Task Abstention for Large Language Models in Code Generation

Anonymous ACL submission

Abstract

Large language models (LLMs) have revolu-
tionized automated code generation. One seri-
ous concern, however, is the so-called “hallu-
cination”, i.e., LLMs may generate seemingly
plausible but functionally incorrect code. In
this paper, we study the task abstention prob-
lem, i.e., determining whether a given LLM
should abstain from performing a specific code
generation task to avoid likely hallucination.
Our approach features a calibrated abstention
rule, grounded in the principles of multiple hy-
pothesis testing. The rule assesses generation
consistency through code execution outcomes,
allowing it to handle syntactic diversity of se-
mantically equivalent code without reliance on
oracle test cases or external databases. We
prove that our approach provides a rigorous,
distribution-free theoretical guarantee on its ab-
stention decisions. We evaluate our method on
benchmark datasets using several open-source
code LLMs. Results show that our method
allows generative models to more accurately
and efficiently identify and abstain from tasks
that induce hallucination compared to existing
techniques, providing a reliable mechanism for
safer and more robust code generation.

1 Introduction

The recent advancements in large language models
(LLMs) are revolutionizing the field of code gen-
eration (Li et al., 2022; Chen et al., 2021; Roziere
et al., 2023). As these models are increasingly
integrated into software development workflows,
ensuring their trustworthiness and reliability has
become a pressing requirement. However, current
LLMs tend to hallucinate, i.e., they may produce
outputs that are seemingly plausible but are actu-
ally incorrect (Huang et al., 2025a). This paper is
particularly concerned with mitigating hallucina-
tion in the context of code generation, for which
Lee et al. (2025) provided a recent survey.
Existing work on code hallucination detection

has predominantly focused on sample hallucina-
tion, that is, a generated code snippet that fails to
execute as expected or meet specified requirements,
despite being syntactically correct or even semanti-
cally plausible (Tian et al., 2025). However, there
is an arguably more fundamental source of hallu-
cination, i.e., the task itself. This might be caused
by ambiguous or unclear prompts, or by the inher-
ent limitation of current LLMs which are doomed
to fail on certain problems. To this end, we pro-
pose to study the rask abstention problem for code
generation, which aims to faithfully detect code
generation tasks that an LLM is unlikely to solve.
To be specific, we formulate the basic concept
of task abstention and propose a comprehensive ap-
proach, CODEREFUSER, to control its associated
risks with theoretical guarantees. Our approach
is built upon the LTT framework (Angelopoulos
et al., 2025) and consists of two phases: calibration
and festing. During the calibration phase, different
from traditional NLP tasks, we propose to use test
cases when constructing the calibration set. The in-
tuition is that syntactically different programs may
exhibit the same semantics, and the correctness of
programs should be better determined by running
the test cases. Scoring function lies at the heart of
the LTT framework. We then define two score func-
tions leveraging the execution-based results. One
issue here is that oracle test cases are not usually
available during the testing phase. To this end, we
prompt the LLM to generate not only code solu-
tions but also corresponding test cases, and propose
a sample-test dual filtering mechanism to deal with
potentially flawed, model-generated test cases.
We conduct evaluations across several represen-
tative code LLMs and code generation benchmarks.
The results demonstrate the effectiveness of our
method on the task abstention problem for LLM-
based code generation. For example, on average,
our method achieves 26.5% absolute improvement
compared to the best existing competitor in terms



of abstention precision. By analyzing the results,
we find that: 1) static methods that adopt traditional
NLP score functions are insufficient for accurate
abstention; and 2) running the generated code is
necessary but heavily relies on the quality of gener-
ated tests, and our sample-test dual filtering mecha-
nism is crucial for the effectiveness. Additionally,
the theoretical guarantees are confirmed by our em-
pirical experiments.

Our contributions can be summarized as follows.
(1) We introduce and formalize the concept of task
abstention in the context of LLM-based code gener-
ation, in contrast to the sample-level hallucination.
(2) We propose a novel approach for accurate task
abstention, enabling the model to answer “I don’t
know” when encountering tasks it is unlikely to
solve. The approach features two advantages: 1)
rigorous theoretical guarantees grounded in multi-
ple hypothesis testing, and ii) a minimal reliance
on the oracle test cases or external references.

2 Problem Formulation

Throughout the paper, we use X" to stand for the in-
put space consisting of a set of tasks (i.e., prompts)
for LLMs, and Y for the output space. Typically,
y € )Y is a code snippet generated by the LLM.
The task abstention problem is defined as follows.

Definition 1 (Task Abstention for LLM-based
Code Generation). Consider a code generation task
(prompt) x € X and an LLM M : X — ) which
generates a code snippet y € ). Task abstention
aims to find a refusal function r : X — {0, 1} for
M, where r(x) = 1 indicates M should abstain
from answering and r(x) = 0 indicates otherwise.

When to refuse the task. In this work, for code
hallucination we adopt the definition of Tian et
al. (Tian et al., 2025), considering a plausible but
functionally incorrect code snippet as hallucination,
although the proposed approach can be adapted
to handle other types of hallucination (Lee et al.,
2025). As a result, a desirable refusal function r
should be able to identify the case when the given
LLM is unlikely to produce a functionally correct
code snippet for the given task.

Task abstention vs. sample hallucination detection.
Sample hallucination detection aims to detect indi-
vidual code snippets generated by the model that
cannot be executed as expected. In contrast, task
abstention aims to identify the prompts for which
an LLM is unlikely to generate the correct answer,

even if the LLM is allowed to produce a high vol-
ume of samples.

Evaluation Criterion. We instantiate the refusal
function by defining a criterion. Specifically, for a
given prompt x, M(z) gives a distribution on the
output space )/, and thus a random output is (func-
tionally) correct for a certain probability (which
is unknown in general). We define a new metric
H@F, which is the probability that & randomly
generated samples are all incorrect.

