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Abstract

We describe our participation in all three subtasks of HAHA@IberLEF 2026, a shared task on humor detection
and generation in Spanish. For the two classification subtasks — Humor Detection and LLM-Generated Humor
Detection, we experiment with two complementary paradigms: ensemble prompting of locally served open-
weight LLMs (Llama 3.2, Mistral 7B, Gemma 3) and fine-tuning of an ensemble of Spanish and multilingual
pre-trained language models (RoBERTuito, BETO, XLM-RoBERTa). For Humor Generation we apply a best-of-n
prompting strategy with LLM-based reranking. Our few-shot prompting ensemble ranks 5th on Subtask 1
(F1=10.8567), and our Pre-trained Language Models PLMs ensemble ranks 2nd on Subtask 2 (F1 = 0.8729) — only
0.0035 points behind the top system. On Subtask 3, our generation ensemble ranks 3rd (Elo = 919), above the
official baseline. Results show that the PLMs ensemble generalizes more consistently across both classification
subtasks, while few-shot prompting is particularly effective at satirical headline detection but less reliable at
detecting LLM-generated humor.
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1. Introduction

Humor is one of the most nuanced phenomena in human language, relying on incongruity, irony,
wordplay, and shared cultural knowledge — signals that standard NLP models are not well equipped to
capture. Despite these challenges, computational humor has attracted growing interest, with applications
in dialogue systems, misinformation detection, and creative text generation.

The 2026 edition of HAHA [1], held as part of IberLEF 2026 [2], proposes three subtasks over
Spanish text: (1) Humor Detection, classifying news headlines as satirical or real; (2) LLM-Generated
Humor Detection, determining whether a joke was written by a human or generated by an LLM;
and (3) Humor Generation, producing jokes from news headlines, evaluated via Elo-based human
preference judgments.

We participate in all three subtasks, exploring prompting and fine-tuning paradigms, both centered
on ensemble strategies. For the classification subtasks we compare zero-shot and few-shot prompt
ensembles across three LLMs with a fine-tuned ensemble of RoBERTuito [3], BETO [4], and XLM-
RoBERTa [5]. For generation, we use a best-of-n prompting strategy with LLM reranking.

2. Related Work

Computational humor detection has been studied since early work by Mihalcea and Strapparava [6],
who showed that classification-based methods could reliably distinguish humorous from non-humorous
text. For Spanish, Castro et al. [7] built one of the first supervised humor classifiers from Spanish tweets,
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and later contributed a crowd-annotated corpus [8] that became the foundation for the HAHA shared
task series at IberEval 2018, IberLEF 2019, and IberLEF 2021 [9, 10, 11]. Related multilingual efforts
include SemEval-2021 Task 7 [12] and the HUHU task at IberLEF 2023. HAHA 2026 [1] extends this
line to satirical news headlines, a domain where the satirical-real boundary is especially challenging
due to the deliberate emulation of journalistic prose [13].

Distinguishing LLM-generated from human-written text has become an active research area as model
quality has improved [14, 15]. Detection approaches span watermarking, zero-shot statistical methods,
and supervised neural classifiers [16]. Within creative genres, even human evaluators struggle with
this task [17], motivating the second HAHA subtask. For generation, humor remains harder than
detection [18], but interest has grown with initiatives such as SemEval-2026 Humor Generation and
MWAHAHA [19]. Evaluation via arena-style pairwise preference judgments and Elo ratings [20, 21]
provides a reliable proxy for subjective humor quality, as adopted by HAHA 2026 Subtask 3.

3. Methodology

Our approach covers two paradigms for Subtasks 1 and 2: prompting via locally served LLMs and
supervised fine-tuning of Spanish pre-trained language models (PLMs) — here, encoder-based models
trained with a masked-language-modeling objective, as distinct from the decoder-only LLMs used for
prompting. Both incorporate ensemble strategies as a central design choice. Subtask 3 relies solely on
prompting with a best-of-n selection strategy.

