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Abstract

Humor recognition is a major challenge in Natural Language Processing (NLP) due to its subtle and context-dependent
nature. Despite advances, Large Language Models (LLMs) still struggle with this task, especially in Brazilian
Portuguese, where no dedicated benchmarks exist. This paper presents HuNeBR, a new benchmark of 475 annotated
humorous texts from Northeastern Brazilian comedians. The benchmark evaluates LLMs on three tasks: identifying
punchlines, classifying texts into eight comic styles, and explaining humor. This is the first benchmark to evaluate LLMs
on the in-depth interpretation of humorous texts in Brazilian Portuguese, going beyond the binary tasks of traditional
humor benchmarks. Both general-purpose and Portuguese-specialized LLMs were evaluated under zero-shot and
few-shot settings. The findings indicate that LLMs perform very well at identifying punchlines, show inconsistent
results in classifying comic styles, and produce humor interpretations that mostly align with human judgments. Among
the models assessed, general-purpose multilingual systems like GPT-4 and Gemini 2.5 Flash achieved the top
overall performance, whereas Sabid 3.1, a model specialized in Brazilian Portuguese, demonstrated competitive re-
sults across all three tasks, highlighting the value of locally trained models in capturing linguistic and cultural subtleties.

Keywords: large language models, brazilian humor benchmark, regional linguistic features, speech tran-
scriptions, comic styles, joke punchlines, text interpretation

1. Introduction

Large Language Models (LLMs) have significantly
advanced state-of-the-art performance in natural
language processing (NLP) tasks, including trans-
lation, summarization, and information retrieval
(Bharathi Mohan et al., 2024). Over the last
few years, these models have consistently outper-
formed previous baselines across a wide range of
benchmarks and real-world applications. For exam-
ple, GPT-4 and Claude models have achieved near-
human performance in standardized tests, such as
the bar exam and Graduate Record Examinations
(GRE) (Achiam et al., 2024). In machine transla-
tion, models such as Google’s PaLM 2 and Meta’s
SeamlessM4T have outperformed previous neural
systems by reducing error rates and enabling high-
quality translation for low-resource languages (Anil
et al., 2023; Anastasopoulos et al., 2023).
Similarly, in code generation tasks, LLMs such
as Codellama and GPT-4 have shown the ability
to solve competitive programming problems and
generate production-ready code (Roziere et al.,
2023). In educational contexts, LLM-powered tutor-
ing systems have been shown to improve learning
outcomes by providing personalized explanations
and feedback (Kasneci et al., 2023). These ad-
vances have also been systematically evaluated
using benchmarks such as HumanEval (Chen et al.,
2021), MMLU-PRO (Wang et al., 2024), and MR-
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GSMB8K (Zeng et al., 2025), proving that LLMs not
only improve research benchmarks but also prove
effective in practical, high-impact scenarios.

Despite advances, interpreting subjective and
cultural dimensions - such as humor - remains a
challenge (Cuskley et al., 2024). Humor is central
to human communication, shaping social bonds
and guiding attention, but it is notoriously difficult
to model computationally. As Jentzsch and Ker-
sting (2023) note, humor is often implicit, context-
dependent, and relies on subtle linguistic or cultural
cues, making it a long-standing Al challenge. This
complexity extends to available resources (Kalloni-
atis and Adamidis, 2024). Most humor recognition
datasets are in English and primarily target simple
binary classification tasks, such as humor detection
(Meaney et al., 2021), comparative funniness pre-
diction (Hossain et al., 2020), sarcasm detection
(Khodak et al., 2018), and irony detection (Van Hee
et al., 2018). However, to date, no benchmark has
been proposed for humor recognition in Brazilian
Portuguese.

To address this gap, we introduce HuNeBR' - a
benchmark to evaluate the ability of LLMs to un-
derstand humor in Brazilian Portuguese. We built
the benchmark using YouTube shorts transcripts
featuring comedians from Northeast Brazil. This
region plays a significant role in national humor

1https ://github.com/1llm-pt—-ibm/
brazilian_northeast_humor_benchmark
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and provides the cultural context for the authors’
work, ensuring that the selection captured a diverse
range of humor styles and regional expressions.
This process resulted in a dataset of 475 annotated
comedic texts. HUNeBR comprises three tasks: i)
punchline identification; ii) classification into comic
styles (fun, benevolent humor, wit, nonsense, irony,
sarcasm, cynicism, and satire); and iii) explanation
of the comic elements in each humorous text.

