

Humor-supporting trigger analysis:
{cand3a_json}

Humor-supporting setup interpretation:
{cand4a}

Rebuttal analysis:
{cand3b_json}

Describe the ordinary setup interpretation that follows from the rebuttal.

Output exactly one English sentence, or NONE.

Figure 18: System and user prompts for 4B, counter setup interpretation.
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5. A/B Compare
System Prompt

You evaluate whether a humor-supporting interpretation survives a rebuttal as actual
humor.

Your task is not to decide which interpretation is more plausible,
but to determine whether a convincing humorous effect remains after considering the
rebuttal.

Important principles:

- A plausible reinterpretation alone is not sufficient for humor.
- A sentence can be interpretable without being funny.
- Humor requires a recognizable sense of amusement, wit, or comic payoff.
- The rebuttal may show that the sentence is merely ordinary, awkward, or

non-humorous.
- If neither interpretation produces a convincing humorous effect, you must say so.

You must focus on whether humor actually survives, not which explanation sounds better.

Return JSON only.

User Prompt
Compare two interpretations of the same sentence.

Sentence:
{sentence}

Final interpretation of the full sentence:
{cand1}

Humor-supporting analysis:
{cand3a_reason}

Setup interpretation (humor-supporting):
{cand4a}

Rebuttal analysis:
{cand3b_reason}

Setup interpretation (rebuttal):
{cand4b}

Judgment task:

Decide whether the humor-supporting interpretation actually produces a convincing
humorous effect after considering the rebuttal.

Do not choose based on plausibility or coherence alone.
Focus on whether a recognizable humorous payoff remains.

Output fields:

- humor_outcome:
- A_humor_remains if the humor-supporting interpretation still produces a
recognizable humorous effect

- B_rebuttal_removes_humor if the rebuttal shows that the sentence is not
genuinely humorous

- neither_or_unclear if neither side clearly produces a convincing humorous effect

- humor_shift_present:
- yes if a reinterpretation creates a meaningful humorous shift
- no if there is no meaningful shift
- unclear if uncertain

- a_best_point: one short sentence
- b_best_point: one short sentence
- reason: one short sentence

Return JSON only:
{

"humor_outcome": "A_humor_remains|B_rebuttal_removes_humor|neither_or_unclear",
"humor_shift_present": "yes|no|unclear",
"a_best_point": "one short English sentence",
"b_best_point": "one short English sentence",
"reason": "one short English sentence"

}

Figure 19: System and user prompts for 5, A/B comparison.
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6. Humor Gate
System Prompt

You are a calibrated humor gate.

Your task is to decide whether the sentence produces any recognizable humorous effect
after considering the structured comparison between two interpretations.

You must not decide the final humor strength in this step.
You only decide whether there is enough humorous effect to proceed to a strength
judgment.

Important principles:

- Do not treat surprise, oddness, ambiguity, reinterpretation, or plausibility as humor
by itself.

- A sentence can be interpretable without being funny.
- A sentence can be surprising without being funny.
- A humorous effect requires some sense of amusement, wit, comic payoff, or playful

reinterpretation.
- If the sentence is merely awkward, confusing, random, or semantically broken,

answer "no".
- If the humorous reading is possible but the effect is too unclear to support a humor

judgment, answer "borderline".
- If a general reader would likely perceive at least some humorous effect, answer "yes".

Decision labels:

- no:
No recognizable humorous effect is present. The sentence may be odd or
interpretable, but it does not produce amusement or comic payoff.

- borderline:
A humorous reading is possible, but it is unclear whether it produces a recognizable
sense of amusement.

- yes:
A recognizable humorous effect is present, even if mild, subtle, or dry.

Output JSON only:
{

"humor_gate": "no|borderline|yes",
"reason": "one short English sentence"

}

User Prompt
Sentence:
{sentence}

Final interpretation:
{cand1}

Selected trigger span:
{cand2}

Structured comparison summary:
{turn5_compare_json}

Decide whether this sentence produces any recognizable humorous effect.

Do not assign the final four-way label here.
Return only the binary or borderline humor gate.

Return JSON only:
{

"humor_gate": "no|borderline|yes",
"reason": "one short English sentence"

}

Figure 20: System and user prompts for 6, humor gate.
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7. Final Humor Strength Judgment
System Prompt

You are a calibrated humor strength judge.

Your task is to assign the final ordinal humor label after receiving a humor-gate
decision.

Important:
Not all sentences contain humor. Some sentences are simply non-humorous.
You must not assume that a humorous effect is always present.

Your goal is to distinguish between:
- no humor
- failed or weak humor
- successful humor
- strong humor

Important principles:

- Use the humor-gate decision as strong evidence, but still verify it against the
sentence and comparison summary.

- Do not treat surprise, oddness, ambiguity, or reinterpretation as humor by itself.
- A humorous label requires a recognizable sense of amusement, wit, comic payoff,

or playful reinterpretation.
- At the same time, do not reject humor merely because it is mild, subtle, or not

universally funny.
- For borderline cases, choose weak_low unless a recognizable humorous payoff

remains.

Label definitions:

- strong_low:
The sentence contains no recognizable humorous effect. It is non-humorous or the
humor attempt completely fails.

- weak_low:
Some ambiguity, reinterpretation, or humorous intention may be present, but it does
not create a successful humorous payoff.

- weak_high:
A recognizable humorous effect exists. The sentence is mildly or moderately
amusing, even if subtle or not universally funny.

- strong_high:
A strong, clear, and accessible humorous payoff exists.

Decision process:

1. Use the humor-gate decision as the primary signal.

2. Assign the final label:

- If no humor → strong_low
- If weak or failed humor → weak_low
- If humor present → weak_high or strong_high

Gate-to-label guidance:

- If humor_gate is "no":
choose strong_low or weak_low.
Use strong_low when the sentence is clearly non-humorous.
Use weak_low when a humorous intention or reinterpretation is visible but
unsuccessful.

- If humor_gate is "borderline":
choose weak_low or weak_high.
Use weak_low when the humorous reading is merely possible but not amusing.
Use weak_high when the humorous reading is recoverable and at least mildly
amusing.

- If humor_gate is "yes":
choose weak_high by default when a humorous effect is recognizable.
Use strong_high only when the humorous payoff is clearly strong.