Ideally, when the oracle test cases are available,
we can determine if a generated code sample is cor-
rect by executing these test cases. We consider the
process of first generating a sample of n (n > k)
instances, and then count the number of incorrect
samples. Assuming that these n generated samples
contain ¢ correct instances, H@QFk metric can be
estimated by

()
(%)

Definition 2 ((k, «)-Criterion for Task Abstention).

The given LLM should refuse the code generation

task if its H @k metric exceeds a threshold o, i.e.,
HQEk > a.

Henceforth « is referred to as the risk tolerance,
which is fixed in advance. For example, HQk >
0.8 means that the LLM cannot generate a correct
code snippet in k attempts with probability greater
than 0.8.

HQk := ey

3 Methodology

3.1 Overview

In this work, we build our task abstention approach
upon the Learn Then Test (LTT) framework (An-
gelopoulos et al., 2025). We choose LTT as it can
provide statistical guarantees for machine learning
models by simply adding a post-processing step
after the model is trained. Specifically, LTT allows
us to calibrate a threshold )\ using a calibration set
D.qr; it guarantees that for a new test task xseg, the
risk of accepting an incompetent task is controlled
with high probability:

P(E[R(wtesﬁ 5\) | Dcal] < Ck) >1- 51 )

where R is the admission risk (discussed later in
Section 3.2), « is the user-specified risk tolerance,
and 1 — ¢ is the confidence level (e.g., 90%). We re-
fer readers to Appendix B for the theoretical prelim-
inaries of LTT and the multiple hypothesis testing
procedure used to derive A
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Figure 1: The Overview of CODEREFUSER.

An overview of the proposed approach CODERE-
FUSER is depicted in Fig. 1, which is divided into
calibration phase and testing phase.

The calibration phase takes as input a calibra-
tion set, which contains a set of task descriptions
and the corresponding test cases. The output of the
calibration phase is a set of abstention rules. Specif-
ically, following the LTT framework, CODERE-
FUSER first defines an admission risk measuring
the risk that the LLM cannot generate the correct
code for an admitted task. Then, CODEREFUSER
defines a set of score functions, and derives the
computed scores for each task in the calibration set.
For each score function, a corresponding abstention
rule is obtained, by selecting the suitable parame-
ters (i.e., a set of valid thresholds, A,4;;4) so that
the admission risk is below a given tolerance level
(i.e., ), under multiple hypothesis testing with a
given significance level (i.e., §). The abstention
rules are in the form of a conjunction of inequal-
ities, each describing the relationship between a
score function applied on the input code generation
task and the corresponding valid threshold.

The testing phase takes the current code gen-
eration task as input, and determines whether the
LLM should abstain from generating the code. For
any given test task (prompt), CODEREFUSER first
generates a set of test cases, based on which the
score functions can be applied. A key issue is that
the generated test cases may be invalid. To mitigate
this issue, we propose a sample-test dual filtering
mechanism. CODEREFUSER then applies the ab-
stention rules on the test task, based on which the
abstention decision is made.

Note that the calibration phase can be done in ad-
vance. Once the abstention rules are obtained, we
can guarantee that, during the testing phase when

an i.i.d. code generation task is given,' the perfor-
mance of CODEREFUSER is theoretically guaran-
teed by Eq. (2), i.e., the LLM ensures that once the
code generation task is admitted, the risk of failing
the task is below the tolerance a: with probability
at least 1 — 4.

3.2 The Calibration Phase

The calibration phase consists of several key com-
ponents, including the calibration set construction,
the admission risk definition and evaluation, the
determination of valid threshold set, and the defi-
nition of score functions. We mainly describe the
former three components here, and leave the score
functions in Section 3.3, as they will be reused by
the testing phase.

Calibration Set Construction. In code generation,
a key difference from the standard LTT framework
lies in the output space, which is generally infi-
nite. As a result, instead of providing the code
generation prompt and the corresponding correct
code as the calibration set, we use the code gen-
eration prompt and the corresponding oracle test
cases. That is, Doy = {(xi,t;)}",. In general,
the correctness of the generated code snippet y; for
x; is determined by executing y; on the test cases
t.

Admission Risk. Recall that our goal is to ensure
that model M’s risk on any given task x is below
the risk tolerance o. We refer to this risk as admis-
sion risk, and define it as

R(z) = (1 —r(x)) - HQk, 3)

'One may argue that the i.i.d. assumption, which is es-
sential for the statistical guarantee, is too strong in practice.
However, as will be shown in the experiments later, we observe
that the abstention rules obtained from one dataset transfer
well when they are tested on other datasets.



where r(x) is the refusal function in Definition 1,
and HQkF is defined in Eq. (1). Essentially, Eq. (3)
measures the risk when a code generation task is
admitted (i.e., 7(z) = 0), but the LLM cannot
generate the correct code with probability HQFk in
k attempts.

During the calibration phase, since we have the
oracle test cases, H@Qk can be accurately evalu-
ated. For r(x), we also resort to the calibration set
and design abstention rules parameterized by the
parameters A = (A, -+ -, Ay ) as follows:

1, ifV1<i<N.g i,
7@(3:;)\)_{, ifV1 <i < N.gi(x) < @

0, o.w.

where each g;(x) € R yields a score for the cur-
rent code generation task x, and g = (g1, - gn)
represents the vector of such score functions. In
the calibration phase, the computed scores are used
to determine the valid thresholds, so that the ad-
mission risk is controlled below the pre-specified
risk tolerance o with a high probability. Specif-
ically, given the score functions, the choice of A
dictates 7, which in turn influences the admission
risk, denoted as R(x; \).

