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Abstract

Large language models are widely used for
code generation, yet they rely on an implicit
assumption that the task descriptions are suffi-
ciently detailed and well-formed. However, in
practice, users may provide defective descrip-
tions, which can have a strong effect on code
correctness. To address this issue, we conduct a
large-scale empirical analysis evaluating the ro-
bustness of 10 code LLMs across 3 benchmarks
under three natural language defect types: Lex-
ical Vagueness (LV), Under-Specification (US),
and Syntax/Formatting (SF). Our results show
that defect impact is not uniform: Under-
Specification causes Pass@1 drops of up to
15.3% with no model immune, including state-
of-the-art reasoning models; Lexical Vague-
ness produces moderate, benchmark-dependent
degradation; and surface formatting noise has
negligible effect. Crucially, robustness is
shaped more by the properties of the task de-
scription than by the size or architecture of the
model, in contrast to prior perturbation studies
reporting uniform degradation across models.
Second, to address these defects before they
reach the model, we develop SpecValidator, a
lightweight LoRA-fine-tuned classifier based
on a 1.5B code model, achieving F1 = 0.84
and MCC = 0.79, significantly outperforming
few-shot GPT-5-mini (F1 = 0.43) and Claude-
Sonnet-4 (F1 = 0.56), and demonstrating that
strong code generation ability does not trans-
fer to prompt meta-reasoning. Perhaps more
importantly, our analysis indicates that Spec-
Validator can generalize to unseen issues and
detect unknown Under-Specification defects in
the original (real) descriptions of the bench-
marks used.

1 Introduction

Large language models (LLMs) such as CodeL-
lama (Roziere et al., 2023) and Qwen Coder (Hui
etal., 2024), along with related LLM agents (Singh
et al., 2025; Anthropic, 2025), increasingly sup-

port developers across a broad spectrum of pro-
gramming tasks, such as code generation (Jiang
et al., 2026). Previous work demonstrates their
practical impact: Al-based coding tools boost de-
veloper productivity (Peng et al., 2023). In par-
allel, evaluation methodologies have evolved sub-
stantially. Benchmarks such as HumanEval (Chen
et al., 2021), MBPP (Austin et al., 2021), and Live-
CodeBench (Jain et al., 2025) have progressively
refined how code correctness is measured, through
denser test suites, contamination-free problem sets,
and richer formal specifications.

Yet all of the above evaluate the generation of
code on well-formed and sufficiently described
task descriptions. However, in practice, natural
language descriptions are inherently imprecise and
may be subject to several description issues, similar
to specification defects that appear in software spec-
ifications (Colburn et al., 1993; van Lamsweerde,
2009; Larbi et al., 2025; Vogelsang et al., 2025).
Therefore, task descriptions can include vague ter-
minology, omit edge-case constraints, or may con-
tain surface-level noise, such as typographical and
formatting errors, all of which can drastically affect
the correctness of the generated code (Larbi et al.,
2025; Jia et al., 2025; Zhu et al., 2024; Wu and
Fard, 2025).

To address this issue, we developed SpecValida-
tor, a simple classifier to automatically detect such
task description defects prior to code generation.
SpecValidator is a lightweight LoRA-fine-tuned
predictor trained on a set of artificially injected
defects. In particular, we define and apply three
defect types — Lexical Vagueness (LV), Under-
Specification (US), and Syntax and Formatting (SF)
— reflecting the key issues task descriptions may
have, based on which we fine-tune our predictor
and check its ability to detect them.

We evaluate 10 LLMs spanning from small (6-
7B) to large open-source (15-34B) and state-of-
the-art reasoning models across 3 benchmarks and



found significant degradation in the models’ code
correctness. Interestingly, our results show that the
structural characteristics of the task descriptions
play an important role on the correctness of the
generated code. Under-Specification causes the
most significant drops, of up to 15.3%, with no
model being robust, while benchmarks with richer
contextual grounding, such as LiveCodeBench, are
substantially more resilient. Lexical Vagueness pro-
duces moderate and benchmark-dependent degra-
dation, whereas surface formatting issues have a
negligible effect.

SpecValidator shows strong defect detection per-
formance with F1 = 0.84 and MCC = 0.79,
outperforming significantly few-shot GPT-5-mini
(F1 = 0.43 and MCC = 0.23) and Claude Son-
net4 (F1 = 0.56 and MCC = 0.42). Perhaps
more importantly, by applying SpecValidator on
the original set of task descriptions, we reveal that
these surprisingly contain Under-Specification de-
fects (confirmed via thorough manual inspection).
This demonstrates the ability of SpecValidator to
detect real specification defects. This finding could
raise a broader concern: if standard benchmarks
contain latent specification defects, reported perfor-
mance differences across models may partly reflect
description quality rather than model capability.

The main contributions of this paper are:

* A large-scale analysis of 10 models and 3
benchmarks, showing that defects’ impact is
shaped both by defect type and task descrip-
tion structure.

» SpecValidator A lightweight defect detector, a
Qwen2.5-Coder-1.5B LoRA fine-tune model,
achieving F1=0.84 and MCC =0.79, outper-
forming both GPT-5 mini and Claude Son-
net 4. SpecValidator is capable of detecting
real description defects in the benchmarks we
use.

* A publicly available dataset of 6,573 defective
task description instances, supporting replica-
tion and future research on task description
and benchmark design.

