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Abstract

Our team, VANGUARD, presents IROH (Insightful Ranking of Humor), a three-stage retrieval system for JOKER
Task 1 English at CLEF 2026, achieving first place on the leaderboard with 0.6347 MAP. Our pipeline combines
hybrid sparse-dense retrieval, cross-encoder reranking, and a LoRA-adapted Large Language Model judge
ensemble. We employ Gemma 4 to generate query-aware rationales under two prompt strategies, generic and
typed, and produce up to four types of structured hard negatives for training data construction. Through an
ablation across three cross-encoder architectures, four dense embedders, and eight judge configurations, our key
findings are threefold: (1) the rationale-distilled judge is the primary driver of ranking quality, whereas appending
rationales to the first-stage index contributes negligibly; (2) structured hard negatives degrade generalisation
in nearly all configurations despite inflating local validation scores; and (3) across the components we ablate,
the lighter, better-calibrated model is competitive with or stronger than its larger counterpart, with the generic-
rationale Qwen2.5-7B judge (0.6055 MAP) outperforming every Gemma-4-31B configuration, and the advantage
of generic over typed rationales is concentrated almost entirely in the smaller model.
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1. Introduction

Humor is a nuanced form of human language: it can be ambiguous, culturally loaded, ironic, or carried
by tone alone. These properties make it difficult even for humans, and a particularly hard challenge
for a literal computational “brain”. Iroh once said, ‘It is important to draw wisdom from many different
places” [1], a principle that guides our multi-stage design. Task 1 [2, 3] offers a natural language query
that describes a humor topic, retrieving all the relevant jokes, puns, and wordplays from a balanced
corpus of humorous and non-humorous texts.

We present IROH (Insightful Ranking of Humor)®, a three-stage retrieval system designed around
the dual requirement of the JOKER task: the model must be aware of both semantic relevance and
the specific linguistic typology that makes a text humorous. Our pipeline ranks first place on the
leaderboard for Joker 2026 Track Task 1 English and contains:

+ Query-aware rationales and structured hard negatives generated with Gemma 4 [4] for training-
data construction, under two prompt strategies: a lightweight generic pipeline producing three
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types of hard negatives, and a more structured typed pipeline producing four hard negatives.

+ A hybrid retrieval stage that combines BM25 with query expansion and dense BGE embeddings,
fused via Reciprocal Rank Fusion (RRF), to cast a wide initial net. BM25 indexing is further
enriched by appending generated rationales to documents, though we find this has little effect on
retrieval performance (Subsection 5.8).

+ A finetuned cross-encoder that reranks the candidates for each query.

« A weighted ensemble of three LoRA-adapted judge instances, built from two base models:
Qwen2.5-7B [5] and Gemma 4-31B [4], the latter finetuned separately on generic and typed
rationales. This produces soft YES/NO scores that are combined via weighted voting to decide
whether each candidate is a relevant humorous text.

« Across all three stages, scores are carried forward and fused via weighted linear interpolation
of min-max normalised signals, with an optional confidence penalty at the final stage which, as
reported in Subsection 5.7, had no measurable effect on the final metrics.

While previous models successfully detect humor by capturing incongruity and structural features [6,
7, 8], the JOKER 2024 and 2025 tracks demonstrated that standard retrieval pipelines fail when both
topical relevance and humor are required [9, 10]. Prior leading approaches rely on post-hoc filtering [11]
or zero-shot Large Language Model (LLM) classification [12]. In contrast, we propose a three-stage
pipeline driven by a finetuned LLM judge.

To optimize our cross-encoder step, we build upon a multi-stage retrieval architecture [13, 14] and the
necessity of hard-negative mining [15]. We then generate four structurally distinct humor-specific hard
negatives inspired by LLM-driven augmentation approaches [16], tailored to combat the unique failure
modes of humor retrieval systems. Instead of relying on zero-shot or few-shot LLM judges [17, 18], we
employ rationale distillation [19, 20] to train a specialized humor-aware evaluator.

Our main contributions are:

« A rationale-distillation approach under two prompt strategies (i.e., generic and typed), demon-
strating that the simpler generic pipeline outperforms the more structured typed variant.

+ An empirical study of structured hard-negative generation, revealing that augmentation inflates
local validation scores while degrading official evaluation performance in nearly all configurations.

+ An extensive ablation showing that, across the components we vary, model calibration and
training-data composition matter at least as much as raw model capacity, with the lighter model
matching or outperforming its larger counterpart.

« A pipeline configuration analysis revealing that candidate pool size governs recall depth, the
CE/judge blend weight is a secondary knob, and the judge is the dominant top-rank signal.

The paper is organized as follows. Section 2 reviews the related work. Section 3 presents our
data analysis. Section 4 describes the methodology and training procedures. Section 5 reports the
experimental results and ablation studies. Section 6 concludes with a summary and future directions.

2. Related Work

This section addresses humor-aware information retrieval and focuses on three main categories: com-
putational humor detection, multi-stage retrieval with neural reranking, and LLM-based knowledge
distillation.

Humor remains a fundamentally hard problem even for state-of-the-art LLMs. Recent work shows
that even frontier models such as ChatGPT, Claude, and DeepSeek cap at roughly 51% when identify-
ing humorous punchlines in stand-up comedy transcripts, a ceiling that holds regardless of prompt
engineering and underscores how brittle humor understanding remains [21]. The multi-layered nature
of humor partly explains this ceiling: incongruity resolution, tonal ambiguity, and cultural context
interact in ways that resist decomposition into learnable surface features [6, 8]. In retrieval settings,
this challenge is further amplified, since a system must not only understand humor but rank it against



a large corpus of plausible non-humorous distractors, a joint requirement that standard pipelines have
been shown to handle poorly [9]. Multi-stage retrieval architectures address recall and precision jointly
by separating the problem into a broad first-stage retrieval and a more precise reranking step [13, 14].