Determining A,,;;4. Given candidate parameters
A, the admission risk for each sample (z;,t;) €
D.q is computed as follows. For the prompt x;,
we first use the current LLM to generate n code
samples. Next, we identify the number of correct
samples, ¢, by applying the test cases. Then HQFk
can be calculated by Eq. (1). Once the risk values
have been computed across the calibration set for
the entire range of candidate parameters, we apply
the standard multiple hypothesis testing procedure
to identify the set A, 44 of valid thresholds.

Let x5 be a new test prompt; for the given
0 € (0,1), if X € Ayqiq, our abstention rule can
determine whether to abstain on x;.g, satisfying
the following guarantee,

P(Rlzesih) S0) 21-06. ()

Eq. (5) states that for any task from the test set, our
abstention rule provides the following probabilistic
guarantee: with a confidence of at least 1 — 6, the
model will either admit the task, in which case
HQ@F is controlled to be below «, or it will abstain.
This guarantee directly satisfies the criterion for
task abstention established in Definition 2.

3.3 Score Function

The score function plays a vital role in the LTT
performance (Angelopoulos et al., 2025). While
code generation is a type of generative task, code is
a unique modality where code samples with iden-
tical semantic meaning can possess vastly differ-
ent syntactic forms. Consequently, we argue that
existing score functions operating at a linguistic
level (Quach et al., 2023) or a semantic reason-
ing level (Manakul et al., 2023) are unsuitable for
the code generation task. We therefore propose a
scoring scheme based on runtime detection, which
leverages generated test cases.

Specifically, for a given task z, the generated
code samples Y = {y1, -+ ,y,} and a set of test
cases T' = {t1,--- ,t;}, we cluster the code sam-
ples in Y based on test cases, resulting in a parti-
tion Y = C1 W - - - W (Y}, such that all code samples
from the same cluster yield identical outputs for
every test case t € 1.2 Clustering based on ex-
ecution outputs provides an intrinsic measure of
semantic equivalence among code samples. Lever-
aging these execution-based clusters, we employ
two complementary score functions: confidence-
based score, which measures the degree to which
a code sample’s semantic behavior is supported
by other generated samples (i.e., the size of its
cluster relative to n) (Chen et al., 2022); semantic
entropy-based score, which quantifies the overall
uncertainty of the task by measuring the diversity
of the resulting cluster distribution (Kuhn et al.,
2023). Both metrics are rooted in semantic equiva-
lence but serve different granularities (sample-level
vs. task-level). The formal definitions and mathe-
matical formulations for these score functions are
detailed in Appendix C.

3.3.1 Sample-Test Dual Filtering

The above score functions rely on clustering based
on LL.M-generated test cases. A key issue in this
approach is that the generated test cases may con-
tain invalid inputs. Executing code samples on
these invalid inputs may lead to undefined behav-
ior. As a result, two semantically identical code
samples could be assigned to different clusters.
As an example, consider the task of generating
the n-th Fibonacci number. By default, a valid
input requires n. > 0 for this task, making any neg-

“Note that we use both the test cases in the calibration set
and the LLM-generated test cases during calibration, and only
LLM-generated test cases in the testing phase. More details
can be found in Section 3.3.1.



ative input invalid. The problem statement does not
specify how these invalid inputs should be handled.
Now, assume the model generates three solutions
that are all functionally correct for valid inputs but
handle invalid inputs differently. E.g., one sam-
ple might check for negative inputs and raise an
AssertError; another could handle all exceptions
by returning a default value 0O; a third, lacking any
specific error handling, might enter an untermi-
nated recursion that triggers RuntimeError.

The example illustrates that even when different
code samples share consistent logic for a task, their
interaction with a diverse (and potentially imper-
fect) set of generated test cases can expose varia-
tions in their behavior. This inflates the measure of
inconsistency. As a result, the abstention rule may
be triggered, making LLM refuse to provide an
answer, even though the model had already demon-
strated its ability to solve the problem correctly.

To address the quality issues inherent in LLM-
generated test cases, we propose the Sample-Test
Dual Filtering (STDF) mechanism. The core of
STDF lies in a reciprocal validation process. We
rely on semantic consistency to evaluate code qual-
ity, but we also leverage the collective behavior of
these code samples to audit the test cases.

This design is grounded in the principle that for a
deterministic program, valid inputs yield determin-
istic outputs, whereas invalid inputs trigger unde-
fined behaviors (UB), resulting in highly divergent
execution outcomes. By detecting test cases that
induce high output entropy across the sample pop-
ulation, we can identify and prune invalid inputs.
This refined test suite, in turn, eliminates evaluation
noise, allowing for a more accurate assessment of
the code samples’ semantic consistency. The mech-
anism consists of two filtering steps, with algorithm
implementation detailed in Appendix D.

1. Filtering by Error Rate: Pruning tests that
cause widespread execution failures.

2. Filtering by Output Diversity: Pruning tests
that yield high semantic entropy (indicative of
invalid inputs triggering UB).

3.4 Testing Phase

When the abstention rules are obtained on the cal-
ibration set, in the testing phase, these rules are
applied to make the abstention decisions. As out-
lined in Alg.1, the process begins by generating
n code samples Y and test cases 1" for the input
prompt z. Crucially, CODEREFUSER applies the

STDF mechanism (Line 3) to purge invalid test
cases using thresholds [A1, A2, A3]. The code sam-
ples are then partitioned into semantic clusters C
based on their execution outputs on the remain-
ing valid test cases. The final abstention decision
depends on the selected scoring mode.

Cluster Ratio (CR). This mode enforces model
consensus. CODEREFUSER filters the semantic
clusters, retaining only those that account for a
sufficient proportion of the total samples (i.e.,
|Cil/1Y| > Ascore)- If no cluster meets this con-
fidence threshold (i.e., the filtered set Y becomes
empty), the model implies a lack of consensus and
abstains.

Semantic Entropy (SE). This mode limits uncer-
tainty. CODEREFUSER calculates the semantic en-
tropy of the cluster distribution. If the entropy
exceeds Agcore, indicating high semantic diversity
and confusion, the model abstains. If the task satis-
fies the criterion of the chosen mode, it is admitted.