2 Related Work

2.1 LLM-based code generation and
evaluation

The HumanEval (Chen et al., 2021), MBPP (Austin
et al.,, 2021) and EvalPlus (Liu et al., 2023)

benchmarks evaluate functional correctness us-
ing test pass rates (e.g. pass@k). Live-
CodeBench (Jain et al., 2025) mitigates bench-
mark contamination by continuously introducing
new competitive-programming problems, while
BigCodeBench (Zhuo et al., 2025), and Siddiq
et al. (Siddiq et al., 2024) extend evaluation to
more complex, library-intensive tasks that require
diverse API usage and more realistic programming
workflows. Open-weight models include Code
Llama (Roziere et al., 2023), StarCoder2 (Lozhkov
et al., 2024), DeepSeek-Coder (Guo et al., 2024),
and Qwen2.5-Coder (Hui et al., 2024), while pro-
prietary systems such as GPT-5 (Singh et al., 2025)
and Claude Code (Anthropic, 2025) represent the
state of the art in commercial deployments. De-
spite the growing diversity of benchmarks and mod-
els, evaluation practices remain largely focused on
correctness under well-specified task descriptions,
leaving model behavior under realistic description
defects unexplored.

2.2 Prompt engineering for code tasks

Li et al. (Li et al., 2025) proposed Structured
Chain-of-Thought (SCoT) prompting, which de-
composes generation through program-structure-
aware intermediate steps (Wei et al., 2022), yield-
ing consistent improvements over standard prompt-
ing on HumanEval and MBPP. Test-driven feed-
back loops (Fakhoury et al., 2024) ask users to
refine the task description using feedback from
tests generated from the original description, using
a multi-turn LLM dialog. Self-Debugging (Chen
et al., 2024) teaches models to self-identify and
correct errors in their own outputs via execution-
guided feedback. These studies focus on the gen-
eration of correct code from well-specified, suffi-
ciently detailed descriptions and excluding poten-
tial defects.

2.3 LLM robustness on prompt perturbations

ReCode (Wang et al., 2023) studied over 30
semantic-preserving transformations (e.g., variable
renaming, dead-code insertion, and docstring re-
formatting), revealing substantial but uneven per-
formance degradation. Mastropaolo et al. (Mas-
tropaolo et al., 2023) showed that semantically
equivalent paraphrases of Javadoc can alter the
GitHub Copilot output in nearly half of the cases,
affecting correctness 28% of the cases. NLPertur-
bator (Chen et al., 2026) proposed 18 categories
of natural-language variations from real developer
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Figure 1: Dataset construction. Defects are generated
with GPT-5-mini with defect quality being scored by a
Qwen-32B evaluator. Defective descriptions are then
manually verified by 3 human reviewers.

data, while Rabbi et al. (Rabbi et al., 2026) ex-
tended the analysis to multiple programming lan-
guages. Shirafuji et al. (Shirafuji et al., 2023)
demonstrated that code LLMs are highly sensitive
to superficial modifications of problem descrip-
tions. Sclar et al. (Sclar et al., 2024) highlighted the
sensitivity of LLMs to prompt formatting, showing
that minor changes such as whitespace or casing
impacts code correctness, and PromptRobust(Zhu
et al., 2024) showed contemporary LLMs suffer
up to 39% average performance drops from word-
level perturbations (Zhu et al., 2024; Xia et al.,
2024). Larbi et al. (Larbi et al., 2025), found that
code correctness is strongly affected by ambiguous,
incomplete, and contradictory descriptions.

Our work differs from this line of research in two
ways. First, prior studies (NLPerturbator (Chen
et al., 2026), Larbi et al. (Larbi et al., 2025), Re-
Code (Wang et al., 2023)) find that no model is ro-
bust to their perturbations. We instead show that on
LiveCodeBench, all ten models stay within +2%
Pass@]1 under every defect type, including Under-
Specification. This indicates that robustness is not
a model property but a property of the task descrip-
tion. Second, we use these defect types toward a
different goal: beyond structural analysis, we pro-
vide the first detection approach for such defects, a
small, locally deployable model that outperforms
frontier LLMs.

3 Dataset Construction

Figure 1 shows the dataset construction process.
Starting from three code-generation benchmarks,
we apply three complementary defect-injection
strategies to produce our benchmark. Data qual-
ity is assessed in two levels: automated evaluation
by an independent LLM judge across all 6,573
mutated instances, and manual inspection of a strat-

 ified random sample for ground-truth calibration.

3.1 Benchmarks

We select three code-generation benchmarks that
cover a range of task types, from structured
function completion to natural-language descrip-

" tions to full programming problems. This vari-

ety helps us evaluate model performance across
different levels of difficulty, description styles,
and reasoning requirements. Table 1 records
the key characteristics of the benchmarks we
use. HUMANEVAL (Chen et al., 2021) uses struc-
tured docstrings with typed function signatures;
MBPP (Austin et al., 2021) provides short, infor-
mal descriptions in natural-language with minimal
scaffolding; and LIVECODEBENCH (Jain et al.,
2025) provides competitive-programming problem
statements with explicit numerical bounds and for-
mal input/output contracts. All benchmarks are for
Python.

3.2 Generating defective task descriptions

We construct defective task descriptions by system-
atically mutating original descriptions. Some ex-
amples of our mutations are provided in Appendix
Table 7. We generate three defects per task de-
scription (one per defect type). In cases where the
original descriptions are too short or have no con-
straint to delete, no defective variant is produced.
Mutations are applied only to task descriptions:
reference solutions, test cases, and evaluation har-
nesses are not modified, so any observed change
(e.g. in Pass@1 metric) is solely attributable to the
altered description.

We generate defective descriptions with
gpt-5-mini (via the OpenAl Batch). We prompt
the model to mutate original descriptions using a
predefined set of transformation rules. To ensure
that the generated descriptions comply with our
requirements, we use an LL.M-as-a-judge to assign
compliance scores. In case the scores are not
above 85% for all defect types and benchmarks,
we manually inspect the low-compliance defective
descriptions and refine our prompt to gpt-5-mini
until we reach at least this 85% compliance
threshold. All our generation prompts are available
in the replication package.'.