Output JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|

Cultural / Social meme|Situational incongruity / unexpected interpretation|
Other / Not sure",

"reason": "one short English sentence"
}

User Prompt
Sentence:
{sentence}

Final interpretation:
{cand1}

Selected trigger span:
{cand2}

Structured comparison summary:
{turn5_compare_json}

Humor gate decision:
{turn6_gate_json}

Assign the final calibrated four-way humor label.

Follow the decision process carefully:
- First determine whether a humorous effect is present.
- Then assign the appropriate label based on strength.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|

Cultural / Social meme|Situational incongruity / unexpected interpretation|
Other / Not sure",

"reason": "one short English sentence"
}

Figure 21: System and user prompts for final humor strength judgment.2783



Single-Prompt Competing
System Prompt

You are a calibrated humor judgment system for the full single-prompt competing ablation.

Your task is to judge whether a sentence is humorous by following a structured interpretation process.

Do not assume that the sentence is humorous.
Do not assume that any intermediate interpretation is correct.
Do not favor an interpretation merely because it is plausible, detailed, ordinary, humorous, or introduced first.

Core principles:
- A sentence can be interpretable without being funny.
- A sentence can be surprising without being funny.
- Ambiguity, trigger spans, setup differences, and reinterpretation are evidence only.
- They are not sufficient for humor by themselves.
- A humorous label requires amusement, wit, comic payoff, or playful reinterpretation.
- If the sentence can be fully explained without humor, do not assign a positive humor label.
- Do not reject humor merely because it is mild, subtle, dry, or not universally funny.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.

Follow this process internally:
1. State the final interpretation of the full sentence.
2. Identify the smallest trigger span that most strongly affects interpretation.
3. Analyze how the trigger could support a humorous reading.
4. Describe the setup meaning before the trigger fully determines the final reading.
5. Construct the strongest ordinary or non-humorous rebuttal.
6. Describe the ordinary setup interpretation implied by that rebuttal.
7. Decide whether the humor-supporting interpretation survives as actual humor.
8. Decide whether any recognizable humorous effect exists.
9. Assign the final four-way label.

Return concise JSON only.
Do not provide long chain-of-thought reasoning.

User Prompt
Sentence:
{sentence}

Evaluate the sentence using the full single-prompt competing humor judgment process.

Required process:
1. State the final interpretation of the full sentence.
2. Select the smallest trigger span that most strongly affects interpretation.
3. Analyze how the trigger could support a humorous reading.
4. Describe the setup meaning before the trigger fully determines the final reading.
5. Construct the strongest ordinary or non-humorous rebuttal.
6. Describe the ordinary setup interpretation implied by that rebuttal.
7. Decide whether the humor-supporting reading survives as actual humor.
8. Decide whether any recognizable humorous effect exists.
9. Assign the final four-way label.

Important:
- Do not choose a positive label merely because the sentence is odd, surprising,

ambiguous, or reinterpret-able.
- Do not reject humor merely because an ordinary reading is possible.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.
- If the sentence is simply non-humorous, choose strong_low.

Return JSON only:
{

"final_interpretation": "one short English sentence or NONE",
"trigger_span": "one word or short phrase copied from the sentence, or NONE",
"trigger_humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"trigger_analysis": "one short English sentence",
"humor_supporting_setup": "one short English sentence or NONE",
"ordinary_rebuttal": "one short English sentence",
"ordinary_setup": "one short English sentence or NONE",
"humor_outcome": "A_humor_remains|B_rebuttal_removes_humor|neither_or_unclear",
"humor_gate": "no|borderline|yes",
"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 22: Full prompt template for Single-Prompt Competing.
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Competing Pipeline: No Counter
System Prompt

You are a calibrated humor strength judge.

Your task is to assign the final ordinal humor label from the humor-supporting evidence only.

Important:
In this ablation, you do not receive the Counter Branch, the counter interpretation, the structured comparison, the humor gate,
or the final Self-Review step.
Do not introduce an additional counter interpretation or structured comparison.

Not all sentences contain humor. Some sentences are simply non-humorous.
You must not assume that a humorous effect is always present.

Important principles:
- Use the humor-supporting evidence as the available interpretation path.
- Assign the final label based on whether this interpretation makes the sentence humorous to a general reader.
- Do not treat surprise, oddness, ambiguity, reinterpretation, or plausibility as humor by itself.
- A humorous label requires a recognizable sense of amusement, wit, comic payoff, or playful reinterpretation.
- A possible humorous reading is not enough.
- A meaning shift alone is not enough.
- At the same time, do not reject humor merely because it is mild, subtle, or not universally funny.

Output JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

User Prompt
Sentence:
{sentence}

Final interpretation:
{cand1}

Selected trigger span:
{cand2}

Humor-supporting trigger mechanism:
{cand3a_json}

Humor-supporting setup interpretation:
{cand4a}

Use the humor-supporting evidence as the available interpretation path.
Do not introduce an additional counter interpretation or structured comparison.
Assign the final four-way humor label based on whether this interpretation makes the sentence humorous to a general reader.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

Figure 23: System and user prompts for the No Counter ablation in the Competing Pipeline.

2785



Competing Pipeline: Self-Revision
System Prompt

You are the initial humor-supporting interpreter in a competing humor judgment pipeline.

Your task is to revise your own initial humor-supporting interpretation after considering the strongest counter interpretation.

Important:
You are not an independent third-party judge.
You are the same interpreter who first constructed the humor-supporting reading.
The purpose of this ablation is to test whether self-revision is sufficient without independent Self-Review.

Not all sentences contain humor. Some sentences are simply non-humorous.
You must not preserve your initial humor-supporting interpretation merely for consistency.
You must not switch to the counter interpretation merely because it is skeptical.

Important principles:
- Treat the humor-supporting interpretation as a hypothesis, not as proof.
- Treat the counter interpretation as a challenge, not as proof.
- Do not treat surprise, oddness, ambiguity, reinterpretation, or plausibility as humor by itself.
- A humorous label requires a recognizable sense of amusement, wit, comic payoff, or playful reinterpretation.
- A possible humorous reading is not enough.
- A meaning shift alone is not enough.
- If the counter interpretation leaves the sentence merely awkward, strange, or semantically shifted but not funny, prefer
weak_low or strong_low.
- At the same time, do not reject humor merely because it is mild, subtle, dry, or not universally funny.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.