We evaluated both general-purpose and Brazil-
ian Portuguese-specialized LLMs on HuNeBR un-
der two scenarios: zero-shot, without task ex-
amples, and few-shot, with a few examples pro-
vided. This evaluation aimed to identify the models’
strengths and weaknesses. The results indicate
that LLMs achieve strong performance in punchline
identification, unstable performance in comic style
classification, and humor interpretations that are
largely consistent with human judgments. Among
the evaluated models, general-purpose multilin-
gual systems such as GPT-4 and Gemini 2.5 Flash
achieved the highest overall results. Also, Sabia
3.1, a model specialized in Brazilian Portuguese,
delivered competitive performance across all three
tasks, highlighting the potential of locally trained
models to capture linguistic and cultural nuances.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work, covering
the main directions in Brazilian Portuguese LLM
evaluation, as well as research in computational hu-
mor recognition. Section 3 introduces the HuNeBR
benchmark, including dataset construction, task
definitions, and evaluation metrics. Section 4 de-
tails the evaluation setup, describing the models
used and the results obtained. Finally, Sections 5
and 6 discuss these results, draw conclusions, and
outline directions for future research.

2. Related Works

Existing work on the evaluation of LLMs in Brazil-
ian Portuguese has focused mainly on two direc-
tions: structured exam-based evaluations, such as
ENEM-inspired benchmarks (Silveira and Maua,
2017; Almeida et al., 2023) and the Brazilian
Bar exam (Delfino et al., 2017); and social me-
dia tasks, including sentiment analysis (Brum and
Volpe Nunes, 2018), and hate speech detection
(Fortuna et al., 2019; Vargas et al., 2022). More
recent contributions have expanded this landscape
with small-scale QA datasets, such as Faquad
(Sayama et al.,, 2019), and large-scale open-
domain question answering on Brazilian events,
such as Almeida et al. (2025b). Additionally, Iber-
oBench (Baucells et al., 2025) has sought to ad-
dress the evaluation gap for Iberian languages
more broadly, while BRoverbs (Almeida et al.,
2025a) measures models’ understanding of Por-
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tuguese proverbs. Although these initiatives enrich
the evaluation of LLMs in Brazilian Portuguese,
none addresses the humor domain.

Research in computational humor recognition,
spanning nearly three decades, has evolved from
symbolic rule-based systems focused on linguistic
incongruities (Taylor and Mazlack, 2004; Ritchie,
2001) to statistical approaches based on hand-
crafted features (Mihalcea and Strapparava, 2005).
This evolution signaled a transition to neural
and pre-trained language model-based methods
(Kalloniatis and Adamidis, 2024).

Initially, the field was driven by supervised ma-
chine learning approaches (e.g. SVM and Naive
Bayes), which heavily depended on feature en-
gineering, including aspects such as alliteration,
human centrality and ambiguity (Zhang and Liu,
2014; Cattle and Ma, 2018). With the advent of
deep learning approaches, models such as LSTM
networks and, more recently, Transformer-based
architectures such as BERT and RoBERTa (Mor-
ishita et al., 2020; Hasan et al., 2021) have shown
significant improvements in humor detection, gen-
eration, and explanation. Multi-modal approaches
have further expanded the field by incorporating vi-
sual and acoustic cues to capture the multifaceted
nature of humor (Choube and Soleymani, 2020).

Despite significant progress in recent years, the
vast majority of benchmarks and datasets remain
centered on English, with only a handful of excep-
tions in languages such as Spanish, Russian, and
Hindi (Ortega-Bueno et al., 2018; Ermilov et al.,
2018; Chauhan et al., 2021). To the best of our
knowledge, there are no publicly available datasets
or benchmarks specifically focused on humor in
Brazilian Portuguese.

Addressing this gap is important: Brazilian Por-
tuguese is spoken by over 200 million people, and
humor plays a central role in everyday communi-
cation, online discourse, and cultural expression in
Brazil. Developing resources that reflect these lin-
guistic and cultural specificities is important to build-
ing NLP systems that are both inclusive and contex-
tually accurate. To this end, our work introduces the
first benchmark specifically designed to evaluate
humor recognition in Brazilian Portuguese.

3. HuNeBR Benchmark

This section presents the main components of the
HuNeBR benchmark: the dataset of humorous
texts with annotations for their comic interpretation
(Section 3.1), the benchmark tasks including their
prompts and evaluation scenarios (Section 3.2),
and the metrics employed to assess model predic-
tions for each task (Section 3.3).
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Figure 1: Overview of data collection and annotation steps.

3.1.

We chose to focus the dataset on Northeast Brazil-
ian comedians for three key reasons: first, the
authors’ familiarity with this cultural context sup-
ports a more accurate interpretation of linguistic
nuances and humor styles; second, Northeast co-
medians hold a prominent and influential place in
the national comedy scene (Cavalcante et al., 2020;
Universidade de Fortaleza (Unifor), 2021; Nasci-
mento, 2019), ensuring relevance; finally, no exist-
ing benchmark specifically addresses this regional
context, suggesting an area that remains relatively
underexplored, which this work seeks to address.