1https: //github.com/serval-uni-1lu/Prompt_
defect_detection/tree/main
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Table 1: Overview of the three benchmarks used in our experiments

Benchmark Size Task style Complexity L g Evaluation
HumanEval 164 Function completion (docstring) Easy-Medium Python Unit tests
MBPP 974 NL description of short programs Easy Python Unit tests
LiveCodeBench 1,055  Competitive programming(full problem statement) Easy—Hard Python stdin/stdout

3.2.1 Defect Types

Previous work has identified token perturbations
and lexical ambiguity as a source of performance
variance in code generation models (Wang et al.,
2023; Chen et al., 2026; Larbi et al., 2025). Miss-
ing or under-specified requirements can also cause
models to generate code that is syntactically cor-
rect but semantically incorrect (Mu et al., 2024; Jia
et al., 2025; Fakhoury et al., 2024; Hamidi et al.,
2026). Surface-level formatting noise, while seem-
ingly superficial, has been shown to induce perfor-
mance swings in open-source LLMs (Sclar et al.,
2024; Wang et al., 2023). Together, these three de-
fect classes (lexical vagueness, under-specification,
and syntactic/formatting corruption) represent or-
thogonal failure modes that cover the main ways
a natural-language specification defect can appear
in the user prompts. Representative examples are
provided in Appendix Table 7

3.2.2 Mutation Operators

Lexical Vagueness (LV) LV mutations replace
precise, task-relevant vocabulary with semantically
broader or less informative alternatives, reducing
the specificity of the task without removing any
explicit constraint. This mirrors the paraphras-
ing and synonym-substitution perturbations studied
by Wang et al. (Wang et al., 2023) and Chen et
al. (Chen et al., 2026). Concretely, an LV mutation
consists of the following transformations:

* Replace domain-specific terms with broader syn-
onyms (e.g., sort — arrange).

* Weaken action verbs to less precise ones (e.g.,
insert — put).

* Rename function and parameter identifiers with
less informative synonyms (e.g., delimiter —
filler).

* Generalize or remove type annotations.

* Make multiple lexical changes, compounding the
ambiguity.

Under-Specification (US) US mutations remove
one explicit constraint from the task description,
producing a description that remains grammatically
well-formed but is semantically under-specified.

This defect type is motivated by empirical find-
ings that incomplete requirements cause most of
the intent mismatch in LLM-based code genera-
tion (Larbi et al., 2025). To ensure under-specified
defects, we restrict deletion to the following ele-
ments of the description:

* Numeric bounds or threshold values.

* Ordering or sorting rules.

* Input preconditions or domain restrictions.
Output edge-case behavior.

Formula or behavioral pinning constraints.
* Error or exception handling requirements.

Output type or format constraints.

Syntax and Formatting (SF) SF mutations in-

troduce surface-level noise into the task description

without altering its semantic content, targeting the

susceptibility of LLMs to low-level textual corrup-

tion (Sclar et al., 2024). Sclar et al. (Sclar et al.,

2024) demonstrated that format variations alone

can have a significant impact, motivating this de-

fect type. Each SF mutation applies one of the

following corruption types:

» Token-level corruption (character transposition,
typos).

* Delimiter, bracket, or colon corruption.

* Indentation or whitespace layout corruption.

» Example-block formatting corruption.

3.3 Defect validation

We assess defect quality at two levels: automated
scoring by an independent LLM judge and manual
inspection of a stratified sample.

Automated assessment. We use Qwen2.5-
Coder-32B-Instruct (Hui et al., 2024) as the judge,
a strong open-source code model distinct from the
generation model (gpt 5-mini), deployed locally
for reproducibility. Each mutant is scored for com-
pliance (mutation correctly applied) and natural-
ness (reads like a real user prompt). The LV and SF
mutations achieve near-perfect compliance (0.98—
1.00) and naturalness (0.96—1.00). US shows lower
compliance (0.85-0.89), mainly due to structural
constraints in shorter MBPP prompts and stricter
LiveCodeBench specifications.



Manual validation. Three researchers indepen-
dently annotated a stratified random sample of 100
mutants (~11 per benchmark—defect pair), using
the same compliance and naturalness criteria, with
disagreements resolved by majority vote. Human
annotators rated 97% of instances as compliant and
86% as natural, closely matching the automated
judge.

4 Study Design

4.1 Research questions

Developers typically write imperfect descriptions:
they may use imprecise vocabulary, omit edge
cases, or write noisy statements. The robustness of
code LLMs to such issues remains underexplored,
and there is also no systematic infrastructure to de-
tect or mitigate these defects. Our work explores
the following questions:

RQ1 (Impact of defects): How do lexical
vagueness, under-specification, and syntactic
noise affect generated code correctness across
benchmarks of varying complexity? We evaluate
10 LLMs (3 small, 5 large, 2 reasoning) on Hu-
manEval, MBPP, and LiveCodeBench. For each
benchmark, we introduce 3 types of defects (US,
LV, SF). We measure the performance of each
model in generating correct code using the Pass@1
metric.

RQ2 (Defect detection): Can a small fine-
tuned model detect description defects as well
as large model baselines? We fine-tune Qwen?2.5-
Coder-1.5B under three parameter budgets (linear
probe, LoRA, full fine-tuning) and compare against
zero-shot and few-shot GPT-5-mini and Claude
Sonnet 4.

RQ3 (Defect detection on original prompts):
Does SpecValidator detect (unseen) real-world
defects? We apply it to the original benchmark
descriptions and verify whether flagged instances
reflect real specification gaps.

4.2 Defect detection and SpecValidator

We classify task descriptions in one of four cate-
gories: CLEAN, LV, US, or SF. We evaluate two
families of approaches.