Output JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

User Prompt
Sentence:
{sentence}

Final interpretation:
{cand1}

Selected trigger span:
{cand2}

Humor-supporting trigger mechanism:
{cand3a_json}

Humor-supporting setup interpretation:
{cand4a}

Counter interpretation:
{cand3b_json}

Counter setup interpretation:
{cand4b}

As the same initial humor-supporting interpreter, revise your own judgment after directly considering the counter interpretation.

Do not preserve the humor-supporting reading merely because you proposed it first.
Do not accept the counter interpretation merely because it is skeptical.
Choose the final four-way label best supported by the sentence itself.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

Figure 24: System and user prompts for the Self-Revision ablation in the Competing Pipeline.
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Single-Prompt: No Counter
System Prompt

You are a calibrated humor judgment system.

Judge the sentence using only one humor-supporting interpretation path.

Do not construct a counter interpretation.
Do not assume that the sentence is humorous.
Do not assume that ambiguity or reinterpretation is sufficient for humor.
Do not favor an interpretation merely because it is plausible, detailed, humorous, or introduced first.

Core principles:
- A sentence can be interpretable without being funny.
- A sentence can be surprising without being funny.
- Ambiguity, trigger spans, setup differences, and reinterpretation are evidence only.
- They are not sufficient for humor by themselves.
- A humorous label requires a recognizable sense of amusement, wit, comic payoff, or playful reinterpretation.
- Assign the final label based on whether the humor-supporting interpretation actually creates a recognizable humorous effect.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.

Follow this process internally:
1. State the final interpretation of the full sentence.
2. Identify the smallest trigger span that most strongly affects interpretation.
3. Analyze how the trigger could support a humorous reading.
4. Describe the setup meaning formed before the trigger fully determines the final reading.
5. Decide whether this single interpretation creates actual humor, not merely a possible reading.
6. Decide whether any recognizable humorous effect exists.
7. Assign the final four-way label.

Return concise JSON only.
Do not provide long chain-of-thought reasoning.

Use the same JSON keys as the full competing version.
Set "counter_analysis" and "counter_setup" to "NONE".
Set "humor_outcome" to "neither_or_unclear" unless the field is clearly applicable.

User Prompt
Sentence:
{sentence}

Evaluate the sentence using only one humor-supporting interpretation path.

Required process:
1. State the final interpretation of the full sentence.
2. Select the smallest trigger span that most strongly affects interpretation.
3. Analyze how the trigger could support a humorous reading.
4. Describe the setup meaning before the trigger fully determines the final reading.
5. Decide whether this single interpretation creates actual humor.
6. Decide whether any recognizable humorous effect exists.
7. Assign the final four-way label.

Important:
- Do not construct a counter interpretation.
- Do not choose a positive label merely because the sentence is odd, surprising, ambiguous, or reinterpret-able.
- A possible humorous reading is not enough.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.
- If the sentence is simply non-humorous, choose strong_low.

Return JSON only.
Use the same keys as the full version.
Set counter_analysis and counter_setup to "NONE".

{
"final_interpretation": "one short English sentence or NONE",
"trigger_span": "one word or short phrase copied from the sentence, or NONE",
"trigger_humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity /

unexpected interpretation|Other / Not sure",
"trigger_analysis": "one short English sentence",
"humor_supporting_setup": "one short English sentence or NONE",
"counter_analysis": "NONE",
"counter_setup": "NONE",
"humor_outcome": "neither_or_unclear",
"humor_gate": "no|borderline|yes",
"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

Figure 25: System and user prompts for the No Counter ablation in the single-prompt implementation.
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Single-Prompt: Self-Revision
System Prompt

You are the initial humor-supporting interpreter in a single-prompt self-revision ablation.

First construct a humor-supporting interpretation.
Then construct the strongest counter interpretation.
Finally, revise your own judgment after considering the counter interpretation.

You are not an independent third-party judge.
The purpose is to test whether self-revision is sufficient without independent Self-Review.

Do not assume that the sentence is humorous.
Do not assume that your initial humor-supporting interpretation is correct.
Do not preserve your initial interpretation merely for consistency.
Do not change your interpretation merely because a counter interpretation is possible.

Core principles:
- A sentence can be interpretable without being funny.
- A sentence can be surprising without being funny.
- Ambiguity, trigger spans, setup differences, and reinterpretation are evidence only.
- They are not sufficient for humor by themselves.
- A humorous label requires a recognizable sense of amusement, wit, comic payoff, or playful reinterpretation.
- If the sentence can be fully explained without humor, do not assign a positive humor label.
- At the same time, do not reject humor merely because it is mild, subtle, dry, or not universally funny.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.

Follow this process internally:
1. State the final interpretation of the full sentence.
2. Identify the smallest trigger span that most strongly affects interpretation.
3. Analyze how the trigger could support a humorous reading.
4. Describe the humor-supporting setup.
5. Construct the strongest counter interpretation.
6. Describe the counter setup implied by that interpretation.
7. As the same initial interpreter, decide whether your humor-supporting reading survives.
8. Decide whether any recognizable humorous effect exists.
9. Assign the final four-way label.

User Prompt
Sentence:
{sentence}

Evaluate the sentence using the self-revision single-prompt competing process.

Required process:
1. State the final interpretation of the full sentence.
2. Select the smallest trigger span that most strongly affects interpretation.
3. Analyze how the trigger could support a humorous reading.
4. Describe the humor-supporting setup.
5. Construct the strongest counter interpretation.
6. Describe the counter setup implied by that interpretation.
7. As the same initial interpreter, decide whether your humor-supporting reading survives.
8. Decide whether any recognizable humorous effect exists.
9. Assign the final four-way label.

Important:
- You are not an independent third-party judge.
- You are revising your own initial humor-supporting interpretation after considering the counter interpretation.
- Do not preserve your initial interpretation merely for consistency.
- Do not choose a positive label merely because the sentence is odd, surprising, ambiguous, or reinterpret-able.
- Do not reject humor merely because a counter interpretation is possible.
- For borderline cases, choose weak_low unless a recognizable humorous payoff remains.
- If the sentence is simply non-humorous, choose strong_low.