The dataset was constructed in six main stages,
as illustrated in Figure 1. First, we compiled a
list of comedians from the Northeast region of
Brazil, identified through comedy events, news ar-
ticles, podcast appearances, and public recogni-
tion. This search continued until saturation was
reached across all nine regional states. We per-
formed manual searches on Google and YouTube
using Portuguese queries (e.g. "Humoristas (co-
medians) + [state name] + [comedy events]") to
identify comedians and gather 523 YouTube Shorts
URLs. YouTube Shorts were chosen due to their
one-minute duration, simplifying both data process-
ing and analytical consistency. The collected con-
tent included stand-up performances, podcast ex-
cerpts, scripted videos, and comedy shows.

The second step involved using the pytubefix?
to extract the audio and metadata (e.qg., titles, pub-
lication dates) from each video. The audio was
then transcribed with OpenAl’'s Whisper® model,
and transcripts were manually reviewed and cor-
rected. For dialogues, the transcription was struc-
tured to clearly indicate each speaker. In the third
step, after manual review and filtering—removing
duplicates, strongly offensive content (e.g., hate
speech or discriminatory expressions), and incom-

Dataset
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plete jokes—the dataset was finalized with 475
video transcriptions. Colloquial language and mild
profanity were preserved, as they are common fea-
tures of comedic discourse and are often intrinsic
to this type of content. The videos were published
between May 26, 2017, and November 5, 2024.

Next, the first author performed a three-
dimensional interpretive annotation. First, all
punchlines were identified as segments triggering
incongruity detection and reinterpretation, in line
with cognitive models of humor processing (Vaid
et al., 2003).

At the stylistic level, each text was categorized
into eight comic styles (fun, benevolent humor, non-
sense, wit, irony, satire, sarcasm, and cynicism)
following Schmidt-Hidding (1963) and empirically
expanded by Ruch et al. (2018), who conceptu-
alize them as distinct expressive modes of hu-
mor differing in social function, cognitive structure,
and evaluative tone. Although originally discussed
within differential psychology, we adopt these cate-
gories as functional descriptors of humor realiza-
tion rather than as personality traits, since in oral
comedic performance such styles manifest linguis-
tically through target orientation, evaluative stance,
pragmatic framing, and mechanisms of incongruity
construction.

Briefly, fun refers to light-hearted amusement;
benevolent humor to tolerant and socially positive
joking; nonsense to absurd or logic-defying con-
structions; wit to clever verbal ingenuity; irony to
implicit meaning reversal; satire to critical social
commentary; sarcasm to sharp, often mocking re-
marks; and cynicism to contemptuous or distrustful
humor. The co-occurrence matrix of such styles
in the dataset (Figure 2) shows that fun, benevo-
lent humor, wit, and irony frequently co-occur, while
nonsense and sarcasm are less common. Satire
and cynicism are the rarest styles, appearing with
the lowest frequencies.

Additionally, each text was assigned an explana-
tory rationale describing the techniques employed
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and the intended humorous effect. Such rationale,
together with punchline segmentation and comic
style attribution across eight stylistic dimensions,
results in a high annotation density per instance,
enabling fine-grained evaluation of humor interpre-
tation.
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Figure 2: Comic styles co-occurrence matrix.

In the fifth step, six additional reviewers inde-
pendently examined randomized, non-overlapping
subsets of the 475 entries, assessing 78, 79, 82,
79, 78, and 79 items, respectively. All reviewers
were residents of Northeastern Brazil for a mini-
mum of 21 years and included three undergraduate
and three graduate students in Computer Science,
each with prior experience in NLP tasks.

Before the review phase, reviewers participated
in a structured training on punchline definitions,
comic styles, and text explanations, using anno-
tated examples to ensure conceptual alignment
and minimize ambiguity. During the review, each
item was assessed independently, and reviewers
could suggest annotation modifications through
dedicated feedback channels.

Limiting the dataset to comedians from this re-
gion allowed reviewers to leverage their cultural
familiarity, ensuring accurate interpretation of re-
gional expressions, local references, and nuanced
humor. Suggestions were distributed as follows:
1.89% for humor reasoning, 1.05% for punchlines,
17.05% for comic style additions, and 8.84% for
style removals. Changes in one task often affected
others, as edits to a punchline or explanation could
trigger a reassessment of the related comic styles.

