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Abstract

While humor detection and classification have
received sustained attention through shared
tasks and benchmark datasets, the generation
of original jokes, particularly across multiple
languages, is far less explored. This paper
describes the BAHAHA system for SemEval-
2026 Task 1: MWAHAHA, which requires gen-
erating original jokes given either a news head-
line or a pair of rare words. Our approach uses
a generate-then-rank pipeline that combines
multi-style candidate generation via comedian-
inspired few-shot prompting with quality as-
sessment from a smaller model fine-tuned on
synthetic rating data produced by the gener-
ation model. Specifically, we produce up to
50 candidates per input across 15 stylistic tem-
plates and score each on humor, relevance, and
novelty before surfacing a ranked shortlist for
human selection. The system generates jokes
natively in each target language rather than
through translation, preserving culturally spe-
cific humor mechanisms such as homophonic
puns and character-based wordplay. Among
305 participants and 180 submissions, our sys-
tem ranks 2nd on Subtask A Chinese, and 5th
on Subtasks B1 and B2. Our analysis reveals
that novelty lags behind humor and relevance
in automated scoring, suggesting that stylistic
diversity in generation is necessary but not suf-
ficient for humor.

1 Introduction

Humor is one of the most complex forms of hu-
man communication, requiring the simultaneous
coordination of semantic incongruity, pragmatic
expectation violation, and cultural common ground
(Raskin, 1985; Attardo and Raskin, 1991). While
natural language processing has made significant
progress on humor detection and classification
through shared tasks such as detecting humor in
edited news headlines (Hossain et al., 2020) and rat-
ing offense in jokes (Meaney et al., 2021), the gen-
eration of original humor remains a largely open
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problem. Prior computational approaches to hu-
mor generation relied primarily on template-based
methods and hand-crafted rules that could produce
structurally recognizable jokes but lacked creativity
and diversity (Amin and Burghardt, 2020). More re-
cent neural approaches improved flexibility but still
struggled to produce outputs that humans would
identify as genuinely funny (Yu et al., 2018). Even
with the advent of large language models, gener-
ating humor that goes beyond memorized patterns
has proven difficult, as studies have shown that
over 90% of LLM-generated jokes collapse into
roughly 25 recurring templates (Jentzsch and Ker-
sting, 2023).

SemEval-2026 Task 1, MWAHAHA (Models
Write Automatic Humor And Humans Annotate),
is the first SemEval shared task focused on com-
putational humor generation rather than detection
or classification (Castro et al., 2026). The task
requires systems to produce original jokes under
controlled constraints: given either a news headline
or a pair of rare words, participants must generate
humorous text that satisfies the given constraint.
Systems are evaluated via pairwise human prefer-
ence judgments in an arena-style setting inspired
by Chatbot Arena (Chiang et al., 2024). The con-
strained nature of the task, particularly the word-
pair subtask where both words must appear verba-
tim, connects to prior work on constrained humor
generation such as Mittal et al. (2022), who showed
that humor can emerge from carefully constructed
ambiguous context rather than from training on
existing jokes. The task also raises a broader ques-
tion about the relationship between humor gener-
ation and hallucination: humor requires semantic
deviations, including unexpected connections, in-
tentional incongruity, and violations of pragmatic
expectations, that hallucination detection systems
typically flag as errors (Ji et al., 2023). MWA-
HAHA provides a setting in which to study con-
trolled creative deviation in large language models.
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A key challenge in this space is evaluation.
Generate-then-rank pipelines have shown promise
for humor, with He et al. (2019) demonstrating
that ranking pun candidates by a surprisal metric
tripled success rates over uncurated neural gen-
eration. More broadly, hybrid systems that com-
bine LLMs with structured humor algorithms have
shown that prompted generation alone is insuffi-
cient; Toplyn (2023) demonstrated that pairing an
LLM with explicit joke-writing mechanisms pro-
duced outputs judged as jokes 44% of the time,
substantially outperforming a baseline where the
same model was simply prompted to be funny.
However, automating the ranking step introduces
its own biases: LLM-based judges exhibit posi-
tion bias, verbosity bias, and self-enhancement
bias that can distort quality assessments (Zheng
et al., 2023). Our system addresses these chal-
lenges through a three-stage pipeline. First, we
generate a large pool of stylistically diverse candi-
dates across 15 comedian-inspired templates using
few-shot prompting (Brown et al., 2020). Second,
a smaller model scores each candidate on humor,
relevance, and novelty. Third, a human operator
selects the final output from a ranked shortlist. This
mixed-initiative design draws on the finding from
Mirowski et al. (2023) that human-machine co-
creativity works best when automated generation
is paired with human judgment for final selection.
We participated in all subtasks: Subtask A (text-
based humor generation) for English, Spanish, and
Chinese, and Subtask B (multimodal humor gener-
ation) for B1 and B2. For Subtask B, captions for
input GIFs are capped at 20 words; B1 conditions
on the image alone, while B2 also receives a text
prompt.

