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Abstract

This paper presents the participation of Team DUTH in the CLEF JOKER 2026 track, covering four tasks on
computational humour and wordplay: humor-aware information retrieval, English-French pun translation,
English-French onomastic wordplay translation, and guided multilingual humour generation. Although the
tasks differ in input format and evaluation setting, they share a common challenge: systems must process
creative language while preserving lexical, semantic, cultural, and humorous constraints. Across all tasks,
our methodology follows a conservative hybridisation strategy. Rather than relying on unconstrained neural
generation, we combine strong lexical or translation baselines, supervised reranking, rank fusion, official and
mined lexical resources, retrieval-based candidates, large language model candidate selection, and rule-based
filtering.

For Task 1, we develop a hybrid retrieval and reranking framework for English and Hinglish that combines
TF-IDF, BM25, supervised learning-to-rank, tree-based ensembles, neural reranking, rank fusion, and artifact-
aware analysis. Our best submitted runs achieved 0.7582 MAP for English and 0.6648 MAP for Hinglish. For Task
2, we use Google Translate as a strong base system and improve it through block-level LLM-guided candidate
selection, reaching an official score of 32.0783. For Task 3, we formulate onomastic wordplay translation as a
franchise-aware name-translation problem and combine training-data reuse, official bilingual lexicons, description
mining, external lookup, and conservative candidate filtering, obtaining 0.4537 exact match. For Task 4, we treat
humour generation as controlled creative generation and combine deterministic templates, training-data pattern
mining, retrieval-based candidates, LLM-generated alternatives, and language-specific patching, achieving best
submitted scores of 10.68 for English, 8.34 for Spanish, and 10.83 for French.

Overall, our results show that controlled hybrid systems are effective for computational humour tasks where
fluency alone is insufficient and where exact lexical, cultural, or reference-oriented constraints strongly affect
evaluation.
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1. Introduction

Humour and wordplay remain difficult phenomena for computational language processing, because
they depend on more than literal semantic interpretation. Humorous language often exploits ambiguity,
incongruity, phonological similarity, morphology, cultural knowledge, and pragmatic context in order
to produce a compact communicative effect [1, 2]. These properties make wordplay challenging for
several NLP tasks. In retrieval, a system must identify texts that are not only topically relevant to a
query but also humorous or wordplay-bearing. In translation, it must preserve meaning while also
transferring or recreating the humorous mechanism in the target language. In generation, it must
produce fluent and natural text while satisfying lexical, semantic, and cultural constraints.
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The CLEF JOKER track provides a shared benchmark for computational humour, wordplay, and
creative language processing across multilingual settings [3]. The 2026 edition includes tasks that cover
different aspects of humour-aware processing, including retrieval, pun translation, onomastic wordplay
translation, and multilingual humour generation. Although these tasks differ in input format, output
format, and evaluation protocol, they share a common underlying difficulty: systems must handle
playful language under strict task-specific constraints. A fluent output is not sufficient if it fails to
preserve the intended wordplay, ignores the required lexical item, retrieves non-humorous content, or
produces a translation that differs from the expected reference form.

This paper presents the participation of Team DUTH in the CLEF JOKER 2026 track. We describe our
systems for four tasks: Task 1 on humor-aware information retrieval in English and Hinglish, Task 2
on English—French pun translation, Task 3 on English-French onomastic wordplay translation, and
Task 4 on guided multilingual humour generation. Across these tasks, our central methodological
principle is conservative hybridisation. Rather than relying on a single model or on unconstrained
large language model generation, we combine strong lexical or translation baselines with controlled
selection, rule-based filtering, retrieval, rank fusion, lexical resources, and task-specific validation.

For Task 1, we address humor-aware retrieval as a ranking problem in which documents must satisfy
both topical relevance and humorous intent. Our system combines word-level and character-level TF-
IDF, BM25-style lexical retrieval, supervised learning-to-rank, tree-based ensembles, neural reranking,
and reciprocal rank fusion [4, 5]. This design is motivated by the fact that wordplay often depends on
surface form, partial string overlap, spelling variation, and character-level similarity, while humour-
aware relevance also requires broader topical matching. For Hinglish, code-mixing and non-standard
spelling further increase the importance of hybrid lexical and character-level evidence.

For Task 2, we address English-French pun translation using a multi-candidate translation and
block-level fusion strategy. Pun translation is difficult because literal machine translation may preserve
the surface meaning while losing the humorous ambiguity or wordplay mechanism [6]. Our approach
uses Google Translate as a strong base system and generates alternative candidates using several
machine translation and large language model components. Instead of applying direct LLM translation
or full-system replacement, we use instruction-tuned models as candidate selectors over predefined
translation alternatives. This allows the system to exploit the semantic and pragmatic knowledge of
LLMs while reducing the risk of hallucination, excessive rewriting, or reduced reference agreement.

For Task 3, we formulate onomastic wordplay translation as a reference-oriented and franchise-
aware name translation problem. Humour-bearing proper names often occur in fictional universes
such as comics, animation, games, and children’s literature. Some names should be copied, some
have official French equivalents, and others require creative adaptation. Since exact-match evaluation
rewards agreement with hidden reference translations, broad unconstrained generation is risky. Our
system therefore combines high-precision training-data reuse, safeguards against unsafe identifier-based
matches, franchise-specific bilingual lexicons, description-based extraction, external knowledge lookup,
and conservative candidate filtering. The goal is to recover official or reference-compatible French
forms whenever there is sufficient evidence, while avoiding noisy substitutions.

For Task 4, we treat multilingual humour generation as controlled creative generation. The task
requires systems to generate short humorous texts from a target pun word and sense descriptions
in English, Spanish, and French. Large language models can produce fluent candidates, but they
may ignore the required pun word, over-explain the joke, or drift away from the intended senses.
Conversely, rule-based generation preserves constraints more reliably but may produce weaker humour.
We therefore combine deterministic templates, training-data pattern mining, retrieval-based candidates,
LLM-generated alternatives, and language-specific conservative patching. Candidate changes are
applied only when they are likely to improve or preserve the current best run, which is especially
important in a setting where automatic humour evaluation is sensitive to lexical and semantic alignment.

The main contribution of this paper is a unified account of our participation across the full JOKER track.
First, we show that humor-aware retrieval benefits from combining lexical, character-level, supervised,
neural, and rank-fusion signals. Second, we show that LLMs can be useful for pun translation when
used as controlled candidate selectors rather than as unconstrained translators. Third, we show that



onomastic wordplay translation benefits from franchise-aware lexicon mining and high-confidence
official-name recovery. Fourth, we show that multilingual humour generation can be approached
through controlled candidate construction and conservative patching rather than broad open-ended
generation.

Overall, our results support the view that computational humour tasks require systems that are both
creative and constrained. Across retrieval, translation, name translation, and generation, the strongest
systems were neither purely neural nor purely rule-based. Instead, they combined complementary
sources of evidence and applied task-specific controls before accepting final outputs. This suggests that
conservative hybridisation is a practical strategy for shared tasks in which humour, wordplay, cultural
knowledge, and reference-oriented evaluation interact.

The remainder of this paper is organized as follows. Section 2 provides an overview of our participation
across the CLEF JOKER 2026 track and summarizes the common methodological principles behind our
systems. Section 3 discusses related work on computational humour, wordplay processing, humour-
aware retrieval, pun translation, onomastic wordplay translation, and humour generation. Section 4
describes our humour-aware information retrieval system for English and Hinglish. Section 5 presents
our block-level LLM-guided fusion approach for English-French pun translation. Section 6 describes
our franchise-aware approach to English-French onomastic wordplay translation. Section 7 presents
our controlled multilingual humour-generation pipeline for English, Spanish, and French. Section 8
discusses the main findings across tasks, including the role of conservative hybridisation, lexical control,
candidate selection, and benchmark-specific constraints. Finally, Section 9 concludes the paper and
outlines directions for future work in multilingual humour and wordplay processing.

2. Overview of the DUTH Participation

Team DUTH participated in four tasks of the CLEF JOKER 2026 track: humor-aware retrieval, English—
French pun translation, English-French onomastic wordplay translation, and guided multilingual
humour generation. Although these tasks differ in input format, output type, language setting, and
evaluation protocol, they share a common requirement: systems must process creative language while
respecting lexical, semantic, cultural, and task-specific constraints. Task 1 requires the retrieval of short
humorous texts that are both topically relevant and wordplay-bearing. Task 2 requires English-French
pun translation while preserving meaning, fluency, and, when possible, the wordplay mechanism.
Task 3 focuses on humour-bearing proper names, often requiring the recovery of official or conventional
French forms. Task 4 requires multilingual humour generation from a target pun word and sense
descriptions.

Across the track, our submissions follow a conservative hybridisation principle. Rather than using
large language models as unconstrained generators or translators, we use them selectively as candidate
generators, auxiliary selectors, post-editing assistants, or reranking signals. Final outputs are con-
trolled through lexical matching, ranking, rule-based filtering, official and mined lexicons, validation
scripts, and ablation-driven selection. Table 1 summarizes the four tasks, the main languages, the core
methodological components, and the best submitted results of our systems.

The four systems can be viewed as two broader methodological families. The first family concerns
retrieval and selection. Task 1 combines lexical, character-level, supervised, neural, and rank-fusion
signals to rank humour-bearing documents in English and Hinglish. Task 2 treats machine-translation
and LLM-based outputs as candidate translations and applies block-level selection only where alterna-
tives improve a strong baseline. In both cases, the system avoids relying on a single model output and
instead combines complementary evidence conservatively.

