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Abstract

Code verifiers play a critical role in post-
verification for LLM-based code generation,
yet existing supervised fine-tuning methods suf-
fer from data scarcity, high failure rates, and
poor inference efficiency. While reinforcement
learning (RL) offers a promising alternative by
optimizing models through execution-driven re-
wards without labeled supervision, our prelimi-
nary results show that naive RL with only func-
tionality rewards fails to generate effective unit
tests for difficult branches and samples. We
first theoretically analyze showing that branch
coverage, sample difficulty, syntactic and func-
tional correctness can be jointly modeled as RL
rewards, where optimizing these signals can im-
prove the reliability of unit-test-based verifica-
tion. Guided by this analysis, we design syntax-
and functionality-aware rewards and further
propose branch- and sample-difficulty—aware
RL using exponential reward shaping and static
analysis metrics. With this formulation, CVe-
DRL achieves performance with only 0.6B
parameters, outperforming GPT-4o0 by up to
17.55% in pass rate with over 20x faster infer-
ence than competitive baselines. !

1 Introduction

Recently, large language models (LLMs) have
shown impressive capabilities in code generation
(Achiam et al., 2023; Dubey et al., 2024; Jaech
et al., 2024; Guo et al., 2025). Although LLMs are
able to quickly generate code solutions, they strug-
gle to produce correct code in a single attempt. Re-
searchers investigate inference-time scaling meth-
ods to alleviate this difficulty, where LLLMs first
employ repeated sampling to output multiple code
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results, and then a code verifier selects the final best
result (Lightman et al., 2024; Brown et al., 2024).
Consequently, the performance of the code verifier
is the key to the success of the code generation
task for large language models (Cobbe et al., 2021;
Lightman et al., 2024; Liu et al., 2025).

Code verifiers take the problem description and
the candidate code solution as input and leverage
LLMs to generate unit tests, which consist of rea-
sonable input and corresponding output pairs. By
executing candidate code solutions and their unit
tests, the execution outcomes are examined from
compilers and interpreters to identify the optimal
code solutions among all candidates. In fact, code
verifiers are specific LLMs for code generation,
as unit tests are special code snippets. As a re-
sult, instruction supervised fine-tuning (SFT) can
endow LLMs with unit test generation ability and
make them qualified code verifiers (Ma et al., 2025).
However, there are three challenges in the SFT
strategy. First, large-scale high-quality SFT data is
unavailable for unit test generation. Although Ma
et al. (2025) presents an automatic data pipeline, a
lot of incorrect unit tests exist in the final results.
Second, the SFT-based model suffers from a high
error rate and failure rate on generated unit tests.
Besides, SFT-based code verifiers have to sample
multiple unit tests to mitigate error and failure is-
sues, causing a serious efficiency bottleneck.

Reinforcement learning (RL) has shown strong
potential for LLM post-training by enabling reward-
driven exploration (Jaech et al., 2024; Shao et al.,
2024; Guo et al., 2025). It offers a promising frame-
work for code verification, as it avoids reliance
on large unit-test datasets, naturally incorporates
metrics such as pass rate and code coverage as
rewards, and improves inference efficiency by bet-
ter exploiting compact models. However, existing
RL formulations for code verification often rely on
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coarse-grained functionality rewards, which pro-
vide limited guidance for generating high-quality
and discriminative unit tests. Such rewards fail to
explicitly account for branch-level coverage, sam-
ple difficulty, and syntactic validity, making it un-
clear when and how reinforcement learning can
reliably improve verifier performance.

To address these limitations, we first derive an
idealized confidence bound for unit-test majority
voting that characterizes how assertion reliability,
branch coverage, and candidate diversity jointly af-
fect verification confidence, providing motivation
for the reward targets rather than deriving the ex-
act reward forms. Building on this analysis, we
propose CVeDRL, an RL-trained code verifier at a
compact 0.6B scale. CVeDRL employs a syntax-
functionality composite reward with GRPO (Shao
et al., 2024), augmented by branch-difficulty-aware
exponential reward shaping and sample-difficulty-
aware static analysis metrics to handle boundary
branches and hard samples respectively.

We perform extensive experiments to verify CVe-
DRL across three datasets and four policy models.
Experimental results demonstrate that CVeDRL-
0.6B significantly improves the performance of
open-source policy models and also enhances the
effectiveness of closed-source models. Addition-
ally, to assess the intrinsic quality of generated
unit tests, we directly evaluate various metrics
such as error rates, pass rates, and line coverage
across three datasets. CVeDRL-0.6B consistently
improves over compact and SFT-based baselines in
unit-test generation, achieving a 17.55 percentage-
point pass-rate gain over GPT-40 on MBPP+ (83.68
vs. 66.13; +26.5% relative) with marginally higher
coverage. Furthermore, CVeDRL-0.6B reduces
raw per-iteration latency by 2.7 x compared with
the 8B SFT model CodeRM, while avoiding re-
peated proprietary API calls in high-throughput
verification settings.

The contributions of our work are as follows:

* We theoretically motivate the interplay among
test case pass rates, branch coverage, and the
performance of code verifiers under idealized
independence assumptions, showing the po-
tential of RL for code verifier training.

* We propose CVeDRL, a code verifier trained
by RL with syntax and functionality rewards,
with a novel branch-sample difficulty-aware
mechanism incorporating exponential reward
shaping and static analysis metrics.

* Extensive experiments demonstrate that
CVeDRL-0.6B is a strong sub-billion-
parameter verifier with a favorable quality-
cost trade-off, improving verification accuracy
and test quality while reducing raw latency
relative to an 8B SFT verifier.

2 Related Work

Enhancement of code generation via unit test-
ing. Enhancing code generation reliability with
unit tests can be framed as a two-phase process:
improving model training and refining inference.
Prior work integrates unit test results into training
to improve code accuracy (Liu et al., 2023a; Dou
et al., 2024; Wang et al., 2025a). At inference,
MBR-EXEC (Shi et al., 2022) applies Bayesian
risk decoding to rerank candidates by pass rates,
and CodeRM (Ma et al., 2025) leverages a distilled
test-generator model for targeted solution selec-
tion. Related work improves LLM collaboration
efficiency by pruning redundant agents, commu-
nication, or information flow (Wang et al., 2025b,
2026). Agentlnit further improves multi-agent col-
laboration through diversity- and expertise-aware
initialization (Tian et al., 2025). Building on these
insights, our method combines test accuracy and
line-coverage signals within a unified RL reward
function, jointly improving test quality and en-
abling more reliable code selection.

Unit test generation. Traditional approaches em-
ploy symbolic analysis (Galeotti et al., 2013) and
meta-heuristic search (Harman and Jones, 2001;
McMinn, 2004; Harman et al., 2012) to craft
tests. LLM-based methods fall into two cate-
gories: prompt engineering—decomposing test ob-
jectives into sub-questions (Wang et al., 2024), of-
fering static metrics in prompts (Sepidband et al.,
2025), or iteratively incorporating execution feed-
back (Pizzorno and Berger, 2025; Chen et al., 2024;
Cheng et al., 2025)—and model fine-tuning (Ma
et al., 2025; Eom et al., 2024). In this work, we
propose a reinforcement learning-based strategy
that integrates dynamic execution feedback with
static code analysis to produce high-quality unit
tests for code selection.

