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Abstract

Large language models (LLMs) show significant improve-
ment in code generation. A common practice is sampling
multiple candidate codes to increase the likelihood of pro-
ducing an accurate solution. However, effectively identifying
the best candidate from the pool is a significant challenge. Al-
though existing code consensus methods attempt to solve this
issue, they suffer from a critical problem: relying on test cases
generated by LLMs, which can be flawed or provide incom-
plete coverage. This problem can result in erroneous valida-
tions, causing correct code to fail flawed tests and preventing
the detection of functional differences in candidate code solu-
tions. To address these issues, we present the Dynamic-Static
Synergistic Selection Method, a novel framework that com-
bines two complementary analytical approaches. First, it uses
the abstract syntax tree (AST) to detect and filter candidate
solutions and test cases. Second, the method statically ana-
lyzes the quality of the solutions and then dynamically vali-
dates functional consistency based on the execution results of
the extracted inputs, thereby neutralizing the impact of faulty
tests. Extensive experiments demonstrate that this synergis-
tic approach significantly outperforms existing methods, sub-
stantially enhancing the correctness of the selected code.

Introduction
Code generation (Jiang et al. 2024; Roziere et al. 2023; Hui
et al. 2024) aims to automatically produce functionally cor-
rect code based on natural language descriptions, represent-
ing a core technology for intelligent programming assistance
tools. The field is characterized by rapid advancements and
new models, with emerging approaches indicating an intense
research focus on LLMs specifically for programming tasks.
This shift moves beyond generic language understanding to
domain-specific code generation.

Despite significant advancements in LLMs for code gen-
eration, practical applications still face notable quality is-
sues. Directly generating a single code instance often results
in outputs prone to semantic deviations, logical flaws, or se-
curity risks due to influences from temperature parameters,
prompt biases, or errors in contextual understanding (Chen
et al. 2021; Liu et al. 2023). While increasing the number of
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sampled candidate codes improves the probability of con-
taining correct answers, manually validating large volumes
of candidates is costly and time-consuming. This presents a
fundamental trade-off: achieving higher accuracy often ne-
cessitates generating more candidates, which introduces a
significant human cost for verification, thereby creating a
practical barrier for LLM-based programming assistance.

Code ranking models are proposed to address the chal-
lenge of selecting correct or high-quality outputs from gen-
erated candidates. These approaches evolved from static
preference modeling (Ni et al. 2023; Liu et al. 2024) to
dynamic frameworks incorporating execution feedback (Li
et al. 2024; Sun et al. 2024), and functional similarity anal-
ysis (To et al. 2023; Inala et al. 2022; Zhang et al. 2023a;
Lyu et al. 2025). While effective, these approaches typi-
cally rely on training separate ranking models and designing
task-specific strategies, often requiring substantial compu-
tational resources and depending on lexical-level code fea-
tures. Relying on a ranking model has a generalization issue.
This weakness has prompted a shift toward test-time scaling,
which enhances selection accuracy by increasing computa-
tional effort and the number of candidates.

To address these issues, code consensus methods select
and categorize functionally consistent code sets from mul-
tiple LLM-generated candidates through dynamic testing
and validation, mitigating the impact of generation uncer-
tainty (Chen et al. 2023, 2024; Zhang et al. 2023b; Huang
et al. 2023; Wang et al. 2022; Lahiri et al. 2022; Zuo et al.
2025; Shi et al. 2022). However, existing code consensus
methods mainly rely on LLM-generated test cases for vali-
dation, which suffer from two critical issues: First, erroneous
candidate codes may pass flawed test cases due to coexisting
errors in both, leading to misjudgments; Second, test cases
exhibit coverage insufficiency and redundancy, resulting in
limited validation on covered code portions while ignoring
potential discrepancies in uncovered regions. For code con-
sensus methods, relying solely on LLM-generated test cases
can lead to false positives due to inherent flaws in the content
generated by LLMs and fail to account for incomplete test
coverage, resulting in unreliable assessments of functional
consistency. This concern underscores the need to move be-
yond a fixed set of generated tests. Instead, validation should
be treated as a scalable computation performed during test-
ing. A more robust approach would use test-time techniques
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to expand the test suite.
To tackle these challenges, this paper proposes Dynamic-