2 Background

2.1 Task Description

In Subtask A, each input is either a news head-
line or a pair of rare words. Headlines require the
joke to relate to the story. Word pairs require both
words to appear verbatim. The task spans three
languages: English, Spanish, and Chinese, with
character limits of 900 for English and Spanish and
300 for Chinese. Evaluation is through pairwise
human preference judgments (Castro et al., 2026).

2.2 Related Work

Humor generation builds on decades of linguistic
theory. Raskin (1985) proposed the Script-based

Semantic Theory of Humor (SSTH), arguing that
humor arises when two semantic scripts overlap
and oppose each other. Attardo and Raskin (1991)
built on this with the General Theory of Verbal Hu-
mor (GTVH). The theory lays out six knowledge
resources that underlie jokes. These are script oppo-
sition, logical mechanism, situation, target, narra-
tive strategy, and language. Kao et al. (2016) later
formalized pun humor through two information-
theoretic measures, ambiguity and distinctiveness,
showing that the funniest puns maximize seman-
tic divergence between their two interpretations.
Their distinctiveness measure parallels the novelty
dimension in our quality assessment, where we re-
ward candidates that create unexpected semantic
contrasts rather than predictable associations.

Until recently, computational humor meant clas-
sification. Researchers worked on detecting humor
in edited headlines (Hossain et al., 2020) and flag-
ging offense (Meaney et al., 2021). Actually gener-
ating humor? Much less explored. Prior attempts
focused mainly on puns and caption contests (Hes-
sel et al., 2023). The JOKER shared tasks at CLEF
tackled humor translation (Ermakova et al., 2023).
We approach the problem differently, treating hu-
mor generation as a search over stylistic variations.

Amin and Burghardt (2020) catalogued the pre-
LLM humor generation landscape: mostly tem-
plates and hand-crafted rules. Earlier, Ritchie
(2005) formalized pun generation as a constraint-
satisfaction problem within NLG, identifying the
core challenge that output must simultaneously
serve two semantic interpretations. Winters (2021)
later characterized humor generation as an Al-
complete problem and showed that generate-and-
test architectures, where candidates are filtered
through quality assessment, can match hand-
tuned systems with fewer built-in assumptions, a
paradigm our pipeline extends to the LLM era. Our
system does not use any of these. Instead, it relies
entirely on in-context learning to produce diverse
candidates.

Generate-then-rank is not new for humor. Yu
et al. (2018) used constrained decoding to generate
pun candidates, and He et al. (2019) introduced a
surprisal principle that treats surprise as both a way
to generate puns and a way to rank them. Toplyn
(2023) demonstrated a related hybrid approach,
combining an LLM with explicit joke-writing algo-
rithms derived from professional comedy writing,
with outputs judged as jokes 44% of the time versus
much lower rates for prompt-only baselines. Our
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pipeline follows a similar philosophy but replaces
hand-crafted humor rules with diverse prompt en-
gineering across multiple comedic styles. Our nov-
elty scoring works along similar lines to He et al.’s
surprisal.

Why generate so many candidates? Because
Jentzsch and Kersting (2023) found that over 90%
of LLM jokes collapse into roughly 25 memorized
templates. Their finding that ChatGPT can apply
comedic templates but loses genuine comedy in the
process directly motivates our high-volume candi-
date generation strategy: by producing 40 to 50
variants per input across diverse stylistic prompts,
we force the model beyond its memorized defaults,
and the assessment stage then filters out whatever
still feels template-driven.

Chinese humor poses unique challenges for
LLMs. He et al. (2024) showed that homophonic
puns and character-based visual wordplay are es-
pecially hard. Our strongest result was in Chinese,
possibly because generating natively avoids the
losses that come with cross-lingual transfer on top
of an already difficult task.

Without humor-aware prompting, baseline
LLMs tend to handle jokes too literally and strip
out the comedic impact (Pituxcoosuvarn and Mu-
rakami, 2025). This is exactly why we opted for
specialized stylistic prompts. Their finding that
phonetic wordplay suffers the most in cross-lingual
settings also provides grounding for why our sys-
tem may underperform on languages where humor
relies heavily on sound-based or orthographic con-
straints.