3 Method

In this section, we present CVeDRL, which has
both performance and efficiency advantages at a
scale of 0.6B. We begin by introducing the Unit
Test Majority-Voting Framework and its associated
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Figure 1: (a) We design syntax and functionality rewards and employ GRPO to train the base code verifier. Base
model struggles to produce effective unit test cases for the difficult branches and samples. Therefore, we propose
Branch-Difficulty-aware and Sample-Difficulty-aware reinforcement learning based on exponential reward shaping
and static analysis metrics (Halstead Complexity and Maintainability Index). (b) Exponential reward shaping
modifies the coverage reward function from a linear format into an exponential format.

reliability bound of test case quality. Then we in-
troduce the base code verifier trained by syntax
and functionality rewards for GRPO. To handle
boundary conditions, we apply an exponential re-
ward shaping mechanism that amplifies rewards
for covering rare branches. Additionally, we inte-
grate two static analysis metrics that provide priori
code sample complexity assessments, refining the
reward function with static insights.

3.1 Unit Test Majority-Voting Framework
and RL Insights

The unit test majority-voting framework adopts the
best-of-N decoding strategy, wherein an LLM pol-
icy model first generates /N candidate programs for
a given programming problem () (Cobbe et al.,
2021; Lightman et al., 2024). Formally, we denote
these candidates as {s, $2,...,sn}. For func-
tional correctness, an auxiliary LLM produces M
unit tests for each (Q, s;) pair, yielding test suites
{T1,T>,..., Ty}, where each test suite T; =
{(@.1,950), (12, 952) - -, (%), k) | con-
tains K ; input—output pairs. x;j is the k-th input
and y; 1, is the expected output. Each candidate C;
is tested against all 77}, with binary outcomes
L,

Pij = {0

These results form a reward vector p;
(Pi1»- - -»Pi ) for each candidate. Finally, under
the majority-voting criterion (Wang et al., 2023),
we select the candidate that maximizes the total
number of passed tests:

M
4 ZPM :
ie{1,...,N} =

if s; passes every case in 7},

otherwise.

Sopt = arg max

To quantify how test-assertion reliability and
branch coverage jointly influence the confidence in
the selected program, we derive that the assertion
correctness probability p must satisfy the bound

1—¢g
1—q’

1+ %ln( N)

1+e¢

=

Here, p denotes the assertion correctness proba-
bility—the probability that a generated assertion is
semantically correct, i.e., it accepts valid code and
rejects bugs on the exercised branch. ¢ is the prior
probability that any individual candidate is func-
tionally correct (before verification), while ¢’ is the
target post-selection probability of correctness un-
der majority voting. NV is the number of candidate
programs, M the number of test suites per candi-
date under an idealized independence assumption,
and ¢ € [0, 1] the average branch coverage of the
test suites.

Operational interpretation. The bound reveals
that increasing the number of test suites M or
branch coverage c relaxes the requirement on per-
assertion reliability p, since broader execution and
repeated voting both strengthen discrimination.
Conversely, a larger candidate pool N or a higher
target confidence ¢’ demands higher p. The detailed
proof is in Appendix A.

Importantly, the quantities appearing in the con-
fidence bound correspond to statistics that can be
targeted through reinforcement learning. Specifi-
cally, assertion correctness p and branch coverage ¢
are reflected in the pass/fail rewards obtained from
generated unit tests, while syntactic validity affects
whether the generated tests can contribute useful
execution signal. The bound should be interpreted
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as an idealized motivation: it does not derive the
exact exponential BDA shaping or SDA scaling,
and correlated rollouts from the same verifier can
reduce the effective sample size relative to the nom-
inal M. We therefore validate the concrete reward
forms empirically through ablations.

3.2 Base Code Verifier by RL

Previous studies (Xie et al., 2025; Zeng et al., 2025)
demonstrate that the design of *format-answer’ re-
ward effectively standardizes the format and order-
ing of model outputs, which guides the reasoning
process of the model. Inspired by these studies,
we propose the basic design of reinforcement fine-
tuning framework within CVeDRL that dynamic
testing feedback via two complementary rewards:
Syntax Reward and Functionality Reward. Syntax
reward enforces specific AST-derived formatting
rules, and Functionality Reward is based on the
testing execution results. This approach signifi-
cantly mitigates the propensity of models to "hack’
evaluations, standardizing generated code format
with dynamic test execution signals.

Syntax Reward. Inspired by (Guo et al., 2025),
we reexamine the formatting and syntax require-
ments for the unit-testing task and designed a cor-
responding syntax-based reward. Specifically, the
generated tests must be strictly enclosed within a
final Python code block, and traversing the AST of
this test code reveals at least one class inheriting
from unittest.TestCase. Given that WW; is
the 7*" concatenation response of correct code solu-
tion s, the format reward is calculated as follows:

1.0, if syntax is correct,

Tsyn(Wils) = {_1 0

if syntax is incorrect.

Functionality Reward. Once the syntax is val-
idated, a regex-based extractor retrieves the cor-
rectly structured unit-test snippet u; (i.e., the exe-
cutable unit-test code extracted from the full model
response W;) from the response of model W;. To
tailor concepts from prior RL-based fine-tuning
methods for reducing hallucination rates specifi-
cally, we refine these approaches by classifying
actual testing execution outcomes to derive reward
signals. During unit-test generation, models exhibit
two primary types of hallucinations: (1) Errors,
where wrong code or invalid inputs cause test exe-
cution to crash, i.e. both false positives and false

negatives; and (2) Failures, where tests run success-
fully but incorrectly predict the output from source
code s. For tests is passed, we introduce branch
coverage rate for the reward. The execution-result
reward is computed as follows:

—2.0, if u; is error towards s
rfum(ui, s) =< —1.5, if u; is failure towards s
+cov(u;, s), if u; is passed

In light of GRPO (Shao et al., 2024), for question
q = q(s) with corresponding code solution given
to LLM, the model samples a group of outputs
{0;}&., from the old policy 7y_,, then optimize the
policy with the following objective iteratively:

G
T (0, {0i}il1) = Eqnp(Q), {0}, (la)

G

1

[GZ min[n(t‘hf)nldI(I)Ao”CliP(Tz(e-,901(7!\(]),6)140,]
=1

= OBy P(@). fordmay ) [P (o || i)

_ moilq)
7i(0, Ooralq) = m7
where clip(z, ¢) = min(maz(z,1 —¢€),1 + ¢),
mg 1s theaa optimal policy. a,, = % is the

i

advantage term of i*" output calculated by:

if syntax is incorrect,

= {Tsyn(Wi|s)a

Tsyn(Wil$) 4 7 func(ui, 5),  if syntax is correct.

where p,, and o, is the mean and standard devia-
tion. We empirically evaluated several different re-
inforcement learning algorithms and found that the
final performance was not sensitive to the choice
of RL optimizer.

3.3 Branch-Difficulty-aware RL

The Base Code Verifier employs a linear coverage-
based reward, which leads the model to favor gen-
erating happy-path test cases and to overlook many
boundary conditions. We attribute this behavior
to the diminishing reward at high coverage levels,
resulting in insufficient exploration incentives. To
encourage the model to focus more on boundary
conditions and other atypical execution paths, we
adopt an empirical yet efficient reward design with
coverage awareness:

Teow(ti, 8) = (e“—1)" exp(axcov(us,s)) — 1]
where cov(u;, s) € [0,1] is the coverage rate of
unit-test case with a given code, and o > 0 is a tun-
able hyperparameter controlling the tail-heaviness
of the curve. 7.y, remains nearly linear for small
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a but stays flat at low coverage and then rises
sharply as « increases. By integrating 7oy (u;, S)
into our reward signal, we empirically observe that
the model devotes additional generation effort to
hard-to-reach logic, resulting in more balanced and
comprehensive unit-test suites.