3.1. Prompting-Based Systems

We experiment with three open-weight LLMs served locally via Ollama': Llama 3.2 (3B), Mistral 7B,
and Gemma 3 (4B). Temperature is fixed at 7'=0.0 for classification and 7'=0.7 for generation.

For each classification subtask we design three prompt variants: a zero-shot prompt requesting a
single-word label, a few-shot prompt adding two labeled examples with satirical framing cues, and a
chain-of-thought prompt that guides the model through plausibility and irony checks before producing
structured JSON output. Inputs prepend a country token ([ES], [MX], [AR]) and, for Subtask 1, append
the full article context field. For our few-shot variant, two labeled examples are prepended to each
prompt from the training set.

Predictions from all three variants are combined by majority voting, ties broken in favor of the
positive class (satirical / machine). Extending the vote pool to all three models yields a Prompt x Model
ensemble of nine voters per instance, which constitutes our primary prompting submission. For
Subtask 3, each model generates one joke per headline; Llama 3.2 then reranks the three candidates by
surprise, cultural relevance, and punchline clarity. Full prompt templates are provided in Appendix A.

3.2. Fine-Tuning Systems

We fine-tune three PLMs with complementary pre-training registers. RoBERTuito? was trained
on 500M Spanish tweets, making it well suited to irony-rich text. Inputs are preprocessed with the
pysentimiento normalization pipeline [3]. BETO® provides strong coverage of formal written
Spanish via whole-word masked pre-training [4]. XLM-RoBERTa* adds cross-lingual coverage from
100 languages [5].

Training on small labeled sets (540 examples for Subtask 1; 350 for Subtask 2) requires careful
regularization. We apply label smoothing (¢=0.1), layer freezing for the first three epochs, and
AdamW (Ir=1x1075, weight decay = 0.01) with 20 % linear warmup for 15 epochs. Performance is
estimated under stratified 5-fold cross-validation.

'https://ollama.com
*https://huggingface.co/pysentimiento/robertuito-base-uncased
*https://huggingface.co/dccuchile/bert-base-spanish-wwm-cased
*https://huggingface.co/FacebookAl/xIm-roberta-base
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The ensemble averages logits element-wise before applying softmax:

3
Py | x) = softmax(zl,) szx)) , (1)

i=1

where z;(x) are the unnormalized logits of model i. We also tune the decision threshold 7* by
sweeping [0.2,0.8] on pooled out-of-fold CV logits to maximize target-class F1, fully contained within
cross-validation.

All hyperparameters were selected manually, guided by established best practices for fine-tuning
pre-trained transformers on small labeled datasets [22, 23], rather than by automated search, due to the
very limited size of the training sets.

4. Results

We submitted three systems per subtask: (S1) zero-shot prompting ensemble, (S2) few-shot prompting
ensemble, and (S3) fine-tuned PLMs ensemble. Tables 1-3 show the official leaderboard results; our
submissions are highlighted in all results tables.

4.1. Subtask 1: Humor Detection

The few-shot ensemble (S2) achieves our best Subtask 1 result (F1=0.8567, 5th out of 13), well
above the baseline (F1 = 0.6252). The PLMs ensemble (S3) is a close second among our submissions
(F1=0.8414, 7th out of 13), indicating that the fine-tuned models transfer reasonably well to the satirical
headline domain. The zero-shot ensemble (S1) again maximizes recall (0.9500) at the cost of precision
(F1=0.8237, 9th out of 13).