Proprietary LLM systems. We query GPT-5-
mini and Claude Sonnet 4 with a structured prompt
that presents the code generation task description
and instructs the model to identify the defect type,
if any. In addition to the zero-shot setting, we also
evaluate a few-shot variant (Brown et al., 2020)

where the model is provided with four labeled
examples prior to classification. These serve as
strong, training-free baselines: they require no la-
beled data or fine-tuning, unlike SpecValidator, and
answer a different question: whether practitioners
can rely on off-the-shelf frontier models to audit
prompts, or need a specialized model.

SpecValidator (fine-tuned classifier) We fine-
tune Qwen2.5-Coder-1.5B (Hui et al., 2024) as a
sequence classifier on a labeled dataset constructed
from our mutation approach. Each example con-
sists of a task description (original or mutated)
paired with its defect label. We train in three pa-
rameter budgets to assess the cost—accuracy trade-
off: (i) linear probing, where only the classifica-
tion head is trained and the backbone is frozen;
(i) LoRA adaptation, where low-rank updates are
applied to attention projection layers as described
in the Appendix (implementation details); and
(>ii1) full fine-tuning, where all parameters are up-
dated.

The dataset comprises 2,193 original descrip-
tions (164 HumanEval, 974 MBPP, 1,055 Live-
CodeBench) and 6,573 mutated descriptions (up to
three LV/SF/US variants per original, 6 excluded
as inapplicable), for 8,766 samples in total, a 1:3
ratio of original to mutated, not an equal split. Four
MBPP originals are exact duplicates of another
original filed under a different task identifier; we
account for this in the split below.

The dataset is split 80/20 into train and validation
sets. The split is problem-disjoint: each original
description, together with its LV/SF/US mutants
and any duplicates of the original, is assigned en-
tirely to one side, so no source problem spans both
sides. Within this constraint, the split is stratified
by benchmark and difficulty (LiveCodeBench’s na-
tive easy/medium/hard rating; a within-benchmark
solution-length tercile for HumanEval and MBPP)
to preserve class balance. The fine-tuning is per-
formed twice with seeds 42 and 123456, and the

reported metrics are averaged across both runs.
2

5 Experimental Results

5.1 Impact of defects on code generation

Table 2 summarizes the evaluation of ten code
LLMs on three benchmarks (HumanEval, MBPP,
and LiveCodeBench) under three types of mutation:

Replication  package: https://github.com/
serval-uni-1lu/Prompt_defect_detection/tree/main
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Under-Specification (US), Lexical Vagueness (LV),
and Syntactic/Formatting errors (SF). The results
show that these mutation types induce substantially
different levels of performance degradation in mod-
els and benchmarks, suggesting that description de-
fects vary in their impact and should not be treated
uniformly.

Under-specification is consistently the most
damaging mutation. As shown in Table 2, US
mutations cause Pass@1 drops of 7.9-15.3% on
HumanEval across all model scales. Even state-of-
the-art reasoning models are substantially affected:
GPT-5-mini and Claude Sonnet 4, despite baselines
of 96.3% and 95.7% respectively, each decline by
9.7%. A consistent pattern holds on MBPP, where
US induces drops of 5.1-10.8% across all tiers.

This pattern holds uniformly across all model
families, with no model showing immunity at any
scale or architecture. The uniformity of this degra-
dation across architectures and scales indicates that
the cause is intrinsic to the mutation itself: remov-
ing a constraint leaves the specification compatible
with multiple plausible implementations, most of
which are incorrect.

Lexical vagueness produces benchmark-
dependent, moderate drops. On HumanEval,
LV mutations produce drops ranging from 1.3%
(Qwen2.5-Coder-32B) to 12.2% (DeepSeek-Coder-
6.7B), with CodeLLlama-7B and StarCoder2-15B
losing 7.9% and 11.6%, respectively (Table 2). The
nearly negligible drop for Qwen2.5-Coder-32B sug-
gests that larger Qwen-family models are better cal-
ibrated to lexical synonymy. On MBPP, however,
LV-induced drops shrink markedly across all tiers,
ranging from only 1.5% to 3.2%, indicating that
the shorter and more informal task description style
of MBPP limits the impact of vocabulary-level am-
biguity.

Surface-level formatting noise has minimal
impact. SF mutations produce drops below 3.7%
on HumanEval and below 1.6% on MBPP for vir-
tually all models (Table 2), with several models
showing marginal gains (e.g., DeepSeek-Coder-
33B: +1.8% on HumanEval; Qwen2.5-Coder-32B:
+1.2%). Across all benchmarks and models, typo-
graphical noise is the weakest of the three mutation
types. This suggests that code-specialized LLMs
are robust to surface-level corruption, extending the
observations of Sclar et al. (Sclar et al., 2024), from
general-purpose LLMs to code generation ones.

LiveCodeBench is nearly immune to all muta-
tion types. In all models, Pass@1 deltas on LCB

remain within £2.0% for all defect types (Table 2),
with many models recording marginal gains under
US (e.g., StarCoder2-15B: +1.2%; CodeLlama-
7B: +0.3%). This near-zero sensitivity stands in
sharp contrast to HumanEval and MBPP, where
drops are consistent and large. This is explained
by the benchmark design: LCB problems include
explicit sample input/output examples, so models
can reconstruct the correct solution from the ex-
amples alone. US mutations remove one textual
constraint while the sample I/O, which often en-
codes the same constraint implicitly, remains intact.
Consequently, we find that descriptions with richer
context leads to more robustness in code genera-
tion, highlighting an important boundary condition
for the generality of our findings.

Model size does not relate to robustness; sen-
sitivity is description-dependent. Comparison
of small and large models shows that model size
does not relate to model robustness. GPT-5-mini
and Claude Sonnet 4 lose nearly 10% on code cor-
rectness due to US defects. Sensitivity appears
to be description-dependent rather than capacity-
dependent: Table 2 shows different decreases in
Pass@1 across all pairs of model-defect types, sug-
gesting that model size alone does not determine a
clear trend.