Coverage and Assertion Discriminativeness. A
natural concern is that high branch coverage does
not inherently guarantee strong or discriminative
assertions—the agent might maximize coverage
by reaching rare branches while pairing them with
trivial checks (e.g., asserting result is not
None). We argue that the exponential shaping
mechanism mitigates this risk. Trivial assertions
primarily improve coverage on shallow, easily-
reached paths, where the exponential reward has
already saturated and yields diminishing marginal
gain. To obtain substantial reward increments, the
agent must produce tests that genuinely expand
branch-level execution into deeper control flow,
which typically requires input construction that ex-
ercises specific logic and meaningful output asser-
tions to avoid execution errors or failures. Further-
more, the error and failure penalties in the func-
tionality reward (Section 3.2) impose a comple-
mentary constraint: tests with syntactically valid
but semantically incorrect assertions trigger failure
penalties (—1.5), discouraging weak checks. Em-
pirically, removing BDA causes the largest perfor-
mance degradation across all policy models in our
ablation (Table 3), confirming that exponential cov-
erage shaping is the primary mechanism preventing
reward exploitation through trivial assertions.

3.4 Sample-Difficulty-aware RL

A key limitation of relying solely on dynamic feed-
back, such as pass/fail signals or code coverage
metrics, is that these measures only become avail-
able after the model has already generated and
attempted to execute a candidate solution. Conse-
quently, they offer no guidance in distinguishing
between “trivial failures” (e.g., minor input mis-
matches or off-by-one errors) and genuinely chal-
lenging code fragments that demand deeper rea-
soning. To address this gap, we introduce a static
difficulty prior that quantifies intrinsic complexity
of each solution before any execution takes place.
Specifically, for all code solution, we compute two
complementary static metrics of each code during
preprocessing: Halstead Complexity(D) and the
difficulty of Maintainability(D ;).

We choose Halstead Complexity over
embedding-based or semantic complexity
measures for three reasons: (1) it is computed di-
rectly from the AST with negligible cost, avoiding
extra model inference during RL training; (2) it is
model-independent, preventing circular bias with
the verifier being trained; and (3) it serves only
as reward scaling without altering the correctness
ordering of the functionality reward. These
static metrics are deterministic and reproducible,
but they do not fully capture semantic testing
difficulty; embedding- or LL.M-based difficulty
estimates are promising alternatives when their
added cost and potential model bias are acceptable.
Halstead Complexity, by quantifying the variety
and frequency of operators and operands, serves
as a metric for the cognitive load required to
parse and is widely utilized for code difficulty
analysis (Hariprasad et al., 2017). The formulation
is Dy = nox %, where 7, and 7o denote the
counts of distinct operators and operands in the
source code, and N3 is the total number of operand
occurrences. This metric captures the cognitive
burden imposed by syntactic diversity and operand
repetition. To mitigate the influence of extreme
outliers, we collect the set of all D values across
our training corpus and determine the 95 percentile
with a clipped min—max normalization Dgs. We
then perform a clipped min—max normalization to
get Halstead difficulty Dyy:

Dy = min(D, Dgs)/Dys.

Maintainability Index (MI) (Coleman et al.,
1994) further captures the anticipated effort and
risk of future modifications, which is a four-metric
polynomial equation for measuring how maintain-
able the code is. Recent work (Zheng et al., 2024)
on Ml is applied to the study of code sample differ-
entiation benchmark. The formulation is as fol-
lows: MI = max{0,100 x (171 — 5.2InV —
0.23G —16.21In L+505sin(v/2.4C))/171}, where
V' denotes the Halstead Volume, which quantifies
the size and information content of the code; GG
is the Cyclomatic Complexity; L represents lines
of code and C is the percentage of comment lines.
Since higher MI values indicate easier maintenance
(lower difficulty), we invert and rescale it into a uni-
fied difficulty measure of maintainability:

MI
100
Low-maintainability code often deviates from the
idiomatic patterns observed during pretraining,

Dy = max{0, 1 — } € 0,1].

39795



thereby undermining the transferability of learned
representations and increasing hallucination rates.
To emphasize the synergy between code compre-
hension and maintenance difficulty, we deviate a
geometric mean of two metrics Dy and Djy:

D =+/Dy x Dy €[0,1],

where indicates the co-occurrence of high values
in both dimensions, i.e. only code that is both hard
to comprehend and hard to maintain yields a large
difficulty.

Motivated by the imperative to distinguish gen-
uinely challenging code fragments from trivial fail-
ures prior to execution, we introduce the static dif-
ficulty D into our reward. Formally, we define
the total augmented execution reward 7 f,,,,. With
exponential reward shaping in coverage:

2.0,
7 func(Ui, 8) = -1.0

Tcov (ui7 5) :

if u; is error towards s;
- (1-D),
(1+ D), ifu,ispassed,
where LLM receives larger positive feedback when
the execution is passed with harder code func-
tions, while failures incur softened penalties. This
design ensures that the agent allocates a greater
exploration effort and learning capacity to high-
complexity regions of the code space, thereby im-
proving overall policy robustness on complex unit-
testing tasks with static difficulty awareness.

4 Experiments

4.1 Experimental Setup

Our experiment includes two components:
Validation-Coder Performance and CVeDRL
Test Quality evaluation. In the validation-coder
evaluation, we employ unit-test reward signals to
select among candidate code solutions produced
by coder models. In the test quality evaluation,
we execute all generated unit tests and report
metrics for each model’s output, providing a direct
assessment of test-case quality (Table 2). We select
a compact 0.6B parameter model for CVeDRL
training to ensure it can serve as a sufficiently fast
and efficient code verifier.

Datasets. We utilize four benchmarks to com-
prehensively evaluate unit-test generation: HU-
MANEVAL+ (Liu et al., 2023b), MBPP+ (Liu et al.,
2023b), LIVECODEBENCH (Jain et al., 2024),

if u; is failure towards s;

and LEETCODE (greengerong, 2023).> Follow-
ing the methodology of CodeRM (Ma et al., 2025),
we select 168 function-style problems from Live-
CodeBench created between January and Septem-
ber 2024. To assess generation performance in
broader contexts, we filter 2,360 LeetCode prob-
lems following VALTEST (Taherkhani and Hem-
mati, 2024) to exclude system-design questions,
class-based interfaces, and interactive I/O. We yield
542 problems each defined by a single Python
function signature with a return value. During
training, we use the CODERM(Ma et al., 2025)
dataset, which contains over 50,000 questions se-
lected through a dedicated processing pipeline, and
ensures that all of the chosen large model solutions
are both appropriate and correct.

Metrics. We report five metrics for test quality
evaluation:(1) Pass Rate (PR): the proportion of
tests that execute without assertion errors. (2) Fail-
ure Rate (FR): the probability that a generated test
runs successfully but the model’s expected output
is incorrect. (3) Error Rate (ER): the probability
that the testing doesn’t gives any coverage or fail-
ure report due to errors. (4) Branch Coverage (BC):
the ratio of executed branches or lines covered by
the tests. (5) Assertion Number (AN): the number
of assertions within the unittest class. For the eval-
uation of validation, we adopt the pass-of-n metric
under a unit-test majority voting framework, where
the final solution is selected based on the number
of test cases it successfully passes.