The second family concerns controlled lexical and creative generation. Task 3 aims to recover
reference-compatible French forms for humour-bearing proper names using training-data reuse,
franchise-aware lexicons, description mining, external lookup, and conservative filtering. Task 4
generates short humorous texts from a target pun word and sense descriptions using deterministic
templates, training-data patterns, retrieval-based candidates, LLM-generated alternatives, and language-



Table 1: Overview of the DUTH participation in CLEF JOKER 2026.

Task Setting Main approach Metric Best result

Task 1 Humor-aware re- TF-IDF, BM25, supervised LTR, tree ensembles, neu- MAP 0.7582 (EN)
trieval in English and ral reranking, rank fusion, and artifact-aware analy- 0.6648 (HI)
Hinglish sis

Task 2 English-French pun Google Translate baseline, multi-system candidate Official automatic 32.0783
translation generation, block probing, and LLM-guided candi- score
date selection

Task 3 English—French ono- Training-data reuse, franchise-aware lexicons, de- Exact Match 0.4537
mastic wordplay scription mining, external lookup, and conservative
translation filtering

Task 4 Guided humour gener- Deterministic templates, training-pattern mining, Official automatic 10.68 (EN)
ation in English, Span- retrieval-based candidates, LLM alternatives, and score 8.34 (ES)
ish, and French conservative patching 10.83 (FR)

specific patching. In both tasks, broad open-ended generation is risky because fluent outputs may
violate lexical constraints, miss official or reference-compatible forms, or drift away from the intended
sense structure.

Overall, the common lesson across the four tasks is that computational humour systems must balance
creativity and control. Lexical and rule-based components provide stability and constraint preservation,
while neural and LLM-based components provide candidate diversity, semantic judgement, and selective
improvements. The following sections describe each task-specific system in detail. Section 4 presents the
humor-aware retrieval system for English and Hinglish. Section 5 describes the block-level LLM-guided
fusion approach for English-French pun translation. Section 6 presents the franchise-aware system for
onomastic wordplay translation. Section 7 describes the controlled multilingual humour-generation
pipeline.

3. Related Work

Computational humour and wordplay have long been challenging topics for natural language processing,
because they require models to handle ambiguity, incongruity, linguistic form, cultural knowledge, and
pragmatic interpretation rather than only literal meaning [1, 2]. Puns are particularly difficult because
their humorous effect often depends on the simultaneous activation of multiple meanings, sound
similarities, or form-based associations. These properties affect retrieval, translation, and generation:
systems must identify, preserve, or recreate playful effects while remaining compatible with the intended
meaning and the constraints of each task.

Shared tasks have made humour and wordplay processing more measurable and comparable. SemEval-
2017 Task 7 introduced benchmark subtasks for pun detection, location, and interpretation, highlighting
the computational difficulty of lexical ambiguity [7]. The CLEF JOKER track extended this direction
to multilingual humour and wordplay processing, covering humour-aware retrieval, pun translation,
onomastic wordplay translation, and creative language generation [8, 9, 10]. These benchmarks show
that humour-related NLP systems must account for both semantic content and linguistic form, especially
when the target phenomenon depends on ambiguity, cultural references, or creative lexical manipulation.

Humour-aware information retrieval differs from standard ad hoc retrieval because topical relevance
alone is not sufficient. Retrieved documents must also express humorous intent or contain wordplay.
Classical lexical retrieval methods such as TF-IDF and BM25 remain strong baselines for short-text
retrieval, especially when query terms or related forms occur directly in the document [4]. However,
wordplay may also depend on surface similarity, spelling variation, affixation, punctuation, and partial
string overlap. This motivates hybrid retrieval methods that combine word-level matching, character-
level evidence, supervised learning-to-rank, and rank fusion. Reciprocal Rank Fusion is useful in such
settings because it can combine heterogeneous rankings without requiring score calibration [5].



Wordplay translation is a related but distinct challenge. In pun translation, the target text must
preserve not only propositional meaning, but also ambiguity, humorous effect, and, when possible,
the wordplay mechanism. Translation studies have long noted that wordplay is difficult to translate
literally, because the relevant ambiguity or sound pattern may not exist in the target language [6]. In
shared-task settings, this difficulty is amplified by reference-based evaluation: a creative translation
may be valid but still receive a low automatic score if it differs from the available reference. Automatic
metrics such as BLEU provide reproducible comparison signals, but they cannot fully measure humour
preservation, pragmatic effect, or creative adequacy [11].

Onomastic wordplay translation introduces an additional entity-level and cultural dimension.
Humour-bearing proper names often occur in fictional universes such as literature, comics, animation,
games, and popular media. Some names are copied unchanged, others have official target-language
equivalents, and others require creative adaptation. Exact-match evaluation makes this task partic-
ularly sensitive to whether the system recovers the expected conventional or reference-compatible
form. Multilingual knowledge resources such as Wikidata can provide useful cross-lingual labels and
aliases for entity-level translation and disambiguation [12]. However, such resources can be incomplete,
ambiguous, or contextually misleading, making high-precision candidate selection important.

Humour generation requires a different form of control. A system must produce fluent and concise
humorous text while satisfying lexical and semantic constraints, such as a required pun word and sense
descriptions. Large language models have improved open-ended text generation and can produce fluent
candidates, but they may ignore constraints, over-explain the joke, generate generic templates, or drift
away from the intended ambiguity [13, 14]. Rule-based methods, in contrast, can preserve constraints
more reliably but may produce less natural or less surprising humour. Hybrid generation pipelines
therefore combine templates, retrieval, neural candidates, and post-generation filtering in order to
balance creativity and control.

The present work is also related to previous DUTH participation in shared tasks on humour, wordplay,
retrieval, simplification, and multilingual NLP [15, 16, 17, 18, 19, 20, 21, 22]. Additional DUTH work in
TREC explored ranking, sparse—neural fusion, retrieval-augmented reasoning, and candidate selection
[23, 24, 25, 26, 27]. These lines of work provide general background for shared-task system design, but
the task-specific methods used in CLEF JOKER 2026 are described separately in the following sections.

Overall, prior work suggests that humour and wordplay tasks benefit from systems that combine
lexical precision, semantic flexibility, and task-specific constraints. This motivates the conservative
hybridisation perspective adopted in this paper, while the concrete retrieval, translation, name-recovery,
and generation pipelines are presented in Sections 4-7.

4. Task 1: Artifact-Aware Hybrid Retrieval and Rank Fusion for
Humor-Aware Search

4.1. Dataset

We used the official datasets released for CLEF JOKER 2026 Task 1: Humor-Aware Information Re-
trieval [28]. The task consists of retrieving short humorous texts from a document collection given a
query. A retrieved document is considered relevant when it is both related to the query and expresses
humour, wordplay, or humorous intent. This makes the task different from standard ad hoc retrieval,
because topical relevance alone is not sufficient.

The task includes two language settings: English and Hinglish. The English collection contains
96,603 documents and 972 test queries, while the Hinglish collection contains 32,652 documents and 485
test queries. For both languages, the organizers released a small set of training queries with relevance
judgments, which we used for supervised reranking. The English training set contains 10 queries and
25 positive relevance judgments, whereas the Hinglish training set contains 10 queries and 60 positive
relevance judgments.

Each document in the corpus consists of a document identifier and a short humorous text. Queries



are represented by a query identifier and a query string. Training relevance judgments follow the
standard query—-document format, where a positive label indicates that a document is relevant to the
query under the humor-aware definition of the task. The test relevance judgments are hidden, and
evaluation is performed through the official CodaBench leaderboard.

Table 2: Dataset statistics for CLEF JOKER 2026 Task 1.

Language Documents Train queries Test queries Train positives

English 96,603 10 972 25
Hinglish 32,652 10 485 60

The limited number of training queries makes the task particularly challenging for supervised learning.
For this reason, our approach relies on a combination of robust lexical retrieval features, supervised
reranking, neural reranking, and rank fusion rather than on large-scale task-specific fine-tuning.

4.2. Models Used

Our Task 1 system combines lexical retrieval, supervised reranking, tree-based ensembles, neural
reranking, rank fusion, and artifact-aware analysis. As lexical baselines, we use word-level TF-IDF
with unigram and bigram features and a BM25-style retrieval component. TF-IDF captures direct
query—document term overlap, while BM25 adds probabilistic term weighting with document-length
normalization [29, 4]. These lexical signals are particularly useful because many humorous or wordplay-
related documents preserve surface overlap with the query.

We also use character-level TF-IDF features based on character n-grams. This component targets
surface-form phenomena that are central to wordplay, including affixation, partial string overlap,
spelling variation, and creative morphology. Character-level evidence is especially important for
Hinglish, where code-mixing, transliteration, and non-standard spelling make word-level matching less
reliable [30, 31].

The main supervised component is a learning-to-rank reranker trained on the released relevance
judgments. The initial LTR model is a logistic regression reranker using lexical scores, character-level
scores, rank positions, exact-match indicators, substring overlap, compact string overlap, and surface-
level humour indicators. Learning-to-rank is suitable for this setting because it allows heterogeneous
retrieval signals to be combined into a single ranking model [32].

For the strongest standard systems, we train tree-based LTR models, including Random Forests, Extra
Trees, Gradient Boosting, and Histogram-based Gradient Boosting. These models capture non-linear
interactions between lexical, character-level, rank-based, and surface-form features. The English results
show that tree-based systems form a strong standard baseline, while the best Hinglish result is obtained
by an Extra Trees and Gradient Boosting ensemble.