Algorithm 1 CopEREFUSER Inference Procedure

Input: LLM M; prompt x; samples n; calibrated
thresholds A = [A1, A2, A3, Ascore]
Output: Abstention decision
1: procedure CODEREFUSER(M, z,n, A)

2: Y, T + Generate(M,n)

3: T + STDF(Y, T, [)\1, Ao, )\3])

4: C < Clustering Y by Exec(Y, T)

5: if Mode is CR then

6: Y «— U{Ci € C: |Ci|/IY| = Nscore}
7: if Y = () then return Abstain

8: end if

9: end if
10: if Mode is SE then
11: if SE(C) > Ascore then return Abstain
12: end if
13: return Admit

14: end procedure

4 Experiments

In this section, we present the empirical evaluation
of CODEREFUSER, focusing on two primary di-
mensions. First, we assess the effectiveness of our
approach on the task abstention problem by bench-
marking it against existing counterparts. Second,
we examine the theoretical guarantee to verify
whether the risk control promised by the calibra-
tion phase is empirically supported.



4.1 Experimental Setup

Datasets. Our experiments are conducted on two
standard Python code generation datasets: Hu-
mankEval (Chen et al., 2021) and MBPP (Austin
et al., 2021). HumanEval consists of 164 hand-
crafted programming problems. Each problem is
associated with 5 — 10 oracle test cases. MBPP is a
larger dataset of nearly 1,000 problems. Each task
is defined by a short description and includes three
test cases to verify its correctness.

Evaluation Metrics. We use Precision and F1-
score to evaluate the performance on the task ab-
stention problem. To obtain the ground-truth label,
we generate 256 samples for each task, and checks
them the on the oracle test cases. The abstention
label is ture if the H@QF is above the given risk
tolerance. We deliberately avoid using Recall as a
primary metric due to the following fact. A high
recall value can be easily obtained for an absten-
tion rule, by simply refusing most tasks. This is
misleading, as it has little practical utility.

Baselines. Since no prior work directly addresses
task abstention for code generation, we adapt the
following baselines for comparison.

» Execution. This method directly calculates the
H@F score using generated test cases and ab-
stains if it exceeds the risk tolerance threshold.
It can be seen as an execution-based baseline
without adopting the proposed framework.

PPL (Huang et al., 2025b) and NLI (Manakul
et al., 2023). We integrate these metrics into our
LTT framework as alternative score functions.
PPL uses model perplexity (static), while NLI
queries the LLM for self-consistency checking.

* CLM (Quach et al., 2023). This method is origi-
nally proposed for natural language generation.
We adapt it to our code generation context, and
refuse the task if the calibrated valid response set
is empty.’

CodeHalu (Tian et al., 2025). This is an
execution-based sample-level hallucination de-
tector relying on oracle tests. We adapt it by em-
ploying LLM-generated tests as pseudo-oracles,
and applying the algorithm to identify valid sam-
ples and aggregate these predictions to estimate
the task-level H@QF for the abstention decision.

3We use the max version of CLM as it demonstrates the
best empirical performance.

Implementation Details. We conduct the ex-
periments with Python 3.9.19, Pytorch 2.4.0 and
vLLM 0.6.1, running on NVIDIA H800 GPUs
with CUDA 12.7. We evaluate the performance of
the following four code LLMs: Deepseek-Coder-
33B (Guo et al., 2024), Qwen2.5-Coder-32B (Hui
et al., 2024), CodelLlama-7B (Roziere et al., 2023)
and WizardCoder-33B-V1.1 (Luo et al., 2024). For
all these code LLMs, we use a sampling tem-
perature of 0.8 and a top-p of 0.95. For each
dataset, we randomly allocate 60% of the data for
calibration, and use the rest for testing. We set
a=0.2,6 =0.1, k = 3 by default.

4.2 Effectiveness Results

For the score function computation in both the cal-
ibration and testing phases, we generate 64 code
samples and 64 test cases for each problem. The re-
sults on the HumanEval and MBPP benchmarks are
presented in Table 1, which are the average results
of three independent runs. In the table, ‘SE’ stands
for CODEREFUSER with semantic entropy, ‘CR’
stands for CODEREFUSER with cluster ratio, and
‘SE+STDF’ and ‘CR+STDF’ stand for the version
when the STDF mechanism is included.

(1) The quality of generated tests matters. The
poor performance of both Execution and Code-
Halu demonstrates that LLM-generated tests can-
not reliably replace oracle test suites. Execution
fails to accurately estimate the pass rate (HQk),
while CodeHalu’s performance degrades signifi-
cantly when forced to treat potentially flawed gen-
erated tests as ground truth. These results confirm
a critical quality gap, indicating that naive reliance
on raw generated tests without rigorous filtering,
is insufficient for effective abstention. In contrast,
when the STDF mechanism is integrated, CODERE-
FUSER consistently yields the best performance
across benchmarks. Compared with the best exist-
ing results, CODEREFUSER achieves an average
of 26.5% and 11.9% absolute improvements w.r.t.
abstention precision and F1-score, respectively.

(2) Static score functions are less effective in code
generation tasks. Among the baselines, PPL, CLM,
and NLI are static methods proposed for natural
language generation, without actually running the
code. The experimental result shows that these
methods consistently underperform compared to
our execution-based methods (the four bottom rows
in the table). This confirms that traditional NLP
metrics fail to capture the semantic correctness of



Table 1: Task abstention results on HumanEval and MBPP. Our approaches (i.e., ‘SE+STDF’ and ‘CR+STDF’)
generally outperform the competitors. Similarly, when the calibration is conducted on MBPP and the testing
is conducted on HumanEval (‘MBPP—HumanEval’), our approaches still outperform the competitors and even

achieve close performance to the in-distribution case in most cases.