Hard-negative mining is essential for training effective rerankers, as it forces the model to distinguish
genuinely relevant documents from superficially similar distractors [15, 22]. LLM-generated synthetic
negatives offer a scalable path to domain-specific augmentation [16], though their effectiveness relative
to corpus-based mining remains dataset-dependent and does not always translate across evaluation
distributions [23]. In our setting, we observe that augmentation consistently inflates local validation
scores while degrading official performance, which we attribute to a distribution shift.

Finally, rather than relying on zero-shot or few-shot LLM judges [17, 18], which offer limited domain
specificity, we employ rationale distillation [19, 20] to train a specialized evaluator on humor-labeled
query-document pairs enriched with linguistic rationales, whose calibration and interaction with the
retrieval pipeline we analyse in Section 5, building on recent findings on LLM ranker-judge dynamics
in IR evaluation [24].

3. Data Analysis

The JOKER Task 1 corpus [2] consists of short English texts with binary relevance judgments. We
combine the 2025 and 2026 editions and deduplicate documents that recur across them, and after
matching documents to the training qrels we construct a balanced dataset of jokes (label 1) and non-
jokes (label 0) for model training.

Table 1 reports linguistic statistics by label. The strongest single correlate of the label is punctuation
density (r = 0.47), which is more than twice as high in jokes (0.424 vs. 0.179), reflecting their dialogue-
heavy structure (e.g., “T’ve mailed the letter,” Tom assented). Closely related, jokes are far more likely to
contain quotation marks (56.2% vs. 17.4% with r = 0.40). These two signals are themselves strongly
correlated with an » = 0.65, indicating they capture a shared dialogue-structure cue rather than
independent features. Jokes are also markedly shorter than non-jokes (mean 10.5 vs. 18.9 words with
r = —0.31) and carry more question marks on average (0.126 vs. 0.072 per text). Overall, surface
features are useful but insufficient. The remaining difficulty lies in the subtle, context-dependent
wordplay that no single feature captures.

Table 1

Linguistic feature statistics by label.
Feature Joke (1) Non-Joke (0)

Mean Std Mean  Std

Word count 10.55 497 18.89 17.71
Avg. word length 576 0.85  6.05 0.80
Punctuation density  0.424  0.303 0.179 0.118
Has quotes (%) 56.2 — 17.4 —
Question marks 0.126  0.337 0.072 0.258

No single surface feature is sufficient: punctuation density is the strongest correlate of the label,
followed by quote presence and word count (Table 1).

4. Methodologies

The IROH pipeline, illustrated in Figure 1, processes a natural language query against a corpus of
candidate documents enriched with generated rationales appended to their text. The first stage combines
two parallel retrievers, BM25 with query expansion and BGE dense retrieval (bge-base-en-v1.5),
whose ranked lists are fused via RRF as described in Equation (1), producing the top k; = 4000 candidates



while carrying the RRF score forward. The second stage applies a finetuned GTE-Reranker-ModernBERT-
Base cross-encoder to rescore these candidates, blending its output with the carried-forward RRF score
as in Equation (2), yielding the top k2 = 1000 candidates. In the third stage, three LoRA-adapted
judge instances, one Qwen2.5-7B (QLoRA, r = 64) and two Gemma-4-31B variants (QLoRA, r = 32)
finetuned on the generic and typed rationales, independently score each candidate; their soft YES
probabilities are combined via a weighted ensemble (Qwen 0.60, Gemma-generic 0.30, Gemma-typed
0.10), and the final ranking score is computed as described in Equation (3), applying a confidence
penalty 7 to suppress borderline negatives and producing the final ranked list of k3 = 1000 documents.
The complete prompts for rationale generation, hard-negative construction, and the LLM judge are
listed in Appendix A.

Stage 1: Hybrid Sparse- Stage 2: Cross-Encoder Stage 3: LLM Judge
Dense Retrieval Reranking Ensemble

GTE-Reranker-
ModernBERT-base

Qwen2.5-7B | [Gemma-4-31B|(Gemma-4-31B
(QLora, r=64) (QLora, r=32) (QLora, r=32)

Top k; = 4000
candidates

Top k2 = 1000
candidates ]

> [ Weighted Ensemble

(Qwen 0.60, G4Generic 0.30, G4Typed 0.10)

B-5ce +(1-B) - 51

Top kg = 1000
RRFScore | WCE * Stage2 * W3 * PyEs candidates

BGE Dense

Retrieval Stage 2 (t confidence penalty)

BM25 +
[ Query Query Expansion ]
Blended score

Corpus
+ rationale appended

Figure 1: Overview of the IROH three-stage retrieval pipeline.

4.1. Rationale Generation

We implemented two rationale generation pipelines, referred to throughout the experiments as generic
and typed. Both use Gemma 4 [4] via the Ollama framework, specifically the e4b variant, for efficient
rationale generation. For each query-document pair, the model generates a one-sentence explanation of
why the text is or is not a relevant joke, since LLMs struggle to learn humor from labels alone (e.g., for
the text “ T bought myself fifty hamburgers, and I've only ten left, said Tom with fortitude.”, the model
generated the rationale: “The text utilizes a pun by misapplying the word “fortitude” (meaning courage) to
describe a simple quantitative statement, making the unexpected usage of the word itself the core source of
the joke.”).