Finally, in the sixth step, data were re-annotated
based on the reviewers’ feedback, resulting in mea-
surable updates across annotation dimensions. Re-
garding comic styles, the percentage of annotations
modified was as follows: 1.68% for fun, 2.32% for
humor, 4.00% for nonsense, 4.84% for wit, 4.63%
for irony, 4.42% for satire, 3.58% for sarcasm, and

2.95% for cynicism. At the textual level, word
counts increased by 1.3% for identified punchlines,
0.82% for jokes explanations, and 1.79% for cor-
rected transcriptions. The relatively low proportion
of post-review modifications indicates substantial
annotation stability prior to adjudication.

This expert review protocol, conducted between
January and March 2025, follows a primary-
annotation plus structured independent review de-
sign, with full version histories publicly available on
Zenodo* for transparency and reproducibility.

3.2. Tasks Construction

The benchmark is composed of three tasks: punch-
line identification, comic style classification, and
humor reasoning. These tasks were selected be-
cause they reflect complementary stages in how
humans understand humor—from recognizing the
punchline, to identifying stylistic intent, to reasoning
about why something is comic. Moreover, previous
studies have evaluated LLMs on similar tasks in-
dividually and in other languages, such as punch-
line identification (Romanowski et al., 2025a), joke
explanation (He et al., 2025), and comic style clas-
sification (e.g., humor vs. sarcasm) (Choi et al.,
2023). By integrating these three dimensions,
HuNeBR provides a more comprehensive evalua-
tion of LLMs’ humor interpretation capabilities.

All tasks were implemented through structured
prompts aligned with the annotation guidelines
used in the dataset construction. Operational defi-
nitions were explicitly embedded in the prompts
whenever applicable, and output formats were
strictly constrained to ensure direct comparabil-
ity with the manually annotated dataset, which we
treat as the gold standard for evaluation. Com-
plete prompt templates are publicly available in the
benchmark repository.

The constructed tasks are as follows:

1. Punchlines Identification: The model re-
ceives the humorous text together with an ex-
plicit definition of punchlines as segments that
trigger incongruity detection and reinterpreta-
tion. It must extract only the corresponding
spans in a structured list format, without ad-
ditional commentary, assessing its ability to
identify structural resolution points in joke con-
struction.

2. Comic Style Classification: For each comic
style, a dedicated prompt presents its oper-
ational definition and decision criteria. The
model evaluates whether the style is present
in the text and produces a binary output (1 for

4https ://zenodo.org/records/15473224
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Entry example

Ai eu fui pro interior agora, peguei a moto, porque no
interior a gente ndo tem moto, né? A gente nao tem perna,
a gente tem Pop. Tudo no interior & de Pop. E ai quando eu
trepei naquela Pop 14 que eu comecei a andar, falei pro
meu irmao: cadé o teu capacete? Ele falou: hum... quem
usa capacete aqui é ladrao, senhor.

Punchlines
[A gente nao tem perna, a gente tem Pop. Tudo no interior € de Pop.;
Quem usa capacete aqui é ladrao, senhor.]

English: [We don't have legs, we have Pops. Everything in the
countryside is a Pop.; Around here only people who wear
helmets are thieves, sir.]

I Comic styles I

(one prompt per style, one answer per prompt)

with the boolean number.
Jindicates presence of the style.
0 indicates absence.

fun: 1, benevolent humor: 0, wit: 0, nonsense: 0,

The model responds only
irony: 1, satire: 0, sarcasm: 0, cynicism: 1 }

[ —

English: So | went to the countryside recently and got on a

motorcycle, because out there we don't really have [Zero-shot

[ Few-shot

Text explanation

motorcycles, right? We don’t have legs, we have Pops.
Everything in the countryside is a Pop. And when | climbed
onto that Pop and started riding, | asked my brother where his
helmet was. He said: hmm... around here the only people

who wear helmets are thieves, sir.

No input-output
examples are
provided to the
model.

without it

Two random
input-output examples
are included in the
prompt. For the comic
styles task, one example
illustrates a text with the
target style and the
other illustrates a text

O humorista brinca com uma situagao vivida no interior, onde todo mundo anda de
moto Pop sem muita preocupagao. Certa vez, temendo pela prépria seguranga, ele
perguntou ao irmao onde estava o capacete. A resposta veio de forma rispida: "quem
usa capacete aqui é ladrao", insinuando que, por I, s6 quem tem algo a esconder se
preocupa em cobrir o rosto.

English: The comedian plays with a situation from the countryside, where

everyone rides a Pop motorcycle without much concern. On one occasion,
fearing for his own safety, he asked his brother where his helmet was. The reply
came bluntly: "the only people who wear helmets here are thieves," implying that
in that context, only those with something to hide bother covering their faces.

