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Abstract

This paper presents the system description of
the deepgpt team for SemEval-2026 Task 1
(MWAHAHA: Computational Humor Gener-
ation), Subtask A. To address the challenge
of generating high-quality Chinese humor un-
der strict text constraints (e.g., incorporating
specified rare words or relating to news head-
lines), we propose a parameter-efficient gen-
eration system based on Qwen2.5-3B-Instruct.
We reconstructed 8,000 multi-source Chinese
jokes into a conversational instruction tuning
format. Crucially, to mitigate the prevalent
issues of formatting hallucinations and tem-
plate collapse, we introduce a strict Instruction
Masking strategy during 4-bit QLoRA fine-
tuning. By completely isolating the loss cal-
culation to the target humorous text, the model
is forced to treat constraints as conditional in-
puts rather than conversational distributions to
mimic. Empirical results show that this ar-
chitectural intervention completely eradicates
meaningless conversational fillers. Our sys-
tem significantly boosted the hard constraint
adherence (C-Acc) to 94.6% and achieved a
highly competitive Elo rating of 903 in the
official Pairwise Human Evaluation, validat-
ing the effectiveness of specific masking fine-
tuning for lightweight large language models
in strictly constrained generation tasks.

1 Introduction

Computational humor generation remains a chal-
lenging task in the field of Natural Language Pro-
cessing (NLP). It requires models to not only pos-
sess basic semantic understanding but also break
conventional logic to produce “expectation vio-
lations”. SemEval-2026 Task 1 (MWAHAHA)
(Castro et al., 2026) concretizes this challenge
by requiring humor generation under strict text
constraints, thereby preventing models from sim-
ply retrieving existing internet jokes. Specifi-
cally, our system targets Subtask A in the Chi-
nese track, where the generated jokes must strictly
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satisfy one of two hard constraints: (1) Word In-
clusion (mandatorily incorporating two specified
rare words), or (2) News Headline (deconstructing
or delivering a punchline based on a given news
headline). For existing general-purpose Large
Language Models (LLMs), this dual requirement
of rigorous instruction following and divergent
comedic thinking frequently triggers mode col-
lapse (Chen et al., 2024), resulting in outputs that
are overly serious and rigid, or suffering from se-
vere formatting hallucinations.

This paper presents a parameter-efficient gener-
ation system proposed by the deepgpt team, based
on the Qwen2.5-3B-Instruct model (Bai et al.,
2023). At the data level, we constructed a mixed
dataset containing 8,000 instructions (81.25% of
which originate from authentic human-created
jokes) to establish the model’s comedic founda-
tion. However, empirical observations indicate
that conventional Supervised Fine-Tuning (SFT)
remains insufficient for lightweight models (e.g.,
at the 3B parameter scale). Our benchmark testing
reveals that standard SFT models severely suffer
from “template collapse,” with over 54% of out-
puts degrading into verbose conversational fillers,
failing to form coherent punchlines.

To overcome this bottleneck, we introduce an
Instruction Masking strategy during 4-bit QLoRA
(Dettmers et al., 2023) fine-tuning. By explicitly
setting the loss weights of the System and User
prompts to —100, we force the computational fo-
cus of parameter optimization entirely onto the re-
structuring of comedic logic, rather than mimick-
ing conversational distributions. This intervention
mechanism enables the model to process hard con-
straints purely as conditional inputs.

In the official Pairwise Human Evaluation, our
system achieved an Elo rating of 903. The main
contributions of this paper are as follows:

* Validation of Instruction Masking to elim-
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inate template collapse. This strategy en-
ables the lightweight model to generate com-
pact jokes (averaging 45 characters) com-
pletely free of meaningless conversational
fillers.

* Enhanced instruction-following under
strict constraints. By masking the loss of
conditional inputs, our model achieves a
94.6% hard Constraint Adherence (C-Acc)
on complex tasks involving rare words and
news headlines.

* Construction of an 8,000-sample Chinese
humor dataset. Reconstructing authentic hu-
man corpora into conversational instructions
effectively reduces the “machine-like tone”
typical in LLM-generated jokes.