The generic pipeline uses a “General Wordplay” placeholder as query context for all examples,
keeping the prompt lightweight. The typed pipeline retrieves the actual query text for each document
from the training qrels, and uses a more structured prompt that explicitly enumerates seven humor
mechanism types: homophonic puns [25], homographic puns [25], compound puns, Tom Swifties [26]
that contain adverb-dialogue puns, double entendres [27], malapropisms, and ironic twists. The seven
types were selected to cover the major linguistic mechanisms present in the JOKER corpus, spanning
phonological, semantic, structural, and lexical dimensions of wordplay without category overlap. For
negative examples, both pipelines prompt the model to explain why the text lacks humor, mirroring the
positive rationale structure, so the judge sees a symmetric supervision signal.

4.2. Data Augmentation

Aligned with the two rationale pipelines, we implement two augmentation strategies. The generic
pipeline generates three types of hard negatives per positive instance: literal rewrites (same topic, no
humor), defused jokes (joke structure kept but punchline neutralized), and wrong-topic jokes (a genuine
joke unrelated to the query). The typed pipeline adds a fourth type, near-miss puns, which attempt
wordplay related to the query but fail to produce a valid pun, making them harder negatives for the
model to discriminate. Both pipelines inject the generated negatives into the training set (e.g. “ T bought
myself fifty hamburgers, and I've only ten left, said Tom with fortitude.” — “Tom stated that he had



purchased fifty hamburgers and that ten hamburgers remained.”). The typed pipeline additionally applies
similarity-based quality filtering using character-level sequence similarity: literal rewrites are rejected
if similarity to the original exceeds 0.85, and defused jokes if it exceeds 0.95. Exact-text deduplication
is applied across the full augmented set after filtering.

4.3. Hybrid Sparse-Dense Retrieval

The first stage prioritises recall by combining complementary retrieval signals. We combine BM25
sparse retrieval with dense BGE embeddings using RRF [28] as in Equation (1), where 7;(g, d) is the
rank of document d under system i, wj is its assigned weight, and k is a smoothing constant defaulted
at k = 60. BM25 is run once per query expansion variant and the element-wise maximum BM25 score
across variants is retained before combining with dense, as it preserves the strongest lexical match
signal without introducing fusion noise across variants. The top k; candidates advance to the second
stage. BM25 indexing is further enhanced by appending the generated rationale to each document; as
reported in Subsection 5.8, this has a negligible effect on retrieval performance in isolation. The dense
model selection is described in Subsection 5.3; we ultimately use bge-base-en-v1.5 as detailed there.

SRRF((Ld) = Z #}qd) (1)

4.4. Cross-Encoder Reranking

We finetune three cross-encoder backbones to rerank the first-stage candidates:
ms-marco-MiniLM-L-6-v2 (MiniLM-L-6, 22M parameters) as a lightweight baseline,
BAAI/bge-reranker-base [29] (BGE-Reranker-Base, 278M parameters) as a higher-capacity alter-
native, and Alibaba-NLP/gte-reranker-modernbert-base [30] (GTE-Reranker-ModernBERT-
Base) as our primary candidate given its ModernBERT backbone. Two training configurations are
evaluated: one using only the rationale-enhanced dataset with BM25 hard negatives and corpus-sampled
negatives, and one additionally incorporating the structured hard negatives from Section 4.2. To
prevent the cross-encoder from discarding relevant documents that scored highly in Stage 1, we blend
its score with the Stage 1 RRF score using a weighted linear interpolation of min-max normalised scores
as in Equation (2), where Scg and Ss; are the min-max normalised cross-encoder and Stage 1 scores,
and 8 € [0, 1] controls the weight of the cross-encoder signal, selected via ablation as described in
Subsection 5.6. Only the top k2 candidates advance to the final stage.

Sstage2(¢; d) = B+ 5ce(q,d) + (1 — B) - 5s1(q; d) (2)

4.5. LLM Judge

The final stage applies a finetuned LLM judge ensemble to determine whether each candidate is a
relevant humorous text. We finetune Qwen2.5-7B-Instruct [5] and gemma-4-31B-it [4] using
QLoRA, targeting all attention and feed-forward projection layers. Gemma is finetuned separately on
the generic and typed rationale sets, yielding two Gemma judges; together with the Qwen judge this
gives the three instances used in the ensemble (Subsection 4.6).

The judge’s input is a system prompt for its role, the query, and the candidate text and its output is a
binary YES/NO verdict. At inference time, we extract the logit probabilities of the YES and NO tokens
and compute a soft score. Equation (3) defines the final ranking score by linearly fusing the Stage 2
score with the judge’s soft YES probability, with weights wcg and wy. Documents whose pygs falls below
a threshold 7 receive an additional penalty factor )\, intended to suppress borderline negatives. This
penalty had no measurable effect (Subsection 5.7), and we retain it only for completeness. The top k3
documents form the final submission.

Sinal (¢, d) = WCE - Sstage2 (¢, d) + wy - pyes(q, d) 3)



4.6. Judge Ensemble

The three finetuned judges are combined via a weighted ensemble. Each judge independently scores
every candidate, producing a soft YES probability ps({]E)s for judge j. The ensemble score is computed
as a weighted sum as in Equation (4), where wj is the weight assigned to judge j and .J is the set of
judges. The final ranking score then fuses the ensemble output with the Stage 2 blended score as in

Equation (3).

pres(a.d) = > w; - pips(a,d) (4)

jeJ
The weight allocation is optimised via grid search as described in Subsection 5.7, with the optimal
configuration which assigns weight 0.60 to Qwen and 0.30/0.10 to generic and typed Gemma judges.

5. Experiments

We report official CodaBench scores as our primary metric throughout, computed with pytrec_eval
over the full corpus. A local held-out split of 20% of queries is used for training-time model selection
(early stopping); as shown in Subsection 5.2, it diverges from official performance under augmentation.