Figure 3: Example input and outputs for the three HUNeBR tasks.

presence, 0 for absence), measuring sensitiv-
ity to stylistic and formal cues while avoiding
cross-category interference.

3. Humor Reasoning: The model is instructed
to generate a concise explanation of the ele-
ments that produce the comic effect, assess-
ing its capacity to articulate underlying humor
mechanisms.

To assess the influence of in-context examples,
the first two tasks were evaluated under both zero-
shot and few-shot settings (Brown et al., 2020). In
the few-shot scenario, two randomly selected exam-
ples were included using a fixed seed derived from
the input text and task name; for comic style classifi-
cation, one positive and one negative instance were
provided per style. The humor reasoning task was
evaluated only in the zero-shot setting to avoid bias.
As humor explanation is inherently open-ended, of-
ten allowing multiple valid interpretations, few-shot
examples could encourage pattern imitation rather
than independent reasoning.

Figure 3 illustrates an example of input text with
its corresponding outputs across all tasks. Partic-
ularly, it presents a text with two punchlines and
three simultaneous comic styles, requiring specific
knowledge for understanding — the brand of a pop-
ular motorcycle.

3.3. Metrics

For punchline identification, we used the Dice Sim-
ilarity Coefficient, which measures the degree of
overlap between two sets of words, ranging from
0 (no intersection) to 1 (identical). Specifically, the
metric measures the similarity between the punch-
line segments identified by the models and the an-
notated ones, focusing on lexical overlap. The coef-
ficient has also been applied in NLP tasks, such as
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query—document matching in chatbots (Prasetya
and Priyatno, 2022).

For comic style classification, models produced
binary labels for each of the eight styles, evaluated
via macro-averaged F1-score. The F1-score is the
harmonic mean of precision and recall, balancing
the trade-off between false positives and false neg-
atives. Since the distribution of comic styles in the
dataset is imbalanced, macro-averaging was cho-
sen to ensure that each class contributes equally
to the final score.

For each comic style, the classification task was
formulated as an independent binary decision (pres-
ence vs. absence). While we report the macro-
averaged F1-score across styles, we also analyze
class-specific performance to better understand
model behavior. In particular, we examine how
models perform separately on instances assigned
the positive label (presence of a style) and the neg-
ative label (absence of a style), which allows us to
identify systematic biases such as over-predicting

the presence of certain styles.
Finally, to evaluate model performance on the

humorous text explanation task, we adopted a
model-as-judge approach, relying on 03-mini (Ope-
nAl, 2025), which achieved the best results in the
judge model benchmark proposed by Tan et al.
(2024). With a specialized prompt, the judge model
rated the agreement between model-generated and
human-annotated explanations on a five-point Lik-
ert scale: 1 for totally disagree, 2 for partially dis-
agree, 3 for neutral or mixed, 4 for partially agree,
and 5 for totally agree. The evaluation focused on
alignment with human reasoning, factual accuracy,
and clarity, while keeping the judge model unaware
of the explanation sources to avoid bias.

To verify the judge model’s reliability, we manu-
ally inspected a random 5% of the samples from
each agreement level (1-5). Human validation con-
firmed the model’s judgment in 73%, 71%, 80%,



79%, and 75% of cases, respectively. In the few
cases of disagreement, the model’s score differed
by only one level above or below the human rating,
indicating that discrepancies were minor. These re-
sults demonstrate substantial agreement between
the model and human reviewers, reinforcing the ro-
bustness of the judge-based evaluation procedure.

4. Evaluation

We evaluated seven large language models on
HuNeBR to establish reference performance and
assess the impact of zero-shot and few-shot
prompting. Each model was tested on HuNeBR’s
three tasks - punchline identification, comic style
classification, and humor reasoning. Both prompt-
ing strategies were applied to the first two tasks.
Although outputs were freely generated, each
task required a specific format. When models de-
viated, post-processing recovered valid outputs in-
stead of discarding them, reducing penalties for
minor formatting issues. For Punchline Identifica-
tion, only the first list was extracted; cases without a
list were excluded. For Comic Style Classification,
the first digit was used; responses without num-
bers were discarded. Humor Reasoning accepted
any free-text explanation. The following sections
describe the evaluated models and results.