Model DeepSeek-Coder Qwen2.5-Coder CodeLlama WizardCoder
m P F1 P F1 P F1 P F1
HumanEval
Execution 39.28 55.27 24.29 38.23 72.15 83.82 35.46 51.55
CodeHalu 38.56 55.66 22.76 36.84 73.10 82.88 33.11 49.01
PPL 36.41 53.39 22.22 21.43 72.29 81.67 40.90 37.11
NLI 49.25 52.38 17.68 30.05 77.92 62.82 31.70 48.15
CLM 36.41 53.39 22.22 21.42 71.27 64.42 37.71 51.49
SE 61.19 65.07 38.23 41.67 85.95 88.51 52.63 62.01
CR 60.52 68.14 44.44 49.23 89.47 89.47 47.99 56.00
SE + STDF 63.63 66.67 47.36 50.91 91.67 89.19 62.71 66.67
CR + STDF 72.00 69.92 73.33 53.85 91.67 91.70 61.40 66.14
MBPP
Execution 41.31 57.42 31.50 46.11 58.35 73.01 36.08 51.75
CodeHalu 40.48 57.08 30.21 45.32 57.33 72.60 32.70 48.60
PPL 37.16 51.11 39.28 34.55 71.24 55.47 38.46 34.33
NLI 39.40 49.88 30.50 39.61 67.95 58.29 33.13 36.98
CLM 36.32 53.28 31.60 44.25 56.60 72.28 35.10 50.00
SE 64.70 64.61 40.74 45.65 71.77 79.02 60.16 61.26
CR 61.99 66.28 40.00 45.58 67.24 65.67 62.99 62.50
SE + STDF 72.65 72.88 48.41 52.84 72.70 76.69 60.26 64.70
CR + STDF 66.43 66.48 48.94 47.44 79.40 79.69 69.23 63.07
MBPP — HumanEval

SE 60.27 62.11 32.65 41.50 76.03 78.63 60.00 58.99
CR 63.01 65.08 32.65 37.68 79.79 79.48 57.41 56.88
SE + STDF 71.11 70.00 39.39 50.00 80.28 71.27 68.42 59.65
CR + STDF 66.67 66.67 40.63 40.00 91.51 91.23 72.10 62.39

Table 2: Performance comparison when significant more samples are used for static methods (N = 256 vs. N = 64).
Static methods fail to narrow the performance gap even with 4 x sample budget.

DeepSeek-Coder Qwen2.5-Coder WizardCoder
Method ‘ P F1 P F1 P F1
PPL (N = 256) 37.02 54.36 17.79 30.21 39.42 52.22
CLM (N = 256) 36.41 53.39 20.32 32.89 36.29 51.64
CODEREFUSER (N = 64) 72.00 69.92 73.33 53.85 61.40 66.14

code, reinforcing the necessity of execution for
reliable risk estimation.

One might argue that execution-based ap-
proaches inherently incur higher computational
costs than static baselines. To demonstrate its ne-
cessity, we conducted an experiment where we sig-
nificantly increased the sampling budget for the
static baselines. Specifically, we allowed PPL and
CLM to generate N = 256 samples, while keep-
ing CODEREFUSER (CR+STDF) with the original
N = 64 samples. The results are summarized in
Table 2, where we use HumanEval and three code
LLMs for simplicity. The result reveals that even
with quadrupled samples, the performance of static
methods remains significantly lower than CODERE-

FUSER. This confirms that the limitations of static
methods stem from their inability to capture seman-
tic correctness, a fundamental deficit that cannot
be overcome simply by scaling up the sample size.

(3) CODEREFUSER transfers effectively across
different datasets. We also show in Table 1
the results when the calibration is conducted on
MBPP and the testing is conducted on HumanEval.
Despite the distribution shift, CODEREFUSER
maintains robust performance, consistently out-
performing baselines even when they are evalu-
ated in-distribution (compared with results of ‘Hu-
manEval’). This demonstrates that the calibration
results of CODEREFUSER exhibit transferability
across different datasets.
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Figure 2: Admission risk distribution on HumanEval under different risk tolerance . The thickness of each plot
corresponds to the density of tasks at that risk level. Most of the admission risks are controlled under the given

tolerance (the red dashed line).
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Figure 3: The trade-off between abstention rate and ad-
mission risk for Qwen2.5-Coder-32B on MBPP. While
both PPL (top figure) and our ‘CR’ method (bottom
figure) control the risk (within the valid range marked
by the thick lines), PPL requires a substantially higher
abstention rate (80% vs 30%).

4.3 Risk Control Guarantee

We next verify the theoretical risk control guaran-
tee. We focus on the in-distribution setting (cali-
brated and tested on HumanEval) using DeepSeek-
Coder and Qwen2.5-Coder. For each tolerance
level o (with fixed § = 0.1, k£ = 3), we select the
valid threshold A € A,,;4 that yields the lowest
abstention rate. Fig. 2 illustrates the distribution
of the resulting admission risks. The results con-
firm that the empirical risk is reliably controlled
below the target oe. Similar results are observed in
the transferability setting (calibrated on MBPP and
tested on HumanEval), as detailed in Appendix E.1.
In summary, CODEREFUSER successfully meets

the theoretical guarantees. It remains effective in
over 90% cases in terms of keeping the risk below
the desired tolerance level (the area on the left side
of the red tolerance line accounts for more than
90% of the total area).

Note that one method may simply refuse most
code generation tasks to keep the admission risk
low. Here, we also analyze A4 to understand
the trade-off between admission risk and abstention
rate. We set the tolerance o = 0.2, and compare the
results of CODEREFUSER with cluster ratio® (i.e.,
‘CR’) and PPL. The results of Qwen-Coder-32B on
the MBPP dataset are shown in Fig. 3. It can be
observed that the admission risk is under control
for both methods. However, PPL must refuse a
large number of tasks (over 80%) to meet the risk
tolerance; in contrast, our method only needs to
refuse 30% of tasks.