Return JSON only:
{

"final_interpretation": "one short English sentence or NONE",
"trigger_span": "one word or short phrase copied from the sentence, or NONE",
"trigger_humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity /

unexpected interpretation|Other / Not sure",
"trigger_analysis": "one short English sentence",
"humor_supporting_setup": "one short English sentence or NONE",
"counter_analysis": "one short English sentence",
"counter_setup": "one short English sentence or NONE",
"humor_outcome": "humor_remains|counter_removes_humor|neither_or_unclear",
"humor_gate": "no|borderline|yes",
"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label": "Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|Situational incongruity / unexpected

interpretation|Other / Not sure",
"reason": "one short English sentence"

}

Figure 26: System and user prompts for the Self-Revision ablation in the single-prompt implementation.
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Schema-Only Matched Control
System Prompt

You are a calibrated humor judgment system for a schema-preserving control condition.

Judge whether the sentence is humorous from the sentence alone.
The output schema must match the full single-prompt condition, but the intermediate fields in this control are placeholders only.

Important:
- Make the humor judgment from the sentence itself.
- The placeholder fields are format-only. They are not evidence for or against humor.
- Fill the placeholder fields exactly as instructed in the user prompt.
- Only humor_gate, label, humor_type_label, and reason should contain sentence-specific content.
- Write an original brief English reason. Do not copy placeholder wording from the prompt.

Calibration:
- strong_low: no recognizable humorous effect
- weak_low: some humorous intention, ambiguity, or cleverness may be present,

but the humorous payoff is absent or unsuccessful
- weak_high: a mild but recognizable humorous effect exists
- strong_high: a strong, clear, and accessible humorous payoff exists

Guidelines:
- Do not assume that oddness, ambiguity, or reinterpretation is sufficient for humor.
- Do not reject humor merely because it is mild, dry, subtle, or not universally funny.
- If the sentence can be interpreted without any recognizable humorous payoff, prefer a low label.
- If a recognizable humorous payoff remains, allow a positive label even if the joke is weak.

Allowed humor_type_label values:
- Homonym / Polysemy
- Similar pronunciation
- Cultural / Social meme
- Situational incongruity / unexpected interpretation
- Other / Not sure

Return concise JSON only.

User Prompt
Sentence:
{sentence}

Evaluate the sentence in a schema-preserving control condition.

Task:
- Judge the sentence directly.
- Do not build a multi-step interpretation process in the output.
- Keep the full JSON schema, but use fixed placeholder values for the intermediate fields.

Use these fixed placeholder values exactly:
- final_interpretation: "NONE"
- trigger_span: "NONE"
- trigger_humor_type_label: "Other / Not sure"
- trigger_analysis: "NONE"
- humor_supporting_setup: "NONE"
- ordinary_rebuttal: "NONE"
- ordinary_setup: "NONE"
- humor_outcome: "neither_or_unclear"

Use your actual judgment only for:
- humor_gate
- label
- humor_type_label
- reason

Allowed values:
- humor_gate: no | borderline | yes
- label: strong_low | weak_low | weak_high | strong_high
- humor_type_label:

- Homonym / Polysemy
- Similar pronunciation
- Cultural / Social meme
- Situational incongruity / unexpected interpretation
- Other / Not sure

Output requirements:
- Return valid JSON only.
- Keep the eight placeholder fields exactly as specified above.
- The reason must be your own brief English sentence about the final judgment.
- Do not copy placeholder text such as "one short English sentence".

Return a JSON object with exactly these keys:
{

"final_interpretation": "NONE",
"trigger_span": "NONE",
"trigger_humor_type_label": "Other / Not sure",
"trigger_analysis": "NONE",
"humor_supporting_setup": "NONE",
"ordinary_rebuttal": "NONE",
"ordinary_setup": "NONE",
"humor_outcome": "neither_or_unclear",
"humor_gate": "choose one allowed value",
"label": "choose one allowed value",
"humor_type_label": "choose one allowed value",
"reason": "write your own brief English sentence"

}

Figure 27: System and user prompts for the Schema-only matched control condition.
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Targeted Rebuttal (TR)
User Prompt

You previously judged the following sentence.

Sentence:
{sentence}

Your previous prediction was:
Label: {pred_label}
Humor type: {pred_humor_type_label}

A user disagrees with your judgment and argues that the correct label should be:
Label: {challenged_label}

Re-evaluate the sentence independently from the sentence alone.

Important:
- Do not agree with the user simply because they disagree.
- Do not defend your previous answer simply because it was your earlier prediction.
- Choose the final label only if the sentence itself supports it.
- If the user’s challenge is not supported by the sentence, keep or revise the label accordingly.
- Also select the most appropriate humor type label.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 28: Targeted Rebuttal (TR) prompt used in Rebuttal Stability Evaluation.

Follow-up Interaction (FI): Retraction
User Prompt

Sentence:
{sentence}

Original judgment:
- label: {original_label}
- reason: {original_reason}

Judgment after Targeted Rebuttal:
- label: {tr_label}
- reason: {tr_reason}

The user now says:
"On second thought, my previous objection may have been wrong."

Re-evaluate the sentence independently.

Do not agree with the user merely because they changed their stance.
Do not preserve the revised judgment merely for consistency.
Choose the label best supported by the sentence itself.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 29: Follow-up Interaction (FI) retraction prompt used when the model changes its initial judgment after TR.
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Follow-up Interaction (FI): Persistence
User Prompt

Sentence:
{sentence}

Original judgment:
- label: {original_label}
- reason: {original_reason}

Judgment after Targeted Rebuttal:
- label: {tr_label}
- reason: {tr_reason}

The user now says:
"I still disagree. Please reconsider again."

Re-evaluate the sentence independently.

Do not change your judgment merely because the user repeats disagreement.
Do not preserve the current judgment merely for consistency.
Choose the label best supported by the sentence itself.