2 System Overview

This system aims to solve the problem of humor
generation under restricted conditions. As illus-
trated in Figure 1, the overall architecture is di-
vided into two core phases: multi-source data re-
construction based on reverse constraint genera-
tion, and Parameter-Efficient Fine-Tuning (PEFT)
combined with an instruction masking strategy.

2.1 Data Construction and Reverse
Constraint Generation

High-quality humor data is extremely scarce. To
avoid the text homogenization caused by relying
solely on large language models for humor data
generation, we constructed a mixed dataset of
8,000 samples in total. Among these, 81.25% are
authentic human corpora (including 5,000 direc-
tionally scraped web jokes and and 1,500 samples
from the open-source CFunSet (Yu et al., 2025)),
and another 1,500 model-synthesized short jokes
serve as the dataset for this system.

However, raw human jokes lack the hard genera-
tion conditions required by Subtask A. To address
this, we introduced a Reverse Constraint Genera-
tion mechanism. We called a high-performance
LLM API to reversely process these 6,500 authen-
tic human texts: based on the contextual seman-
tics of the jokes, the LLM was instructed to ac-
curately extract the corresponding “two words (a
noun and a verb combination)” or to reversely gen-
erate a highly relevant“pseudo-news headline” for
the joke. Through this automated data augmenta-
tion pipeline, we successfully transformed uncon-

strained free texts into Condition-Text Pairs that
fully comply with the official task specifications.
In the cleaning phase, we strictly filtered out overly
long texts, formatting errors, and samples contain-
ing inappropriate content to ensure data purity.

2.2 Conversational Instruction
Transformation

To enable the model to fully adapt to and adhere to
these constraints, we uniformly reconstructed the
cleaned data into a Conversational Instruction For-
mat (Ouyang et al., 2022).. Each data entry is di-
vided into three role hierarchies:

» System: Randomly assigns diverse role
prompts to the model (e.g., “You are a humor
master” or ““You are a stand-up comedian”) to
stimulate generation diversity across different
contexts.

* User (Constraint Instruction): Inputs the re-
versely generated news headlines (e.g., “Ex-
perts suggest eating dirt”) or rare vocabulary
(e.g., “Keywords: scan, refrigerator”) from
the previous step as explicit constraint condi-
tions.

+ Assistant (Target Output): Corresponds to
the final high-quality humorous text.

Through ChatML format encapsulation, the
model is able to establish a strong logical map-
ping between the “restricted prompts” and the
“expectation-violating outputs” during training.

Through ChatML format encapsulation, the
model establishes a strong mapping logic between
the restricted prompts and the humorous outputs
during training.

2.3 QLoRA Fine-tuning with Instruction
Masking

We fine-tuned Qwen2.5-3B-Instruct using 4-bit
QLoRA (r = 64, a = 128) to balance computa-
tional efficiency and performance. To prevent the
model from over-memorizing system instructions
(formatting hallucinations), we innovatively intro-
duced an Instruction Masking strategy.

By using a custom Data Collator to identify
the <|im_start|>assistant\n identifier, we
set the labels of the System and User prompts to
-100 during Cross-Entropy Loss calculation. This
crucial mechanism ignores gradient updates for the
input conditions, forcing 100% of the optimization
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Figure 1: The overall architecture of our proposed system, integrating reverse constraint generation, conversational
instruction formatting, and instruction-masked QLoRA fine-tuning. Original Chinese data examples are retained

to reflect the authentic task context.

signals to focus strictly on generating the humor-
ous text. Consequently, it significantly improves
both the convergence speed and generation quality
under complex text constraints.

3 Experimental Setup

3.1 Data Partitioning

This study utilizes the 8,000 high-quality
“constraint-joke” pairs generated through the
reverse constraint generation process described
in Section 2. Prior to the formal experiments, we
performed a global shuffle on the entire dataset
and partitioned it into a training set of 7,500
samples and a validation set of 500 samples.
This allocation strategy is designed to preserve the
inherent complexity of the fine-tuning task while
providing a sufficiently independent validation
space to monitor the model’s fitting quality across
different training epochs.