RQ1 Takeaway. Not all defect types
harm code generation equally: Under-
Specification degrades performance by
up to 15% on HumanEval and MBPP, LV
causes moderate losses, and SF is negligi-
ble. Benchmarks with richer, more realis-
tic descriptions, such as LiveCodeBench,
are inherently more resilient to descrip-
tion defects. Model size and architecture
alone do not determine robustness.

5.2 Defect detection

The RQI1 results suggest that the robustness to de-
fects is primarily determined by the characteristics
of the input description, rather than the underlying
models. Consequently, improving the correctness
of code generation requires identifying and address-
ing defects before code generation.

Table 3 reports the classification performance
of all five approaches (embedding projections in
Appendix Figure 4)

Zero-shot frontier models perform poorly in
defect classification. GPT-5-mini achieves an
F1 of 0.480 and an MCC of 0.294, barely above



Table 2: Pass@]1 results on all benchmarks and mutation types. For each mutation (US, LV, SF), Pass@1 deltas wrt
to the original are shown in red (J drop) and green (1 gain). US = Under-Specification; LV = Lexical Vagueness; SF

= Syntax and Formatting.

‘ HumanEval ‘ MBPP ‘ LiveCodeBench

Model | Orig Us LV SF | Orig US LV SF | Orig US LV SF
Small models (<7B)

CodeLlama-7B 372 293079 293]79 37.2=| 333 268]65 31.2]2.1 337104 8.1 84103 8210.1 7.8]03
DeepSeek-Coder-6.7B | 72.6 57.3]153 60.4]122 68937 | 441 362]79 41.6/25 435/0.6| 163 160/03 148[1.5 152]1.1
Qwen2.5-Coder-7B 823 677146 756]6.7 81.7/0.6| 50.1 41.2/89 486/1.5 49.0]1.1 | 20.5 203/0.2 2227117 20.5=
Large models (15B—34B)

StarCoder2-15B 659 5120147 543|11.6 62.8/3.1 | 42.1 353[6.8 39.7/2.4 42.1= 6.8 80f71.2 73105 7.610.8
Codestral-22B 72.6 585141 652074 70.7/19 | 47.6 38987 45.0/2.6 47.710.1 | 23.0 225005 22.7]/0.3 22.6]04
CodeLlama-34B 512 42.1]9.1 45.106.1 50.0/1.2 | 379 29.7]82 347]32 363|1.6| 13.6 11.6/2.0 13.1]0.5 124[1.2
DeepSeek-Coder-33B | 72.0 61.6/10.4 68337 738711.8 | 47.0 39.8|7.2 454|1.6 46406 | 203 19407 199,04 18.8/1.5
Qwen2.5-Coder-32B 854 7320122 84.1]1.3 86.671.2 | 51.6 40.8/10.8 48.6]3.0 51.4]02| 320 30.6]1.4 31.7/03 31.2/0.8
Reasoning models (API)

GPT-5-mini 963 86.6/9.7 89.0/7.3 93.3[3.0| 497 44.6|5.1 469[2.8 495]02| 525 4854.0 52.5= 532707
Claude Sonnet 4 95.7 86.0/9.7 89.0/6.7 95.7=1 53.0 44.1/89 503]2.7 535105 | 51.1 49.6/1.5 499]1.2 50.7/04

chance for a four-class problem. Claude Sonnet 4
performs worse (F1=0.410, MCC=0.238) but still
falls well short of practical utility. This result is
notable because both models achieve the highest
Pass@]1 scores in RQ1; strong code generation
does not transfer to meta-reasoning about descrip-
tion quality in a zero-shot regime.

Few-shot prompting provides limited gains
for frontier models. Supplying four in-context
examples yields a larger improvement for Claude
Sonnet 4 (F1=0.560, MCC=0.427), while GPT-5-
mini shows no consistent benefit and slightly de-
grades overall performance (F1 = 0.430, MCC =
0.235). This suggests that, unlike generation tasks,
defect classification is not easily improved through
in-context learning alone.

Even a frozen linear probe substantially
outperforms few-shot frontier models. Train-
ing only a linear classification head on frozen
Qwen2.5-Coder-1.5B embeddings yields F1=0.755
and MCC=0.681, a jump of 19.5% in F1 over
Claude Sonnet 4 while updating just 0.0004% of
parameters. This gap is not explained by supervi-
sion alone: even a near-frozen model outperforms
prompted frontier models by a wide margin, indi-
cating that defect detection is hard for LLMs used
training-free.

SpecValidator with LoRA fine-tuning
achieves the best classification performance,
outperforming full fine-tuning. With only
0.14% of the parameters updated, LoRA achieves
F1=0.845 and MCC=0.791, the best results
across all classifiers. In contrast, complete
fine-tuning (100% parameters) performs slightly
worse (F1=0.815, MCC=0.761). The cause is

likely overfitting: the dataset, while containing
8766 instances, is still constrained in size, and
full fine-tuning may degrade the backbone’s
generalization across the input distribution.
This result advocates for LoRA as the practical
choice: superior accuracy, dramatically lower
computations, and local deployability.

The ambiguity between clean and under-
specified descriptions is the dominant error
mode. Unlike LV and SF mutations, which in-
troduce detectable surface signals, US mutations
remove a constraint without leaving any positive
textual trace: the resulting defective description
is grammatically well-formed and stylistically in-
distinguishable from a clean one. This makes the
clean/US boundary structurally harder to learn, as
the classifier must detect the absence of informa-
tion rather than the presence of an anomaly. Under
all three fine-tuning regimes, SF and LV form well-
separated clusters, while US and CLEAN exhibit
the greatest residual overlap, a pattern visible in
the embedding projections reported in Appendix
Figure 4. The LoRA projection shows much better
separation compared to the linear probe, yet the
US/clean boundary remains challenging.