Table 1
Subtask 1 results. Primary metric: F1 on satirical. Our rows shaded.
Rank System Prec. Rec. F1 Acc.
1 michaelibrahim  0.9933 0.9933  0.9933  0.9933
2 ymlopez 0.9690 0.9367 0.9525 0.9533
3 namdang_2006  0.9681 09100 0.9381  0.9400
4 ymlopez 0.9813 0.8767 0.9261  0.9300
5 S2: few-shot 0.8201 0.8967 0.8567 0.8500
6 ymlopez 0.7919 09133 0.8483  0.8367
7 S3: PLMs ens. 0.9042 0.7867 0.8414 0.8517
8 namdang_2006 0.8322 0.8267 0.8294  0.8300
9 S1: zero-shot 0.7270  0.9500 0.8237 0.7967
10 m_buch_135 0.7872 0.8633 0.8235 0.8150
11 Baseline 0.6923 0.5700 0.6252  0.6583
12 edo02002 0.7225 0.5033 0.5933  0.6550
13 arjun108 0.8630 0.4200 0.5650  0.6767

4.2. Subtask 2: LLM-Generated Humor Detection

Subtask 2 is our strongest task. The PLMs ensemble (S3) achieves our best result here, ranking
2nd out of 16 (F1 =0.8729) — only 0.0035 points behind the top system — with balanced precision
(0.8274) and recall (0.9236). The few-shot ensemble (52) ranks 13th (F1 = 0.6535), over-predicting the
positive class (recall = 0.9636) at the cost of precision (0.4944). The zero-shot ensemble (S1) performs
worst among our submissions and falls below the official baseline, ranking 16th out of 16 (F1 = 0.5095;
precision = 0.4248, recall = 0.6364).



Table 2
Subtask 2 results. Primary metric: F1 on machine. Our rows shaded.

Rank System Prec. Rec. F1 Acc.
1 michaelibrahim  0.8764 0.8764 0.8764 0.8764
2 S3: PLMs ens. 0.8274 09236 0.8729 0.8655
3 michaelibrahim  0.8727 0.8727 0.8727 0.8727
4 m_buch_135 0.8577 0.8327 0.8450 0.8473
5 namdang_2006  0.8339 0.8400 0.8370 0.8364
6 arjun108 0.8605 0.8073 0.8330 0.8382
7 m_buch_135 0.8913 0.7455 0.8119 0.8273
8 michaelibrahim  0.7600 0.7600 0.7600  0.7600
9 ymlopez 0.7472  0.7200 0.7333 0.7382
10 namdang_2006 0.8840 0.5818 0.7018  0.7527
11 Baseline 0.5165 09127 0.6597  0.5291
12 ymlopez 0.6593 0.6545 0.6569  0.6582
13 S2: few-shot 0.4944 09636 0.6535 0.4891
14 namdang_2006  0.8993 0.4545 0.6039  0.7018
15 ymlopez 0.6453 0.5491 0.5933 0.6236
16 S1: zero-shot 0.4248 0.6364 0.5095 0.3873

4.3. Subtask 3: Humor Generation

The S2 and S3 submissions both used the generation ensemble, yielding a single leaderboard entry
(Elo=919, 3rd out of 4). The non-overlapping confidence interval with the baseline (Elo = 835)
confirms that the best-of-n reranking strategy provides a statistically reliable improvement, though a
substantial gap remains to the top two systems.

Table 3
Subtask 3 results. Systems ranked by Elo. Our submission shaded.
Rank System Elo 95% ClI Votes
1 ymlopez 1136  [1108, 1163] 344
1 michaelibrahim 1110 [1083, 1138] 344
3 S2&S3: gen.ens. 919 [893, 944] 345
4 Baseline 835 [810, 873] 347

4.4. Discussion

Three patterns emerge across the subtasks. First, the PLMs ensemble (S3) is the most consistent of our
approaches, ranking 7th out of 13 on Subtask 1 (F1 = 0.8414) and 2nd out of 16 on Subtask 2 (F1 = 0.8729,
only 0.0035 points behind the top system). This suggests that the features learned during fine-tuning
transfer well across both satirical-headline and LLM-generated-text detection.