5.1. Training Details

All experiments were run with PyTorch 2.x on Nvidia GPUs: an A100 80GB for judge finetuning and an
RTX 4090 for the cross-encoders.

Cross-Encoder. We finetune using the sentence-transformers [31] library, with a fixed global seed
of 42 for reproducibility. For MiniLM-L6, we use a learning rate of 1 x 10~ and batch size 128. For
GTE-Reranker-ModernBERT-Base, memory constraints require a reduced batch size of 32 and a learning
rate of 2 x 1075 All cross-encoder models share cosine scheduling, 15% warmup, weight decay 0.02,
and early stopping with patience 3 on validation MAP, with a maximum of 50 epochs. Training pairs
are constructed from positive query-document pairs drawn from the rationale data, supplemented
with random corpus negatives (2 per positive) and BM25 hard negatives (5 per query, mined from the
top-80 retrieved candidates). Validation pairs are built independently with a separate fixed seed of 1337,
using 5 corpus negatives and 5 BM25 hard negatives per positive (mined from top-120), ensuring the
validation signal is stable across runs. Early stopping is based on the mean average precision computed
per query over the validation set.

Judge. We finetune both judge models using QLoRA [32] with 4-bit NF4 quantization and double
quantization enabled, using bfloat16 compute dtype. LoRA adapters are applied with = 64 and
o = 128 for Qwen2.5-7B-Instruct [5], and r = 32 and o = 64 for Gemma 4-31B-it [4], with a dropout of
0.05, targeting the query, key, value, output, and feed-forward projection matrices. Training is performed
using the TRL library’s SFTTrainer with paged AdamW, cosine scheduling, 10% warmup, and gradient
checkpointing. For Qwen2.5-7B-Instruct [5] we use learning rate 2 x 10~* and gradient accumulation
over 8 steps; for Gemma 4-31B-it [4] we use learning rate 5 x 10~ and gradient accumulation over
4 steps. Both models use a maximum sequence length of 384 tokens and a per-device batch size of 1.
Early stopping with patience 2 on validation loss is applied, with a maximum ceiling of 30 epochs.

5.2. Cross-Encoder Comparison

To identify the best reranking model for Stage 2, we evaluate three cross-encoder ar-
chitectures finetuned on our training data: cross-encoder/ms-marco-MinilM-L-6-v2,
BAAI/bge-reranker-base [29], and Alibaba-NLP/gte-reranker-modernbert-base [30].
Each model is trained using the typed rationale-annotated training data only or with augmentation.



The Stage 2 components are the same across all models, using rationale-expanded BM25 combined with
dense retrieval.

Table 2 reports the results. Augmentation degrades CodaBench MAP for the two strongest backbones,
consistent with an overfitting effect we observed on the local split, which improved under augmentation.
The pattern suggests that the augmented examples shift the model’s decision boundary towards the
distribution of the local split rather than the broader retrieval task, resulting in inflated local scores.
The best architecture for our task is GTE-Reranker-ModernBERT-Base trained without augmentation,
outperforming all other configurations. MiniLM-L-6 is a competitive choice from a cost perspective,
offering strong results relative to its size. Augmentation degrades performance for the two strongest
backbones (MiniLM-L-6 and GTE-Reranker-ModernBERT-Base) with the sole exception being BGE-
Reranker-Base, where both configurations score poorly, and the ordering reverses. For the architecture
we adopt, the non-augmented, generic-rationale configuration is clearly the stronger choice.

Given the results, we select GTE-Reranker-ModernBERT-Base trained without augmentation as the
Stage 2 cross-encoder for all subsequent experiments.

Table 2
Comparison of CodaBench MAP for cross-encoder models with and without data augmentation. Best values are

bolded.

Model Augmentation CodaBench MAP
MiniLM-L-6 True 0.1793

False 0.2215
BGE-Reranker-Base True 0.1229

False 0.0733
GTE-Reranker-ModernBERT-Base True 0.2597

False 0.2843

5.3. Dense Embedder Comparison

Following the same configurations described in Subsection 5.2 with the best cross-encoder, we compare
four BGE-family models [29, 33]: bge-base-en-v1.5 (our baseline, 768-dim), bge-large-en-v1.5
(1024-dim, same family), bge-m3 [33] (1024-dim, multi-granularity), and bge-en-icl [34] (in-context
learning embedder). Table 3 reports CodaBench MAP for each model. bge-en-icl [34] achieves
the highest isolated result, but at substantially higher cost as a 7B-parameter LLM-based embedder.
The performance gain is not attributable to the higher dimensionality but to the in-context learning
mechanism, which encodes the humor retrieval objective directly into the query embedding. We select
bge-base-en-v1.5 for all subsequent experiments, as the full pipeline ablation in Subsection 5.6
shows bge-base-en-v1.5 achieves higher MAP when paired with the judge ensemble.

Table 3
Dense embedder comparison. All runs use GTE-Reranker-ModernBERT-Base (no augmentation) as the fixed
Stage 2 cross-encoder. Best values are bolded.

Model Dimension CodaBench MAP
bge-base-en-v1.5 768 0.2843
bge-large-en-v1.5 1024 0.2823
bge-m3 1024 0.2634

bge-en-icl 4096 0.3290




5.4. Stage-1 and Stage-2 Hyperparameter Search

Having fixed the Stage 2 cross-encoder in Subsection 5.2, we test the pipeline’s sensitivity to the Stage 1
retrieval and Stage 1-Stage 2 fusion hyperparameters. We grid-search six parameters (k1, the BM25
saturation k:lf’M25 and length normalization b, the RRF constant kgrp, the BM25-to-dense weight wp, and
the number of query-expansion variants), yielding 324 combinations in total. Given the CodaBench
submission limits, we evaluated the top 15 configurations by local validation MAP; the best reached
MAP 0.2905. A follow-up One-Factor-At-A-Time sweep raised this to 0.2921.