RQ2 Takeaway. SpecValidator with
LoRA fine-tuning of a 1.5B code model
achieves F1=0.84 and MCC=0.79, out-
performing both zero-shot and few-shot
GPT-5-mini and Claude Sonnet 4 by a
wide margin, and also outperforming full
fine-tuning. The dominant confusion is
between the clean and US classes.



Table 3: Classification results for LV, SF, US, clean; macro-averaged metrics, reported as the mean over two seeds.
GPT-5-mini and Claude Sonnet 4 are evaluated zero-shot and few-shot (4 examples) as baselines.

Classifier Trainable % | Accuracy Precision Recall F1 MCC
GPT-5-mini (zero-shot) 0% 0.47 0.490 0470 0.480 0.294
Claude Sonnet 4 (zero-shot) 0% 0.42 0.500 0.420 0410 0.238
GPT-5-mini (few-shot) 0% 0.42 0.480 0.420 0.430 0.235
Claude Sonnet 4 (few-shot) 0% 0.56 0.590 0.560 0.560 0.427
Linear Probe 0.0004% 0.76 0.755 0.760 0.755 0.681
LoRA Fine-tune (r=16) 0.14% 0.85 0.845 0.845 0.845 0.791
Full Fine-tune 100% 0.82 0.825 0.815 0.815 0.761

5.3 Generalization to real (unseen) task
descriptions

The previous RQ results evaluate the classification
on test samples that include the mutated data. A
natural concern is whether the classifier general-
izes beyond this setting to detect real specification
issues in the original descriptions. To investigate
this, we analyze the classification on 438 clean de-
scriptions from the three benchmarks; we use the
test data of RQ2 (32 HumanEval, 195 MBPP, 211
LiveCodeBench). For each description, the classi-
fier predicts either clean or one of the three defect
classes (LV, US, SF); we treat any non-clean pre-
diction as a flagged defect. We then assess whether
flagged defects are truly problematic by measuring
Pass@1 on the original descriptions across all ten
models and by performing a manual inspection.
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Figure 2: Confusion matrix of the LoRA classifier.

As shown in Figure 2, 134 of the clean descrip-
tions are classified as US (123), LV (8), or SF (3).
Table 4 reports the classification of clean descrip-
tions from the validation set. Of the 438 descrip-
tions, SpecValidator flags 134 (30.6%) as defective:
11 from HumanEval, 61 from MBPP, and 62 from
LiveCodeBench (34.4%, 31.3%, and 29.4%, re-

Table 4: SpecValidator on the 438 real unseen (problem-
disjoint) descriptions. TN = correctly predicted
CLEAN; FP = incorrectly flagged as defective. Speci-
ficity = TN/ Total; FP rate = FP/Total.

Benchmark Total TN  FP  Specificity FP Rate

HumanEval 32 21 11 65.6% 34.4%

MBPP 195 134 6l 68.7% 31.3%

LCB 211 149 62 70.6% 29.4%

Total 438 304 134 69.4% 30.6%
spectively).

The defects flagged by the classifier yield near-
zero Pass@1 across all ten models, suggesting
that they are originally defective rather than ar-
bitrarily misclassified. Pass@1 on the flagged de-
scriptions confirms the same pattern (see Appendix
Table 6). For LiveCodeBench, 90.2% of flagged
defects fail across all models (failing on an average
of 8.2 out of 10, N = 61 of the 62 flagged items, as
one lacks Pass@1 ground truth); for MBPP, 60.7%
fail (failing on an average of 6.3 out of 10); for Hu-
manEval, 18.2% fail (failing on an average of 2.6
out of 10). These descriptions consistently prevent
correct code generation despite being labeled clean
in the ground truth benchmark.

70.5% of flagged MBPP descriptions are con-
firmed as under-specified upon manual inspec-
tion. Three researchers independently reviewed
the 61 flagged MBPP descriptions, which are
short enough for human assessment, and 43 of 61
(70.5%) cases are confirmed as under-specified.
Representative examples are given in Appendix Ta-
ble 5. The 62 LiveCodeBench cases could not be
inspected due to the length and complexity of com-
petitive programming statements, but their near-
zero Pass@1 is consistent with the same pattern.
Taken together, these results indicate that the clas-



sifier generalizes beyond the injected defects and
indicates latent quality issues in the benchmark
ground truth.

RQ3 Takeaway. SpecValidator flags
134/438 clean descriptions as defective,
with near-zero Pass@1 across all mod-
els (90.2% failure on LiveCodeBench,
60.7% on MBPP) and 70.5% manually
confirmed as defective on MBPP, demon-
strating generalization beyond synthetic
training data.

6 Conclusion

This study investigates the impact of task descrip-
tion defects on the LL.M-based code generation
and ways to automatically detect such defects.
We find that defect impact depends jointly on de-
fect type and benchmark specification structure:
Under-Specification is the most damaging class
(up to 15.3% Pass@1 drop, no model immune),
Lexical Vagueness causes moderate and structure-
dependent losses, and surface formatting noise is
negligible for code-specialized LLMs. Descrip-
tion structure, not model capacity, is the primary
predictor of robustness.

On the detection side, SpecValidator, a LoRA-
fine-tuned 1.5B classifier, achieves F1 = 0.84 and
MCC = 0.79, substantially outperforming frontier
models prompted zero-shot or few-shot, confirm-
ing that code generation ability does not transfer to
prompt meta-reasoning. Crucially, SpecValidator
generalizes beyond its training distribution, surfac-
ing real under-specification defects in three estab-
lished benchmarks. We release our dataset of 6,573
defective task descriptions to support future work
on prompt quality and benchmark design.