5 Conclusion

In this paper, we introduce and study the task ab-
stention problem for LLM-based code generation,
i.e., determining whether a given LLM should ab-
stain from performing a specific code generation
task to avoid potential hallucination. Our approach
features a calibrated abstention rule, grounded in
the principles of multiple hypothesis testing. A
distinguished advantage is that it provides a rigor-
ous, distribution-free theoretical guarantee on its
abstention decisions, whose effectiveness is also
confirmed by the experiments. Our work represents
progress in the pursuit of provably correct LLM
code generation.

*We choose ‘CR’ in this experiment for interpretation, as
it has only one parameter.



Limitations

Generalization to out-of-distribution tasks. Our
theoretical guarantee relies on the assumption that
the calibration and test data are independent and
identically distributed. However, in real-world sce-
narios, the problem a system encounters may differ
from those it sees during calibration. This potential
distribution shift could introduce bias and weaken
the risk control guarantees in practice. To miti-
gate this threat, we have conducted experiments
using MBPP as calibration data and HumanEval
as test data, and the results show that there was no
significant decline in performance.

Applicability to non-deterministic systems. The
core of our approach—both the score functions and
the STDF mechanism—assumes that all tasks have
deterministic solutions. The assumption may not
hold for complex, interactive software systems,
which may exhibit nondeterminism. As our method
relies on clustering identical outputs, its applica-
bility is currently limited to deterministic problem
domains.

Evaluation limited to a single programming lan-
guage. Current experiments are conducted in
Python, a language where modern LLMs have
demonstrated strong performance (HUANG et al.,
2024; Twist et al., 2025). However, many real-
world systems are built using other languages such
as Java or C, which may have different characteris-
tics (e.g., pointer and memory management in C).
The effectiveness of our method in these program-
ming languages requires further evaluation.
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A Related Work

Code Hallucination. The phenomenon of code
hallucination, where LLMs generate code that is
illogical, incorrect, or unfaithful to user require-
ments (Fan et al., 2023a), presents a challenge to
ensure the accuracy, reliability and security of Al-
generated code (Agarwal et al., 2024; Eghbali and
Pradel, 2024; Tian et al., 2025). Existing research
has explored code hallucination from several an-
gles, often categorizing failures based on when
they occur. These categories primarily include syn-
tactic hallucination, which are errors that violate
the programming language’s syntax and prevent
code from being compiled or interpreted (Agrawal
et al., 2023; Fan et al., 2023b; Wang et al., 2025);
runtime hallucination, where the code is syntacti-
cally valid but produces errors such as exceptions
or crashes (Fan et al., 2023b; Liu et al., 2024a; Tian
et al., 2025; Zhang et al., 2025), and functional hal-
lucination, where code that runs without error fails
to meet the program’s intended requirements (Fan
et al., 2023b; Liu et al., 2024a; Wang et al., 2025;
Zhang et al., 2025), among others.

To facilitate a more rigorous evaluation of hallu-
cination in LLM-based code generation, a number
of benchmarks have been developed. Notable ex-
amples include CodeHaluEval (Tian et al., 2025),
CodeMirage (Agarwal et al., 2024), MultiPL-
E (Cassano et al., 2023), HalluCode (Liu et al.,
2024a), etc. Prior work has also proposed vari-
ous strategies to mitigate code hallucination. The
De-hallucinator (Eghbali and Pradel, 2024) pre-
indexes a project’s codebase and uses Retrieval-
Augmented Generation (RAG) to inject relevant
APIs into prompts; Liu et al. (Liu et al., 2024b)
leverage the LLM’s self-revision capabilities by
providing it with feedback based on static anal-
ysis; SynCode (Ugare et al., 2025) uses a for-
mal grammar representation (EBNF) to guide the
model’s decoding and ensure syntactic validity;
ClarifyGPT (Mu et al., 2024) introduced a frame-
work where the LLM proactively asks clarifying
questions to help users refine their initial prompts.
Different from the above work that focuses on the
sample-level hallucination problem, we study the
task abstention problem.

LLM Abstention. Abstention is increasingly rec-
ognized for its potential to mitigate hallucination
and enhance safety in LLLM systems (Wen et al.,
2025; Varshney et al., 2024; Wang et al., 2024;
Zhang et al., 2024). A guiding principle is that
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a system should abstain when it is insufficiently
confident in the correctness of its output or if there
is a high probability of error (Ahdritz et al., 2024;
Kim and Thorne, 2024; Cao, 2024). Existing work
has proposed various strategies to determine when
the LLM should abstain, targeting different stages
of the model lifecycle.

During the training and alignment phase, Nee-
man et al. (Neeman et al., 2023) use data augmen-
tation to fine-tune models to recognize unanswer-
able questions. Yang et al. (Yang et al., 2024)
construct “honesty” alignment datasets by substi-
tuting a model’s incorrect response with “I don’t
know” and then fine-tuning on this revised data.
At inference time, a common approach is to use
post-processing techniques based on model uncer-
tainty. These include calculating the log probability
of a “True’ token via indirect logit methods (Lin
et al., 2022; Tian et al., 2023), using a surrogate
LLM to approximate the confidence of a black-box
model (Shrivastava et al., 2024), or assessing the
semantic entropy of responses (Kuhn et al., 2023).
A different inference-time strategy involves LLM
collaboration, where a second “test” LLM is em-
ployed to examine the output of the first, helping
identify harmful queries or correct the initial re-
sponse before it is shown to the users (Feng et al.,
2024; Chen et al., 2023). The existing methods are
mainly proposed for the natural language genera-
tion problem. In this work, we argue that test code
generation and execution are essential for the code
generation task abstention problem.