Both searches confirm that these parameters have a comparatively small effect (0.2843 — 0.2921),
an order of magnitude below what component selection moves: switching the embedder from
bge-base-en-v1.5 to bge-en-icl alone raised MAP from 0.2843 to 0.3290. The dominant levers
are therefore the Stage 2 cross-encoder, the Stage 3 judge, and the dense embedder, not the first-stage
retrieval and fusion hyperparameters.

5.5. Judge Comparison

To identify the best judges for Stage 3, we evaluate two models: Qwen2.5-7B-Instruct [5] with LoRA r =
64 and Gemma-4-31B-it [4] with LoRA r = 32, each finetuned on four data variants: generic rationale
only, generic rationale with augmentation, typed rationale only, and typed rationale with augmentation.
For Stage 3, all runs use equal blend weights wcg = wy = 0.50, a confidence threshold 7 = 0.40, and
k3 = 1000 candidates. Table 4 presents the MAP for each configuration, using CE_GTE_typed as the
fixed cross-encoder in all runs.

The results confirm that augmentation consistently degrades performance across both model families
and that the generic rationale pipeline outperforms the typed variant for both judges despite the typed
pipeline’s richer prompt structure. The smaller Qwen2.5-7B judge trained on generic rationales achieves
the best MAP of 0.6055, ahead of every Gemma-4-31B configuration; this does not hold per-variant,
however, as Gemma-4-31B is the stronger model on the typed rationales (0.5740 vs. 0.4933). We revisit
this in Subsection 5.8.

Table 4
Judge model comparison. Best Codabench MAP in bold. When augmentation is used, it’s the same type as the
rationale.

Model Data LoRAr MAP
Qwen2.5-7B typed 64 0.4933
Qwen2.5-7B typed + aug 64 0.2987
Qwen2.5-7B generic 64 0.6055
Qwen2.5-7B generic + aug 64 0.4994
Gemma-4-31B  typed 32 0.5740
Gemma-4-31B  typed + aug 32 0.4538
Gemma-4-31B  generic 32 0.5718
Gemma-4-31B  generic + aug 32 0.4267

5.6. Pipeline Configuration Ablation

Having identified the best judge, Qwen2.5-7B trained on the generic rationale distillation process, with
a MAP of 0.6055 in Subsection 5.5, we investigate whether further gains are possible by varying the
Stage 1 dense embedder, the candidate pool size (k1, k2), and the Stage 3 cross-encoder/judge blend
weights, keeping all other components fixed. All runs use CE_GTE_typed as the cross-encoder and
Judge_Qwen7B_generic as the judge.

Table 5 reports each configuration on the official CodaBench test queries. Run 1 is the baseline:
bge-base-en-v1.5, equal blend weights wcg = wy = 0.50, k2 = 500 candidates, and a penalty
threshold 7 = 0.40. Run 2 replaces the embedder with bge-en-icl, keeping all other parameters



identical. Run 3 takes Run 2 as a starting point and applies the OFAT-optimised Stage 1/Stage 2
parameters: BM25 kPM% = 1.5, RRF BM25 weight 0.8, three query-expansion variants, Stage 2 CE
blend 8 = 0.7, and deduplication threshold 0.93 (the pool size k;/k2 is unchanged from Run 2). Run 4
widens the candidate pool to k1 = 4000, k3 = 1000 (6 = 0.85, deduplication threshold 0.99, QE = 5).
Runs 5-7 keep this wider pool and sweep the blend: Run 5 uses bge-en-ic1 at 0.35/0.65. Runs 6-7
use bge-base-en-v1.5 at 0.35/0.65 and 0.45/0.55 respectively (7 = 0.30). Run 8 pushes the blend
further to 0.30/0.70, widens Stage 2 to k2 = 1500, and raises the penalty threshold to 7 = 0.35.

Table 5
Pipeline configuration ablation. All runs use CE_GTE_typed and Judge_Qwen7B_generic. Best values per
metric are bolded.

Run Embedder wcg/w) k1 ko  MAP NDCG@10 NDCG@100 RR rel_ret

1 bge-base 0.50/0.50 3000 500 0.6055 0.6836 0.7276 0.7990 3564
2 bge-en-icl  0.50/0.50 3000 500 0.6009 0.6760 0.7417 0.8057 4029
3 bge-en-icl  0.50/0.50 3000 500 0.5886 0.6538 0.6694 0.7824 3541
4 bge-en-icl  0.50/0.50 4000 1000 0.5984 0.6749 0.7400 0.8075 4040
5 bge-en-icl  0.35/0.65 4000 1000 0.5961 0.6701 0.7402 0.8067 4165
6 bge-base 0.35/0.65 4000 1000 0.6078 0.6826 0.7490 0.8238 4092
7 bge-base 0.45/0.55 4000 1000 0.6069 0.6804 0.7475 0.8171 4092
8 bge-base 0.30/0.70 4000 1500 0.6067 0.6826 0.7493 0.8284 4119

The results reveal a consistent trade-off between top-rank precision and recall depth. The candidate
pool size, governed by the embedder and by k1/k2, controls how many relevant documents are recovered
(rel_ret) but not where they land: the wider pools retrieve more relevant documents and achieve higher
NDCG@100 and reciprocal rank, yet do not improve MAP. The additional candidates surface relevant
documents deep in the ranking while diluting the top ranks with false positives that the judge may
incorrectly promote, because relevant documents are sparse relative to the thousands of candidates
scored, MAP is dominated by precision in the top ranks.