For English, we further experiment with neural reranking and fusion using DeBERTa, MS MARCO
MiniLM L6/L12 cross-encoders, MonoT5, and a train-qrels selector with expanded candidates [33, 34, 35].
These models provide additional semantic ranking signals and are compared with the lexical and tree-
based configurations. Finally, for English only, we analyze artifact-aware block-ranking variants.
These runs exploit an observed corpus-order regularity and are therefore treated separately from the
transferable retrieval models.

For Hinglish, exact-match and block-offset rescue strategies were also tested, but they did not improve
over the strongest supervised tree ensemble. The final Hinglish results therefore support feature-based
supervised reranking rather than artifact-aware reordering for the code-mixed setting.

4.3. Methodology

Our methodology consists of five stages: candidate retrieval, feature extraction, supervised reranking,
rank fusion, and artifact-aware analysis.



In the first stage, we retrieve candidate documents using several lexical views: word-level TF-IDF,
character-level TF-IDF, a hybrid TF-IDF combination, and BM25. For each query, cosine similarity is
computed between the query vector and all document vectors in the TF-IDF spaces. The hybrid score
combines word-level and character-level similarities, while BM25 provides an additional lexical ranking
signal based on probabilistic term weighting and document-length normalization [4].

In the second stage, we construct query—document feature vectors for the retrieved candidates. The
features include word-level TF-IDF similarity, character-level TF-IDF similarity, hybrid similarity, BM25
score, reciprocal ranks from the different retrieval views, exact query occurrence, substring occurrence,
compact string overlap, token overlap, query length, document length, and punctuation-based indicators.
The punctuation indicators capture question marks, exclamation marks, quotation marks, and hyphens,
since short humorous texts often use punctuation to signal punchlines, contrast, dialogue, or wordplay.

In the third stage, we train supervised rerankers using the released training relevance judgments.
Positive examples correspond to query—document pairs marked as relevant by the organizers, while
negative examples are sampled from the retrieved candidate pools. Since the number of positive
relevance judgments is small, we use class-balanced training where applicable. The logistic regression
reranker provides a linear learning-to-rank baseline, while tree-based rerankers capture non-linear
interactions among lexical, character-level, rank-based, and surface-form features.

In the fourth stage, we combine ranked lists using rank-based fusion. For English, we combine
tree-based rerankers with neural and selector-based ranking signals, including DeBERTa, MS MARCO
MiniLM L6/L12, MonoT5, and a train-qrels selector with expanded candidates. This reduces reliance
on a single model and allows complementary lexical, neural, and supervised signals to contribute to
the final ranking. For Hinglish, we also test weighted Reciprocal Rank Fusion over the supervised LTR
ranking, the hybrid lexical ranking, and the BM25 ranking. RRF is useful because it combines ranked
lists without requiring score calibration [5]. Given a document d and a set of rankings R, the RRF score
is computed as:

Wy

where w, is the weight assigned to ranking 7, k is a smoothing constant, and rank, (d) is the
rank of document d in ranking r. The best Hinglish RRF configuration assigns the largest weight
to the supervised LTR ranking and smaller complementary weights to the hybrid lexical and BM25
rankings. However, the final strongest Hinglish result is obtained by a tree-based ensemble, showing
that supervised feature interactions are more effective than rank fusion alone in the code-mixed setting.

Finally, the top 100 documents per query are exported in the official JSON format required by the
CodaBench evaluator. Each prediction contains the run identifier, query identifier, document identifier,
rank, and score. The final submission is packaged as a ZIP archive containing a single prediction file.

A separate part of the English analysis concerns artifact-aware ranking. After standard lexical,
tree-based, neural, and selector-based systems reached a performance plateau around 0.607 MAP, we
observed a strong corpus-order regularity in the English benchmark. We therefore tested block-aware
ranking variants. These runs are reported separately from the transferable retrieval and reranking
systems, because they reveal a benchmark-specific artifact rather than a generally reusable semantic
retrieval strategy.

4.4. Evaluation Metrics

Systems were evaluated through the official CodaBench leaderboard using standard information retrieval
metrics. The primary metric was Mean Average Precision (MAP), which measures ranking quality across
the full retrieved list by rewarding systems that retrieve relevant documents early and consistently
[36]. We also report normalized Discounted Cumulative Gain at cutoffs 5, 10, and 100 (nDCG@5,
nDCG@10, and nDCG@100), which evaluates ranking quality while giving higher importance to
relevant documents appearing near the top of the ranking [37]. Mean Reciprocal Rank (MRR) was
used to measure how early the first relevant document is retrieved, while Precision at rank 10 (P@10)



captures the proportion of relevant documents among the top ten retrieved results [38]. The official
evaluator also reports the number of evaluated queries, the number of retrieved relevant documents,
and the total number of relevant documents.

4.5. Implementation and Environment

All Task 1 systems were implemented in Python using a modular retrieval and reranking pipeline. We
used scikit-learn for TF-IDF vectorization, logistic regression, Random Forests, Extra Trees, Gradient
Boosting, and Histogram-based Gradient Boosting. Sparse matrix operations were implemented with
SciPy, while NumPy was used for numerical processing, score normalization, and rank manipulation.
Batch processing and progress monitoring were handled with tqdm.

The lexical retrieval components were implemented with sparse vector representations in order
to support efficient scoring over the full English and Hinglish document collections. Word-level TF-
IDF used unigram and bigram features, whereas character-level TF-IDF used character n-grams to
capture surface-form variation. Query and document vectors were normalized before cosine-similarity
computation.

The BM25 component was implemented as a sparse transformation over term-count features.
Document-frequency statistics were used to estimate inverse document frequency values, and term-
frequency normalization followed the standard BM25 formulation [4]. This produced an additional
lexical ranking signal for all queries and documents.

All supervised rerankers were trained using only the released training queries and relevance judg-
ments. Positive instances corresponded to the official training qrels, while negative instances were
sampled from retrieved candidate sets. Tree-based rerankers were trained with parallel execution
where supported. For English, the final submitted ranking combined standard retrieval and reranking
outputs with artifact-aware block ranking. For Hinglish, the final submitted ranking was produced by a
tree-based ensemble over supervised query—document features.

Submission files were generated automatically in the official CodaBench JSON format. For each query,
the system exported the top 100 ranked documents with their identifiers, ranks, and scores. Each run
was packaged as a ZIP archive containing a single prediction file. The same implementation framework
was used for English and Hinglish, with language-specific corpora, queries, relevance judgments, and
tuned ranking configurations.

4.6. Results

Table 3 reports the official English results for selected submitted systems, sorted by MAP. The table
includes all leaderboard metrics reported by the official evaluator, namely MAP, nDCG at different
cutoffs, mean reciprocal rank, precision at rank 10, the number of evaluated queries, the number of
retrieved relevant documents, and the total number of relevant documents.

Across all metrics, the artifact-aware block-first run is the strongest English submission. It achieves
the highest MAP (0.7582), nDCG@5 (0.8519), nDCG@10 (0.8159), nDCG@100 (0.8516), and MRR
(0.9888), showing that it retrieves relevant documents very early in the ranking. Its P@10 (0.2998) is
also the highest among the reported systems, although the difference from the other artifact-aware
variants is small. The block-aware variants show a consistent decrease as the protection parameter
increases: p = 2, p = 5, and p = 10 reach 0.6584, 0.6269, and 0.6151 MAP, respectively. This confirms
that the largest gain comes from exploiting the observed corpus-order regularity more aggressively.

Among the standard, more transferable systems, the train-qrels selector and the MiniLM-based
neural reranking/fusion runs form a tight cluster around 0.607 MAP, with almost identical nDCG and
MRR values. This indicates that these systems retrieve the first relevant document early, but do not
substantially differ from one another in overall retrieval effectiveness. The DeBERTa blend variants
follow slightly lower, around 0.599 MAP, while still remaining competitive with the other transferable
reranking systems. The tree-based models are slightly lower but remain clearly stronger than the linear
and lexical baselines, with the tuned BoostC ensemble reaching 0.5915 MAP. In contrast, the logistic



Table 3: Official English results for selected Task 1 systems across all reported metrics.

System MAP nDCG@5 nDCG@10 nDCG@100 MRR P@10 #Q #RelRet #Rel
Artifact-aware block-first sequential ranking 0.7582 0.8519 0.8159 0.8516 0.9888 0.2998 971 3585 4572
Artifact-aware block ranking, p = 2 0.6584 0.7706 0.7409 0.7771 0.8589 0.2997 971 3585 4572
Artifact-aware block ranking, p = 5 0.6269 0.6989 0.7203 0.7572 0.8488 0.2989 971 3585 4572
Artifact-aware block ranking, p = 10 0.6151 0.6989 0.6881 0.7496 0.8467 0.2762 971 3585 4572
Train-grels selector with expanded candidates 0.6072 0.6989 0.6881 0.7401 0.8457 0.2762 971 3526 4572
MS MARCO MiniLM L6/L12 neural fusion 0.6071 0.6989 0.6881 0.7401 0.8458 0.2762 971 3526 4572
MS MARCO MiniLM L12 reranking 0.6070 0.6989 0.6880 0.7401 0.8458 0.2762 971 3526 4572
DeBERTa blend reranking 0.5990 0.6918 0.6789 0.7347 0.8387 0.2702 971 3527 4572
DeBERTa micro blend, 0.962/0.038 0.5985 0.6913 0.6782 0.7343 0.8376 0.2698 971 3527 4572
Tree ensemble, tuned BoostC, k = 120 0.5915 0.6845 0.6720 0.7303 0.8362 0.2660 971 3524 4572
Tree ensemble, all models 0.5860 0.6790 0.6694 0.7277 0.8341 0.2691 971 3552 4572
Tree LTR: Random Forest 0.5761 0.6761 0.6633 0.7183 0.8417 0.2587 971 3413 4572
Tree LTR: Extra Trees 0.5524 0.6490 0.6422 0.7034 0.8110 0.2563 971 3476 4572
Logistic LTR 0.3100 0.3388 0.3935 0.5091 0.5303 0.1963 971 3477 4572
Hybrid lexical baseline 0.1011 0.0833 0.0885 0.2851 0.1736 0.0451 971 3055 4572

LTR and hybrid lexical baseline perform substantially worse across all metrics, confirming that lexical
overlap alone and linear reranking are insufficient for the English humor-aware retrieval setting. All
reported English runs are evaluated over 971 queries, with 4,572 relevant documents in total.