Static Synergistic Selection Method (DS3) for Python-
based function-level code generation tasks. This method ad-
dresses erroneous test case evaluations and incomplete cov-
erage by integrating dynamic validation with static analy-
sis to transcend the single-dimensional validation paradigm
of existing approaches. The synergistic mechanism is cen-
tral to this proposition. It implies that the combined ap-
proach yields a greater benefit than the sum of its parts, ef-
fectively overcoming the complex, intertwined challenges
of LLM-generated code quality. In the static dimension,
the method combines abstract syntax tree (AST) filtering
and static analysis scoring to capture hidden discrepancies
that are unidentifiable through dynamic validation alone. In
the dynamic dimension, it employs execution equivalence
and functional consistency to eliminate faulty or redun-
dant test interference, precisely identifying functionally con-
sistent candidates. The DS3framework establishes a foun-
dational validation system through dynamic execution and
static analysis, addressing confusing ranks caused by faulty
test cases and incomplete coverage. Experimental results
demonstrate that the proposed methods outperform existing
code consensus approaches on multiple benchmark datasets,
significantly improving code generation quality.

The main contributions are highlighted as follows:

• A Novel Synergistic Framework for Code Selection
The paper introduces DS3, a novel framework to improve
code selection from LLM-generated candidates. It is de-
signed to overcome the critical limitations of existing con-
sensus methods by robustly handling flawed test cases and
incomplete coverage.

• A Hybrid Methodology Integrating Dynamic Valida-
tion and Static Analysis The method combines dynamic
validation and static analysis. It ranks functionally equiva-
lent code using dynamic execution results, while statically
analyzing to identify subtle discrepancies missed due to
incomplete test coverage.

• Demonstrated State-of-the-Art Performance through
Empirical Validation Extensive experiments on multi-
ple benchmark datasets empirically validate the approach.
The results confirm that DS3significantly outperforms ex-
isting code consensus methods and substantially enhances
the final quality and correctness of the selected code.

Related Work
LLM for Code Generation
LLMs (Brown et al. 2020; Achiam et al. 2023; Zhao et al.
2023) have emerged as powerful tools for generating lan-
guage. Codex (Chen et al. 2021) first demonstrates that
large-scale pre-training on code enables models to capture
the mappings between natural and programming languages.
Subsequently, large multilingual code models, such as
CodeLLaMA (Roziere et al. 2023) and CodeGeeX (Zheng
et al. 2023), further demonstrated the cross-lingual transfer-
ability of syntactic structures in code. At the model archi-
tecture level, CodeGen (Nijkamp et al. 2023) employs a de-

coding mechanism that separates control and data flow mod-
eling. Regarding the training strategy, AlphaCode (Li et al.
2022) uses reinforcement learning to refine its generation
policy using reward signals. Consequently, CodeLLMs (Bai
et al. 2023; Guo et al. 2024; Liu et al. 2025) are trained for
programming tasks through specific optimizations such as
syntax-aware learning (Gong, Elhoushi, and Cheung 2024),
specialized tokenization (Bavarian et al. 2022), and program
translation (Du et al. 2025; Li et al. 2025).

Code Solution Ranking
Post-processing of generated code has evolved from solu-
tion ranking to preference modeling frameworks. Early ap-
proaches, such as that described in (Liu et al. 2024), used
synthetic data to model human preferences. Sun et al. (2024)
used a multi-task framework for classification and feedback
generation, while Li et al. (2024) embedded a lightweight
environment for dynamic verification. To et al. (2023) devel-
oped a ranking system based on functional similarity anal-
ysis of code graphs. The decoupled verifier co-design in
LEVER by Ni et al. (2023) marks a recent paradigm shift
towards modularity. This approach establishes a comprehen-
sive evaluation framework that enables the co-optimization
of verifiers and generation models. CODERANKER (Inala
et al. 2022) models the code selection as a binary classifica-
tion and sorts the candidates according to predicted scores.
The CODER-REVIEWER (Zhang et al. 2023a) proposes a
novel code ranking method according to the Bayes method.
Lyu et al. (2025) introduced a learning framework to opti-
mize the Pass@k metric.