The CE/judge blend weight reveals a dissociation between MAP and reciprocal rank. Across Runs 6-8,
increasing the judge weight from 0.45/0.55 to 0.30/0.70 monotonically raises RR (0.8171 — 0.8238 —
0.8284), confirming that the judge excels at surfacing the single most relevant document per query.
MAP, however, peaks at Run 6 (0.6078) and falls slightly at Run 8 (0.6067), indicating that beyond
a 0.35/0.65 blend the judge introduces noise in the ordering of lower-ranked candidates. The blend
weight acts as a first-rank precision lever: more judge weight improves RR at a small MAP cost, and
the optimal operating point depends on which metric the evaluation prioritises. For MAP-focused
evaluation, Run 6 is the optimal configuration; for RR-focused evaluation, Run 8 is preferable. Overall,
the spread across all configurations remains small relative to the effect of judge selection in Table 4: the
Stage 1 embedder and pool size primarily govern recall depth, while the blend weight finetunes the
balance between MAP and RR within already-retrieved candidates.

5.7. Post-Processing Grid Search

Having fixed the retrieval and reranking components based on Subsection 5.6, we tune the Stage 3
scoring parameters in two passes, using the three most performant judges from Subsection 5.5
(Judge_Qwen7B_generic, Judge_G4_31B_generic, and Judge_G4_31B_typed), cached for ef-
ficiency.

A first grid sweeps three blend values wcg/wy € {0.30/0.70, 0.35/0.65, 0.40/0.60}, four penalty
thresholds 7 € {0.25,0.30,0.35,0.40}, five penalty factors A € {0.70,0.75,0.80,0.85,1.00}, and five
symmetric judge-ensemble configurations (300 combinations). Sweeping all 20 7-\ combinations at
fixed blend and ensemble produces identical MAP, NDCG, and RR, indicating that the judge’s probability
distribution is sufficiently polarized that no practical threshold separates borderline positives from
negatives; we therefore fix 7 = 0.30 and A\ = 0.85 and drop these dimensions.



Table 6
Post-processing grid search results (1 = 0.30, A = 0.85). G4 w is the weight of each Gemma judge
(G4_31B_general and G4_31B_typed, equal). Best values per metric are bolded.

weg/wy Qwenw G4w MAP NDCG@10 NDCG@100 recip_rank (RR)

0.30/0.70 1.00 0.00 0.6049 0.6812 0.7477 0.8263
0.35/0.65 1.00 0.00 0.6078 0.6826 0.7490 0.8238
0.40/0.60 1.00 0.00 0.6072 0.6819 0.7485 0.8200
0.30/0.70 0.60 0.20 0.6343 0.7049 0.7680 0.8267
0.35/0.65 0.60 0.20 0.6327 0.7011 0.7661 0.8225
0.40/0.60 0.60 0.20 0.6315 0.7004 0.7654 0.8217
0.30/0.70 0.50 0.25 0.6329 0.7020 0.7668 0.8216
0.35/0.65 0.50 0.25 0.6335 0.7019 0.7672 0.8220
0.40/0.60 0.50 0.25 0.6304 0.6999 0.7646 0.8194
0.30/0.70 0.40 0.30 0.6339 0.7016 0.7674 0.8223
0.35/0.65 0.40 0.30  0.6305 0.6994 0.7650 0.8208
0.40/0.60 0.40 0.30  0.6298 0.6885 0.7641 0.8192
0.30/0.70 0.33 0.33  0.6308 0.6988 0.7651 0.8192
0.35/0.65 0.33 0.33  0.6296 0.6986 0.7643 0.8191
0.40/0.60 0.33 0.33  0.6285 0.6966 0.7631 0.8166

Table 6 reports the blend x symmetric-ensemble results. Adding Gemma judges at equal weights
beats the Qwen-only baseline, confirming that the Qwen and Gemma judges are decorrelated enough
to provide complementary ranking signals. The best symmetric configuration is Qwen 0.60 with each
Gemma judge at 0.20 and blend 0.30/0.70, reaching MAP 0.6343; reducing the Qwen weight further
slightly degrades the metrics, so Qwen remains the primary signal and the Gemma judges provide
complementary corrections rather than an equal vote. The 0.30/0.70 blend becomes optimal with the
ensemble (versus 0.35/0.65 for the Qwen-only configuration), which we attribute to the ensemble
producing a better-calibrated, more reliable signal that tolerates a higher judge weight without the
noise penalty seen with a single model.

A second, finer search relaxes the equal-Gemma constraint, jointly sweeping the Qwen weight
Wowen from 0.50 to 0.95 (step 0.05) against an asymmetric split of the remaining budget between
Judge_G4_31B_generic and Judge_G4_31B_typed (Wgageneric from 0 to b in steps of 0.05, with
WGatyped = b — Weageneric), crossed with three blends wcg /wy € {0.25/0.75, 0.30/0.70, 0.35/0.65}, for
195 submissions. Table 7 reports the configurations at or above the symmetric baseline. Our submitted
configuration (Qwen 0.60, Gemma-generic 0.30, Gemma-typed 0.10, blend 0.30/0.70) reaches MAP
0.6347, but the top entries are effectively tied (0.6343-0.6347): the asymmetric tuning confirms a
plateau rather than yielding a further gain. The 0.30/0.70 blend is the most stable across all triples, the
G4generic/G4typed split has minimal impact on MAP (above-baseline configurations span G4generic
weights 0.10-0.30, so the two Gemma judges are largely interchangeable), and rel_ret is flat at 4092,
confirming that ensemble weight tuning affects only precision ordering and not recall depth. The
ensemble weight space is therefore exhausted under the fixed Stage 1 and Stage 2 components.