Conformal Risk Control. Approaches based on
Conformal Prediction (CP) are known for their abil-
ity to select a guaranteed threshold by analyzing
the Guantile distribution of risk term on a calibra-
tion set (Tibshirani et al., 2019; Barber et al., 2023;
Gibbs and Candes, 2021). However, standard CP
methods are often constrained to operating on a
single candidate threshold at a time. They are not
equipped to handle a vector of thresholds derived si-
multaneously from multiple score functions, which
limits their applicability in scenarios requiring mul-
tifaceted evaluation.

A related framework, Conformal Risk Control
(CRCO), also efficiently utilizes calibration sets to
manage the prediction risk (Angelopoulos et al.,
2024). Its primary limitation, however, is the re-
quirement of a monotonic relationship between the
risk function and the threshold. This monotonicity
assumption frequently does not hold for the intri-
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cate score functions used in complex generative
tasks, posing a significant challenge to adapting
CRC to our domain.

Confidence Estimation for LLMs. Confidence
estimation for LLMs aims to provide a measure
of predictive uncertainty for LLM outputs. Well-
calibrated confidence can further contribute to
migrating the bias and alleviating the hallucina-
tion (Geng et al., 2024; Zheng et al., 2024; Bubeck
et al., 2023). Recent research on LLM confidence
estimation broadly falls into the following veins.
Perplexity confidence (Huang et al., 2025b; Duan
et al., 2024) derives confidence from the probabil-
ities assigned to generated tokens, employing the
geometric mean (i.e., perplexity (Chen et al., 1998;
Blei et al., 2003)) to mitigate sensitivity to out-
put length; verbalized confidence (Kadavath et al.,
2022; Xiong et al., 2024; Tian et al., 2023) directly
prompts the LLM to explicitly express its confi-
dence alongside its answer (e.g., “Read the ques-
tion and give your answer and corresponding confi-
dence score”); self-consistency confidence (Xiong
et al., 2024; Abbasi Yadkori et al., 2024; Becker
and Soatto, 2024) assesses confidence by having
the LLM generate multiple answers for the same
input and then measuring the consistency among
them (Wang et al., 2022; Chen et al., 2024; Cheng
et al., 2024), with higher consistency indicating
greater confidence.

B The LTT Framework

The Learn Then Test (LTT) framework (An-
gelopoulos et al., 2025) is designed to provide
statistical guarantees for machine learning mod-
els by simply adding a post-processing step on
a calibration set after the model is trained. Con-
sider the task where each instance x € X is as-
sociated with a ground-truth label y € ). Let
Dear = {(zi,yi) 1"y € & x ) be a calibration
set composed of the input x and its ground-truth
label y, which are independently and identically
distributed (i.i.d.) drawn. A post-processing func-
tion 7, : X — ) with parameter ) is designed to
map X to any space )'. (For instance, in classifi-
cation )’ may be defined as 2Y je., all possible
subsets of ).) In other words, instead of predicting
a label for each instance, LTT aims to predict a
subset of labels so that the true label is within the
subset with a high probability. The choice of the
subsets is decided by A (e.g., labels with predic-
tive probability greater than A are included in the



subset).

Based on the post-processing function 7, a risk
R(Tx(x)) € R on a given x can be defined to
measure the task-specific statistical error (e.g., the
miscoverage rate of true labels in )’ for the classi-
fication task). Since the risk is mainly decided by
parameter A, we rewrite R(7y(x)) as R(z; \) for
brevity.

The goal of LTT is to ensure the guarantee as
stated in Eq. (2). Using the classification task as
an example, intuitively Eq. (2) asserts that the risk
of a wrong classification (e.g., the true label is not
in the output subset) is below the threshold o with
probability at most J.

The core of LTT is to obtain the set A,qiq.
For this purpose, we can traverse all the plausi-
ble {71} ea and estimate their risk on the cal-
ibration set D,,; using multiple hypothesis test-
ing. Specifically, for each \; in a discrete set
A= {A1, -+, AN}, we have a null hypothesis #; :
R()\j) > « and H; is rejected when \; controls
the risk, i.e., A\j € A,q1i4. For each null hypothesis,
we can compute a finite-sample valid p-value us-
ing a concentration inequality (Angelopoulos et al.,
2025). Ayqiiq can then be calculated by applying
any family-wise error rate (FWER)-controlling al-
gorithm, which receives the set of p-values and
returns the set of A that we should reject the associ-
ated null hypothesis. For example, the Bonferroni
correction is a typical FWER-controlling algorithm

which yields Ayq15q = {)‘] 'pj = |67\}

Once A,qiq is obtained on the calibration set,
LTT ensures that the following theorem holds for
an i.i.d. test sample T;cg.

Theorem 1 (Learn Then Test (Angelopoulos et al.,
2025)). Suppose p; is super-uniform for all j under
H;, and assume a valid FWER-controlling algo-
rithm at level 6. Then Eq. (2) holds for the test
sample Tiegt.

Key insight of applying LTT. The key insights of
using LTT in our task abstention problem for LLM-
based code generation are as follows. LTT was
originally proposed to generate a set of responses,
instead of a single response, so that the true re-
sponse is within the response set with a guaran-
teed probability. In code generation, the LLM can
refuse the code generation task if the response set
is empty after a few attempts. Meanwhile, the sta-
tistical guarantee from LTT still stands.
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C Score Function Definitions

In Section 3.3, we introduced two score func-
tions based on execution-based clustering. Here,
we provide their formal definitions. Let Y
{y1,...,yn} be the generated code samples and
C = {C1,...,Cy} be the partition of Y derived
from execution results on test cases 7'.

C.1 Confidence-based Score Function

The consistency function I(y1, y2; C) between two
code samples is defined as:

L,
0,

3C; € C,{y1,y2} C C;
otherwise

I(y1,2;C) = {
(6)

The confidence score for a sample y € Y is the
average consistency with all other samples:

1 n
Conf(y) =~ 1(y,ui;C). (7)
=1

A high confidence score indicates that the sample
belongs to a dominant semantic cluster, reflecting
the model’s conviction in that specific logic (Chen
et al., 2022).