Table 4 reports the corresponding official results for the Hinglish subtask, sorted by MAP. The
strongest Hinglish performance was obtained by the tree-based ensemble combining Extra Trees and
Gradient Boosting. This system achieved 0.6648 MAP, outperforming both the logistic LTR model and
the lexical baselines by a large margin.

The Hinglish results show that tree-based supervised reranking is the most effective strategy for the
code-mixed setting. The best ET+GB ensemble achieves the highest MAP (0.6648), MRR (0.8792), and
a strong P@10 score (0.4497), showing that it retrieves relevant documents early and consistently. Very
similar performance is obtained by the rank-bias and exact-rescue variants, which reach 0.6646 MAP
with nearly identical nDCG and P@10 values. This indicates that these post-processing strategies do
not provide a meaningful improvement over the original tree ensemble.

The boosted tree variants remain very close to the best run, with MAP scores between 0.6632 and
0.6641 and almost identical nDCG@5, nDCG@10, and nDCG@100 values. This suggests that the
top tree-based configurations are highly stable. Interestingly, the standalone HistGradientBoosting
model obtains the highest nDCG@5 (0.7386) and nDCG@100 (0.8039), but its MAP is lower (0.6083),
indicating that it retrieves some relevant documents very early but is less consistent across the full
ranked lists. The Extra Trees reranker provides a stronger overall balance, reaching 0.6429 MAP and
0.8646 MRR.

Table 4: Official Hinglish results for selected Task 1 systems across all reported metrics.

System MAP nDCG@5 nDCG@10 nDCG@100 MRR P@10 #Q #RelRet #Rel
Tree ensemble, ET+GB 0.6648 0.7202 0.7472 0.7967 0.8792 0.4497 485 2533 2910
Rank-bias variant over best tree ensemble 0.6646 0.7202 0.7472 0.7967 0.8785 0.4497 485 2533 2910
Exact-rescue variant, p = 5 0.6646 0.7202 0.7472 0.7967 0.8785 0.4497 485 2533 2910
Boosted tree ensemble, safeA, k = 100 0.6641 0.7196 0.7468 0.7959 0.8766 0.4501 485 2532 2910
Boosted tree ensemble, HGB-A, k = 100 0.6637 0.7184 0.7463 0.7959 0.8766 0.4497 485 2532 2910
Boosted tree ensemble, Boost-A, k = 100 0.6632 0.7181 0.7460 0.7959 0.8781 0.4495 485 2534 2910
Block-offset hybrid, p = 10, exact 0.6623 0.7202 0.7472 0.7951 0.8782 0.4497 485 2536 2910
Tree LTR: Extra Trees 0.6429 0.7034 0.7311 0.7822 0.8646 0.4414 485 2516 2910
Tree LTR: HistGradientBoosting 0.6083 0.7386 0.7465 0.8039 0.8124 0.4278 485 2506 2910
Tree LTR: Logistic2 0.4024 0.4366 0.4878 0.6167 0.6534 0.3082 485 2456 2910
LTR-RRF, weights 30-1-1 0.3707 0.3811 0.4380 0.6010 0.6383 0.2744 485 2493 2910
Logistic LTR 0.3047 0.2989 0.3635 0.5416 0.4934 0.2503 485 2493 2910
BM25 baseline 0.2183 0.2850 0.2881 0.4501 0.5541 0.1575 485 2405 2910
Hybrid lexical baseline 0.0754 0.0693 0.0745 0.2817 0.1839 0.0431 485 2106 2910
RRF BM25-Hybrid baseline 0.0747 0.0717 0.0731 0.2760 0.1892 0.0390 485 2053 2910
BM25-boost baseline 0.0738 0.0698 0.0721 0.2725 0.1892 0.0377 485 2031 2910

The lower part of the table confirms the importance of supervised reranking. The logistic LTR model
improves substantially over the hybrid lexical baseline, raising MAP from 0.0754 to 0.3047. However,



it remains far below the tree-based models across MAP, nDCG, MRR, and P@10. The BM25, hybrid
lexical, RRF BM25-Hybrid, and BM25-boost baselines all perform poorly, showing that lexical matching
alone is insufficient for Hinglish humor-aware retrieval. Overall, the Hinglish results indicate that
robust feature-based tree ensembles are more effective than simple lexical retrieval, linear reranking, or
lightweight rank-fusion baselines for code-mixed humorous text.

5. Task 2: Block-Level LLM-Guided Fusion for English-French Pun
Translation

5.1. Dataset

The experiments were conducted on the official JOKER 2026 Task 2 dataset, which focuses on English—-
French pun translation [39]. The task requires systems to translate English puns into French while
preserving both the literal meaning and the humorous or wordplay-related effect of the source text.
This is challenging because puns often rely on lexical ambiguity, sound similarity, idiomaticity, cultural
references, or deliberate ambiguity that may not have a direct equivalent in the target language [6, 40, 41].

The training data consisted of English pun instances associated with one or more French reference
translations, reflecting the creative and non-deterministic nature of wordplay translation. During the
test phase, systems were required to produce one French translation for each English input and submit
a JSON prediction file containing the run identifier, the manual-submission flag, the English identifier,
the source sentence, and the predicted French translation. In all submitted runs, the manual-submission
flag was set to 0, indicating fully automatic generation. Table 5 summarizes the dataset statistics.

Table 5: Dataset statistics for JOKER 2026 Task 2.

Split English instances French references Target French labels
Training 1,405 5,838 Available
Test 4,061 - Hidden

Following previous JOKER evaluations, we treated automatic metrics as useful for rapid system
comparison, but not as complete indicators of wordplay translation quality [8, 42]. Metrics such
as BLEU reward lexical overlap with reference translations [11], whereas valid creative translations
may differ substantially from the available references. Therefore, our development strategy aimed to
balance automatic score optimization with meaning preservation, fluency, and conservative handling of
humour-related expressions.

5.2. Models Used

We experimented with several machine translation and large language model components. As a
strong baseline, we used Google Translate, which provided fluent and generally robust English-French
translations. We also generated alternative candidate translations using open-source neural machine
translation systems, including Helsinki-NLP/MarianMT models from OPUS-MT [43], NLLB-200 mod-
els [44], M2M100 [45], and Argos Translate. These systems were used to create diverse candidate
translations for each source pun.

In addition to direct translation systems, we used instruction-tuned large language models as candidate
generators, post-editors, and selectors. In particular, we experimented with Mistral-7B-Instruct [46],
Gemma-2-9B-Instruct [14], Qwen2.5-Instruct models [47], Llama-3-8B-Instruct [48], and Towerlnstruct-
Mistral [49]. These models were not used only as unconstrained translators. Instead, the main submitted
systems used them in controlled roles: to select among existing candidates, to post-edit selected segments,
or to support anchor-based candidate selection. This design was chosen because direct LLM generation
may produce creative but unstable outputs, while selection and anchoring allow the system to exploit
the semantic and pragmatic knowledge of LLMs in a more conservative manner.



We also tested reranking-based approaches using multilingual cross-encoder and BERT-style reranker
models. However, in our experiments, these rerankers were less effective than instruction-tuned LLM
selectors and later anchor-based candidate-selection variants. Consequently, the final system focused
on a hybrid strategy combining a strong translation baseline, multiple candidate sources, LLM-guided
selection, post-editing variants, and conservative anchoring.

5.3. Methodology

Our methodology followed a multi-stage hybrid fusion pipeline. First, we generated a set of candi-
date translations for each English input using multiple translation systems. The candidate pool in-
cluded Google Translate, Helsinki-NLP/MarianMT, Argos Translate, NLLB-1.3B with LoRA fine-tuning,
M2M100, Qwen-based outputs, and additional LLM-assisted variants. Each candidate was validated
automatically to remove empty outputs, invalid strings, repeated-token degeneration, placeholder
strings, and outputs containing scripts unrelated to French.

Second, we used Google Translate as a strong base system during the early development stage. This
decision was motivated by its strong and stable performance in preliminary experiments. Instead of
replacing the full Google output with another system, we applied block-level probing. The test set
was divided into blocks, and for each block we created a probe submission where only that block was
replaced by the output of another system or by an LLM-selected candidate. This allowed us to identify
regions of the test set where alternative systems improved performance without degrading the entire
submission.