Second, few-shot prompting (52) is more task-dependent: it performs well on Subtask 1 (5th place,
F1=0.8567) but falls to 13th place on Subtask 2 (F1 =0.6535), where it over-predicts the positive class
(recall = 0.9636 at the cost of precision = 0.4944). This indicates that the in-context examples used for
satirical-headline detection transfer less effectively to distinguishing human- from LLM-generated
humor.

Third, zero-shot prompting (S1) is consistently our weakest approach, ranking 9th out of 13 on
Subtask 1 (F1 =0.8237) and last out of 16 on Subtask 2 (F1 =0.5095), below the official baseline. This
highlights the benefit of in-context calibration examples for instruction-tuned models on both tasks.



5. Conclusion

We presented three systems, combining prompting and fine-tuning ensemble strategies for Spanish
humor detection and generation. Our key findings are: (i) the PLMs ensemble is the most robust
overall approach, achieving competitive results on both classification subtasks (7th on Subtask 1, 2nd
on Subtask 2); (ii) few-shot prompting is highly effective for satirical headline detection (5th place)
but is less reliable for detecting LLM-generated humor, where it over-predicts the positive class; and
(iii) zero-shot prompting is consistently our weakest approach across both classification subtasks,
underperforming the official baseline on Subtask 2. For humor generation, best-of-n reranking clearly
outperforms the baseline but still leaves a considerable gap to the top systems. Future work will explore
hybrid prompting—fine-tuning approaches and the integration of humor-theoretic knowledge into both
classification and generation pipelines.
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A. Prompt Templates

This section presents all prompt templates used in zero-shot and few-shot settings for reproducibility.
All models are instructed to output only the predicted label without any explanation or additional text.

A.1. Humor Detection

A.1.1. Zero-shot Prompt

You are an expert humor and satire detection system.
Your task is to classify the following news headline as:
- satirical

- real

Use both the headline and the context.

Return ONLY a JSON object in the following format:
{

"tag": "satirical" or "real",

"confidence": number between 0 and 1

}

Do not explain anything.

Headline: {headline}

Context: {context}

A.1.2. Few-shot Prompt

You are an expert humor and satire detection system.
Your task is to classify the following news headline as:
- satirical

- real

Use both the headline and the context.

Return ONLY a JSON object in the following format:
{

"tag": "satirical" or "real",

"confidence": number_between_0_and 1

}

Do not explain anything.

Headline: {headline}

Context: {context}

Examples:

{FEWSHOT_EXAMPLES}




A.2. LLMs-Generated Humor Detection

A.2.1. Zero-shot Prompt

You are an expert detector of machine-generated humor.
Your task is to determine whether the following joke was:
- human

- machine

The joke was inspired by a news headline.

Analyze writing style, creativity, coherence, punchline structure, and signs of LLM-generated
text.

Return ONLY a JSON object in the following format:

{

"tag": "human" or "machine”,

"confidence": number between 0 and 1

}

Do not explain anything.

Headline: {headline}

Joke: {joke}

A.2.2. Few-shot Prompt

You are an expert detector of machine-generated humor.
Your task is to determine whether the following joke was:
- human

- machine

The joke was inspired by a news headline.

Analyze writing style, creativity, coherence, punchline structure, and signs of LLM-generated
text.

Return ONLY a JSON object in the following format:

{

"tag": "human" or "machine”,

"confidence": number_between_ 0 _and 1

}

Do not explain anything.

Headline: {headline}

Joke: {joke}

Examples:

{FEWSHOT_EXAMPLES}




A.3. Humor Generation

A.3.1. Zero-shot Prompt

You are a professional satirical comedy writer.
Generate ONE funny joke in Spanish inspired by the following news headline.
Requirements:

- The joke MUST be written entirely in Spanish

- Do not use English

- Be genuinely funny and creative

- Use irony, absurdity, exaggeration, or wordplay
- Keep it concise (1-3 sentences)

- Avoid explanations

- Avoid offensive content

- Sound natural and human-written

- Do not repeat the headline verbatim

Headline: {headline}

Return ONLY the joke text.
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