3.2 Implementation Details

The proposed humor generation system is devel-
oped within the PyTorch environment (Paszke
etal., 2019), leveraging the transformers, peft,
and trl libraries from the Hugging Face ecosys-
tem (Wolf et al., 2020).
A pivotal element
paradigm is  the

of our
integration

fine-tuning
of the

DataCollatorForCompletionOnlyLM module.
Specifically, we configure the response boundary
identifier to strictly match the model’s native
assistant-turn delimiter. This architectural design
ensures that the cross-entropy loss is computed
exclusively on the tokens constituting the assis-
tant’s response. By setting the labels of the system
instructions and user constraints to the ignore
index (typically —100), we effectively sever the
model’s gradient memory of the prompt structure.
In practice, this instruction-masking strategy sig-
nificantly suppresses the probability of the model
memorizing fixed conversational templates or
suffering from formatting hallucinations, thereby
channeling all parameter updates entirely into the
generative logic of the humor itself.

3.3 Hyper-parameter Configurations

We utilized Qwen2.5-3B-Instruct as the base
model. To achieve optimal performance in a
resource-constrained environment, we employed a
4-bit QLoRA fine-tuning scheme.

The choice of learning rate (2 x 10~%) was de-
termined through a series of preliminary empirical
experiments on the validation set, which demon-
strated that this value achieved the optimal balance
between accelerating convergence and preventing
catastrophic forgetting of the base model’s conver-
sational capabilities. Diverging from the conven-
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tional practice of fine-tuning only the attention lay-
ers, our ablation tests led us to expand the LoRA
(Hu et al., 2022) adapter’s scope to all linear pro-
jection layers of the model, including gate, up,
and down_proj. The specific configurations are
detailed in Table 1. Further details of the standard
training process can be found in Appendix A.

Hyper-parameter Value

Base Model Qwen2.5-3B-Instruct
Learning Rate 2x107*
LoRA Rank (r) / Alpha (@) 64/128
Optimizer paged_adamw_32bit
Max Sequence Length 1,500
Training Epochs 3

Table 1: Key hyper-parameters for instruction-masked
QLoRA fine-tuning.

3.4 Evaluation Metrics

In accordance with the SemEval-2026 Task 1 of-
ficial requirements, the final system ranking is de-
termined by the Elo Rating (Chiang et al., 2024).
This score is obtained through **Pairwise Human
Preference** testing, where annotators compare
outputs from two systems in a blind test environ-
ment to determine a winner based on humor inten-
sity and constraint adherence.

To improve internal iteration efficiency, we in-
troduced two additional automated evaluation met-
rics:

* Hard Constraint Check: A rule-based
Python script used to verify whether the gen-
erated text fully incorporates the preset key-
words and aligns with the semantics of the tar-
get news headline.

* LLM-as-a-Judge (Zheng et al., 2023): Fol-
lowing recent trends in generation evaluation,
we utilized GPT-40 (OpenAl, 2023) to per-
form a 1-5 Likert scale scoring of the “humor
quality.” This provides an objective quantita-
tive benchmark to verify the effectiveness of
our instruction masking strategy before offi-
cial submission.

4 Results and Analysis

4.1 Main Results

The primary evaluation results of our proposed hu-
mor generation system are presented in Table 2.
Our Instruction-Masked (IM) Qwen2.5-3B model

achieves a remarkable Constraint Adherence (C-
Acc) of 94.6% and an LLM-Judge score of 4.25
out of 5. Furthermore, it secured an Elo rating of
903 on the official leaderboard, comprehensively
outperforming the vanilla SFT baseline across all
dimensions.

Model C-Acc LLM-Judge Elo
Vanilla SFT  72.4% 3.12 785
Ours (IM) 94.6% 4.25 903

Table 2: Main results on the constrained humor genera-
tion benchmark.