We score candidates on humor, relevance, and
novelty using a smaller model. This follows the
LLM-as-a-Judge paradigm (Zheng et al., 2023).
While such evaluation can reach over 80% agree-
ment with humans, it also introduces known biases
around position, verbosity, and self-enhancement.

Mirowski et al. (2023) had industry professionals
evaluate LLM-assisted screenwriting, with humans
guiding final decisions. That mixed-initiative setup
is similar to ours.

3 System Description

3.1 Overview

The pipeline has three stages. First, we generate
candidates across multiple comedic styles using
few-shot prompting. A smaller model then scores
each candidate on three quality dimensions. Fi-
nally, a human operator picks the winner from the

Input
(headline or word-pair)
J LM

Stage 1: Generation
15 styles x 2-3 =40 candidates

l, Rater

Stage 2: Assessment
Humor / Relevance / Novelty

l,Ranked
[ Stage 3: Selection }

Top 5 + Human Review

1
Output
(1 joke per input)

Figure 1: System pipeline. Three-stage generate-then-
rank architecture with model assignments.

Generate ONE short joke (1-3 sentences, max 100 words)
about this news headline:

HEADLINE: {headline}

{CONTEXT: {context}}

Requirements: make it funny and original; relate directly
to the headline; keep it concise.

Output only the joke text, nothing else.

Figure 2: Headline-based generation prompt.

top-ranked shortlist. The generation model is a
large instruction-tuned language model accessed
through a commercial API; the assessment model
is a smaller model from the same family, fine-tuned
on synthetic rating data produced by the generation
model. The English dataset contains 275 head-
lines and 25 word pairs; the Spanish and Chinese
datasets mirror this distribution (300 items each).
Generation used few-shot prompting with curated
style exemplars and default temperature settings,
with a maximum of 200 output tokens per joke.
Figure 1 illustrates the pipeline and Algorithm 1
provides pseudocode.

3.2 Headline-Based Generation

For headline-constrained items (~92% of inputs),
we generate 40 candidate jokes per headline dis-
tributed across 15 comedian-inspired style tem-
plates. Each template encodes a distinct comedic
approach (Table 1) described via natural language
style prompts rather than examples of any come-
dian’s material.

Each joke comes from a single API call. The
prompt template is shown in Figure 2; we cap out-
put at 1 to 3 sentences.
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Algorithm 1: Generate-then-Rank Pipeline
Input: Input z (headline or word-pair),
styles S, k candidates per style
Output: Selected joke j*
C <« 0;
foreach style s € S do

for ¢ < 1to k do
j < Generate(z, s) ; // LLM,
few-shot
if satisfies_constraints(j, x) then
‘ C+—Cu{jh
end
end
end

foreach j € C do
h,r,n < Assess(j) ; // Rater, 0-10
j.score <— 0.5h + 0.3r + 0.2n;

end

Ciop + TopK(C, 5);

J* < HumanSelect(Ciop);

return j*

3.3 Word-Pair Generation

For word-pair constrained items (~8% of inputs),
we employ a more intensive process: 50 candidate
variants per word pair, generated across 8 special-
ized comedy templates designed for constrained
wordplay (Bureaucracy, Product Pitch, Overconfi-
dent Expert, Literal-Metaphor, Absurdist, Misdi-
rection, Deadpan, and Status Inversion).

Both words must appear exactly as given. That
is the hard constraint. After generation, we check
each candidate and throw out any that fail this re-
quirement.

3.4 Quality Assessment

All candidates undergo quality assessment using a
smaller model fine-tuned on synthetic rating data
generated by the larger generation model, follow-
ing a knowledge distillation approach (Hinton et al.,
2015). This ranking model scores each candidate
on three dimensions (0 to 10 scale):

* Humor (wp,): How funny is the joke?

¢ Relevance (w,): How well does it relate to
the constraint?

* Novelty (w,): How creative or unexpected is
it?

Style Approach

Observational Cynical, authority-questioning
Social Commentary Honest, storytelling

Everyday “What’s the deal with...”
Contrarian Rants, self-aware anger
Dark/Awkward Self-deprecating situations
Absurdist Surreal, callbacks

One-liner Dark humor, wordplay
Intellectual Non-sequitur

Raw/Personal Emotion, social observation

Character-driven
Stream-of-consciousness

Voices, animated delivery
Rapid-fire associations

Smart/Cultural References, wit
Optimistic Absurd Character-based positivity
Anti-humor Deadpan, misdirection
Relationship Social issues, energy

Table 1: The 15 comedian-inspired style templates used
for headline-based generation.