Return JSON only:
{

"label": "strong_low|weak_low|weak_high|strong_high",
"humor_type_label":

"Homonym / Polysemy|Similar pronunciation|Cultural / Social meme|
Situational incongruity / unexpected interpretation|Other / Not sure",

"reason": "one short English sentence"
}

Figure 30: Follow-up Interaction (FI) persistence prompt used when the model maintains its initial judgment after
TR.
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C Detailed Experimental Results

This section reports the complete numerical results
for the experiments summarized in the main text.
While the main text focuses on the primary trends
through summary figures and selected tables, this
section provides the full values for each dataset,
model, and experimental condition. We report F1
for overall performance and FPR–FNR for the di-
rection of model errors, and include the single-
prompt schema-control results, decoding variabil-
ity for the primary IRJ conditions, and response
trajectories for the Rebuttal Stability Evaluation
(RSE). Unless otherwise specified, all values are
reported on a percentage scale.

C.1 Sentence-Only Baseline Results
Table 5 provides the complete numerical results for
the zero-shot sentence-only setting summarized in
Figure 1. The results show that prompt formulation
affects not only F1 but also the direction and magni-
tude of FPR–FNR. In particular, Mistral-7B shows
negative FPR–FNR values under the Minimal and
Detailed prompts, but shifts to large positive val-
ues under the Standard prompt across all datasets,
indicating a move toward a false-positive-skewed
error pattern. Llama-3.1-8B and Qwen3-4B also
generally show high positive FPR–FNR values un-
der the Standard prompt, suggesting that standard

humor-judgment instructions are associated with
more permissive judgments.

The effect of increasing instructional detail is not
monotonic. The Detailed and Long prompts do not
consistently improve both F1 and directional error
balance. For example, the Long prompt improves
the zero-shot F1 of Qwen3-4B on Challenge-600
and SemEval-2021, but it substantially lowers the
F1 of Mistral-7B across the same settings and does
not consistently improve Llama-3.1-8B. Similarly,
reductions in the absolute magnitude of FPR–FNR
do not always coincide with F1 improvements.
These results suggest that sentence-only humor
judgment is sensitive not only to the amount of
instruction, but also to how each model internal-
izes the judgment criteria. Therefore, evaluating
sentence-only LLM judges requires examining di-
rectional error patterns in addition to F1.

Table 6 provides the complete numerical results
for the few-shot sentence-only setting summarized
in Figure 2. Compared with the zero-shot setting,
few-shot examples reduce directional error imbal-
ance and improve F1 under certain conditions, but
the extent of this effect varies substantially across
models and prompts. The clearest case is the Mini-
mal prompt for Mistral-7B. On Challenge-600 and
SemEval-2021, Mistral-7B shows substantial F1
improvements, while its FPR–FNR shifts to 0.8

(a) Challenge-600

Model Minimal Standard Detailed Long

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Mistral-7B 47.8 -60.4 57.2 75.5 56.8 -44.2 28.5 -74.6
Llama-3.1-8B 61.9 17.3 65.3 98.4 70.0 62.2 67.1 90.6
Qwen3-4B 70.5 30.5 66.7 92.6 72.3 11.4 73.5 10.9

(b) SemEval-2020

Model Minimal Standard Detailed Long

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Mistral-7B 13.5 -85.2 33.4 85.6 4.7 -96.4 2.3 -98.4
Llama-3.1-8B 36.0 11.2 33.7 92.6 34.9 -9.7 34.8 74.7
Qwen3-4B 34.4 47.9 33.4 94.7 33.6 -29.2 33.3 -26.1

(c) SemEval-2021

Model Minimal Standard Detailed Long

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Mistral-7B 31.0 -74.4 57.9 85.0 64.6 -35.5 37.9 -70.2
Llama-3.1-8B 70.3 8.5 65.0 86.6 76.4 41.9 65.9 82.0
Qwen3-4B 72.7 20.3 68.2 73.5 77.7 6.0 80.7 10.2

Table 5: Zero-shot sentence-only prompt sensitivity across datasets. Minimal, Standard, Detailed, and Long denote
sentence-only prompt conditions with different levels of instructional detail. FPR–FNR indicates the direction of
prediction errors. All values are reported on a percentage scale.
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(a) Challenge-600

Model Minimal Standard Detailed Long

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Mistral-7B 76.7 0.8 61.0 83.8 61.0 -31.5 59.3 -22.7
Llama-3.1-8B 68.0 79.2 67.4 85.7 70.2 51.3 69.0 67.7
Qwen3-4B 66.5 93.2 65.8 96.1 73.4 26.4 73.3 19.4

(b) SemEval-2020

Model Minimal Standard Detailed Long

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Mistral-7B 29.4 -54.6 31.9 83.5 5.0 -96.1 13.3 -87.0
Llama-3.1-8B 34.5 52.2 36.5 43.5 32.2 -37.6 36.4 13.8
Qwen3-4B 33.0 97.7 33.2 97.8 34.8 0.4 35.1 -10.9

(c) SemEval-2021

Model Minimal Standard Detailed Long

F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR F1 FPR–FNR

Mistral-7B 74.3 10.9 54.7 79.7 67.9 -27.6 69.6 -18.5
Llama-3.1-8B 67.9 71.4 70.9 64.1 76.0 36.2 69.3 67.4
Qwen3-4B 65.2 85.1 66.7 80.1 78.3 21.0 80.0 16.1

Table 6: Few-shot sentence-only prompt sensitivity across datasets. Minimal, Standard, Detailed, and Long denote
sentence-only prompt conditions with different levels of instructional detail. FPR–FNR indicates the direction of
prediction errors. All values are reported on a percentage scale.

and 10.9, respectively, greatly reducing the strong
false-negative-skewed pattern observed in the zero-
shot setting. This suggests that in-context exam-
ples can act as calibration signals that adjust humor
judgment criteria for some models.

However, few-shot examples do not consis-
tently improve sentence-only humor judgment. For
Qwen3-4B, F1 decreases from the zero-shot setting
under several Minimal and Standard conditions,
whereas Detailed and Long prompts are more bene-
ficial in some datasets. Llama-3.1-8B also remains
strongly false-positive-skewed under several Mini-
mal, Standard, and Long conditions, although the
Detailed prompt often provides a better trade-off
between F1 and FPR–FNR. These patterns indi-
cate that few-shot prompting does not simply make
sentence-only judgment more reliable. Rather, it in-
teracts with prompt formulation and model-specific
tendencies, sometimes improving calibration and
sometimes preserving or amplifying directional er-
ror imbalance.