4.2 Ablation: The Decisive Role of
Instruction Masking

The most transformative improvement brought
by the Instruction Masking strategy is the com-
plete elimination of “formatting hallucinations”
and “template collapse.” Through an empirical ob-
servation of 300 test samples, we discovered that
over 54% of the outputs from the vanilla base-
line devolved into meaningless conversational tem-
plates (e.g., repetitively starting with interjections
such as “Oh my!” or “Well,”). These outputs
were overwhelmingly verbose and unamusing, fun-
damentally failing to constitute valid jokes.

5 Conclusion

By setting the loss weight of the System and User
prompts to —100 during the training phase, our
model learned to treat these constraints strictly as
conditional inputs, rather than an output probabil-
ity distribution that needs to be mimicked. This
mechanism forces the model to dedicate 100% of
its computational capacity to restructuring the hu-
morous logic. Consequently, our model delivers
crisp punchlines with an average length of just
45 characters, completely free of conversational
fillers. As a direct result, the C-Acc score surged
by more than 20% compared to the baseline.

5.1 Case Study and Limitations

To intuitively demonstrate the generation quality,
we conduct a comparative case study using sam-
ple zh_2239, as shown in Table 3. When faced
with a tech news headline about a massive 245TB
SSD, the vanilla baseline acted as a mere “re-
peater,” pointlessly regurgitating the capacity num-
bers and making a stale comment about download-
ing movies. In stark contrast, our model astutely
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Wrt AR 1A SSD Irfifif, A TaiRmik 245TB! R FaEASRIR T, JEORAE “Arfif i
T, W2 “AEENE) + KA. BRVAUG RN CER CPU IR, BF RIS

[Trans.] I heard Huawei made a 245TB SSD! This is cracking people up, turns out its not “storage

as computing power”, but “storage as computing power + big hard drive”. Looks like when buying a
computer in the future, you not only need to check the CPU and GPU, but also how many movies your

KA T o AT R BT T 245TB S bR, IRFRAEB AT AR R 2 AL A SE T

Constraint £ 245TB SSD il: “fE£figRIsh” B B9z
(Headline)  (Huaweis 245TB SSD makes “storage as computing power” a reality)
Vanilla
AL D T ey, BT
Baseline
hard drive can hold! Haha, now even computing...
Ours
“THIB”, WZRGE S PRI AN R 35 -
M

[Trans.] This is terrifying. If my computer is actually filled with 245TB of dog poop, I must “clean it
up” before running any program, otherwise the system will crash from indigestion.

Table 3: Comparative case study demonstrating expectation violation.

crafted an absurd scenario of a computer suffering
from “indigestion” after being filled with 245TB of
junk data. This biological metaphor perfectly exe-
cutes the core mechanism of humor: expectation
violation.

Admittedly, the model exhibits certain limita-
tions. When encountering exceedingly rare vo-
cabulary constraints, the model may occasionally
prioritize linguistic fluency over comedic tension,
thereby slightly diminishing the intended humor-
ous effect.

Addressing the pervasive issues of formatting
hallucinations and template collapse in constrained
humor generation, we introduced and validated a
lightweight Instruction Masking fine-tuning strat-
egy for SemEval-2026 Task 1.

By enforcing a hard intervention on the loss
calculation boundary during the training phase of
the Qwen2.5-3B base model, we constrained the
parameter optimization to focus exclusively on
restructuring comedic logic. Empirical evalua-
tions confirm that this approach completely elim-
inates the model’s reliance on meaningless conver-
sational templates, such as repetitive interjections,
successfully driving the hard constraint adherence
(C-Acc) up to 94.6%.

While a subtle trade-off between linguistic flu-
ency and comedic tension remains when integrat-
ing exceedingly rare vocabulary, this study estab-
lishes a highly robust and reproducible engineering
baseline for strictly controllable generation tasks
under limited computational resources.
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A Training Process Details

Following standard parameter-efficient fine-
tuning practices, our system utilizes 4-bit QLoRA
to balance computational efficiency and perfor-
mance. During the base model loading phase,
we enabled NF4 quantization and Double Quan-
tization to minimize VRAM consumption. The
training process was conducted on a single
standard GPU workstation.

1121