Baseline Models. In the evaluation of Validation-
Coder Performance, we select four policy models
including GPT-3.5, GPT-40-mini (Achiam et al.,
2023), LLaMA3-70B (Dubey et al., 2024), and
LLaMA3-8B (Dubey et al., 2024). For reward
model inference, the baselines include CodeT
(Chen et al., 2023), MBR-E (Shi et al., 2022),and
CodeRM-8B (Ma et al., 2025). We also evalu-
ate LLaMA3-70B as a reward model to compare
performance against larger unaligned models, and
vanilla method with random selection of code solu-
tions. For the evaluation of test quality, we employ
GPT-40 (Achiam et al., 2023), GPT-3.5 (Brown
et al., 2020), and LLaMA3-8B as baseline models.

“We note that 51/164 HumanEval+ and 161/378 MBPP+
tasks contain only straight-line logic without conditional
branches; for these cases we use line coverage as a more stable
surrogate. The more complex LiveCodeBench and LeetCode
benchmarks provide richer branching structures.
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Policy Model

Method  Scale

Llama3  Llama3
SB 70B GPT-3.5 GPT-40-m
HumanEval+
Vanilla - 5343195 73.10+72 6744151 82.57 +.53
MBR-E - 60.18 .52 7547 +.a1 70.53 +48  85.31 435
CodeT - 6522 143 7614 £35 739238 855212
Llama3.1 70B  71.95+21 7841+1s 79.88+10 8548+16
CodeRM  8.0B 72.13+.s 78.66+16 78.13+17  86.49 +.14
Qwen3 0.6B 5575412 7391 +6s 69.16 74  83.01 1.5
Qwen3 32B  70.64+22 7852117 7845+10 86.58 413
CVeDRL 0.6B 7214101 7872104 78.96+0a 87.05+02
MBPP+
Vanilla - 49.17 +.88 6928 +65 70.15:161  71.32 15
MBR-E - 4998 +55 6975142 7049110 7212 13s
CodeT - 59.17+41 6988 +.34 6993 £33 73.28 130
Llama3.1 70B 6524120 71.77+1s 75.87+16  75.01 £a7
CodeRM  8.0B 66.63+.15 72.53+23 7598+14 75.18 +.19
QWCI’I3 0.6B 51.01 411 70.19 462 72.86 +.58 73.74 +.55
Qwen3 32B 6543121 72.61+as 75.71+16  75.04 17
CVeDRL 0.6B  66.79 +.05 73.60 .05 76.21+.00 76.93 +.03
LiveCodeBench
Vanilla - 11.74 12 25.19 +s5 2048 +.92 3490 +.78
MBR-E - 1212475 2518 £58  20.51 +.62  34.79 £.52
CodeT - 1259 462 2592 +4s  20.60 +.51  35.11 +.45
Llama3.1 70B 1333125 2839124 2279125 38.61 £
CodeRM  8.0B 1524125 27.81+22 21.81+24 39.18+20
Qwen3 0.6B 1252114 2547178 2191 +s2  37.18 +72
Qwen3 32B  15.17+26 27954121 22.86+.23 38.51+20
CVeDRL 0.6B 16.75+.0s 27.96+.06 23.09+.114 39.31+s5

Table 1: The result for code verification of CVeDRL and
other baselines over three code generation benchmarks.
We report mean =+ std over 5 independent runs. The top
two performances for each dataset and policy model are
marked in bold and underlined.

Positioning against frontier verifiers. Recent
frontier reasoning models can also serve as
prompted verifiers, but repeatedly calling them is
costly in high-throughput settings. Appendix B.4
compares frontier models as best-of-n verifiers
under the same candidate pools. These models
achieve slightly higher selection accuracy in some
settings, while CVeDRL remains close at negligible
local inference cost. We therefore position CVe-
DRL as a compact verifier for RL reward compu-
tation, large-scale reranking, local/private deploy-
ment, and pre-filtering before expensive frontier
verification, rather than as a replacement for fron-
tier models in absolute standalone accuracy.

4.2 Main Results

Validation-Coder Performance. Table 1 sum-
marizes verification results across three bench-
marks. Following the majority-voting scheme, each
model’s candidate solutions are verified by run-

LLM Scalel ER%| FR%| PR%1 BC%1T AN|
HumanEval+

GPT-40 - 1.98 +.22 17.21 +.45 80.81 +.51 96.91 +.15 5.35 +.31

GPT-3.5 - 3.14 +.35 26.32 +.62 70.54 +.71 96.73 +.21 4.13 128

LLaMA3.1 8.0B
CodeRM  8.0B

10.88 +.68 37.19 +.85 51.93 +.02 94.60 +.35 3.97 +.24
2.44 151 64.73 +.78 32.83 £.52 96.97 +.10 7.15 +.42

Qwen3 0.6B 20.70 +1.5 44.82 +1.5 34.48 +1.9 73.19 £1.4 4.38 +.45

Qwen3 32B  9.43 152 2531 £.58 65.26 +.65 89.53 +.42 8.17 .48

CVeDRL  0.6B  1.27 +.09 12.79 +.15 85.94 +.21 97.53 +.0s 2.41 +.12
MBPP+

GPT-40 - 3.98 +.25 29.89 +.52 660.13 +.58 96.91 +.20 6.12 +.35

GPT-3.5 5.14 +.35 40.15 +.72 54.71 +.78 96.65 +.24 5.97 + .35

LLaMA3.1 8.0B
CodeRM  8.0B

15.79 +.75 47.53 +.02 36.68 .08 95.93 .38 4.13 .28
2.44 +.28 52.86 +.82 44.70 £.85 97.11 +.18 7.88 .45

Qwen3 0.6B 28.18+1.6 31.53 415 40.29 1.7 90.12 1.2 3.48 1 38

Qwen3 32B 1142 1455 31.39 +.62 57.19 +.68 92.44 +.45 747 +.42

CVeDRL  0.6B  0.53 +.0s 15.79 +.21 83.68 +.24 97.37 +.00 3.13 +.11
LeetCode

GPT-40 - 2.77 +.25 25.14 1 55 72.09 +.62 83.64 +.45 5.77 134

GPT-3.5 - 3.53 £.32 37.28 £.75 59.19 +.52 76.53 +£.58 5.63 +.35

LLaMA3.1 8.0B
CodeRM  8.0B

12.47 +.72 54.77 +.95 32.76 +1.0 70.49 +.75 3.88 +.25
3.70 £.32 58.16 +.88 38.14 +.92 75.37 +.62 6.43 .42

Qwen3 0.6B 37.31 +1.5 42.26 +1.6 20.43 +1.5 61.47 +1.5 3.76 +.38
Qwen3 32B 23.18 +.65 27.63 +.62 49.19 +.72 68.62 +.55 7.34 +.45
CVeDRL  0.6B  3.49 +.15 20.98 +.25 75.53 +.52 91.61 +.15 2.84 +.13

Table 2: The direct testing results of CVeDRL and other
baselines with metrics including Error Rate(ER), Fail-
ure Rate(FR), Pass Rate(PR), Branch Coverage(BC)
and Assertion Number(AN) across three datasets. We
report mean =+ std over 5 independent runs. Top two
performances are marked in bold and underlined.

ning generated test cases. CVeDRL-0.6B signif-
icantly improves best-of-n performance over the
base Qwen3-0.6B on all benchmarks and yields
greater gains than LLaMA-70B in nearly every
setting, demonstrating that its generated unit tests
more effectively discriminate correct solutions. For
example, when selecting among GPT-40-mini out-
puts on MBPP+, accuracy rises from 71.32% to
76.93% (+5.61%). We report meantstd over
5 runs; gains consistently exceed variance (e.g.,
+1.75 on MBPP+ with std<0.05). Under a fixed
coder, selection accuracy is bounded by candidate
pool quality—this ceiling effect explains small ab-
solute gains when the coder is already strong.