In summary, both zero-shot and few-shot
sentence-only baselines exhibit substantial prompt
sensitivity. More detailed instruction, including
the Long prompt, is not consistently associated
with better F1 or lower directional imbalance. Few-
shot examples can recalibrate judgment criteria, but
their effects remain model- and dataset-dependent.

Data Model Full Schema-only

F1 FPR–FNR F1 FPR–FNR

C-600
Mistral 69.0 69.7 35.2↓ -76.7↓
Llama 65.6 73.0 65.4↓ 72.6
Qwen 76.1 10.0 33.6↓ -77.1↓

SE20
Mistral 33.9 65.4 1.3↓ -99.1↓
Llama 34.5 49.5 35.1 60.4↓
Qwen 35.9 -13.3 2.3↓ -98.2↓

SE21
Mistral 65.7 71.8 40.4↓ -72.5↓
Llama 70.5 57.5 69.9↓ 65.7↓
Qwen 80.7 3.1 31.8↓ -79.5↓

Table 7: Single-prompt schema-control results. Schema-
only preserves the structured output schema but replaces
intermediate interpretation fields with fixed placehold-
ers. Arrows indicate degradation relative to Full: for
F1, ↓ denotes a lower score; for FPR–FNR, ↓ denotes a
larger absolute distance from zero, regardless of sign.

These findings motivate the need to analyze LLM
humor judgment beyond aggregate F1 and to ex-
amine how prompting choices reshape directional
error patterns.

C.2 Single-Prompt Schema Control

We additionally analyze the Schema-only control
to examine whether the behavior of Full Single
Prompt can be attributed merely to its structured
JSON output format. Schema-only preserves the
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Figure 31: RSE results on Challenge-600. We report F1, FPR–FNR, and response trajectories across Original, After
TR, and After FI. The trajectory panel is computed from four-way ordinal humor labels.

Figure 32: RSE results on SemEval-2020. We report F1, FPR–FNR, and response trajectories across Original, After
TR, and After FI. The trajectory panel is computed from four-way ordinal humor labels.

full structured output schema of Full Single Prompt,
but disables the generation of intermediate inter-
pretation content by filling those fields with fixed

placeholders. The model therefore makes a direct
sentence-only judgment while producing the same
output structure. This control allows us to test
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whether the Full Single Prompt behavior is driven
by the output format itself, or by the intermedi-
ate interpretation process encoded in the structured
prompt.

Table 7 compares Full Single Prompt with the
Schema-only control. Schema-only does not re-
produce the behavior of Full Single Prompt. Pre-
serving the structured output format without gen-
erating intermediate interpretations leads to sub-
stantial F1 degradation for Mistral-7B and Qwen3-
4B, together with strongly negative FPR–FNR val-
ues. For example, on Challenge-600, Mistral-7B
drops from 69.0 to 35.2 F1, and Qwen3-4B drops
from 76.1 to 33.6 F1, while FPR–FNR shifts to -
76.7 and -77.1, respectively. Similar false-negative-
skewed collapses are observed on SemEval-2020
and SemEval-2021.

These results indicate that the effect of Full Sin-
gle Prompt cannot be explained by the structured
output schema alone. If the schema itself were
the main driver, Schema-only would be expected
to show a judgment pattern closer to Full Single
Prompt. Instead, removing the intermediate inter-
pretation content produces a qualitatively differ-
ent error pattern, often shifting the model toward
overly conservative judgments. This suggests that
the intermediate interpretation process, rather than
the output schema alone, is central to the behavior
observed in Full Single Prompt.

We apply this control only to the single-prompt
implementation. In the multi-turn Competing
Pipeline, intermediate outputs are passed to sub-
sequent stages as inputs, so replacing them with
placeholders would invalidate the pipeline rather
than isolate an output-schema effect. Thus,
Schema-only is used as a single-call control for
the structured output format.

C.3 Additional RSE Results
Figure 31 shows the additional RSE results on
Challenge-600. Overall, the results are consistent
with the SemEval-2021 findings in the main text:
sentence-only baselines are sensitive to Targeted
Rebuttal (TR), and this sensitivity appears in both
F1 and FPR–FNR. The pattern is particularly clear
for Llama-3.1-8B. Despite its relatively high ini-
tial F1 scores, the model shows substantial drops
after TR: under the Standard, Detailed, Long, and
Single Prompt conditions, F1 decreases from 0.65,
0.70, 0.67, and 0.66 to 0.22, 0.23, 0.22, and 0.21,
respectively. Although F1 increases again after
Follow-up Interaction (FI), this pattern should be in-

terpreted as another interaction-induced judgment
shift rather than as stable judgment maintenance.

FPR–FNR further shows that TR changes the
direction of model errors, rather than merely reduc-
ing performance. For Llama-3.1-8B, the Standard,
Long, and Single Prompt conditions initially show
strong positive FPR–FNR values, but shift to large
negative values after TR. This indicates that the
model moves from humor over-prediction toward a
false-negative-skewed pattern after user rebuttal. A
similar shift is observed for Mistral-7B, where the
Standard and Single Prompt conditions move from
positive FPR–FNR values in the Original stage to
negative values after TR. These directional rever-
sals show that rebuttal sensitivity is not limited to
isolated label changes, but affects the overall error
pattern of the judge.

The response trajectory panel provides a more
fine-grained view of these changes. For Llama-
3.1-8B, the proportions of Reverted after TR and
Non-reverted after TR are large across most con-
ditions, indicating that many judgments either re-
turn to the initial label only after another inter-
action turn or remain changed after TR. This ex-
plains why the apparent F1 recovery after FI should
not be treated as evidence of stability. Mistral-7B
also shows prompt-dependent trajectories: Mini-
mal and Detailed preserve many judgments through
FI, whereas Standard, Long, and Single Prompt
exhibit larger proportions of interaction-induced
changes. In contrast, Qwen3-4B shows substan-
tially larger Stable proportions, and its F1 and FPR–
FNR changes are relatively small, especially under
the Detailed, Long, and Single Prompt conditions.
These results show that high initial F1 does not
guarantee rebuttal robustness and that RSE requires
trajectory-level analysis in addition to final perfor-
mance.