5.8. Discussions

A single theme runs through our pipeline ablation: despite the theoretical advantages of larger, more
expensive components, lighter configurations consistently outperformed their heavier counterparts on
the official evaluation. For context against prior editions of the task, the best official MAP reported in
the JOKER 2024 Task 1 overview was 0.12 [9], while the strongest 2025 English run reached 0.3501,
obtained by a Qwen-based filter-explainer with dense retrieval that outperformed the next-best team
by roughly a factor of two [10, 12]. IROH’s 0.6347 thus represents a substantial advance over the best
previously reported systems on JOKER Task 1 English, and extends the LLM-filtering line of work



Table 7
Expanded asymmetric ensemble grid search results (7 = 0.30, A = 0.85, wceg/w) = 0.30/0.70, wquwen = 0.60).
Only configurations with MAP > 0.6343 (previous best) are shown. Best values per metric are bolded.

Weageneral  Weatyped MAP  NDCG@5 NDCG@10 NDCG@100 recip_rank (RR) P@10 rel_ret

0.30 0.10 0.6347 0.6924 0.7050 0.7684 0.8273 0.3124 4092
0.10 0.30 0.6347 0.6916 0.7048 0.7682 0.8268 0.3126 4092
0.25 0.15 0.6345 0.6915 0.7051 0.7682 0.8273 0.3127 4092
0.15 0.25 0.6344 0.6918 0.7044 0.7681 0.8268 0.3122 4092
0.20 0.20 0.6343 0.6916 0.7049 0.7680 0.8267 0.3127 4092

that produced the 2025 state of the art. We note that the corpus has been expanded across editions, so
this comparison is indicative of progress on the task rather than a strictly controlled benchmark. The
smaller bge-base-en-v1.5 embedder (768-dim) achieved a higher MAP than bge-en-ic1 (4096-dim,
7B parameters) when paired with the full judge pipeline, and the best Qwen2.5-7B judge, trained on
generic rationales, outperformed every Gemma-4-31B configuration, although on the typed rationales
Gemma-4-31B was the stronger of the two. We hypothesize that this is partly a calibration effect: lighter
models produce smoother score distributions that blend more effectively with the cross-encoder signal,
while larger models tend toward more binary outputs that are harder to control in a multi-signal fusion
setting. This suggests that for humor retrieval, where the distinction between relevant and non-relevant
texts is subtle and domain-specific, finetuning quality and training data composition matter more than
raw model capacity.

A parallel finding concerns the two rationale strategies. The generic pipeline, which uses a single
lightweight placeholder as query context, consistently outperforms the typed pipeline, which uses a
richer structured prompt enumerating seven humor mechanism types. We hypothesize that forcing the
model to classify each text into a specific humor category introduces variance in rationale quality, since
Gemma 4 may not reliably distinguish between, for example, homophonic and homographic puns in
short texts. The generic pipeline avoids this by asking only for a one-sentence explanation of why the
text is or is not funny, producing more consistent supervision signal across training examples.

A further structural finding is that the recall bottleneck lies in Stage 1, not Stage 3. The rel_ret
metric is flat at 4092 across all ensemble configurations in the expanded grid search, but increases
from 3564 to 4092 when the candidate pool is widened from k; = 3000 to k; = 4000 in the pipeline
ablation. This confirms that the judge ensemble can only rerank what Stage 1 retrieves, and that future
gains in recall depth require improvements to the first-stage retrieval rather than further tuning of the
ensemble weights.

A final ablation isolates the rationales’ contribution to retrieval. Running the pipeline with the
judge disabled (Stages 1-2 only) on the official test queries, we compared a plain BM25 index against
one expanded with the document rationales while holding the cross-encoder fixed. The effect was
negligible: rationale-expanded indexing reached a MAP of 0.2876 against 0.2868 for plain BM25,
with NDCG@10 (0.3485 vs. 0.3491) and the number of relevant documents retrieved (3913 vs. 3918)
essentially unchanged, and the sign of the difference flipping across metrics. The rationales thus
contribute little at the lexical-retrieval level; within our pipeline, they enter primarily as the supervision
signal for the distilled judge rather than as an indexing aid. This is consistent with our finding that
the judge, not first-stage retrieval, is the dominant top-rank signal, and it is a further instance of the
local-validation signal, where the same comparison showed a much larger gap, overstating an effect
that does not survive on the official benchmark.

5.9. Limitations

Our pipeline is resource and time-intensive, which constrained the breadth of our experimental evalua-
tion. The full pipeline, including rationale generation, cross-encoder finetuning, and judge finetuning,
requires multiple days of compute on multiple GPUs, and CodaBench submission limits further con-



strained the hyperparameter search, requiring us to rely on OFAT sweeps rather than principled grid
search for several components.

The generated rationales, while useful as a training signal, have a ceiling in quality. For straightfor-
ward wordplay, such as the "fortitude" Tom Swifty example, the model produces accurate and specific
rationales. But for humor that relies on cultural context, implicit shared knowledge, or multi-layered
irony, the rationale generation tends to produce generic explanations that do not capture the actual
mechanism of the joke, limiting the quality of the supervision signal for these cases.

A further limitation is the binary YES/NO framing of the judge. Humor relevance is arguably a
spectrum: a text can be partially relevant, tangentially funny, or topically related but not humorous in
the expected way. The binary verdict forces a hard decision that may be inappropriate for borderline
cases, and a soft relevance score trained on graded judgments could produce better-calibrated judge
outputs.