Code Consensus Method
The quality assurance of generated code has evolved from
dynamic verification to formal modeling using the code
consensus method. Early explorations, such as the dual-
path generation framework in CODET (Chen et al. 2023),
embed dynamic execution to filter candidates based on
test outcomes. The approach was mathematically refined in
B4 (Chen et al. 2024), which used a Bayesian joint model
to establish a quantitative relationship between test credibil-
ity and code quality, thereby mitigating noise. A significant
advancement came with the integration of formal verifica-
tion methods. ALGO (Zhang et al. 2023b) utilizes mathe-
matical proofs in the generation workflow to ensure logical
completeness, a gap left by traditional testing methods. The
method was further extended by MPSC (Huang et al. 2023),
which introduced a multi-perspective framework for cross-
validating solutions, specifications, and test cases through
graph-structured consensus modeling. The code consensus
method shifts from verifying functional correctness to trust-
worthiness and has emerged as a key technique for ensuring
the consistency and correctness of candidate solutions.

Preliminaries
Problem Definition
Code generation aims to automatically generate a code solu-
tion x from a given prompt. In detail, the prompt contains
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a natural language problem description and a code snip-
pet that includes statements such as imports and the func-
tion header. A code solution is the completed function that
solves the programming problem described in the prompt.
Generally, we sample a set of N code solutions, denoted as
X = {x1, x2, · · · , xN}, based on the prompt using a pre-
trained language model. In addition to generating code so-
lutions, we must use test cases to evaluate their accuracy.
Each test case includes an input and an expected output for
a function specified in the prompt. We then feed the origi-
nal prompt and the specially designed instruction to the lan-
guage model, and sample a set of M test cases, denoted as
Y = {y1, y2, · · · , yM}, from the model output.

The correctness of the generated code solutions and test
cases is initially unknown. The observable outcomes are
captured in a matrix E ∈ {0, 1}N×M , where ei,j = 1 if
the i-th code solution passes the j-th test case, and ei,j = 0
otherwise. We refer to E as the execution matrix and each el-
ement ei,j as an execution result. We assume the set of gen-
erated solutions contains at least one correct code solution
because otherwise, a selection strategy would be meaning-
less. All correct code solutions are functionally equivalent,
and test outcomes are deterministic.

Consensus Solution
Previous research aimed to identify the most extensive pos-
sible set of code-test pairs, S(X̂ ,Ŷ), in which all constituent
code solutions exhibit identical behavior across all con-
stituent test cases. It is usually referred to as a consensus
set.

Definition 1 (Consensus Set) A consensus set S is defined
as a pair of subsets (X̂ , Ŷ), where X̂ ⊆ X and Ŷ ⊆ Y ,
such that all code solutions in X̂ exhibit functionally iden-
tical behavior on all test cases in Ŷ . This behavioral con-
sistency can be expressed in the following two equivalent
ways. From the testing perspective, every code solution in X̂
passes every test case in Ŷ:

∀xi ∈ X̂ , ∀yk ∈ Ŷ, ei,k = 1.

From the function perspective, for any two solutions in X̂ ,
their execution results are identical on all test cases in Ŷ:

∀xi, xj ∈ X̂ , xi ≡ xj ⇐⇒ ∀yk ∈ Ŷ, ei,k = ejk.

In other words, all code solutions in the consensus set not
only pass the same set of test cases but also exhibit indis-
tinguishable behavior on them. It assumes that a consensus
set containing more code solutions and test cases indicates
a higher level of consensus, and thus, the more likely they
are to be correct. Recent studies aim to use E to assess the
correctness of code solutions and select the optimal one.

Previous Modeling
Prior approaches have predominantly focused on informa-
tion extraction or feature processing concerning the matrix
E. This subsection provides a brief review of some repre-
sentative modeling methods for solving this problem.

The first family of methods, collectively referred to as
MAX-PASS (Lahiri et al. 2022; Li et al. 2022; Le et al.
2022; Rozière et al. 2022), selects the candidate solution that
passes the maximum number of test cases. This approach
can be considered a specialized form of broader techniques,
such as Self-CONSISTENCY (Wang et al. 2022) and MAJOR-
ITY VOTE (Zuo et al. 2025), adapted for test-time scaling in
code generation. Formally, the optimal code solution is se-
lected by maximizing the number of passed test cases:

xi, where i = argmax
i∈[N ]

M∑
j=1

ei,j .