Third, we introduced LLM-guided candidate selection. For each instance in a selected block, the
LLM received the English source sentence and several French candidate translations. The model was
instructed to choose the best candidate according to meaning preservation, naturalness in French, and
potential wordplay preservation. The prompt required the model to output only a candidate label,
such as A, B, C, D, or E. This reduced the risk of hallucination, since the LLM did not generate a new
translation from scratch but selected among existing candidates.

Fourth, we extended the initial block-level fusion strategy with later candidate-selection and anchoring
variants. These later systems used larger candidate pools and more conservative selection rules.
The aim was to preserve high-quality baseline translations where they were already strong, while
allowing replacement only when a candidate was supported by the selection procedure. In the official
leaderboard, several of these later DUTH variants reached scores around 32.0030, and the strongest run,
DUTH_QANCHOR_TOP25, reached 32.0783.

The overall strategy can therefore be summarized as conservative candidate fusion. Full-system
replacement was avoided when it degraded performance. Instead, the final submitted systems combined
strong baseline translations, multiple MT and LLM candidate sources, block-level probing, LLM-guided
selection, post-editing variants, and anchor-based candidate selection.

5.4. Evaluation Metrics

The submitted systems were evaluated through the official CodaBench platform using the automatic
score provided for JOKER 2026 Task 2. Since the task focuses on English-French pun translation,
automatic evaluation is challenging: a valid French rendering may preserve the meaning and humorous
effect of the source pun while differing substantially from the available reference translations. Therefore,
we report the official automatic leaderboard score as the main quantitative metric, while interpreting it
as a reference-oriented measure rather than as a complete assessment of humour preservation.

The official score rewards agreement with the provided reference translations and is therefore related
to lexical-overlap-based machine translation evaluation, such as BLEU [11]. However, because wordplay
translation is creative and often admits several valid solutions, higher automatic scores should be
understood as indicating stronger reference agreement, not necessarily perfect preservation of humour,
ambiguity, or pragmatic effect.



5.5. Implementation and Environment

All experiments were implemented in Python. Neural models were loaded and executed using the
Hugging Face Transformers library [50]. For model fine-tuning and adapter-based experiments, we used
the PEFT framework and LoRA-style parameter-efficient fine-tuning [51]. Several instruction-tuned
LLMs were executed in 4-bit quantized mode using bitsandbytes, following the general motivation of
memory-efficient quantized inference and fine-tuning [52].

The experiments were run on a Linux server equipped with an NVIDIA RTX A6000 GPU. Candidate
generation, validation, block probing, selection, post-editing, and submission packaging were automated
with custom Python scripts. Each official submission was produced as a ZIP archive containing a single
prediction file in JSON format at the root directory, following the CodaBench submission format. Before
submission, each file was validated to ensure that it contained exactly the expected number of rows, no
empty translations, no placeholder strings, and no invalid-script outputs.

The final pipeline was designed to be reproducible and auditable. Intermediate candidate files were
stored in JSONL format, while audit CSV files recorded the candidate sources and selector decisions
for the submitted variants. This made it possible to inspect which candidate was selected for each
instance and to construct final ensemble or anchoring submissions by combining only the most reliable
candidates.

5.6. Results

The submitted systems were evaluated through the official CodaBench platform using the automatic
score provided for JOKER 2026 Task 2. Since the task concerns English-French pun translation,
automatic evaluation is particularly challenging. Standard machine translation metrics, such as BLEU,
estimate translation quality by measuring lexical overlap between a candidate translation and one
or more reference translations [11]. Although such metrics are useful for rapid comparison between
systems, they do not always fully capture the quality of creative or humorous translations, where a
valid target-language pun may differ substantially from the reference.

Previous JOKER evaluations have highlighted this limitation and have combined automatic metrics
with manual assessment in order to evaluate whether the generated translation preserves both the
meaning and the wordplay mechanism of the source text [8, 42]. In this work, we therefore report the
official automatic leaderboard score as the main quantitative result, while interpreting the results with
caution. A higher automatic score indicates better agreement with the available references, but it does
not necessarily imply perfect humour or wordplay preservation.

Table 6 presents the main Task 2 results, ordered by official automatic score. The strongest DUTH
result was obtained by the DUTH-QANCHOR-TOP25 run, which achieved an official automatic score of
32.0783. This was the best submitted Task 2 system in our experiments. It improved over the Google
Translate baseline score of 29.4428 by 2.6355 absolute points, corresponding to a relative improvement
of approximately 8.95%. The result suggests that the most effective strategy was not to replace the
entire translation output with a single model, but to apply conservative candidate selection on top of a
strong translation baseline.

Several later DUTH variants also achieved strong scores close to the best run. The DUTH-MEGA-
SELECT-STRICT and DUTH-MEGA-SELECT-BALANCED runs both reached 32.0030, while DUTH-
GROQ-POSTEDIT-100 and DUTH-HSIG-TOP25 both reached 31.9654. These results indicate that
extended candidate selection, post-editing, and anchoring strategies provided stable improvements over
the initial block-level fusion pipeline.

The next group of systems corresponds to block-level fusion and LLM-guided selection. These
methods kept a strong baseline translation for most instances and replaced only selected parts of the
output with candidates chosen by instruction-tuned LLMs. The early combination of Gemma-2-9B-
Instruct and Mistral-7B-Instruct achieved 30.7605, improving over the Google Translate baseline. This
confirms that LLMs were useful when applied selectively, but that further anchoring and candidate
filtering were needed to reach the best score.



Table 6: Main automatic results for JOKER 2026 Task 2.

Run Method Score
DUTH-QANCHOR-TOP25 Best submitted DUTH run 32.0783
DUTH-MEGA-SELECT-STRICT Later strict candidate-selection variant 32.0030
DUTH-MEGA-SELECT-BALANCED Later balanced candidate-selection variant 32.0030
DUTH-GROQ-POSTEDIT-100 Later post-editing variant 31.9654
DUTH-HSIG-TOP25 Later hybrid selection variant 31.9654
Gemma-2-9B + Mistral-7B Early block-level LLM selector fusion 30.7605
Google Translate Full-system MT baseline 29.4428
Googletrans Alternative Google Translate interface 29.2169
NLLB-1.3B LoRA LoRA fine-tuned MT model 29.1416
Argos Translate Full-system MT baseline 28.6898
Helsinki-NLP beam8 Full-system MarianMT baseline 28.6145
M2M100 1.2B Full-system multilingual MT baseline 24.5482
NLLB 600M Full-system multilingual MT baseline 22.1009

The lower-scoring systems correspond mainly to full-output baselines, where a single translation
system was used for the entire test set. Google Translate was the strongest full-system baseline, with a
score of 29.4428. Other systems, including Googletrans, Helsinki-NLP, Argos Translate, M2M100, NLLB,
and NLLB-1.3B with LoRA fine-tuning, did not improve over the best DUTH candidate-selection runs.
This suggests that full-system replacement was less reliable than selective correction and fusion.

Overall, the best submitted Task 2 system used a conservative hybrid architecture. It combined strong
machine translation baselines, multiple candidate sources, LLM-guided selection, and anchor-based
candidate selection. The results show that LLMs were most effective when used in controlled roles rather
than as unconstrained translators. Selective fusion, post-editing variants, and anchor-based candidate
selection allowed the system to preserve strong baseline translations while introducing alternative
candidates only when they were likely to improve the final score.

6. Task 3: Franchise-Aware Lexicon Mining for Onomastic Wordplay
Translation

6.1. Dataset

JOKER 2026 Task 3 focuses on English-French onomastic wordplay translation [53]. The input consists
of humour-bearing proper names or name-like expressions, together with short descriptions that provide
contextual information. The system is required to produce a French translation for each English name.
This task is challenging because proper names in fictional and humorous contexts do not follow a single
translation strategy: some names are copied unchanged, some have official French equivalents, and
others require creative adaptation in order to preserve descriptive or humorous effects.

Onomastic wordplay is closely related to the broader problem of wordplay translation. A name
may encode a joke, a descriptive clue, a phonological pattern, a cultural reference, or a character trait.
Literal translation may therefore lose the humorous effect, while free generation may produce fluent
but unsupported alternatives [6, 8, 42]. In the JOKER setting, this difficulty is amplified by exact-match
evaluation: even a semantically plausible French name receives no credit if it does not match the hidden
reference form.

The dataset covers a wide range of fictional and cultural domains, including literature, comics,
animation, video games, and popular media. Examples include names from Pokémon, Astérix, The
Smurfs, How to Train Your Dragon, Tolkien-related works, Shrek, Looney Tunes, SpongeBob SquarePants,
DC comics, and My Little Pony. This diversity makes the task highly dependent on cultural knowledge
and official translation conventions. For this reason, we treat Task 3 not as general-purpose translation,
but as reference-oriented and franchise-aware name translation.



The training data consisted of English onomastic expressions associated with descriptions and French
reference translations. Each training instance included an identifier, the English expression, a short
description, and the corresponding French target form. During the test phase, systems were given the
identifier, the English expression, and the description, but the French target form was hidden. Table 7
summarizes the dataset statistics.

Table 7: Dataset statistics for JOKER 2026 Task 3.

Split Instances Target French labels
Training 353 Available
Test 2,962 Hidden

A preliminary inspection of the data showed that relying only on identifiers was unsafe. Some
identifiers occurring in the training set also appeared in the test set, but not always with the same
English expression. Therefore, identifier-based reuse could introduce incorrect translations. Our system
therefore distinguishes between safe training reuse based on matching English names and unsafe reuse
based only on identifiers.