Finally, our pipeline is English-only. The rationale generation prompts, the humor mechanism
taxonomy, and all finetuned components are trained exclusively on English data, and it is unclear how
well the approach would transfer to the other languages in the JOKER corpus without retraining.

6. Conclusions

We presented IROH, a three-stage retrieval system for humor-aware information retrieval that combines
hybrid sparse-dense retrieval, cross-encoder reranking, and a weighted ensemble of LoRA-adapted LLM
judges, achieving a best MAP of 0.6347 and ranking first on the official JOKER 2026 Task 1 English
leaderboard.

Our ablation study yields three findings of broader relevance: the rationale-distilled judge is the
primary driver of ranking quality, while rationale-expanded first-stage indexing has a negligible effect
on retrieval (a MAP difference of 0.0008 on the official test); structured hard negatives degrade gen-
eralisation in nearly all configurations despite inflating local validation scores, an effect we attribute
to distribution shift between the local split and the broader retrieval task; and within our pipeline
the lighter, better-calibrated model matches or beats its larger counterpart, suggesting that for this
task finetuning quality and data composition matter at least as much as raw model capacity for subtle,
domain-specific tasks such as humor retrieval.

A parallel finding on rationale strategy shows that the simpler generic pipeline outperforms the
richer typed variant, which we attribute to variance in rationale quality introduced by forcing the
model to classify humor into specific mechanism types. An extended ensemble grid search over 195
configurations confirmed that the weight space is effectively exhausted under the fixed Stage 1 and
Stage 2 components, with rel_ret flat across all ensemble runs, indicating that further gains in recall
require improvements to first-stage retrieval rather than reranking precision.

For future work, we plan to explore multilingual humor retrieval as a general solution across all
JOKER Task 1 languages. On the retrieval side, the rel_ret analysis suggests that improving first-stage
recall, through better query expansion or domain-adapted dense encoders, would yield larger gains than
any further ensemble tuning. On the model side, the calibration hypothesis identified in our discussion
suggests that better rationale quality, particularly for humor relying on cultural context or implicit
shared knowledge, would benefit the judge’s decision process more than increasing model capacity.
Finally, replacing the binary YES/NO judge framing with graded relevance training remains an open
and promising direction for producing better-calibrated judge outputs.
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A. Prompts

A.1. Rationale Generation

Analyze the following text based on the search query "{query}".

Write EXACTLY ONE sentence explaining WHY it {joke_status}.

- If it is a joke, identify the specific linguistic mechanism (e.g., the exact pun, double
meaning, or misdirection used).

- If it is not a joke, explain why it is merely a literal or unrelated statement.

Text: "{text}"
One-Sentence Rationale:

Listing 1: Generic rationale prompt. {query} defaults to “General Wordplay”; { joke_status} is “IS
a relevant pun/joke” or “is NOT a relevant pun/joke”.

Analyze the following text in the context of the search query "{query}".
Write EXACTLY ONE concise sentence explaining WHY this text {joke_status}.

If it IS a joke/pun, identify the SPECIFIC linguistic mechanism:
- Homophonic pun (words that sound alike but differ in meaning)
- Homographic pun (same spelling, different meanings)

- Compound pun (multiple puns in one text)

- Tom Swifty (adverb that creates a pun with the dialogue)

- Double entendre / double meaning

- Malapropism / word substitution

- Ironic twist / misdirection

If it is NOT a joke, explain: is it factual? definitions? unrelated topic? lacks wordplay?

Text: "{text}"
One-Sentence Rationale:

Listing 2: Typed rationale prompt. {query} is the actual query text retrieved from the training qrels.

A.2. Hard-Negative Generation

The generic pipeline uses the first three prompts; the typed pipeline adds the fourth (near-miss pun).

Rewrite this joke/wordplay as a completely literal, factual, non-humorous statement.
Keep the same core topic and key subject words. Remove ALL humor, puns, and wordplay.
Output ONLY the rewritten text (one sentence), nothing else.

Original: "{text}"
Literal version:

Listing 3: Literal rewrite (Type 1). Rejected if character-level similarity to the original exceeds 0.85.
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Take this joke and slightly change it so the punchline no longer works.

Keep the setup and structure, but replace the KEY word/phrase that creates the humor with a
literal alternative.

The result should look like it COULD be a joke but isn’t actually funny.

Output ONLY the modified text, nothing else.

Original joke: "{text}"
Defused version:

Listing 4: Defused joke (Type 2). Rejected if similarity to the original exceeds 0.95.

Write a short, original one-liner joke or pun about a COMPLETELY DIFFERENT topic than "{
query}".

The joke should be genuinely funny but have NOTHING to do with the original query.

Output ONLY the joke (one sentence), nothing else.

Original topic: "{query}"
Unrelated joke:

Listing 5: Wrong-topic joke (Type 3).

Create a sentence that TRIES to be a pun related to "{query}" but FAILS.

The sentence should use a word that sounds SIMILAR to a pun-worthy word but isn’t actually
a pun.

It should feel like a bad/forced attempt at humor that doesn’t land.

Output ONLY the sentence, nothing else.

Topic: "{query}"
Example of a GOOD pun on this topic: "{text}"
Failed pun attempt:

Listing 6: Near-miss pun (Type 4, typed pipeline only).

A.3. LLM Judge

You are a humor and wordplay detection judge. You evaluate whether a text is relevant to a
query AND contains humor, jokes, puns, wordplay, or any form of linguistic wit (double
meanings, homophones, malapropisms, ironic twists). Answer only YES or NO.

Listing 7: Judge system prompt.

Query: "{query}"
Text: "{text}"
Is this a relevant joke? Answer YES or NO.

Listing 8: Judge user prompt at inference. The YES/NO token logits are read directly to form the soft
SCOre Pygs.
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