Another alternative family of methods clusters code so-
lutions based on functional consensus, which is determined
by their execution outcomes on a shared set of test cases (Li
et al. 2022; Shi et al. 2022; Chen et al. 2023). A representa-
tive method from this family is CODET (Chen et al. 2023).
It seeks to identify the most significant consensus set from
K candidates. The significance of a set S, termed its capac-
ity, is defined as the product of the number of its constituent
solutions |X̂ | and test cases |Ŷ|: |S| = |X̂ | × |Ŷ|. Conse-
quently, CODET scores each consensus set by its capacity
and selects a solution from the set with the maximum score:

xi ∈ Sk, where k = argmax
k∈[K]

|X̂k| × |Ŷk|.

Similarly, other ranking methods, such as MBR-
EXEC (Shi et al. 2022) and AlphaCode-C (Li et al. 2022),
score individual solutions based on their empirical error on
a given set of test cases. These methods formulate the se-
lection of an optimal code solution as a Minimum Bayes
Risk (MBR) problem, where risk is measured by execution
consistency among a set of candidate solutions. To estimate
functional equivalence, each candidate solution is executed
on a set of test cases, and its outputs are compared against
those of other candidates to compute an empirical agreement
score. Formally, the solution with the lowest risk is selected:

xi, where i = argmax
i∈[N ]

N∑
j=1

I[ei,. = ej,.],

where I[·] is the indicator function. This objective corre-
sponds to selecting the candidate with the highest consensus
in functional behavior under model-based sampling. From
a Bayesian perspective, this approach reflects the core idea
of the optimization objective: it approximates the posterior
distribution over candidate programs through sampling. It
selects the solution with maximum expected utility.

Methods
Revisiting Consensus in Code Generation Models such
as GPT-4 (Achiam et al. 2023) and CodeLlama (Roziere
et al. 2023) can simultaneously generate candidate code so-
lutions and their corresponding test cases. However, the cor-
rectness of code and test cases generated by LLMs is not
guaranteed, primarily due to model hallucinations. Tradi-
tional static analysis tools can detect violations of coding
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Write a concise Python implementation of Quick Sort using 
the following starter code as well as some test cases using 
`assert` keyword to validate the code you output.
```python
def quick_sort(a, low, high):
```

def partition(a, low, high):
  pivot = a[high]
  i = low - 1
  for j in range(low, high):
    if a[j] <= pivot:
      i += 1
      a[i], a[j] = a[j], a[i]
  a[i + 1], a[high] = a[high], a[i + 1]
  return i + 1

def quick_sort(a, low, high):
  if low < high:
    p = partition(a, low, high)
    quick_sort(a, low, p - 1)
    quick_sort(a, p + 1, high)

    else: ...

assert quick_sort([3, 2, 1], 0, 1) == [2, 3, 1]

Dependence-based Code Extraction

Test Input Extraction & Deduplication

/
Execution Result

𝑷 =

𝒔 =
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Figure 1: Overview of the DS3 framework. Candidate code snippets and test cases generated by the LLM are first sanitized and
filtered to produce complete code and valid test inputs. Static analysis then computes divergence scores for code candidates.
Each code candidate is also executed on all test inputs to collect outputs, which are compared to build a dynamic similarity
matrix. Finally, static and dynamic signals are combined to compute an overall ranking score for each candidate.

standards, but cannot perform dynamic validation. They rely
solely on syntactic pattern matching and rule-based infer-
ence, which fail to capture the code’s actual runtime behav-
ior. Conversely, dynamic validation methods capture run-
time behavior through test execution. Its simplistic count-
ing strategy has two primary limitations. First, evaluating
only the number of passed tests disregards structural differ-
ences in code implementations. For example, two sorting
algorithms, such as QuickSort and BubbleSort, might pass
the same set of tests. Under this evaluation criterion, they
are considered equivalent, despite potentially having a dif-
ference in complexity. Second, the absence of a quality as-
sessment mechanism for test cases means faulty tests can in-
correctly reject valid code. These limitations underscore the
shortcomings of current methods for assessing code quality
and ensuring robustness against flawed test cases.

Overall Framework This study proposes the Dynamic-
Static Synergistic Selection Method (DS3) to address the
dual limitations of methods that rely on static analysis
or dynamic execution alone. Its core innovation is the
breakthrough from the traditional, single-dimensional val-
idation paradigm. As illustrated in Figure 1, the proposed
DS3 method comprises two main components: a dynamic
validation component for code consensus scoring and a
static analysis component for code divergence scoring. The
static analysis component assigns each candidate solution a
score based on static metrics. Departing from static analy-
sis that relies solely on semantic rules, our approach con-
structs a multidimensional divergence metric by incorporat-
ing lexical-level code quality and syntactic-level code com-
plexity. The dynamic validation component assesses the de-
gree of consensus between code solutions by evaluating the
consistency of their execution outputs with those of other

candidates, thereby quantifying functional agreement with
the candidate set. Furthermore, in contrast to traditional dy-
namic validation, our method achieves fine-grained assess-
ment by analyzing the execution results of candidate code.