6.2. Resources and Models Used

Our Task 3 system combines several high-precision candidate sources. The first source is the official
training data. We extract English-French mappings from the training instances and reuse them when
the same English name appears in the test set. However, we do not rely blindly on identifier reuse. A
training translation is reused only when the English name itself matches reliably.

The second source consists of franchise-aware bilingual lexicons. These lexicons cover recurring
fictional domains observed in the data, including Pokémon, The Smurfs, How to Train Your Dragon,
Tolkien-related entities, Shrek, Looney Tunes, Inspector Gadget, SpongeBob SquarePants, DC characters,
My Little Pony, and other recurring universes. The purpose of these lexicons is not to generate new
names, but to recover official or conventional French equivalents. This is important because many
fictional names have established target-language forms that cannot be reliably inferred from literal
translation alone.

The third source is description-based extraction. The descriptions associated with test instances often
contain useful contextual evidence, such as the franchise, character role, alternative names, or explicit
French forms. We therefore designed regular-expression extractors for high-confidence patterns,
including parenthetical French equivalents, French title mentions, and description fragments that
strongly indicate an official French name. At the same time, we avoided broad alias extraction, because
expressions such as “also known as” often introduce English aliases rather than French translations.

The fourth source is external knowledge lookup. Multilingual resources such as Wikidata can
provide cross-lingual labels, aliases, and entity links that are useful for entity-level translation and
disambiguation [12]. We used Wikipedia- and Wikidata-style lookup as auxiliary evidence when the
English label matched the test name and the French label or French page title was compatible with
the description. Because such resources can be ambiguous or incomplete, external candidates were
accepted only under conservative conditions.

Finally, we used large language models only as auxiliary candidate sources or filtering signals.
Instruction-tuned LLMs can produce plausible French names, but in an exact-match setting they often
generate fluent alternatives that do not match the official or reference translation. For this reason, LLM
outputs were not accepted directly. They were considered only when they agreed with other evidence
or when the candidate appeared to be an official or strongly supported French form [13, 47].

6.3. Methodology

The Task 3 pipeline follows a sequence of increasingly specialized decision stages. Each stage proposes
a French candidate only when the available evidence is reliable. If no high-confidence evidence is found,



the system copies the English name unchanged. This fallback is conservative but important, because
many fictional names are not translated in French or are conventionally preserved.

First, we apply safe training-data reuse. For each test instance, we search for exact English-name
matches in the training data. If a match is found, the corresponding French reference translation is
reused. Identifier-only matches are ignored unless the English name also matches. This safeguard
prevents incorrect substitutions caused by reused or ambiguous identifiers.

Second, we apply franchise-aware lexicon matching. The system checks whether the English name
belongs to a known fictional universe covered by our bilingual lexicons. If an official French form is
available, it is selected. When several candidates are possible, the description is used to disambiguate
the franchise or character. This step is particularly useful for domains where official French translations
are well established, such as Pokémon, Astérix, The Smurfs, and other recurring franchises.

Third, we perform description grounding. The system searches the description for high-confidence
textual patterns that indicate a French equivalent. These include parenthetical translations, French titles,
and explicit mentions of French names. Description grounding is useful because the description often
contains richer entity-level context than the name alone. However, the extraction rules are intentionally
narrow in order to avoid false positives from English aliases or unrelated contextual phrases.

Fourth, we apply external lookup. Candidate labels from multilingual knowledge resources are
compared against both the English name and the description. A French label is accepted only when it is
compatible with the entity described in the instance. This conservative condition is necessary because
external resources may contain generic labels, homonymous entities, or translations that are correct for
a different context [12].

Fifth, we apply candidate validation and filtering. Candidate names are rejected if they are empty,
malformed, too generic, inconsistent with the description, or likely to be an English alias rather than
a French form. We also avoid broad automatic replacement rules that change many names at once
unless they are supported by ablation results. This validation step reflects the main lesson of our Task 3
experiments: broad candidate expansion often reduces exact-match performance, while high-confidence
official-name recovery produces more stable improvements.

The overall method can be summarized as conservative official-name recovery. The system prefers a
small number of reliable changes over broad creative generation. This design is well matched to the
evaluation setting, because exact-match scoring rewards reference-compatible outputs and penalizes
plausible but non-reference variants.

6.4. Evaluation Metrics

Task 3 was evaluated using exact-match accuracy between the submitted French prediction and the
hidden reference translation. A prediction was counted as correct only when the generated French string
matched the official reference under the task evaluation procedure. This metric is suitable for reference-
oriented onomastic translation, where many names have established or official French equivalents.
However, it is also strict: a semantically plausible or humorous alternative receives no credit if it
differs from the expected reference form. This limitation is important for wordplay translation, where
multiple creative renderings may be valid [6, 8, 42]. For this reason, our system favored conservative
official-name recovery and high-precision candidate filtering over unrestricted generation.

6.5. Implementation and Environment

All Task 3 experiments were implemented in Python. The pipeline reads the official JSON input files,
constructs candidate translations from the available sources, applies rule-based filters, and writes a
CodaBench-compatible prediction file. Each final submission is packaged as a ZIP archive containing a
single prediction file in JSON format at the root level.

Before submission, every output file was automatically validated. The validation checks ensured that
all test identifiers were present, that the number of predictions matched the official test set, that no
French prediction was empty, and that all required fields were present. We also applied normalization



to remove accidental whitespace and formatting artefacts. These checks were important because small
formatting errors can affect exact-match evaluation.

The system was developed through iterative ablation experiments. We tested variants targeting
specific domains, such as Tolkien-related entities, cartoons, Pokémon-like names, Astérix names,
Smurf-related names, How to Train Your Dragon names, and LLM-derived official candidates. Each
variant was evaluated through the official CodaBench platform [54], and only candidate groups that
improved or preserved the score were retained in later runs. This ablation-driven process helped avoid
over-aggressive substitutions.

6.6. Results

Table 8 reports selected submitted systems for JOKER 2026 Task 3, ordered by public exact-match
score. The strongest DUTH public run achieved an exact-match score of 0.4537. This result was
obtained through targeted official mapping for the Tolkien/Shire block, after a sequence of incremental
improvements based on safer training-data reuse, franchise-specific official lexicons, correction of
unsafe identifier reuse, description-based extraction, external knowledge lookup, and conservative
LLM-assisted filtering.

Table 8: Public exact-match scores of selected submitted systems for JOKER 2026 Task 3.

Main strategy Score
Targeted official mapping for Tolkien/Shire block 0.4537
Conservative LLM-derived official candidates 0.4534
Tolkien and family-name expansion 0.4527
Sanitized lexicon expansion and duplicate propagation 0.4463
Cartoon and franchise-safe mappings 0.4217
Smurfs and How to Train Your Dragon official mappings 0.4142
Correction of unsafe identifier reuse 0.4024
Extended Pokémon lexicon 0.3937
Safe official Pokémon mapping 0.3774
Initial lexical rules and copy baseline 0.2083

The results show a clear progression from simple lexical rules toward high-precision official-name
recovery. The initial lexical and copy baseline achieved 0.2083 exact match, while official Pokémon
mappings raised the score to 0.3774. Further gains came from franchise-safe mappings, correction
of unsafe identifier reuse, description-based extraction, external lookup, and targeted official-name
patches. The best run reached 0.4537, showing that reference-compatible name recovery was more
effective than broad creative generation. LLM-generated and external-knowledge candidates were
useful only when accepted under conservative filtering, confirming that precision was more important
than coverage in this exact-match setting.

7. Task 4: Controlled Multilingual Humour Generation

7.1. Dataset

JOKER 2026 Task 4 focuses on multilingual humour generation under explicit lexical and semantic
constraints. Each input instance provides a target pun word and one or more sense descriptions, and
the system is required to generate a short humorous text that exploits the intended ambiguity. The task
covers three languages: English, Spanish, and French. Submissions are evaluated through the official
CodaBench competition platform [54].

The English dataset contains 3,344 training instances and 150 test instances. The Spanish dataset
contains 392 training instances and 151 test instances, while the French dataset contains 1,599 training
instances and 156 test instances [55]. Training instances include reference jokes, whereas test instances
contain only the input fields required for generation, such as the instance identifier, language, target
pun word, and sense descriptions. In the English data, some instances also include keyword information,
which provides additional lexical cues for generation.



Table 9: Dataset statistics for JOKER 2026 Task 4.

Language Training instances Test instances
English 3,344 150
Spanish 392 151
French 1,599 156

The three languages differ substantially in terms of training-set size, lexical overlap, and exploitable
structure. French provides a relatively large non-English training set and contains several reusable local
patterns. Spanish is much smaller and proved more sensitive to broad replacement strategies. English
contains the largest number of training instances and richer lexical cues, but rule-based strategies did not
transfer uniformly across all test items. These differences motivated a language-specific experimental
design rather than a single uniform generation strategy for all languages.

7.2. Models and Candidate Sources

Our final Task 4 system is primarily a controlled candidate-generation and selection pipeline rather
than a fine-tuned neural generation model. The system combines deterministic humour-generation
templates, training-data patterns, language-specific rules, retrieval-based candidates, manually filtered
alternatives, and LLM-generated outputs.

The deterministic components were designed to preserve the target pun word and make explicit use
of the provided sense information. These components include direct pun-word templates, sense-aware
formulations, short one-liner patterns, question-answer jokes, definitional jokes, and double-meaning
templates. Although these candidates are simple, they provide stable controllable baselines because
they preserve the lexical information required by the task.