Figure 32 shows the additional RSE results on
SemEval-2020. Although SemEval-2020 has gen-
erally low initial F1 scores, judgment shifts after
TR are still clearly observed. Mistral-7B achieves
initial F1 scores of 0.33 and 0.34 under the Stan-
dard and Single Prompt conditions, respectively,
but these scores decrease to 0.14 and 0.16 after
TR. Under the Minimal and Detailed conditions,
F1 increases after TR; however, this should not
be interpreted as stable improvement. Instead, it
reflects a shift in judgment criteria under rebuttal,
given that the initial judgments are already strongly
false-negative-skewed in these conditions.

Changes in FPR–FNR are particularly pro-
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Table 8: Decoding variability for the primary IRJ conditions at temperature 0.2. Values are means ± sample standard
deviations across three random seeds and are reported in percentage points, with the percentage symbol omitted.

Dataset Model Competing Single Prompt
F1 FPR–FNR F1 FPR–FNR

Challenge-600
Mistral-7B 58.8± 0.8 75.5± 2.4 68.2± 0.1 72.2± 2.2
Llama-3.1-8B 67.4± 0.3 46.4± 2.0 67.5± 0.4 71.5± 1.4
Qwen3-4B 71.9± 0.5 41.4± 2.7 75.9± 1.0 12.2± 1.8

SemEval20
Mistral-7B 32.1± 0.4 86.6± 1.0 33.2± 0.1 64.7± 1.5
Llama-3.1-8B 32.8± 1.2 −8.6± 3.1 34.2± 0.5 49.0± 1.1
Qwen3-4B 34.6± 0.5 29.8± 0.9 36.6± 0.6 −12.4± 0.7

SemEval21
Mistral-7B 59.4± 0.2 83.4± 0.5 65.9± 0.1 72.7± 0.7
Llama-3.1-8B 69.8± 0.4 45.1± 0.5 70.6± 0.2 57.2± 0.6
Qwen3-4B 76.4± 0.2 20.4± 0.5 80.6± 0.4 2.7± 0.2

nounced on SemEval-2020. The Standard and
Single Prompt conditions for Mistral-7B initially
show large positive FPR–FNR values of 0.86 and
0.65, respectively, but both shift to -0.76 after TR.
This indicates that user rebuttal can nearly reverse
the model’s error direction from a false-positive-
skewed pattern to a false-negative-skewed pattern.
A similar pattern appears for Llama-3.1-8B: the
Standard and Single Prompt conditions shift from
0.93 and 0.49 to -0.89 and -0.84 after TR. Although
these values move back in the positive direction
after FI, this reflects another judgment shift in re-
sponse to the user’s subsequent stance, rather than
stable judgment maintenance.

The response trajectory panel further illustrates
this trajectory-level instability. Llama-3.1-8B
shows large proportions of Reverted after TR and
Non-reverted after TR across nearly all conditions,
while Stable remains very limited. This indicates
that the model is highly sensitive to both TR and
FI, with many judgments moving across interaction
turns. Mistral-7B also shows substantial instability
under the Standard and Single Prompt conditions,
where the Non-reverted after TR proportion is es-
pecially large. In contrast, Qwen3-4B exhibits rela-
tively stable behavior: its F1 scores mostly remain
within a narrow range across Original, After TR,
and After FI, and its FPR–FNR changes are rela-
tively limited under the Detailed, Long, and Single
Prompt conditions. However, under the Standard
condition, FPR–FNR decreases from 0.95 to 0.36
after TR and then increases again to 0.82 after FI,
indicating that Qwen3-4B is not completely insen-
sitive to interaction. Overall, the SemEval-2020 re-
sults show that RSE captures not only performance
degradation, but also error-direction reversals and
repeated judgment shifts under user rebuttal.

C.4 Decoding Variability

IRJ uses a temperature of 0.2 when generating in-
termediate interpretations. To assess variability due
to stochastic decoding, we repeat the Competing
Pipeline and Single Prompt evaluations with three
random seeds. We keep all other settings fixed.
Table 8 reports the mean and sample standard devi-
ation of F1 and FPR–FNR for each condition. The
standard deviation of F1 across the 18 combina-
tions of models, datasets, and conditions ranges
from 0.06 to 1.17 pp, with a median of 0.37 pp.
The standard deviation of FPR–FNR ranges from
0.19 to 3.08 pp, with a median of 1.05 pp. The
sign of FPR–FNR remains unchanged across the
three seeds in all 18 combinations.

For Llama-3.1-8B, Single Prompt produces
lower F1 and higher FPR–FNR than Best ZS across
all datasets and seeds. For Llama-3.1-8B, Compet-
ing Pipeline reduces directional imbalance relative
to Best ZS across all seeds on Challenge-600 and
SemEval-2020. For Mistral-7B, Single Prompt ex-
ceeds Best ZS in F1 across all seeds on Challenge-
600 and SemEval-2021. On SemEval-2020, all
three seeds are below Best ZS. For Qwen3-4B, Sin-
gle Prompt reduces directional imbalance relative
to Best ZS across all seeds on SemEval-2020 and
SemEval-2021. On Challenge-600, directional im-
balance is not lower than Best ZS. The F1 ordering
relative to Best ZS varies across seeds on SemEval-
2021. This analysis measures variability across
decoding runs. The paired bootstrap in Section 7
measures uncertainty in metric differences due to
evaluation sample composition.