Test Quality of CVeDRL. Combining coverage
reports with static code-analysis tools, we directly
executed the generated tests and computed five
evaluation metrics, the results of which are sum-
marized in Table 2 for three benchmark datasets.
CVeDRL maintains an exceptionally low failure
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rate and high line coverage, robustly improving
test quality. On MBPP+, CVeDRL improves pass
rate by 17.55 percentage points over GPT-40 (83.68
vs. 66.13; +26.5% relative), while also achieving
slightly higher branch coverage. Notably, CVeDRL
also produces significantly fewer assertions, indi-
cating that our method minimizes redundant test
cases while sustaining coverage levels and thus fur-
ther reduces testing overhead. This behavior arises
because generating redundant cases increases asser-
tion failure risk under the functionality reward, so
CVeDRL preferentially generates the minimal set
of assertions required to satisfy coverage criteria.
Moreover, CVeDRL produces the highest-quality
test suites on MBPP+ and correspondingly achieves
the best verification performance (Table 1), con-
firming a tight link between coverage gain and so-
lution selection (Appendix A).

4.3 Ablation Study

We ablate CVeDRL (Table 3) to isolate the effects
of syntax reward (SYN), branch-difficulty-aware
RL (BDA), and sample-difficulty-aware RL (SDA).
For comparison of training methodologies, we also
evaluate CodeRM-8B and CVeDRL-8B, trained
on the same dataset with Llama3.1-8B but with
different methods; this cross-architecture result is
intended as a robustness check rather than a same-
family scaling study. Under this setting, CVeDRL
demonstrates a clear performance advantage over
CodeRM. SDA alone substantially improves pass
rate (from 69.47% to 79.96% on MBPP+) by steer-
ing the agent toward appropriately difficult tasks,
while BDA alone significantly boosts code cover-
age to 96.75% by rewarding exploration of sparsely
exercised branches. Combining both yields the
highest overall performance (83.68% PR, 97.37%
BC), demonstrating their complementary benefits.

4.4 Sampling Efficiency of CVeDRL

Figure 2 illustrates the performance of three unit-
test generators under varying test-suite scales.
CVeDRL-0.6B reaches its performance plateau
with as few as 10 test cases in both settings, in-
dicating minimal gains when sampling up to 100
cases under majority voting. When using LLaMA3-
8B as policy model on HumanEval+, all three re-
ward models perform comparably at scale 100, but
CVeDRL-0.6B significantly outperforms baselines
at scale 5. Similarly, with GPT-40-mini on MBPP+,
CVeDRL-0.6B surpasses other reward models at
every scale. As derived from the confidence bound,

% Problem Solved
(=)
D

HumanEval, Llama3-8B
[

MBPP, GPT-40-m
I

L |
5 10 50
Number of Cases

L | |
5 10 50 100
Number of Cases

=
=)

~
B
% Problem Solved

]
S

—a— CVeDRL-0.6B —}— Llama3.1-70B —e— CodeRM-8B

Figure 2: Performance of three unit-test generators
at different test-case scales, with LLaMA3-8B on Hu-
manEval+ and GPT-40-mini on MBPP+ as policy model
separately.

fewer majority-voting candidates suffice, accelerat-
ing inference (Appendix A).

4.5 Inference Efficiency of CVeDRL

The results in Table 4 reveal clear scale-dependent
trade-offs between resource utilization, latency, and
throughput. Relative to the SFT-trained CodeRM-
8B, CVeDRL-0.6B reduces raw per-iteration la-
tency from 1.7823s to 0.6622s, a 2.7 x speedup.
The parameter-normalized throughput metric also
favors CVeDRL (7.083 vs. 0.296 tok/kPar/s), but
we treat it as a secondary efficiency indicator be-
cause it partly reflects model size. These results
indicate that the main benefit is not making the
same backbone faster, but making a compact ver-
ifier accurate enough to replace or complement
larger verifiers in cost-sensitive settings.

5 Conclusion

We introduce CVeDRL, a reinforcement learning
framework that leverages static code complexity
metrics and test execution results to guide unit-
test generation and code verification. We provide
an idealized analysis relating test-case pass rates,
branch coverage, and verification confidence, and
use it to motivate reward targets for verifier train-
ing. By integrating branch-sample difficulty-aware
rewards, CVeDRL generates concise test suites and
offers a strong quality-cost trade-off among com-
pact verifiers.

Limitation

Scope of validation. CVeDRL currently targets
complete, standalone Python functions. Partial
code (e.g., code completion snippets) cannot be
directly validated by unit tests without a provi-
sioned execution environment, and the generated
tests are effective at filtering incorrect solutions
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Model  Scale SYN BDA SDA Mbpp+ Humaneval+
ER%| FR%| PR%? BC%% AN, ER%| FR%| PR%? BC%T AN/
CodeRM 80B - -  — 244 5286 4470 97.11 7.88 244 6473 3283 9697 7.15
CVeDRL 80B v v v 041 1631 8328 97.53 496 148 1383 8569 97.86 3.79
06B x  x  x 1432 3415 5153 8511 323 986 5015 4199 9241 3.17
06B v  x  x 617 2436 6947 8979 375 437 2750 68.13 9483 3.64
CVeDRL 06B v  x v 48 1518 7996 9214 347 281 13.05 8414 9455 3.88
06B v v x 171 2687 7142 9675 308 193 1892 79.15 9741 275
06B v v v 053 1579 83.68 9737 313 127 1279 8594 97.53 241

Table 3: Ablation study on MBPP+ and HumanEval+ to disentangle the contributions of syntax reward (SYN),
branch-difficulty-aware RL (BDA), and sample-difficulty-aware RL (SDA). The CVeDRL-8B row uses a Llama3.1-
8B backbone and is included as a cross-architecture robustness check rather than a same-family scaling claim.

AMU| AL,  TTf AEC|
LIM  Scale " -p)" (siter) (tok/kPar/s) (W)
CodeRM 8.0B 43.07 17823 0296  293.6
CVeDRL 8.0B 43.13 09954 2384  292.9
Qwen3 40B 4170 41951 0529 2940
Qwen3 06B 4097 13415 6752 2764
CVeDRL 0.6B 40.97 0.6622  7.083 2462

Table 4: Inference efficiency comparison across models.
For each model, we compare four key metrics: Aver-
age Memory Utilization (AMU), Average Latency (AL),
Tokens Throughput (TT),and Average Energy Consump-
tion (AEC). All results were obtained on the MBPP+
benchmark with 10 inference sampling per question.

but have limited ability to distinguish among mul-
tiple correct implementations. Dependency-heavy
or repository-level code introduces additional chal-
lenges, including package installation, fixture con-
struction, class/object state initialization, cross-
method coverage attribution, and external service
mocking. Future work may incorporate code mu-
tation, dependency provisioning, mock-injection
rewards, and partial-program execution to address
these gaps.

Generalization. The implementation relies on
Python-specific tooling (coverage instrumentation,
AST parsing, unittest framework); extending to
other languages requires corresponding tools. Our
static difficulty metrics are cheap and deterministic,
but they only approximate semantic testing diffi-
culty and can miss algorithmically hard code with
simple surface structure. Additionally, while eval-
uation uses independent reference tests to reduce
memorization risk, indirect overlap between train-
ing prompts and benchmarks cannot be fully ruled
out.

Acknowledgments

This work was supported by the National Natu-
ral Science Foundation of China under Grant No.
62336008.