Filtering and Scoring Based on Static Analysis
The first challenge arises from the potential for syntax errors
in the test cases generated by the model. Due to noise in the
pre-trained data and the model’s ability, these test cases of-
ten contain incorrect assertions or invalid inputs. More criti-
cally, if the model is not powerful enough, the generated test
cases and candidate code may be biased. For instance, when
tackling complex problems, the model may produce a test
case with the correct code but the wrong test, or vice versa.
This type of failure renders traditional validation mecha-
nisms ineffective as erroneous implementations and faulty
tests create a logical closed loop, increasing the risk of se-
lecting an incorrect code candidate.

Sanitize Code Solutions We introduce a sanitizing
pipeline to enhance the reliability of code produced by
LLMs, starting with the identification of the longest con-
tiguous valid code block using AST. It then discards the
malformed or incomplete trailing tokens in the generated
outputs. After extraction, we perform a static analysis rec-
ognizing all top-level nodes as imports, class definitions,
function definitions, or global variable assignments. A key
component of this method is its dependency-driven filtering
mechanism. Given a specified entry point, the mechanism
constructs a dependency graph of all definitions. Traversing
this graph identifies the minimum set of reachable defini-
tions, eliminating dead code and pruning any functions or
variables that are not essential for executing the entry point.
Finally, the sanitized code is reconstructed with the neces-
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sary import statements and transitively reachable definitions.
It results in a self-contained program that is ready for execu-
tion or further analysis and is syntactically correct.

Filter Test Input We use a multi-stage analysis method-
ology to ensure the semantic validity and robustness of the
generated test cases. First, we perform the syntax analysis to
parse each candidate test case. We traverse the AST to lo-
cate the target function invocation and extract all arguments.
This initial step confirms that the test case is syntactically
correct and structurally relevant to the target function. Next,
we preliminarily validate the extracted arguments against the
function’s signature. At this stage, the function’s body is not
executed. Instead, we perform prior validation on the argu-
ments to confirm their conformance to the types and con-
straints specified in the function’s signature. A set of argu-
ments is considered valid only if it successfully passes both
the static extraction and preliminary validation stages. Ar-
guments that fail either stage are rejected to ensure that only
syntactically and semantically valid inputs are retained.

Static Quality Score To assess and differentiate code
quality before dynamic analysis, we perform a static as-
sessment of each candidate solution to quantify its adher-
ence to coding standards and style conventions and detect
potential logical errors. Let X̃ = {x1, x2, . . . , xN ′} and
Ỹ = {y1, y2, . . . , yM ′} denote the filtered sets of code func-
tions and test cases. We employ the Pylint static analysis
tool for this purpose. For each solution xi, we compute a
Pylint score, s, which is normalized to a [0, 1] scale. This
score reflects aspects of code quality independent of its ex-
ecution. Similarly, another score is computed based on cy-
clomatic complexity. This score is then normalized to [0, 1],
whereby lower complexity corresponds to a higher score.
The final static score is calculated using a weighted sum of
these two metrics. These scores form a static quality vector
s, where each element si ∈ [0, 1], ∀i ∈ [N ′].

Metric CG CX SC CL DS

Syntactic Correctness 62.2 76.5 62.7 62.4 61.5
Execute Correctness 61.3 75.0 60.9 61.5 60.2
Semantic Correctness 40.4 48.9 33.3 40.3 45.1
Line Coverage 86.3 86.1 86.0 86.4 90.0
Branch Coverage 62.2 62.9 62.9 62.6 60.0

Table 1: Accuracy (%) comparison of test cases generated by
different models across multiple dimensions on HumanEval,
where CG = CodeGen, CX = CodeX, SC = StarCoder,
CL = CodeLlama, and DS = DeepSeek-Coder.