C.2 Semantic Entropy-based Score Function

Semantic entropy measures the diversity of the se-
mantic clusters. For a task z, it is defined as:

— > p(Ci | 2)logp(Ci | x)
C;eC

~ =[] Y logp(Ci | o).
C,eC

SE()
3

A higher entropy value signifies greater inconsis-
tency among the generated solutions, suggesting a
higher likelihood of task-level hallucination (Kuhn
et al., 2023).

D Implementation Details of STDF

In this section, we provide the formal procedure for
the Sample-Test Dual Filtering (STDF) mechanism,
as outlined in Algorithm 2.

The algorithm requires three calibrated thresh-
olds: A1 (maximum error rate tolerance), Ao (max-
imum pruning ratio), and A3 (maximum entropy
tolerance). The process consists of two phases:
Phase 1: Error Rate Pruning (Lines 4-6). We
first calculate the error rate for each test case ¢
across all generated code samples Y. If the pro-
portion of samples that crash or fail on ¢ exceeds
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Figure 4: Admission risk distribution on HumanEval under different risk tolerance o, when the LLM is calibrated
on MBPP. Most of the admission risks are still under the given tolerance.

A1, the test case is immediately discarded. This
step effectively removes "toxic" inputs that cause
widespread crashes.

Phase 2: Diversity-based Pruning (Lines 8-16).
For the surviving test cases, we compute the se-
mantic entropy (SE) of their execution outputs. A
high SE implies that the code samples produce a
wide variety of inconsistent outputs for this spe-
cific input, suggesting the test case is ambiguous
or invalid. However, high variance might also stem
from the model’s own uncertainty rather than the
test’s flaw. To avoid aggressively discarding valid
tests (which would artificially inflate the consensus
score), we impose a safety limit: we sort the test
cases by their entropy and remove at most [ Ao+ |T'| |
test cases, and only if their entropy exceeds As.

E Additional Experimental Analysis

In this section, we provide further analysis to val-
idate the robustness and efficiency of CODERE-
FUSER. Specifically, we investigate: (1) the trans-
ferability of our method under distribution shifts
(i.e., cross-dataset evaluation); and (2) the sensitiv-
ity of our approach to different risk definitions (i.e.,
varying k).

E.1 Transferability Analysis

To assess the generalization capability of CODERE-
FUSER to out-of-distribution tasks, we further ex-
amine whether the theoretical risk control holds
under distribution shifts. Figure 4 illustrates the
distribution of admission risks on HumanEval us-
ing thresholds calibrated on MBPP.

Although the rigorous theoretical guarantee re-
lies on the i.i.d. assumption, empirical results show
that the admission risk remains largely controlled
below the target tolerance a. This indicates that

Algorithm 2 Sample-Test Dual Filtering Mechanism

Input: Generated code samples Y'; generated test
cases T'; thresholds A = [A1, A2, A3
Output: The refined test cases 7"

1: procedure STDF(Y, T, \)

2: res < Exec(Y,T)

3 FilterSet < ()

4: for each test case t € T do

5: if ErrorRate(res[t]) > A1 then

6 Erase t from T

7 else

8 C} < Clustering Y by res|t]

9: add {t,SE(C})} to FilterSet
10: end if
11: end for
12: sort FilterSet in descending order of SE
13: MAZTpym < | A2+ |T]
14: for t,SE; in top mazr,y, elements of

FilterSet do

15: if SE; > )3 then
16: Erase t from T’
17: end if
18: end for
19: return 7’

20: end procedure

CODEREFUSER is practically robust to moderate
distribution shifts.

E.2 Sensitivity to Risk Definition (k¥ = 5)

In the main experiments, we defined the risk based
on the pass rate HQFk with k = 3. To evaluate the
sensitivity of CODEREFUSER to this hyperparam-
eter, we conducted additional experiments setting
k = 5. This adjustment implies a slightly more
relaxed criterion for success, effectively allowing
the model more attempts to yield a correct solution.

We re-calibrated and evaluated CODEREFUSER
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Table 3: Task abstention results on HumanEval and MBPP with £ = 5. Our approaches (i.e., ‘SE+STDF’ and
‘CR+STDF’) generally outperform the competitors.

Model DeepSeek-Coder Qwen2.5-Coder WizardCoder
m P F1 P F1 p F1
HumanEval
PPL 36.41 53.39 17.79 30.20 39.42 52.23
CLM 36.97 53.67 20.32 32.89 37.71 51.49
CodeHalu 28.68 42.68 16.09 26.16 27.27 41.25
SE 60.27 66.66 28.57 41.51 5243 63.70
CR 59.49 68.11 41.02 47.06 51.19 62.77
SE + STDF 56.71 64.95 46.66 50.91 53.33 62.50
CR + STDF 68.75 71.54 70.33 53.90 60.00 61.11
MBPP

PPL 36.32 53.28 26.15 41.04 31.75 47.45
CLM 36.32 53.28 31.60 44.25 35.10 50.00
CodeHalu 33.43 48.63 28.12 41.02 32.74 47.32
SE 51.12 64.60 34.80 45.65 50.00 61.26
CR 59.18 66.28 31.95 45.57 60.99 63.70
SE + STDF 66.13 72.88 46.76 52.84 60.26 64.99
CR + STDF 59.39 66.47 47.22 47.44 62.59 63.08

under this new setting. As shown in Table 3, the
results exhibit negligible variance compared to the
k = 3 case. CODEREFUSER continues to robustly
identify and abstain from unsolvable tasks, main-
taining its performance advantage over other meth-
ods. This consistency confirms that the effective-
ness of CODEREFUSER is not dependent on a spe-
cific choice of k, demonstrating its robustness to
different risk definitions.
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