Candidates are ranked by composite score s =
wy, - h +w, -7+ wy - n, with wy, > w, > w, and
the weights summing to 1. Humor gets the most
weight. Funniness matters most. We fine-tuned
the assessment model on synthetic data from the
generation model, which reduces self-preference
bias and keeps the ranking criteria aligned with
what the generator is actually trying to do.

3.5 Selection and Multilingual Adaptation

The selection stage uses a mixed-initiative ap-
proach in which a human operator interacts with
the system through a user interface. For headlines,
the interface shows the top 5 candidates. For word
pairs, it shows 8. Each comes with its humor, rel-
evance, and novelty scores. The operator reviews
them in context and picks one. For word-pair items,
the interface enforces a diversity constraint requir-
ing at least 2 distinct comedy styles among final-
ists. This human-in-the-loop design combines the
breadth of automated generation with human judg-
ment about contextual appropriateness and humor
quality. For Spanish and Chinese, the same pipeline
is applied with language-specific prompts; jokes
are generated natively rather than translated, pre-
serving idiomatic humor and cultural context.

4 Results

We submitted to every subtask, producing 300
jokes each in English, Spanish, and Chinese for
Subtask A and also entering B1 and B2. Evalua-
tion used pairwise human preference judgments.
Annotators compared jokes head-to-head, and the
organizers computed Elo ratings (Elo, 1978) with
bootstrap confidence intervals, as in Chatbot Arena
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Subtask Rank Rating 95% CI  Teams
A-Chinese 2 988 [945, 1033] 20
Bl 5 949 [921, 983] 11
B2 5 957 [911,989] 10
A-Spanish 9 927 [894, 968] 16
A-English 23 929 [903, 960] 31

Table 2: Official results via pairwise human preference
judgments (Elo ratings). Rank is computed based on
how many other systems have significantly higher rat-
ings at the 95% confidence level.

Subset N Humor Relev. Novel.
EN Headlines 275 7.8 8.1 7.4
EN Word-pairs 25 8.2 7.9 8.0
ES Headlines 275 7.5 7.8 7.2
ES Word-pairs 25 8.0 7.6 7.8

Table 3: Mean self-assessment scores (0 to 10) for se-
lected jokes. Scores reflect the rating model’s evaluation,
not human judgments.

(Chiang et al., 2024). See Table 2.

Our best result was rank 2 on Subtask A Chinese
with an Elo rating of 988, where only 8 systems
in the rank-1 cluster achieved significantly higher
scores according to the 95% confidence interval
analysis. Table 3 summarizes how the candidates
scored on our internal quality metrics before sub-
mission.

Word-pair jokes scored higher than headline
jokes on self-assessment, which seems counterintu-
itive given the tighter constraints. But the word-pair
pipeline had more selection pressure: 50 variants
narrowed to 8, versus 40 variants narrowed to 5 for
headlines. More candidates per shortlist slot means
better odds of finding something good.

Across 3,167 English headline candidates, hu-
mor and relevance both peaked at 8 on our 0-10
scale (Table 4). Novelty told a different story. It
peaked at 7, a full point lower, and nearly 20% of
candidates scored only a 6. The model handles
topicality and comedic structure well enough when
given stylistic variety, but producing something
genuinely surprising remains difficult. Composite
scores reinforce this (Figure 3). Most candidates
landed between 7.0 and 7.9. Only 59 out of 3,167
cracked 9.0.

5 Discussion

We generated over 12,000 candidates per language.
A human picked the final joke from a scored short-
list. Three things stood out. First, style diversity

worked. No template dominated. Absurdist humor
won for trade policy; deadpan worked for sports;
the pattern shifted with every headline across all
275 inputs. Second, novelty lagged behind the
other two dimensions throughout the experiments,
with the model reliably producing jokes that were
funny and on-topic but only occasionally surprising
(Table 4). Third, generating Chinese jokes natively
rather than translating them contributed more to our
rank-2 Chinese placement than we had expected
going in.

Style diversity as exploration. A contrarian rant
about a politician can be hilarious. Apply that same
tone to a cooking headline and it falls flat. We
had no way to predict which style would work for
which topic, so we used 15 and let the scoring de-
cide. The results justified the approach. Across 275
English headlines, no individual style accounted
for more than about 10% of the top-5 selections, a
distribution too flat to be explained by one or two
dominant strategies.