References

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, and 1 others. 2023. Gpt-4 techni-
cal report. arXiv preprint arXiv:2303.08774.

Bradley Brown, Jordan Juravsky, Ryan Ehrlich, Ronald
Clark, Quoc V Le, Christopher Ré, and Azalia Mirho-
seini. 2024. Large language monkeys: Scaling infer-
ence compute with repeated sampling. arXiv preprint
arXiv:2407.21787.

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, and Sandhini Agarwal. 2020. Lan-
guage models are few-shot learners. Preprint,
arXiv:2005.14165.

Bei Chen, Fengji Zhang, Anh Nguyen, Daoguang Zan,
Zeqi Lin, Jian-Guang Lou, and Weizhu Chen. 2023.
Codet: Code generation with generated tests. In
The Eleventh International Conference on Learning
Representations.

Yinghao Chen, Zehao Hu, Chen Zhi, Junxiao Han,
Shuiguang Deng, and Jianwei Yin. 2024. Chatu-
nitest: A framework for llm-based test generation.
Preprint, arXiv:2305.04764.

Xiang Cheng, Fan Sang, Yizhuo Zhai, Xiaokuan Zhang,
and Taesoo Kim. 2025. Rug: Turbo LIm for Rust
Unit Test Generation . In 2025 IEEE/ACM 47th
International Conference on Software Engineering
(ICSE), pages 2983-2995, Los Alamitos, CA, USA.
IEEE Computer Society.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro
Nakano, and 1 others. 2021. Training verifiers

39799


https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2005.14165
https://openreview.net/forum?id=ktrw68Cmu9c
https://arxiv.org/abs/2305.04764
https://arxiv.org/abs/2305.04764
https://doi.org/10.1109/ICSE55347.2025.00097
https://doi.org/10.1109/ICSE55347.2025.00097
https://arxiv.org/abs/2110.14168

to solve math word problems.
arXiv:2110.14168.

arXiv preprint

Don Coleman, Dan Ash, Bruce Lowther, and Paul
Oman. 1994. Using metrics to evaluate software
system maintainability. Computer, 27(8):44-49.

Shihan Dou, Yan Liu, Haoxiang Jia, Limao Xiong, Enyu
Zhou, Wei Shen, Junjie Shan, Caishuang Huang,
Xiao Wang, Xiaoran Fan, Zhiheng Xi, Yuhao Zhou,
Tao Ji, Rui Zheng, Qi Zhang, Xuanjing Huang, and
Tao Gui. 2024. Stepcoder: Improve code generation
with reinforcement learning from compiler feedback.
Preprint, arXiv:2402.01391.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, and 1 others. 2024. The 1lama 3 herd of models.
arXiv preprint arXiv:2407.21783.

Jueon Eom, Seyeon Jeong, and Taeckyoung Kwon. 2024.
Fuzzing javascript interpreters with coverage-guided
reinforcement learning for llm-based mutation. In
Proceedings of the 33rd ACM SIGSOFT Interna-
tional Symposium on Software Testing and Analysis,
ISSTA 2024, page 1656—-1668, New York, NY, USA.
Association for Computing Machinery.

Juan Pablo Galeotti, Gordon Fraser, and Andrea Arcuri.
2013. Improving search-based test suite generation
with dynamic symbolic execution. In /IEEE Interna-
tional Symposium on Software Reliability Engineer-
ing (ISSRE), pages 360-369. IEEE.

greengerong. 2023. leetcode. Hugging Face Datasets.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

T Hariprasad, G Vidhyagaran, K Seenu, and Chan-
drasegar Thirumalai. 2017. Software complexity
analysis using halstead metrics. In 2017 Interna-
tional Conference on Trends in Electronics and Infor-
matics (ICEI), pages 1109-1113.

Mark Harman and Bryan F. Jones. 2001. Search-based
software engineering. Information and Software
Technology, 43(14):833-839.

Mark Harman, Sahar A. Mansouri, and Yuanyuan
Zhang. 2012. Search-based software engineering:
Trends, techniques and applications. ACM Comput-
ing Surveys, 45(1).

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richard-
son, Ahmed El-Kishky, Aiden Low, Alec Helyar,
Aleksander Madry, Alex Beutel, Alex Carney, and 1
others. 2024. Openai ol system card. arXiv preprint
arXiv:2412.16720.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia
Yan, Tianjun Zhang, Sida Wang, Armando Solar-
Lezama, Koushik Sen, and Ion Stoica. 2024. Live-
codebench: Holistic and contamination free eval-
uation of large language models for code. arXiv
preprint arXiv:2403.07974.

Hunter Lightman, Vineet Kosaraju, Yuri Burda, Harri-
son Edwards, Bowen Baker, Teddy Lee, Jan Leike,
John Schulman, Ilya Sutskever, and Karl Cobbe.
2024. Let’s verify step by step. In The Twelfth Inter-
national Conference on Learning Representations.

Jiate Liu, Yiqin Zhu, Kaiwen Xiao, Qiang Fu, Xiao
Han, Wei Yang, and Deheng Ye. 2023a. Rltf: Rein-
forcement learning from unit test feedback. Preprint,
arXiv:2307.04349.

Jiawei Liu, Chunqiu Steven Xia, Yuyao Wang, and
LINGMING ZHANG. 2023b. Is your code gen-
erated by chatGPT really correct? rigorous evalu-
ation of large language models for code generation.
In Thirty-seventh Conference on Neural Information
Processing Systems.

Zijun Liu, Peiyi Wang, Runxin Xu, Shirong Ma,
Chong Ruan, Peng Li, Yang Liu, and Yu Wu. 2025.
Inference-time scaling for generalist reward model-
ing. arXiv preprint arXiv:2504.02495.

Zeyao Ma, Xiaokang Zhang, Jing Zhang, Jifan Yu,
Sijia Luo, and Jie Tang. 2025. Dynamic scaling
of unit tests for code reward modeling. Preprint,
arXiv:2501.01054.

Phil McMinn. 2004. Search-based software test data
generation: a survey. Software Testing, Verification
and Reliability, 14(2):105-156.

Juan Altmayer Pizzorno and Emery D. Berger. 2025.
Coverup: Effective high coverage test generation for
python. Preprint, arXiv:2403.16218.

Melika Sepidband, Hamed Taherkhani, Song Wang, and
Hadi Hemmati. 2025. Enhancing llm-based code gen-
eration with complexity metrics: A feedback-driven
approach. Preprint, arXiv:2505.23953.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu,
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan
Zhang, Y. K. Li, Y. Wu, and Daya Guo. 2024.
Deepseekmath: Pushing the limits of mathemati-
cal reasoning in open language models. Preprint,
arXiv:2402.03300.

Freda Shi, Daniel Fried, Marjan Ghazvininejad, Luke
Zettlemoyer, and Sida I. Wang. 2022. Natural lan-
guage to code translation with execution. In Proceed-
ings of the 2022 Conference on Empirical Methods
in Natural Language Processing, pages 3533-3546,
Abu Dhabi, United Arab Emirates. Association for
Computational Linguistics.

Hamed Taherkhani and Hadi Hemmati. 2024. Valtest:
Automated validation of language model generated
test cases. Preprint, arXiv:2411.08254.