Consistency Based on Dynamic Execution
The second challenge lies in the structural bias of model-
generated test case coverage. For example, test data for Hu-
manEval (Chen et al. 2021) in Table 1 show that, while test
cases generated by LLMs achieve an average line cover-
age of approximately 86% for candidate code, their average
branch coverage is only around 62%, revealing an incom-
plete validation process. This significant discrepancy sug-

gests that LLMs tend to generate test cases for explicit exe-
cution paths. However, they cannot cover critical branches,
such as conditional logic and exception handling. Conse-
quently, this coverage bias can allow divergences in critical
branch paths to go undetected among different implemen-
tations. Different implementations may exhibit functional
divergences within uncovered code segments, yet still be
grouped into the same consensus set. Consequently, code
with boundary condition defects may be overlooked due to
a lack of targeted testing.

The cornerstone of our method is the concept of dynamic
execution consistency. This concept posits that, despite dif-
ferent implementations, high-quality solutions will exhibit
similar behavior when presented with a given set of inputs.
We quantify this behavioral similarity using a pairwise sim-
ilarity matrix P ∈ [0, 1]N

′×N ′
. The similarity between two

distinct solutions, xi and xj , is calculated as the average
consistency score across test inputs. For a given test case,
yk, with input arguments, ak, the execution-level similar-
ity is based on the condition of functional equivalence; both
solutions, xi and xj , must execute successfully on ak and
produce identical outputs. This condition ensures the com-
parison is restricted to functionally equivalent solutions for
a given input. The test-wise similarity can be calculated:

σ(xi, xj , yk) =

{
1 if exec(xi, yk) == exec(xj , yk)

0 otherwise

The final similarity score pi,j in the matrix is the mean of
these values over all M test cases, providing a robust mea-
sure of overall behavioral similarity:

pij =
1

|M ′|

|M ′|∑
k=1

σ (xi, xj , yk)

For the diagonal elements, we set pi,i = 1, as a solution is
perfectly similar to itself. Note that the matrix P is symmet-
ric, i.e., pi,j = pj,i. Summing the similarity scores (i.e., the
row sums of P) would treat all solutions as equally valid.
However, our static analysis has already provided an esti-
mate of the intrinsic quality of each solution. We use this
information to compute a more refined final score. The final
score for candidate solution xi is a weighted sum of its sim-
ilarity scores with all other solutions. Specifically, the score
for xi is the dot product of the i-th row of the similarity ma-
trix P and the static score vector s:

s∗ = Ps

This scoring mechanism represents a consensus-based
evaluation. A solution receives a high score if it behaves sim-
ilarly to others with high static quality. In other words, the
high value of the final score means that the code is a reliable
solution, i.e.si is high, and it is consistent with many other
solutions, i.e.the sum of pi,. is high as well. This approach
effectively marginalizes solutions that pass all tests but do so
inconsistently compared to other well-structured solutions.
It favors candidates who belong to a cluster of high-quality,
behaviorally consistent programs. After computing the ag-
gregate score for each candidate solution, the solution with
the highest score is selected as the optimal one.
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Experiment
Benchmark We conducte experiments on widely used
code generation benchmarks: HumanEval(+) and MBPP.
HumanEval (Chen et al. 2021) and MBPP (Austin et al.
2021) are datasets comprising hand-written Python pro-
gramming problems. HumanEval+ (Liu et al. 2023) extends
HumanEval by incorporating additional unit tests.

Metric In the context of Code Ranking, the metric
Pass@k (Chen et al. 2021) is pivotal for evaluating model
performance. It assesses the probability of a model gener-
ating at least one correct code sample out of k attempts for
a given problem. Mathematically, Pass@k is expressed as
Pass@k = 1 − (1 − p)k, where p is the probability of gen-
erating a correct sample. To address the computational chal-
lenges of directly calculating Pass@k, an unbiased estima-
tion method is employed:

Pass@k = 1−
(
n−c
k

)(
n
k

)
where

(
n
k

)
is the binomial coefficient. This method provides

a reliable measure of the model’s performance with signif-
icantly reduced computational cost. In the context of code
ranking, it denotes the probability that at least one of the
top-k candidate solutions passes all test cases.