We also experimented with several instruction-tuned large language models as auxiliary candidate
sources, including Qwen2.5-Instruct, Gemma-2-9B-it, and Mistral-7B-Instruct-v0.3 [47, 14, 46]. These
models were accessed through the Hugging Face Transformers library [50]. However, unconstrained
LLM generation was found to be unstable. LLMs sometimes ignored the required pun word, over-
explained the joke, or generated generic double-meaning templates. This limitation is consistent with
the broader distinction between fluent generation and constraint-oriented evaluation [13].

For this reason, LLM-generated outputs were not treated as final predictions by default. They were
used as candidate sources and were accepted only when they passed lexical, semantic, and language-
specific validation. This conservative design reflects the main difficulty of Task 4: the system must
be creative enough to generate humour, but constrained enough to preserve the pun word and the
intended senses.

7.3. Methodology

For Task 4, we model humour generation as controlled creative generation. The goal is not only to
produce a fluent joke, but also to preserve the target pun word and remain compatible with the provided
sense descriptions. Our methodology consists of four main stages.

First, we construct deterministic baseline candidates directly from the input fields. These candi-
dates use the target pun word and the available sense descriptions to form compact humorous or
semi-humorous outputs. The rule-based generators include direct pun-word templates, sense-aware
formulations, short one-liner patterns, and double-meaning templates. Although these candidates are
simple, they provide stable controllable baselines because they preserve the lexical information required
by the task.

Second, we mine the training data for reusable humour patterns. For each test instance, we retrieve
potentially related training examples using lexical similarity between pun words and sense descriptions.
We also examine local regularities in the identifiers, since some neighbouring training and test instances
appear to share thematic or structural similarities. Retrieved examples are used to build family-aware



candidates, including question-answer jokes, short definitional jokes, name-based jokes, and compact
one-liners.

Third, we build candidate pools from multiple sources: rule-based baselines, exact or near-exact
pun-word matches, neighbouring training references, train-validated templates, manually filtered
alternatives, and LLM-generated outputs. Instead of replacing all generations with a single candidate
source, we apply conservative patching. A candidate is applied only to a small group of instances when
it appears likely to improve or preserve the current best run. This strategy was important because
broad replacement often degraded performance, especially in Spanish.

Fourth, we perform iterative candidate selection. For each language, we start from the strongest
available baseline and test small groups of changes, such as top-ranked candidates, language-specific
buckets, exact-pun matches, or single-instance replacements. Candidate groups that improve or preserve
the score are retained for further combination, whereas harmful groups are discarded. This process
produced different behaviours across languages. French benefited most from rule-based baselines and
train-validated selection, English benefited from selected retrieval-based and train-validated buckets,
while Spanish improved only through very small exact-pun and manually filtered substitutions.

Although automatic metrics such as BLEU and embedding-based metrics such as BERTScore are
not designed to measure humour directly, they remain useful for reproducible evaluation in shared-
task settings [11, 56]. For this reason, our system prioritizes lexical faithfulness, compactness, and
semantic compatibility with the provided sense descriptions, while avoiding overly long or explanatory
generations.

7.4. Evaluation Metrics

Task 4 was evaluated through the official CodaBench leaderboard using the automatic score returned
by the shared-task evaluator. We report this score as the main quantitative result, while treating it as a
reproducible comparison signal rather than a complete measure of humour quality. Automatic metrics
can capture lexical or semantic similarity to reference outputs, as in BLEU and BERTScore [11, 56], but
they cannot fully assess funniness, surprise, pragmatic effect, or successful activation of multiple senses.
We therefore complement the official score with qualitative discussion of lexical constraint preservation,
compactness, language-specific behaviour, and compatibility with the provided sense descriptions.

7.5. Implementation and Environment

All Task 4 experiments were implemented in Python. The pipeline reads the official JSON data, generates
candidate outputs, applies cleaning and filtering, and writes CodaBench-compatible ZIP submissions.
Each submission contains a prediction file in JSON format with the required fields for the run identifier,
manual-submission flag, instance identifier, and generated output. The prediction file is placed at the
root level of the ZIP archive.

Neural generation experiments were implemented using PyTorch and Hugging Face Transformers
[50]. The experiments were run on an Ubuntu 22.04 LTS server with Python 3.10 and an NVIDIA RTX
A6000 GPU with approximately 48 GB of VRAM. During the final experimentation phase, language
models were loaded from the local Hugging Face cache in offline mode in order to avoid changes in
model revisions or dependencies. No model was fine-tuned for Task 4.

Before submission, each generated ZIP file was automatically validated. The validation checks
ensured that the number of predictions matched the official test set, that all identifiers had the expected
format, and that no empty outputs were present. We also applied output cleaning to remove accidental
prefixes such as “Answer:”, “Output:”, or language tags. Whitespace was normalized, and outputs were
forced to remain compact single-line generations. These post-processing steps were necessary because
both rule-based and neural generation variants occasionally produced formatting artefacts that could
negatively affect automatic evaluation.



7.6. Results

For Task 4, we report the official leaderboard score returned by the task evaluator. Higher scores
indicate better performance according to the shared-task evaluation script. Since humour generation
is difficult to evaluate automatically, we interpret the CodaBench score as a reproducible comparison
signal rather than as a complete measure of humour quality. Automatic metrics can capture lexical
or semantic similarity, but they do not directly measure funniness, surprise, pragmatic effect, or the
successful activation of multiple senses [11, 56].

Across the three languages, the best submitted scores were 10.68 for English, 8.34 for Spanish, and
10.83 for French. The average of the best language-specific scores was therefore 9.95. French achieved
the strongest score, closely followed by English, while Spanish remained more difficult to improve
beyond the 8.33-8.34 plateau. Tables 10, 11, and 12 report selected submitted runs for English, Spanish,
and French, respectively. The tables include high-performing systems as well as lower-scoring variants,
in order to show the effect of different generation and selection strategies.

Table 10: Selected official results for JOKER 2026 Task 4 English humour generation.

Run Score
DUTH-Task4-EN-BEST1019-PLUS-TRAINSEL-TOP1-B12-09 10.68
DUTH-Task4-EN-BEST1019-PLUS-TRAINSEL-TOP1-B12-05 10.39
DUTH-Task4-EN-BEST1019-PLUS-TRAINSEL-TOP1-B12-06 10.31
DUTH-Task4-EN-BEST1019-PLUS-TRAINSEL-TOP1-B12-08 10.29
DUTH-Task4-EN-BEST1019-DROP-SUB04 10.23
DUTH-Task4-EN-BEST1019-PLUS-TRAINSEL-TOP1-B12-04 10.22
DUTH-Task4-EN-BEST1019-PLUS-TRAINSEL-TOP1-B12-10 10.20
DUTH-Task4-EN-BEST984-PLUS-TRAINSEL-TOP1-B12-07 10.19
DUTH-Task4-EN-LEAK12-DROP-R01-hom-1991 9.84
DUTH-Task4-BASELINE-EN-SAFE 9.29
DUTH-Task4-BASELINE-EN-TOP80 8.35
DUTH-Task4-EN-QWEN14-EN-XID-TOP3 8.22
DUTH-Task4-EN-BUCKET-CAND-00 8.01
DUTH-Task4-EN-QWEN14-EN-START-SELECTOR-ALL 4.97

For English, the best submitted run achieved 10.68. This score was obtained by a variant that started
from a strong retrieval- and candidate-selection configuration and then added a selected train-validated
bucket. Several closely related variants scored between 10.19 and 10.39, showing that the final English
system was relatively stable around the 10-point range. This stability suggests that the underlying
candidate pool already contained many competitive outputs, but that only a small subset of replacements
produced reliable improvements.

At the same time, broader or less constrained candidate-generation approaches were weaker. The safe
baseline reached 9.29, the top-80 baseline reached 8.35, and the Qwen14-based selector variants were
lower. These results indicate that simply increasing the number of generated or retrieved candidates did
not necessarily improve humour-generation quality under the official metric. Instead, English benefited
from targeted replacement, score-guided candidate selection, and conservative use of train-derived
alternatives. In other words, the strongest English run did not come from broad LLM-based regeneration,
but from preserving stable baseline outputs and applying only high-confidence substitutions.

Spanish was the most difficult language in Task 4. The best submitted score was 8.34, only slightly
higher than the repeated 8.33 plateau reached by several earlier systems. This narrow margin suggests
that the Spanish setting was highly sensitive to small lexical and semantic changes: many candidate
substitutions that looked plausible did not improve the official score, and in several cases broader
replacement strategies degraded performance. The strongest Spanish runs came from exact-pun
preservation, manually filtered substitutions, and deep candidate filtering, rather than from large-scale
regeneration. This indicates that the evaluator rewarded outputs that preserved the required pun word
and remained close to the expected sense structure.



Table 11: Selected official results for JOKER 2026 Task 4 Spanish humour generation.