39800


https://arxiv.org/abs/2110.14168
https://doi.org/10.1109/2.303623
https://doi.org/10.1109/2.303623
https://arxiv.org/abs/2402.01391
https://arxiv.org/abs/2402.01391
https://arxiv.org/abs/2407.21783
https://doi.org/10.1145/3650212.3680389
https://doi.org/10.1145/3650212.3680389
https://huggingface.co/datasets/greengerong/leetcode
https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.12948
https://doi.org/10.1109/ICOEI.2017.8300883
https://doi.org/10.1109/ICOEI.2017.8300883
https://doi.org/10.1016/S0950-5849(01)00127-5
https://doi.org/10.1016/S0950-5849(01)00127-5
https://doi.org/10.1145/2362456.2362458
https://doi.org/10.1145/2362456.2362458
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://openreview.net/forum?id=v8L0pN6EOi
https://arxiv.org/abs/2307.04349
https://arxiv.org/abs/2307.04349
https://openreview.net/forum?id=1qvx610Cu7
https://openreview.net/forum?id=1qvx610Cu7
https://openreview.net/forum?id=1qvx610Cu7
https://arxiv.org/abs/2501.01054
https://arxiv.org/abs/2501.01054
https://doi.org/10.1002/stvr.295
https://doi.org/10.1002/stvr.295
https://doi.org/10.1145/3729398
https://doi.org/10.1145/3729398
https://arxiv.org/abs/2505.23953
https://arxiv.org/abs/2505.23953
https://arxiv.org/abs/2505.23953
https://arxiv.org/abs/2402.03300
https://arxiv.org/abs/2402.03300
https://doi.org/10.18653/v1/2022.emnlp-main.231
https://doi.org/10.18653/v1/2022.emnlp-main.231
https://arxiv.org/abs/2411.08254
https://arxiv.org/abs/2411.08254
https://arxiv.org/abs/2411.08254

Chunhao Tian, Yutong Wang, Xuebo Liu, Zhexuan
Wang, Liang Ding, Miao Zhang, and Min Zhang.
2025. Agentinit: Initializing LLM-based multi-agent
systems via diversity and expertise orchestration for
effective and efficient collaboration. In Findings
of the Association for Computational Linguistics:
EMNLP 2025, pages 11870-11902.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc V Le,
Ed H. Chi, Sharan Narang, Aakanksha Chowdhery,
and Denny Zhou. 2023. Self-consistency improves
chain of thought reasoning in language models. In
The Eleventh International Conference on Learning
Representations.

Yinjie Wang, Ling Yang, Ye Tian, Ke Shen, and
Mengdi Wang. 2025a. Co-evolving llm coder and
unit tester via reinforcement learning. Preprint,
arXiv:2506.03136.

Yutong Wang, Siyuan Xiong, Xuebo Liu, Wenkang
Zhou, Liang Ding, Miao Zhang, and Min Zhang.
2026. Agentdropoutv2: Optimizing information flow
in multi-agent systems via test-time rectify-or-reject
pruning. Preprint, arXiv:2602.23258.

Zejun Wang, Kaibo Liu, Ge Li, and Zhi Jin. 2024.
Hits: High-coverage llm-based unit test generation
via method slicing. Preprint, arXiv:2408.11324.

Zhexuan Wang, Yutong Wang, Xuebo Liu, Liang Ding,
Miao Zhang, Jie Liu, and Min Zhang. 2025b. Agent-
Dropout: Dynamic agent elimination for token-
efficient and high-performance LLM-based multi-
agent collaboration. In Proceedings of the 63rd An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 24013—
24035, Vienna, Austria. Association for Computa-
tional Linguistics.

Tian Xie, Zitian Gao, Qingnan Ren, Haoming Luo,
Yugian Hong, Bryan Dai, Joey Zhou, Kai Qiu, Zhi-
rong Wu, and Chong Luo. 2025. Logic-rl: Un-
leashing 1lm reasoning with rule-based reinforcement
learning. Preprint, arXiv:2502.14768.

Weihao Zeng, Yuzhen Huang, Qian Liu, Wei Liu, Ke-
qing He, Zejun Ma, and Junxian He. 2025. Simplerl-
zoo: Investigating and taming zero reinforcement

learning for open base models in the wild. Preprint,
arXiv:2503.18892.

Jiasheng Zheng, Boxi Cao, Zhengzhao Ma, Ruotong
Pan, Hongyu Lin, Yaojie Lu, Xianpei Han, and
Le Sun. 2024. Beyond correctness: Benchmarking
multi-dimensional code generation for large language
models. Preprint, arXiv:2407.11470.

A Pass—Coverage Trade-off in Automated
Code Verification
A.1 Single-Test Assumptions

In this subsection, we derive a concise relationship
between the probability that a candidate program

passes a test suite and the average branch coverage
of the suite. We begin by introducing the notation
for the single—test-case scenario, and then gener-
alize our findings to the multi-test context via the
mean coverage.

Let ¢ be the prior probability that a candidate pro-
gram is correct and p is the probability that a single
generated test returns PASS on correct code, i.e.,
that the test’s own assertion is valid. 7;; is the
probability that the test suite covers the j-th defec-
tive path (branch) of candidate i, where n; denotes
the number of defective paths in candidate i. ¢
means branch coverage, typically approximated by
%ZZ’; > jti7mijs 0 < ¢ < 1. Then we
come up with three assumptions as follows:

CcC =

Model Assumptions. We employ the following
simplifying assumptions:

(a) Correct code passes all exercised paths.
That is, if the test exercises any path of correct
code, it will pass with probability p, and with
probability 1 — p it fails due solely to a faulty
assertion (a false negative).

(b) Erroneous code has at least one faulty path.
If the test exercises one of these faulty paths
and its assertion is valid, the error is revealed
(the test fails as intended); otherwise the test
yields a false positive.

(c) Suite-level passing criterion. A program
is declared to pass the entire test suite and
thus be emitted as a candidate if and only if
it passes every individual test (the simplified
pass_of_n rule).

Single-Test Pass Probabilities. Under these as-
sumptions, let C' be the event “program is correct”.
Then for a single test we have

P(pass | C) = p, P(pass |C) = 1—pr;,

where
n;
T = E ’l“ij
j=1

is the total probability that the test covers any one
of the defective paths in candidate ¢. In practice,
one often replaces R; by the average coverage s,
yielding the approximation

P(pass |C) ~ 1—pe.
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Posterior Probability of Correctness. Given
that a candidate program has passed the test, we
apply Bayes’ theorem to update our belief:
P(pass | C) P(C
Pl pass) = 50 T0) g)(c*) ‘+ I)D(p(ass) C)P(O)
_ qp
Cap+ (- (1 —pri)
Threshold for Improved Posterior. We are par-
ticularly interested in the condition under which
the posterior probability of correctness exceeds the
prior:

1
147
Substituting the mean coverage approximation
R; =~ s yields the practical threshold

P(C|pass) >q =— p>

> .
b 1+c¢

In other words, provided that the single-test relia-
bility p exceeds the reciprocal of one plus the av-
erage coverage, passing the test suite will increase
our confidence that the program is indeed correct.
This completes the derivation of the basic formula
relating pass probability and coverage under our
simplified single-test assumptions. Extensions to
multiple independent tests follow by replacing p
and r; with their compounded quantities across the
suite.

A.2 Majority Voting Framework

In this section, we extend our analysis to a majority-
voting scheme. Let N be the number of candidate
programs (best-of-N) and M be the number of
generated test suites per candidate. K denotes the
number of I/O pairs in each suite, i.e. the number
of assumptions across suites. The concentration
argument below treats these suites as independent
and identically distributed for analytical tractability.
This is an idealization: in practice, suites sampled
from the same verifier for the same problem-code
pair can be correlated, so the effective number of
independent suites may be smaller than the nominal
M.