Baselines We compare our method against two categories
of baselines: several general or specialized LLMs, such as
GPT-3.5-Turbo, GPT-4 (Achiam et al. 2023), Code Llama
(Roziere et al. 2023), WizardCoder (Luo et al. 2024),
and Deepseek Coder (Guo et al. 2024); and various post-
hoc approaches that enhance LLMs during test-time, in-
cluding MAX-PASS (Wang et al. 2022), MBR-EXEC (Shi
et al. 2022), CODET (Chen et al. 2023). We also compare
with agent-based methods, Self-COLLABORATE (Dong et al.
2024) and MPSC (Huang et al. 2023). For the post-hoc ap-
proaches, we use GPT-3.5-Turbo as the base model to gener-
ate 200 candidate solutions for each problem. To align with
the experimental setup of CODET (Chen et al. 2023), we use
500 test cases for the required baselines. For method MPSC,
an additional 50 specifications are required. All baselines,
where applicable, are evaluated with the same set of gener-
ated solutions and test cases to ensure a fair comparison.

Main Results
The experimental results on the HumanEval and MBPP
benchmarks are summarized in Table 2. Our proposed
method, DS3, consistently achieves strong performance
across all metrics. Notably, it surpasses GPT-4 in Pass@1 on
both benchmarks, establishing a new SOTA in this setting.
The result highlights the effectiveness of our approach, even
when built upon a weaker backbone model, demonstrat-
ing its ability to enhance code generation quality through
consensus-based post-processing significantly. Compared to
other augmentation methods such as MAX-PASS, MBR-
EXEC, and CODET, our method exhibits consistent improve-
ments across different k values. It is worth noting that, unlike
approaches that benefit more from increasing k, our method
already achieves strong results at k = 1, suggesting that

our ranking strategy captures essential correctness signals
early on. This property is particularly desirable in latency-
sensitive or compute-constrained scenarios.

Result of Hard Test

Table 3 presents the evaluation results on the HumanEval+
benchmark, where our proposed method, DS3, significantly
outperforms all baselines built upon the same foundation
model. Notably, DS3 achieves the highest Pass@1 score,
surpassing even the more powerful GPT-4 model. When
compared with other post-hoc methods, such as MAX-PASS
and MBR-EXEC, the improvement of DS3 over the GPT-
3.5-Turbo baseline is substantially larger. The comparatively
modest gains on the more challenging tasks highlight the im-
portance of our consensus-driven scoring mechanism, par-
ticularly in the face of inherent distribution shifts. These re-
sults verify that DS3 maintains superior performance and
exhibits remarkable resilience and scalability on more diffi-
cult and perturbed datasets.

Execution efficiency

Besides demonstrating superior performance in accuracy,
DS3 exhibits significant advantages in execution efficiency
compared to representative augmentation methods, such as
CODET. By introducing preliminary static analysis to fil-
ter candidate solutions and test cases, we substantially re-
duce the computational overhead typically associated with
exhaustive dynamic executions. Empirical evaluations con-
ducted on both HumanEval and MBPP benchmarks, of
which the statistics are used to estimate the time complexity,
indicate that DS3 reduces the total execution count by ap-
proximately 41.8% to 61.4%. These results underscore the
efficacy of DS3 in improving code generation accuracy and
significantly enhancing test-time computational efficiency.

Generalization over Models

We comprehensively compare Pass@1 performance across
various foundation models to evaluate the generalization ca-
pabilities of our proposed method, with a primary focus on
tasks that have at least one passed solution. As detailed
in Table 4, the results demonstrate the consistent and ro-
bust performance of DS3 against several established base-
lines. It is evident that simpler methods, such as RANDOM
and MAX-PASS, yield relatively low performance, while
more sophisticated techniques, like MBR-EXEC, CODET,
and B4 (Chen et al. 2024), offer substantial improvements.
Notably, our method, DS3, consistently achieves highly
competitive results across all tested models. These findings
underscore the broad applicability and strong generalization
of DS3, confirming its effectiveness across a broad spec-
trum of code generation architectures. DS3 introduces only
one hyperparameter to balance the contribution of the cyclo-
matic complexity score and Pylint score. We also conduct
a sensitivity analysis of the hyperparameter to support our
method, which further demonstrates its robustness.
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Method HumanEval MBPP
Pass@1 Pass@2 Pass@5 Pass@1 Pass@2 Pass@5

GPT-4 81.48 86.31 90.46 71.26 74.27 76.99
GPT-3.5-Turbo 68.38 76.24 83.15 66.80 72.34 76.60
DeepSeekCoder 79.30 - - 70.00 - -
WizardCoder 73.20 - - 61.20 - -
CodeLlama 62.20 - - 61.20 - -