Limitations

Our study has several validity boundaries worth
noting. Regarding internal validity, mutations are
validated via a two-tier pipeline (automated LLM
judge + manual sampling), with human annotators
rating 97% of instances as compliant; nonetheless,
the subjectivity of "removing one constraint" in
US mutations means some MBPP prompts may be
borderline, and greedy decoding (temperature = 0),
while ensuring reproducibility, may underestimate
sampling variance. Regarding external validity, our
findings are based on three Python benchmarks;
results may not transfer directly to library-intensive
tasks (BigCodeBench) or multi-language settings,

and the near-immunity of LiveCodeBench to de-
fects may not generalize to all structured specifi-
cation formats. Our data is synthetically gener-
ated and validated for compliance; despite RQ3
confirming generalization to real latent defects, a
synthetic-to-human distribution gap may remain.
All open-source models use instruction-tuned vari-
ants; base models may exhibit higher sensitivity.
Model-family specific effects (e.g., low LV sensitiv-
ity of Qwen2.5-Coder-32B) should be interpreted
with caution. Known contamination in HumanEval
and MBPP may artificially compress sensitivity;
we include LiveCodeBench as a contamination-
free control. Regarding construct validity, Pass@1
treats all failures equally and cannot distinguish
near-misses from total failures. User prompts may
also contain compound or mixed defects that do
not fall cleanly into our three categories.
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A Implementation details

A.1 Selected LLMs

To study the impact of defects, we choose a diverse
set of code generation models to ensure that our
findings are not artifacts of a single architecture
or training regime. Models are grouped into the
following three categories/families:

* Small open-source models (~7B parame-
ters): Qwen2.5-Coder-7B (Hui et al., 2024),
DeepSeek-Coder-6.7B (Guo et al., 2024),
and CodeLlama-7B (Roziere et al., 2023).
These models are representative of deployable,
resource-constrained settings and are widely
used as baselines by the literature.

* Large open-source models (15B-34B pa-
rameters): Qwen2.5-Coder-32B (Hui et al.,
2024), DeepSeek-Coder-33B (Guo et al.,
2024), CodeLlama-34B (Roziere et al.,
2023), Codestral-22B (Mistral Al, 2024), and
StarCoder2-15B (Lozhkov et al., 2024). This
tier allows us to examine whether larger ca-
pacity yields greater robustness to prompt mu-
tations, independent of proprietary training
data or alignment procedures.

¢ Closed-source LLM-based systems: GPT-5
mini (Singh et al., 2025), and Claude Sonnet
4 (Anthropic, 2025). These represent the cur-
rent state-of-the-art in code generation and
serve as upper-bound references. Their in-
clusion enables a direct comparison between
frontier models and open-source alternatives
under identical evaluation conditions.

Collectively, this selection spans five model fam-
ilies, two provider categories (open-source and
proprietary), and two scale regimes, enabling con-
trolled cross-family and cross-scale comparisons.

A.2 Metrics

Pass@1 (Chen et al., 2021) is used as the primary
correctness metric, as it reflects the real-world sce-
nario where a developer accepts the model’s first
suggestion. This metric is the de facto standard
in code generation evaluation (Chen et al., 2021;
Austin et al., 2021) and enables a direct comparison
with previous work.

For the four-class mutation classification task
(LV, SF, US, CLEAN), we report the Matthews
Correlation Coefficient (MCC) (Matthews, 1975),
macro-F1, precision, recall, and accuracy. MCC is
preferred over accuracy when there is class imbal-
ance as it accounts for all entries in the confusion
matrix.

A.3 Technical Details

Inference. All models are run with greedy decod-
ing and temperature = 0, ensuring that the outputs
are theoretically deterministic given a fixed prompt.
Under this setting, each model produces exactly
one outcome per problem, and re-running the same
experiment yields identical results.

The reasoning models (GPT and Claude) are
queried via the OpenAl and Anthropic batch
APIs, while open-source models are served lo-
cally on NVIDIA A100 GPUs in float16 precision.
Generated solutions are extracted via markdown
fenced code block parsing, with fallback to model-
specific delimiters (e.g., CodeLLlama’s [PYTHON]
tags). Each solution is executed in an isolated sub-
process with a 20-second timeout. The code and
data are available. 3

LoRA fine-tuning. We apply LoRA (Hu et al.,
2022) to the attention projection layers with rank
r=16 and a=32, which prior work has identified
as an effective configuration for code model adapta-
tion (Hu et al., 2022; Dettmers et al., 2023; Houlsby
et al., 2019). Training uses AdamW (Loshchilov
and Hutter, 2019) with learning rate 2 X 1074,
weight decay 10~%, cosine decay scheduling, and
100 warmup steps. An effective batch size of 16 is
achieved via gradient accumulation. Early stopping
(patience = 4) is applied based on the validation
performance to prevent overfitting. All fine-tuning
experiments use both seeds 42 and 123456; the
results are averaged.

Replication  package: https://github.com/
serval-uni-1lu/Prompt_defect_detection/tree/main


https://openreview.net/forum?id=YrycTjllL0
https://openreview.net/forum?id=YrycTjllL0
https://github.com/serval-uni-lu/Prompt_defect_detection/tree/main
https://github.com/serval-uni-lu/Prompt_defect_detection/tree/main

Prompt used for zero-shot classification. (4 labeled ex-
amples are prepended in the few-shot setting.)

You are a code-benchmark quality auditor.
Classify the following coding prompt into
exactly one of:

Lv - The prompt uses vague or imprecise
wording.

SF - The prompt contains syntax or
formatting errors.

US - The prompt is missing a constraint or
condition.

CLEAN - The prompt is complete and

well-formed.

B Additional tables and figures

Table 5: Example UNDER-SPECIFIED (real) defects
detected by SpecValidator.

ID Prompt Ambiguity

MBPP Filter a dictionary based By what condition? A
277 on values. threshold?

MBPP Find the peak elementin  Local peak or global
466  the given array. max? Index or value?