4.1. Models

Our evaluation on HuNeBR included both general-
purpose and specialized Brazilian Portuguese
LLMs. We selected five state-of-the-art models
widely used in multilingual NLP: DeepSeek-R1-
Qwen3-8B (Al, 2024a), Granite-3.3-8B-Instruct (Re-
search, 2024), GPT-4 (Achiam et al., 2024), Gemini-
2.5-Flash (DeepMind, 2024), and LLaMA-3-405B-
Instruct (Al, 2024b). In addition, to account for
models tailored to Brazilian Portuguese, we in-
cluded Sabia-3.1 (Abonizio et al., 2025), the largest
Brazilian Portuguese language model to date, and
Gemma-3-Gaia-PT-BR-4b-it (CEIA-UFG, 2024), a
compact model designed for efficient experimenta-
tion and instruction-following in Portuguese. This
combination allows for a fair comparison between
frontier LLMs and systems optimized for the linguis-
tic and cultural nuances of Brazilian Portuguese.
Hereafter, we refer to these models using their
respective acronyms: DeepSeek, Granite, GPT,
Gemini, LLaMA, Sabid, and Gaia.

4.2. Results

The following sections provide a detailed analysis
of the results for each of the three tasks evaluated.

Model Zero-shot Few-shot

GPT 0.73[0.71;0.75] 0.73[0.71;0.75]
Gemini 0.68 [0.66;0.70] 0.72[0.70;0.74]
Sabia 0.63[0.61;0.65] 0.61[0.59;0.64]
LLaMA 0.59 [0.57;0.62] 0.65 [0.63;0.68]
Granite 0.56 [0.54;0.58] 0.54 [0.42;0.67]
Gaia 0.49 [0.46;0.51] 0.47 [0.44;0.50]

DeepSeek 0.19[0.13;0.25] 0.47 [0.41;0.52]

Table 1: Mean Dice Similarity per model across
both prompting settings in the Punchline Identifica-
tion task, with 95% confidence intervals.

4.2.1. Punchlines Identification

As shown in Table 1, the models can be grouped
according to their overall performance in the punch-
line identification task. GPT and Gemini tended to
achieve the highest Dice scores under both prompt-
ing strategies, while the Portuguese-specialized
models Sabia and Gaia generally showed moder-
ate results. DeepSeek had the lowest score with
zero-shot, with a wide confidence interval suggest-
ing high variability and limited generalization. An
example of an error in punchline identification, per-
formed by DeepSeek, is its selection of a text that
contains some humor ("You crazy, pothead, he
unites people, it's an inexplicable union."), but that
is not the correct punchline: "It looks like a prayer,
damn it! Because everyone is silent...".

Among the general-purpose models, DeepSeek,
Gemini and LLaMA appeared to improve from
zero-shot to few-shot. DeepSeek showed the
largest relative gain, nearly 28%, suggesting that
in-context examples significantly aided task adap-
tation. LLaMA also showed a notable increase
of around 6%. However, GPT maintained similar
scores in both settings. Finally, Granite, despite
reaching a moderate few-shot score of 0.54, exhib-
ited a less consistent performance, evidenced by a
broad confidence interval from 0.42 to 0.67.

For the Brazilian Portuguese-specialized mod-
els, Sabia and Gaia exhibited stable performance
across both zero-shot and few-shot strategies, as
reflected by their overlapping confidence intervals.

4.2.2. Comic Style Classification

The comic style classification task poses a signif-
icant challenge for the evaluated models, as de-
scribed by the F1-macro scores in Table 2. Gem-
ini and GPT achieved the highest scores, both
reaching an F1 score of only 0.25 in the zero-shot
configuration, while Gemini maintained the same
value under few-shot prompting and GPT showed a
marginal decrease to 0.24. LLaMA followed closely
with scores of 0.24 and 0.22. The lowest results
were obtained by DeepSeek and Gaia, both remain-
ing at 0.12 across the two prompting strategies.
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Figure 4: F1-Scores for each model across the labels of all comic styles, comparing the zero-shot and
few-shot prompting strategies on the Comic Style Classification task.

Granite and Sabia exhibited modest gains when
switching from zero-shot to few-shot, increasing
from 0.18 to 0.21 and 0.20 to 0.25, respectively.
Overall, scores ranged from 0.12 to 0.25, indicating
narrow performance among the models in this task.

Model Zero-shot Few-shot
Gemini 0.25 0.25
GPT 0.25 0.24
Sabia 0.20 0.25
LLaMA 0.24 0.22
Granite 0.18 0.21
DeepSeek 0.12 0.12
Gaia 0.12 0.12

Table 2: F1-Macro per model and prompting set-
ting on the Comic Style Classification task.

Figure 4 details the performance of detecting
the presence versus the absence of each comic
style. Gaia and DeepSeek exhibited an extreme
asymmetry between classes, achieving F1-scores
of 0.0 for the absence of all styles while maintaining
high scores around 0.8-0.9 for its presence. This
pattern indicates a decision collapse, where the
models systematically predict the presence of a
style for nearly all instances, failing to discriminate
between positive and negative cases. For example,
both models achieved F1-scores around 0.86—-0.87
for fun and wit, but 0.00 for the corresponding ab-
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sence of these styles. Granite showed a similar
pattern, scoring 0.0 on presence for fun and non-
sense styles with zero-shot. Such behavior points
to systematic biases toward surface-level patterns
rather than balanced style discrimination.