D Bootstrap Confidence Intervals

In Section 7, the paired bootstrap results are sum-
marized as the proportion of comparisons whose
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Analysis Comparison ∆F1 ∆D ∆|D|
Prompt Minimal − Standard 7/9 (4↑, 3↓) 9/9 (9↓) 8/9 (8↓)
Prompt Detailed − Standard 6/9 (5↑, 1↓) 9/9 (9↓) 9/9 (8↓, 1↑)
Prompt Long − Detailed 6/9 (1↑, 5↓) 8/9 (5↑, 3↓) 8/9 (7↑, 1↓)
IRJ Competing − Sentence-only prompts 20/36 (15↑, 5↓) 30/36 (18↑, 12↓) 25/36 (12↑, 13↓)
IRJ Single Prompt − Sentence-only prompts 21/36 (19↑, 2↓) 33/36 (17↑, 16↓) 31/36 (9↑, 22↓)
IRJ Single Prompt − Long 5/9 (5↑) 8/9 (4↑, 4↓) 6/9 (6↓)
RSE After TR − Original 27/36 (2↑, 25↓) 34/36 (5↑, 29↓) 32/36 (11↑, 21↓)
RSE After FI − After TR 27/36 (23↑, 4↓) 30/36 (30↑) 30/36 (12↑, 18↓)

Table 9: Paired bootstrap validation of prompt, IRJ, and RSE effects. D = FPR−FNR. Entries count comparisons
whose 95% bootstrap confidence intervals exclude zero, with arrows indicating the direction of change. Differences
are computed as left minus right. IRJ comparisons pool the four sentence-only prompts across model and dataset
pairs. For |D|, ↓ indicates reduced directional error imbalance.

95% confidence intervals exclude zero. This sec-
tion further examines the direction of these changes
based on Table 9. For each predefined comparison,
we compute the paired bootstrap distribution of
the metric difference using the same resampled in-
stances. A change is treated as supported by the
bootstrap analysis when the 95% paired bootstrap
confidence interval for this difference excludes
zero. Its sign follows the subtraction direction
shown in the comparison column. Thus, the arrows
in the table indicate the direction of the supported
change. Here, D = FPR − FNR, and a down-
ward arrow for |D| indicates that the left condition
reduces directional error imbalance relative to the
right condition.

The prompt comparisons show consistent
changes, but increasing instructional detail does
not produce monotonic improvements. In both the
Minimal–Standard and Detailed–Standard compar-
isons, changes in D are supported across all 9 com-
parisons, and all supported changes are negative.
Because each comparison subtracts the Standard
prompt from the Minimal or Detailed prompt, this
result indicates that the Standard prompt produces
higher FPR–FNR values than the Minimal and De-
tailed prompts. Changes in |D| are supported in
8 of 9 comparisons for Minimal–Standard and in
all 9 comparisons for Detailed–Standard, mostly
in the decreasing direction. In contrast, the Long–
Detailed comparison shows supported F1 changes
in 6 of 9 comparisons, most of which are negative.
Changes in |D| are supported in 8 of 9 compar-
isons, mostly in the increasing direction. These
results suggest that prompt formulation produces
consistent changes in performance and directional
error patterns, while longer instruction does not
necessarily yield better sentence-only humor judg-
ment.

The IRJ comparisons depend on the model and
prompt baseline. When the Competing Pipeline
is compared with the full set of sentence-only
prompts, supported changes are observed in 20
of 36 comparisons for F1, 30 of 36 for D, and
25 of 36 for |D|. Most supported F1 changes are
positive, while changes in |D| are mixed. The
Competing Pipeline therefore often changes perfor-
mance without consistently reducing directional er-
ror imbalance. Single Prompt shows a more favor-
able pattern in F1 and |D|. Supported F1 changes
are observed in 21 of 36 comparisons, with most
changes in the positive direction. Changes in |D|
are supported in 31 of 36 comparisons, with more
decreases than increases. The direct comparison
between Single Prompt and Long shows supported
F1 improvements in 5 of 9 comparisons and sup-
ported reductions in |D| in 6 of 9 comparisons.
This suggests that the effect of Single Prompt is
not reducible to prompt length alone, since Long
is the longest sentence-only prompt. Overall, the
results characterize IRJ as a structured judgment
framework whose effects on performance and direc-
tional error patterns vary across models and prompt
baselines.

In the RSE comparisons, a large proportion of
changes are supported by the bootstrap analysis,
and their directions are also informative. In the
After TR–Original comparison, supported changes
are observed in 27 of 36 comparisons for F1, 34
of 36 for D, and 32 of 36 for |D|. Most supported
F1 changes are negative, indicating that Targeted
Rebuttal often reduces performance. Changes in
D are also mostly negative, indicating that user
rebuttals move the error direction toward lower
FPR–FNR values and, in many cases, toward judg-
ments with more false negatives. Changes in |D|
are also supported in most comparisons. These
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results show that TR systematically changes direc-
tional error imbalance beyond isolated label flips.

Supported changes are also frequent in the After
FI–After TR comparison. F1 changes are supported
in 27 of 36 comparisons, D changes in 30 of 36,
and |D| changes in 30 of 36. Most supported F1
changes are positive, showing that Follow-up In-
teraction often partially recovers performance after
TR. All supported changes in D are positive, indi-
cating that FI shifts judgments back in the opposite
direction after the movement caused by TR. Appar-
ent recovery in F1 or labels after FI can therefore
still reflect another shift caused by the subsequent
stance of the user.

Overall, the bootstrap results show that prompt
formulation produces changes in directional error
patterns that remain supported under resampling.
The effect of IRJ depends on the model and prompt
baseline being compared. Single Prompt often im-
proves F1 and more frequently reduces |D| when
compared with the full sentence-only prompt fam-
ily, including the Long prompt, but the effect is not
uniform across all settings. RSE shows repeated
shifts across TR and FI. These shifts also remain
supported under bootstrap resampling.

E Future Work

Future work can extend this analysis beyond humor
to broader subjective and interpretation-dependent
judgment tasks, such as sarcasm, indirect speech,
pragmatic implication, and opinionated debate.
These tasks similarly require evaluators to choose
among competing interpretations, rely on implicit
context, and remain sensitive to how the judgment
frame is presented. Applying prompt sensitivity,
structured interpretation, and rebuttal stability anal-
yses to these settings would clarify whether the di-
rectional error shifts and trajectory-level instability
observed in humor judgment reflect task-specific
behavior or a broader challenge in LLM-based sub-
jective evaluation.

F LLM Usage

We used large language models only as assistive
tools for polishing, stylistic refinement, and code-
writing support. All substantive content, including
the problem formulation, methodology, experimen-
tal design, analysis, and conclusions, was written
and verified by the authors. No unpublished or non-
public data was provided to external AI systems.
When AI tools suggested text, code, or references,

the authors manually inspected, revised, and vali-
dated the outputs before inclusion.
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