MBPP Find the number of ro- Left or right rotation?
382  tations in a circularly Ascending or descend-
sorted array. ing?




Table 6: Pass@1 results on CLEAN test samples predicted as non-CLEAN by the classifier. F = pass@]1 False
(failing); P = pass@1 True (passing). The Misclassified row aggregates across all samples, taking the majority vote
across models per sample; the parenthetical reports the average number of models on which a misclassified sample
fails.

HumanEval MBPP LiveCodeBench
Model N F P %F Model N F P %F Model N F P %F
CodeLlama-34B 115 6 455 CodeLlama-7B 61 47 14 770 CodeLlama-7B 61 60 1 984
CodeLlama-7B 1 5 6 455 StarCoder2-15B 61 43 18 705 StarCoder2-15B 61 60 1 984
StarCoder2-15B 1 5 6 455 DeepSeek-Coder-6.7B 61 43 18 705 CodeLlama-34B 61 56 5 918
DeepSeek-Coder-6.7B 11 5 6 455 CodeLlama-34B 61 41 20 672 DeepSeek-Coder-33B 61 56 5 918
DeepSeek-Coder-33B 11 3 8 273 Codestral-22B 61 38 23 623 DeepSeek-Coder-6.7B 61 55 6 90.2
Qwen?2.5-Coder-32B 11 2 9 182 GPT-5-mini 61 38 23 623 Codestral-22B 61 52 9 852
Codestral-22B 1 2 9 182 DeepSeek-Coder-33B 61 36 25 59.0 Qwen2.5-Coder-7B 61 50 11 820
Qwen2.5-Coder-7B 11 2 9 182 Qwen2.5-Coder-32B 61 34 27 557 Qwen2.5-Coder-32B 61 42 19 689
GPT-5-mini 11 0 11 0.0 Qwen2.5-Coder-7B 61 32 29 525 Claude Sonnet 61 35 26 574
Claude Sonnet 11 0 11 0.0 Claude Sonnet 61 31 30 508 GPT-5-mini 61 34 27 557
Misclass. (2.6/10) 1 2 9 182 Misclass. (6.3/10) 61 37 24 60.7 Misclass. (8.2/10) 61 55 6 902

Relative Pass@1 drop under each mutation — (Orig — Mutated) / Orig x 100

HumankEval MBPP 1CB
GPT-5-mini 10.1% 10.3% 5.6% 0.4% 7.6% 0.0% -1.3%
30
Claude Sonnet 5.1% -0.9% 2.9% 2.3% 0.8% 25
] L 20
Qwen2.5-32B 5.8% 0.4% 4.4% 0.9% 2.5%
15

Codestral-22B 5.5% -0.2% 2.2% 1.3% 1.7% L 10

DeepSeek-33B 3.4% 1.3% 4.4% 2.0% 7.4%

StarCoder2-15B 5.7% 0.0%

< gain | loss —

Codellama-34B 8.4% 4.2% 14.7%

i
T
o
Relative Pass@1 drop (% of original)

Qwen2.5-7B
DeepSeek-6.7B 5.7% 1.4%

CodeLlama-7B 6.3% -1.2%

Us v SF Us Lv SF Us v SF

Figure 3: Pass@1 drop (%) with all defect types in all models and benchmarks, computed as (Orig—Mutated) /Orig x
100. Red cells indicate performance degradation; blue cells indicate a slight gain. Column labels: US = Under-
Specification; LV = Lexical Vagueness; SF = Syntax and Formatting.



t-SNE of classifier embeddings — Qwen2.5-Coder-1.5B (perplexity=30)

Linear Probe
(frozen backbone) LoRA Fine-tune Full Fine-tune

o ® SF ® us ® CLEAN

Figure 4: t-SNE projections (Van der Maaten and Hinton, 2008) of the embedding space of the classifiers (Qwen2.5-
Coder-1.5B backbone). From left to right: Linear Probe (frozen backbone), LoRA fine-tune, and Full fine-tune.

Table 7: Representative examples of the three mutation strategies. US: removes a constraint; LV: paraphrases
vocabulary and renames identifiers; SF: introduces typographical and formatting noise.

Mutation Prompt

HumanEval / 5

Original def intersperse(numbers: List[int], delimeter: int) -> List[int]: “Insert a number ‘delimeter’
between every two consecutive elements of ‘numbers’.” »> intersperse([1,2,3], 4) = [1,4,2,4,3]

US def intersperse(numbers: List[int], delimeter: int) -> List[int]: “Insert a number ‘delimeter’
into the input list ‘numbers’.” »> intersperse([1,2,3], 4) = [1,4,2,4,3]

LV def place_between(items, filler): “Put a value ‘filler’ between neighboring entries of the sequence.”
»> place_between([1,2,3], 4) = [1,4,2,4,3]

SF def intersperse(numbers: List[int), delimter: int) -> List[int) ”’ Insert a number

‘delimter’ between every two consecutive elements . . .

MBPP /12

Original “Write a function to sort a given matrix in ascending order according to the sum of its rows.”

UsS “Write a function to sort a given matrix according to the sum of its rows.”

LV “Write a function to arrange a given matrix in ascending order according to the total of its rows.”

SF “Write a function to sort a given matrix in ascdcending order according to the sum of its rows.”

LiveCodeBench /2811

Original “An array of distinct positive integers is called a k-avoiding array if no pair sums to k. Return the minimum
possible sum of length n.” n=5,k=4=18 n=2,k=6=3

UsS “An array of integers is called a k-avoiding array if no pair sums to k. Return the minimum possible sum of length
n.” n=5,k=4=18 n=2,k=6=-3

LV “A list of different positive numbers where no two addup to k. Return the smallest total of length n.”

n=5,k=4=-18 n=2,k=6=3
SF INPUT;{You are given two integres m and k . . . **INVALID****xOCUMENT**}*x%
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