Comparing the zero- and few-shot scenarios,
Gemini showed strong performance in detecting
fun, humor, and wit across both strategies, with a
notable 21% improvement in humor under few-shot.
Results were moderate for irony, sarcasm, and non-
sense, showing only a small few-shot gains. For
more challenging styles, satire reached 0.50, while
cynicism remained the hardest style (0.36). In de-
tecting absent styles, the model performed best for
sarcasm and satire in zero-shot (0.78 and 0.88),
with moderate results for others styles.

On the other hand, GPT achieved the highest
F1-scores overall for identifying the presence of fun,
humor, wit, and irony (0.86, 0.81, 0.84, and 0.68 in
few-shot), showing stable or improved performance
compared to zero-shot. It performed moderately for
sarcasm, nonsense, and satire, but poorly for cyni-
cism. When identifying the absence of styles, GPT
excelled in cynicism, satire, and sarcasm (0.85,
0.84, and 0.74 in zero-shot), though it struggled
with fun, humor, and wit. Similarly, LLaMA per-
formed strongly on the presence of fun, humor, and
wit (0.85—-0.87 in few-shot), with moderate scores
for irony (0.68) and sarcasm (0.65).1t performed



well in detecting the absence of satire (0.86 in zero-
shot), moderately on sarcasm and cynicism, and
poorly on wit (0.15) and fun (0.25) in zero-shot.
Finally, Sabia performed strongly in detecting fun,
humor, wit, and irony, with its best results reaching
0.87, 0.85, 0.85, and 0.71 in the zero-shot setting.
For the remaining styles, performance ranged from
low (cynicism and satire, around 0.30) to moderate
(sarcasm and nonsense, around 0.45-0.50). In
identifying the absence of styles, it performed well
for satire (0.79) and cynicism (0.72) in few-shot, but
remained weak for others, not exceeding 0.60.
Overall, the models struggled to accurately clas-
sify certain comic styles, as illustrated in the follow-
ing excerpt: "Look at us, human beings. Imagine
God, God himself. God sends his only son to die for
a humanity that pushes a door that says PULL..."
In this example, GPT, Gemini, and Granite failed to
detect the sarcasm, whereas Sabia and DeepSeek
incorrectly labeled the passage as ironic.

4.2.3. Humor Reasoning

zero-shot

Gemini- 0.01 0.06 0.02 0.11 1
GPT-4- 0.02 0.13 0.04 0.16 0.8
sabia- 0.03 0.14 0.03 0.20 06
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1 2 3 4 5

Agreement Level

Figure 5: Distribution of agreement levels assigned
by the judge model (03-mini) in the Humor Reason-
ing task, ranging from strong disagreement (1) to
full agreement (5) with annotated explanations.

For the Humor Reasoning task, the models were
instructed to use the context of the joke to generate
a concise explanation of the elements that produce
the comic effect. Figure 5 shows the agreement
between model explanations and the ground-truth,
as rated by the judge model. Gemini and GPT
achieved the highest agreement scores among the
general models, followed by Sabia. When con-
sidering the combined proportions of agreement
levels 4 and 5, Gemini led with 0.91. Similarly,
GPT reached 0.80 for the combined levels. Sabia

achieved a positive agreement with a proportion of
0.80. By contrast, DeepSeek performed worst with
0.54 at levels 1 and 2.

Some examples of incorrect explanations re-
turned by the models illustrate common errors.
DeepSeek sometimes repeated parts of the joke
instead of providing an explanation, e.g., "His friend
looked over and asked, 'What do you think, Fldvio?’
I said, ’l don'’t think she wants to kiss me.’ His friend
looked over...".

Similarly, Gaia occasionally failed to capture the
humorous elements. Consider the following ex-
cerpt, translated from Brazilian Portuguese: "Co-
median: Whoever has gone through some very
funny situations with cachaca, a Brazilian sugar-
cane spirit, in their life, shout "me"! Audience mem-
ber: Me! Comedian: What was the drink? Au-
dience member: Beer! | was fishing in Araguaia,
drinking Crystal. Comedian: Crystal? Oh, sure!
And he has the nerve to say it was beer! Audience
member: Well, since it was Crystal, it caused quite
a commotion. Comedian: Yeah, it got things a bit
messy. That’s normal. Audience member: Then
you go into the bushes, right, since there’s no bath-
room, you squat and fall forward. Comedian: Are
you giving a tutorial on how to... Audience member:
Fell forward. Comedian: You fell forward? Audi-
ence member: Forward, drunk! Comedian: Just
imagine him there... | love it, I'm loving it, I'm loving
it, 'm loving it. For me, this could already be on TV,
I'm loving it. Take your time. Audience member:
Yeah! That was it!".