MAX-PASS 73.86+5.48 73.93-2.31 74.10-9.05 71.70+4.90 71.73-0.61 71.82-4.78
MBR-EXEC 72.96+4.58 76.47+0.23 79.00-4.15 70.79+3.99 73.14+0.80 74.85-1.75
Self-COLLABORATE 74.40+6.02 - - 68.20+1.40 - -
CODET 78.05+9.67 78.05+1.81 78.30-4.85 71.90+5.10 71.95-0.39 72.02-4.58
MPSC 74.17+5.79 77.02+0.78 78.53-4.62 69.34+2.54 70.06-2.28 71.85-4.75

DS3 81.71+13.33 82.32+6.08 82.93-0.22 76.11+9.31 77.28+4.94 78.22+1.62

Table 2: Results on the HumanEval and MBPP code generation benchmarks. The foundation model for MPSC, MAX-PASS,
MBR-EXEC, CODET, and Self-COLLABORATE is GPT-3.5-Turbo. Improvements are shown relative to GPT-3.5-Turbo. Bold
and underlined numbers indicate the best and second-best scores, respectively.

Method Pass@1 Pass@2 Pass@5

GPT-4 70.52 75.48 79.54
GPT-3.5-Turbo 58.75 66.58 73.96

MAX-PASS 63.50+4.75 64.70-1.88 65.67-8.29
MBR-EXEC 62.12+3.37 67.08+0.50 71.38-2.58
CODET 67.87+9.12 68.75+2.17 69.65-4.31
MPSC 65.05+6.30 69.76+3.18 71.72-2.24

DS3 73.17+14.42 75.00+8.42 76.22+2.26

Table 3: Results on the HumanEval+ benchmark. All meth-
ods except GPT-4 are built on GPT-3.5-Turbo. The improve-
ments are relative to GPT-3.5-Turbo.

Method CG CX SC CL DS
RANDOM 32.5 39.2 29.8 34.1 65.3
MAX-PASS 28.6 57.8 32.2 40.6 58.2
MBR-EXEC 44.8 55.0 47.9 52.6 80.4
CODET 51.5 71.7 55.0 61.7 79.2
B4 58.0 73.1 59.3 64.8 80.5

DS3 59.1 77.5 59.3 66.2 88.7

Table 4: Pass@1 (%) on the HumanEval benchmark com-
parison across different models, where CG = CodeGen,
CX = CodeX, SC = StarCoder, CL = CodeLlama, and
DS = DeepSeek-Coder.

Ablation Study
Table 5 shows the ablation results on the HumanEval
benchmark with GPT-3.5-Turbo. The full DS3 framework
achieves the best performance, confirming the effective-
ness of combining dynamic validation and static analysis.
Removing either component (w/o Dynamic or w/o Statics)
leads to performance drops, indicating their complementary
roles. w/o Ranking further degrades results, underscoring the

Method Pass@1 Pass@2 Pass@5

DS3 81.71 82.32 82.93

w/o Dynamic 68.29 74.39 81.10
w/o Statics 79.88 80.49 81.10
w/o Ranking 70.99 76.83 82.32

w/o ALL 68.38 76.24 83.15

Table 5: Ablation results on the HumanEval benchmark us-
ing GPT-3.5-Turbo as the generation model. “w/o Dynamic”
corresponds to fixing pij = 1 for all i, j, “w/o Statics” cor-
responds to fixing si = 1, and “w/o Ranking” is equivalent
to removing both the dynamic and static components

value of score integration. For the statistics on the MBPP
benchmark, an extended ablation study leads to a similar
conclusion. These findings highlight the necessity of each
component and the overall framework.

Conclusion
This work presents DS3, a novel Dynamic-Static Synergis-
tic Selection framework that ranks generated code based on
quality. This approach overcomes the limitations of exist-
ing consensus methods. Unlike previous approaches, which
rely solely on test cases sampled by LLMs, DS3 integrates
dynamic validation and static analysis to create a more reli-
able, multidimensional code selection strategy. It mitigates
the risk of flawed test case evaluations and reduces the im-
pact of coverage gaps by dynamically verifying functional
consistency and statically identifying discrepancies in can-
didate solutions. Extensive empirical studies across multiple
benchmarks demonstrate that our framework achieves state-
of-the-art performance, substantiating its generalization and
effectiveness in selecting correct, high-quality code. It pro-
vides a comprehensive approach to achieving more reliable
and robust test-time scaling in code generation with LLMs.
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