We placed 2nd in Chinese. Part of the gap is
competition size: 20 teams entered Chinese ver-
sus 31 for English. But native-language generation
likely helped too, especially for a language where
humor relies on phonological tricks that break in
translation. He et al. (2024) showed that homo-

Count

1731

1500+
1142

1000+

5004
226

9 59

Score

5 6 7 8 9

Figure 3: Distribution of composite self-assessment
scores across all 3,167 rated English headline jokes.

Dim. 5 6 7 8 9 10
Humor 0.0% 12% 30.0% 54.6% 14.1% 0.0%
Relev. 03% 4.1% 26.0% 45.6% 23.3% 0.7%
Novel. 1.9% 19.6% 37.9% 26.5% 13.8% 0.3%

Table 4: Score distributions (%) by dimension across all
3,167 rated English jokes. Novelty skews lower (mode
at 7) vs. humor and relevance (mode at 8).
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phonic puns and character-based visual wordplay
are fundamentally hard to transfer across languages,
and Pituxcoosuvarn and Murakami (2025) found
the same pattern for phonetic wordplay in English-
to-Thai settings. We generated all Chinese jokes
from scratch in Chinese.

Self-assessment limitations. LLMs overrate
their own jokes. They also prefer familiar struc-
tures. We tried to address this by using a sepa-
rate, smaller model for scoring instead of letting
the generator judge itself, but that only fixes the
self-enhancement part of the problem. Zheng et al.
(2023) identified positional bias and verbosity bias
as additional failure modes that our design does not
address, and both probably still affect rankings in
our pipeline. The deeper question is whether these
automated scores predict what humans actually find
funny, something the MWAHAHA pairwise evalu-
ation was built to test.

Connections to hallucination research. Our sys-
tem deliberately produces what hallucination de-
tectors penalize: novel entities, unexpected connec-
tions, violations of world knowledge. A medical
chatbot that invents a drug interaction has failed. A
joke generator that invents an absurd scenario has
succeeded. Same behavior, different evaluation.

6 Conclusion

We presented BAHAHA, a generate-then-rank sys-
tem for multilingual humor generation that pro-
duces thousands of joke candidates per language
across 15 comedic styles, scores them along humor,
relevance, and novelty dimensions, and surfaces a
ranked shortlist for human selection. Two findings
generalize beyond this task. First, native-language
generation substantially outperforms translate-then-
adapt pipelines for humor, particularly in languages
like Chinese where phonological and orthographic
wordplay resists cross-lingual transfer. Second,
stylistic diversity in candidate generation is more
effective than optimizing a single prompting strat-
egy, as no individual style accounted for more than
10% of top-ranked selections across 275 English
headlines. Future work could replace the synthetic
self-assessment model with one trained on human
humor ratings collected during the MWAHAHA
evaluation, and explore whether style selection can
be conditioned on input features rather than relying
on exhaustive generation across all templates.

Limitations

This work has several limitations. First, our
pipeline relies on proprietary language models ac-
cessed through commercial APIs, which limits full
reproducibility of our results. Second, the self-
assessment scores produced by our ranking model
may not correlate reliably with human humor judg-
ments, as the rating model was fine-tuned on syn-
thetic data from the generation model rather than
on human annotations. Third, our 15 comedian-
inspired style templates were designed primarily
around Western comedic traditions and may not
capture humor conventions in Chinese or Spanish-
speaking cultures, potentially disadvantaging our
system for non-English subtasks. This concern
is consistent with broader findings that current
LLMs carry systematic Western cultural biases
in how they handle culturally grounded language
tasks (Liu et al., 2025), which may compound the
mismatch between our style templates and non-
Western humor conventions. Fourth, the human-
in-the-loop selection step introduces annotator sub-
jectivity and makes the pipeline non-deterministic,
meaning different operators could produce differ-
ent final submissions from the same candidate pool.
Finally, our analysis of score distributions and style
effectiveness is based on internal metrics rather
than the official pairwise human evaluations, so
conclusions about which styles or dimensions drive
humor quality should be interpreted cautiously.
Languages where humor relies heavily on phonetic
or orthographic mechanisms may pose particular
challenges, as cross-lingual research has shown
that sound-based wordplay suffers disproportionate
losses even under optimized prompting conditions
(Pituxcoosuvarn and Murakami, 2025).
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