In this case, the humor arises from a combination
of incongruity and cultural reference: the spectator
initially frames the story as involving "cachaga" but
then reveals that the drink was actually "Crystal", a
beer often stereotypically associated with low qual-
ity. The comedian exploits this mismatch to mock
the situation, which may not be fully accessible
to models lacking cultural grounding in Brazilian
contexts.

This limitation is reflected in Gaia’s explanation,
which states that "The humor in the text primarily
resides in the repetition and exaggeration of the
comedian’s reactions to the spectator's comments,
creating an absurd contrast between the simple
description of the event and the emotional inten-
sity expressed. The inversion of expectation, in
which the comedian emphasizes the banality of
the spectator’s experience, and the spectator’s own
admission of having confused the drink, contribute
to the comedic effect. The repetition of the phrase
"Me!" and the comedian’s exaggeration of the situ-
ation amplify the irony and absurdity of the scene.”,
but fails to identify the culturally grounded reference
that drive the joke.
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5. Discussion

The models show limited benefits from few-shot
examples in punchline identification. GPT-
4, Gemini and Gaia achieved robust and stable
performance in joke segmentation across zero-
shot and few-shot settings, suggesting a well-
established pre-trained grasp of the canonical joke
structure. This stability across prompt variations
aligns with Romanowski et al. (2025a), who found
comparable prompt-independent performance in
ChatGPT for punchline extraction. In contrast,
DeepSeek showed a 28% improvement under few-
shot prompting, indicating stronger dependence on
examples and weaker prior knowledge. A few ob-
served errors echo findings from Bertero and Fung
(2016), as models occasionally marked segments
they judged as humorous, but that do not resolve
any incongruity, showing structural understanding
but limited pragmatic humor comprehension.

Classifying comic styles is the most challeng-
ing task for LLMs. Overall, models handle ex-
plicit and positive comic styles (e.g., fun, humor, wit)
reasonably well, but struggle with complex or criti-
cal styles such as sarcasm, cynicism, and satire,
which convey negative or evaluative tones, highlight
flaws in individuals or societal norms, and require
nuanced social, philosophical, or political reason-
ing. Small models often collapse predictions into a
single label, reflecting limited discriminative ability
or difficulty processing large prompts. Challenges
may also arise from insufficient exposure to cul-
turally or regionally specific humor, limiting inter-
pretation of subtle cues. Stronger performance
on positive styles appears driven by surface lin-
guistic markers (e.g., lightness, joy, puns) rather
than deep understanding, leading to overgeneral-
ization when multiple comic tones co-occur. These
patterns echo prior humor benchmarks (Choi et al.,
2023; Yi et al., 2025), underscoring that recognition
of critical or regionally nuanced humor still requires
broader contextual and social reasoning.

LLMs can explain why texts are comic, but with
limitations. Most models identify comic features
in texts, often agreeing with human annotations,
suggesting that reasoning capabilities vary across
architectures — strong in general-purpose models
like Gemini and GPT-4, moderate in Granite and
Gaia, and limited in DeepSeek. Manual evaluation
of a subset of explanations revealed that smaller
models tend to associate humor primarily with col-
loquial language or profanity, which alone does not
capture what makes the texts comic. Larger mod-
els, when failing, struggle with phonetic wordplays
or subtle cultural references, reflecting limitations in
multi-step reasoning and cultural knowledge, con-

sistent with findings from Narad et al. (2025).

6. Conclusion

This work introduced HuNeBR, a benchmark for
evaluating Large Language Models on humorous
texts in Brazilian Portuguese, based on authentic
transcriptions of Northeastern Brazilian comedians
and reflecting culturally rich oral humor. By inte-
grating punchline identification, comic style clas-
sification, and humor reasoning, the benchmark
enables a multidimensional evaluation of humor
comprehension. Experimental results indicate that
models perform moderately to strongly on punch-
line detection and explanation tasks but struggle
with fine-grained comic style classification.

Future work may extend the dataset to additional
Brazilian regions and platforms, explore reasoning-
oriented prompting strategies, and investigate lin-
guistic and contextual factors underlying model er-
rors. HuNeBR provides a resource for studying
humor in culturally grounded and dialect-specific
contexts, particularly in Northeastern Brazilian Por-
tuguese, and offers a replicable framework for de-
veloping similar benchmarks in other underrepre-
sented dialectal or cultural settings.
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