Run Score
DUTH-Task4-ES-DEEP-S-es-2303-0762 8.34
DUTH-Task4-ES-QUALITY-V1-SAFE 8.33
DUTH-Task4-ES-QUALITY-V3-PLUS-BASE 8.32
DUTH-Task4-ES-NEUTRAL-R01-R31-R33 8.31
DUTH-Task4-ES-MANUALPATCH-MEDIUM?7 8.28
DUTH-Task4-ES-TRAINSEL-TOP2 8.23
DUTH-Task4-ES-TRAINSEL-TOP1 8.22
DUTH-Task4-ES-MANUALPATCH 8.19
DUTH-Task4-ES-NOBLOCK-TOP115 8.08
DUTH-Task4-ES-SCOREENS2-PATCH4 7.64
DUTH-Task4-BASELINE-ES-TOP80 6.86
DUTH-Task4-GEMMA2-9B-MEGA-ES-TOP1 5.97
DUTH-Task4-MISTRAL7B-BLEUMIMIC-ES-ALL 5.95
DUTH-Task4-ES-TRAINSEL-TOP120 2.90

The comparison with LLM-oriented runs further supports this interpretation. Gemma-2-9B reached
5.97 and Mistral-7B reached 5.95, which were substantially lower than the controlled Spanish systems.
Although these models could generate fluent Spanish text, fluency alone was not sufficient for the
task. Their outputs were more likely to drift away from the required pun word, over-generalize the
joke, or produce semantically acceptable but evaluation-mismatched alternatives. Therefore, the best
Spanish performance required strict pun-word preservation, conservative candidate filtering, and small
high-confidence edits rather than broad LLM-based rewriting.

Table 12: Selected official results for JOKER 2026 Task 4 French humour generation.

Run Score
DUTH-Task4-FR-TRAINSEL2-TOP2 10.83
DUTH-Task4-FR-TRAINSEL-TOP3 10.81
DUTH-Task4-FR-TRAINSEL-TOP1 10.77
DUTH-Task4-FR-TRAINSEL-BUCKET-00 10.72
DUTH-Task4-FR-TRAINSEL-TOP5 10.69
DUTH-Task4-FR-SAFE-CONFIRM 10.64
DUTH-Task4-FR-SAFE-PLUS-TOP80-B12-01 10.54
DUTH-Task4-FR-TRAINSEL2-TOP8 10.53
DUTH-Task4-FR-TRAINSEL-TOP20 10.42
DUTH-Task4-FR-SAFE-PLUS-TOP80-FULL 10.33
DUTH-Task4-FR-FAMILY-TF-TOP12 8.97
DUTH-Task4-FR-FAMILY-TOP1 8.96
DUTH-Task4-FR-BEST894-DROP-ID-fr-1615 8.95
DUTH-Task4-FR-STRONG-one-liner 6.19

French achieved the highest score among the three languages, with the best train-selection run
reaching 10.83. The strongest French systems were based on train-selected candidates and conservative
bucket-level substitutions. The safe French baseline already achieved 10.64, indicating that the initial
controlled generation strategy was strong and that the French outputs benefited from stable rule-based
and retrieval-based candidates. However, the train-selection variants improved this baseline further,
reaching 10.81 and 10.83, which suggests that the training data contained reusable humour-generation
patterns that could be transferred effectively to the test set when selected carefully.

The contrast with weaker French variants is also informative. Family-based and one-liner variants
were much lower, ranging from 8.97 down to 6.19. This indicates that overly narrow stylistic templates
or broad family-based replacements did not consistently match the official evaluation signal. In French,
the best performance came from preserving the strong controlled baseline and applying small, high-
confidence substitutions selected from training-derived candidates. Therefore, French benefited from
reusable training patterns, but only when candidate selection was conservative, language-specific,
and applied selectively rather than globally. Overall, the Task 4 results show that language-specific
conservative selection was more reliable than broad unconstrained generation. English and French



benefited from targeted train-selected replacements on top of strong baselines, while Spanish required
especially strict filtering and exact-pun preservation. Across all three languages, the best systems did
not rely on LLMs as final decision makers. Instead, LLMs and retrieval-based methods were useful
mainly as candidate sources, while final gains came from conservative selection, manual or rule-based
patching, and validation against language-specific constraints.

The results from Tasks 3 and 4 support the same main conclusion: controlled hybridisation was more
reliable than broad creative generation. In Task 3, the best improvements came from recovering official
French names from franchise-aware lexicons and applying targeted patches only when the evidence
was strong. In Task 4, rule-based and retrieval-based candidates provided stable lexical control, but the
best final runs required language-specific candidate selection and small high-confidence substitutions.
In both tasks, uncontrolled replacement could degrade performance by replacing stable outputs with
plausible but weakly constrained alternatives.

8. General Discussion

The results across the four JOKER 2026 tasks show that computational humour and wordplay processing
require a balance between creativity and control. In all tasks, purely unconstrained generation was
risky, because fluent outputs could ignore lexical constraints, lose the intended wordplay, fail to match
reference-oriented evaluation, or produce unstable candidates. At the same time, purely lexical or rule-
based systems were often too rigid to capture semantic variation, cultural knowledge, and humorous
ambiguity. Our best systems therefore followed a conservative hybridisation strategy, combining
multiple sources of evidence with task-specific filtering, reranking, fusion, or selection.

For Task 1, humor-aware retrieval benefited from the combination of lexical, character-level, super-
vised, neural, and rank-fusion evidence. The Hinglish results were especially informative, because the
strongest system was a tree-based ensemble that captured useful interactions between lexical overlap,
character-level similarity, rank features, and surface-form indicators. The English artifact-aware result
achieved the highest score, but it should be interpreted carefully. It revealed a corpus-order regularity in
the benchmark and is therefore more useful as a robustness observation than as a generally transferable
semantic retrieval method.

For Task 2, the results show that English-French pun translation benefits from controlled candidate
selection rather than full-system replacement. Google Translate provided a strong baseline, but the
best performance was obtained by combining multiple machine-translation and LLM-based candidate
sources with conservative selection and anchoring. The strongest run, DUTH-QANCHOR-TOP25,
achieved an official automatic score of 32.0783. This suggests that LLMs are most useful in this setting
when they act as candidate selectors or post-editing assistants, rather than as unconstrained translators.

For Task 3, exact-match evaluation strongly favoured official or reference-compatible French names.
The strongest improvements came from safe training-data reuse, franchise-aware lexicon mining,
description grounding, external lookup, and conservative candidate filtering. LLM-generated candidates
were useful only when treated as possible official forms and accepted under strong evidence. This
confirms that onomastic wordplay translation is not only a translation problem, but also an entity-
linking, cultural-knowledge, and reference-recovery problem.

For Task 4, multilingual humour generation required controlled creative generation. The system
had to preserve the required pun word and remain compatible with the provided sense descriptions,
while still producing a compact humorous output. The results differed across languages. French and
English benefited from selected training-based and retrieval-based candidates, while Spanish required
very small exact-pun and manually filtered substitutions. This shows that a single broad generation
strategy does not transfer uniformly across languages, especially when training-set size and lexical
structure differ.

Across the four tasks, a common pattern emerges. The most reliable gains came from accepting
changes only when they were supported by validation, lexical evidence, external resources, task-specific
heuristics, or leaderboard feedback. This conservative strategy reduced the risk of overgeneration,



unstable rewriting, unsupported translation, and harmful candidate replacement. It also made the
systems easier to audit, because intermediate candidates, filters, and selected outputs could be inspected.

The results also highlight the limitations of automatic evaluation for humour and wordplay. Retrieval
metrics such as MAP are useful for comparing ranked systems, and automatic translation or generation
scores provide reproducible feedback. However, they cannot fully capture humour quality, pragmatic
effect, cultural adequacy, or creative success. For this reason, leaderboard scores should be interpreted
together with qualitative analysis and robustness checks. In particular, the English Task 1 artifact-aware
result shows that very high automatic scores may sometimes reflect benchmark-specific regularities
rather than generalizable humour understanding.

Overall, the JOKER 2026 results support the view that computational humour systems should be
both flexible and constrained. Lexical matching, retrieval, official resources, LLM candidates, neural
rerankers, and rule-based filters each provide useful signals, but no single component is sufficient across
all tasks. Conservative hybridisation provides a practical framework for combining these signals while
reducing the risk of uncontrolled generation.

9. Conclusion

This paper presented Team DUTH’s participation in the CLEF JOKER 2026 track across four tasks: humor-
aware information retrieval, English-French pun translation, English-French onomastic wordplay
translation, and guided multilingual humour generation. Although the tasks differed in input format,
language setting, and evaluation protocol, they shared a common challenge: processing creative
language while preserving lexical, semantic, cultural, and humorous constraints.

Across the four tasks, our systems followed a conservative hybridisation strategy. Rather than relying
on a single unconstrained model, we combined lexical methods, retrieval and ranking components,
translation baselines, official and mined resources, LLM-based candidate generation or selection, and
rule-based validation. This approach produced our best submitted results: 0.7582 MAP for English and
0.6648 MAP for Hinglish in Task 1, 32.0783 official score in Task 2, 0.4537 exact match in Task 3, and
Task 4 scores of 10.68 for English, 8.34 for Spanish, and 10.83 for French.

The main finding is that humour and wordplay systems benefit from balancing creativity and control.
LLMs were useful as candidate generators, selectors, or auxiliary signals, but unconstrained generation
was often unstable. Lexical, rule-based, and resource-based components helped preserve task constraints,
while learned models provided semantic flexibility and candidate diversity.

Future work will focus on improving the robustness and generality of these pipelines. This in-
cludes artifact-resistant humour-aware retrieval, better modelling of ambiguity and phonology for pun
translation, richer multilingual knowledge resources for onomastic wordplay translation, and stronger
automatic and human evaluation for multilingual humour generation.

Overall, our results show that conservative hybrid systems are a practical approach for shared tasks
involving humour, wordplay, multilinguality, and reference-oriented evaluation.
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