Per-Suite Pass Probability. When each suite
contains K 1/O pairs, all assertions must pass for
the suite to be considered successful. Hence

K
Qe = P

a, = (1 _pC)K

for a correct program,
for an incorrect program.

where 1 —p c is the probability that either the defect
path is not covered or the assertion fails to detect
the error. We simplify our model in K = 1.

Binomial Model for Passing Suites. For any
fixed candidate, the number of suites that pass fol-
lows a binomial distribution:

p ~ Binomial(M, a)

U,
o =
Q)

Under majority voting, we select the candidate with

if the program is correct,

if the program is incorrect.

Sopt = arg max p;.
i=1,...,
Reliability via Concentration Bounds. To en-
sure that the probability of selecting a wrong pro-
gram is at most J, we require

P(sopt is correct) > 1-4.

We now show how this follows from a Hoeffding-
type concentration inequality applied to the differ-
ence in suite-pass counts between the true correct
program and any incorrect one.

For each test index ¢ € {1,...,M} and each
wrong candidate j € {1,...,WN} where the
wrong proportion of IV code solutions is W, define
the indicator variables

Xt = Liestt passes on the correct solution s
Yj7t = 1test t passes on wrong solution j -
Under the idealized analysis, these variables are

treated as independent and identically distributed
(i.i.d.), with
P(x;=1) = a, Ply;;=1) = au,

where o and «, are the per-suite pass probabilities
for correct and incorrect code, respectively.

Let
M M
g = th, g = ZYj,ta
t=1 t=1
M M
dj =g.— g; = Z(Xt - Yj,t) = sz,t

t=1 t=1

where each summand z; ; = x; —Yjt satisfies z; 4 €
[—1, 1]. The expectation of the gap is

M
E[d;] = Elzjs] = M (e — o) = MA.
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By the one-sided Hoeffding bound for bounded
independent random variables,

P(d; <0) = P(d; — E[d;] < —MA)
(MA)? )

(1-(-1)

MA?

2 ) =B

Hence for each wrong candidate j, the probability
that it ties or outperforms the correct program is at
most 3.

2
S exp(— M
t=1

= exp (—

Then we calculate the union bound over all wrong
candidates. Let £ be the event that any of the W N
wrong programs achieves s; > s., which indicates
Sopt 18 incorrect. By the union bound,

P(§) < WNB = WN exp(—MA2).

Imposing the reliability target P(E) < ¢ gives

M A2 21n WN
<5 = A>4/—9_
;) si = Az

Recalling that A = . — y and
P(sopt is correct) > 1 — §, we obtain the
required “safety margin”

WN exp (—

WN
2lnT

M

Qe — Quy =

Operational bound for K = 1. In the single-case
suite model (K = 1), we have a. = p and o, =
1 — pec, hence

A=p—(1—-pc)=p(l+c)—1.

Then we have

21n WN
1 1 > =
p(1+c) 2\ 7

Substitution yields the practical requirement

Loy ff ()
1+c¢

Finally, if we denote by ¢/ = 1 — ¢ the overall
probability of correct selection with majority vot-
ing framework and replace the fraction of wrong
solutions TV by its expectation E[WW] = 1 — ¢, the
bound becomes

P =

1+ %ln(ll:;’,N)
1+c¢

()

Inference setting with majority-voting frame-
work and confidence bound. As an example,
we show how the confidence bound quantifies the
trade-off between test quality and the reduction in
required test suites M per candidate when selecting
among multiple program proposals. The numeri-
cal entries in Table 5 (q, ¢/, ¢, p) is obtained from
the experimental tables, where the prior g is the
baseline (‘““Vanilla”) correctness rate measured for
the policy column, and the posterior target ¢’ is the
improved correctness rate reported under CVeDRL
(the “CVeDRL” row) from Table 1. The coverage
parameter ¢ was taken from the verifier branch cov-
erage statistics (BC) in Table 2 and used as a proxy
for average branch coverage (hence ¢ ~ 0.96 for
HumanEval+ and ¢ =~ 0.97 for MBPP+). The
per-assertion reliability p was treated as the vari-
able in the sensitivity grid reported in Table 5. The
operational bound (%) indicates that
_ 2n({4N)
(1+c)p—1) 2

Improving the verifier (as CVeDRL does) reduces
the minimal required number of independent suites
M through two channels: (i) raising the effective
assertion reliability p (signalled by higher PR and
lower ER/FR) and (ii) increasing measured cov-
erage c (higher BC). Both actions enlarge the de-
nominator ((1 4 ¢)p — 1)? and thus shrink M (the
dependence is approximately quadratic in the ef-
fective margin). However, the inequality also high-
lights a countervailing effect: specifying a higher
target post-selection confidence ¢’ increases the
logarithmic numerator ln( 11:5, ) and therefore
raises the required M. Fundamentally, we set
N = M = 100 during inference time. In this
case, the idealized number of samples M required
for CVeDRL to attain the target correctness rate ¢’
is substantially less than 100. Notably, CVeDRL
nearly reaches the desired performance at M ~ 10
as illustrated in Figure 2. As shown in Table 5,
CVeDRL achieves a pass rate close to 85%, with
the idealized required number of majority-voting
candidates being around 20. Correlated verifier
rollouts would reduce the effective sample size and
make this estimate optimistic, so we use the bound
as a qualitative guide and rely on Figure 2 as the
operative empirical evidence.

A.3 Conclusion

In summary, our analysis reveals that the inter-
play between test-assertion reliability p and aver-
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Table 5: Estimated minimal number of idealized independent test suites per candidate M (rounded) for N = 100
with branch coverage ¢ of CVeDRL in Table 1, varying assertion reliability p. As an illustrative example, we adopt
CVeDRL as the verifier and GPT-40-m as the code generator, which is demonstrated in Table 2.

Dataset p=0.70 p=080 p=0.85
HumanEval+ ( ¢ = 0.8257 — ¢’ = 0.8705, ¢ = 0.96 ) 71 30 21
MBPP+ (g = 0.7132 — ¢ = 0.7693, ¢ = 0.97) 67 29 20

age branch coverage c fundamentally determines
the posterior confidence in a candidate program’s
correctness under simplified assumptions. A sin-
gle test suffices to improve confidence only when
p > 1/(1 + ¢). With majority voting across M
idealized independent suites and N candidates,
the pass rate of unit tests generated by LLMs re-
quires a stronger condition (x). These bounds quan-
tify explicit trade-offs. More test suites or higher
coverage can compensate for imperfect assertions,
whereas larger candidate pools or stricter error tol-
erances demand more reliable tests. Because real
rollouts are correlated and multi-assertion suites
share execution state, the analysis is not a formal
derivation of CVeDRL’s reward design. Instead, it
motivates optimizing assertion reliability and cov-
erage, while the concrete BDA and SDA reward
forms are empirical choices validated by ablation.

B Additional Discussions

B.1 Impact of Ancillary LLM Components

To investigate how the choice of base model in-
fluences the effectiveness of the CVeDRL train-
ing method, we include Qwen2.5-Coder-0.5B as
a benchmark against Qwen3. Additionally, we
perform an ablation study by disabling Qwen3’s
chain-of-thought capability using the /no_think
tag. Finally, motivated by prior findings that large
LLMs struggle with static code analysis, we aug-
ment the prompts with conditional branch informa-
tion to assess whether this auxiliary context yields
further performance gains.

The ablation study in Table 6 indicates that prompt-
ing primarily guides the model toward correct solu-
tions with fewer attempts, while chain-of-thought
(CoT) encourages broader exploration at the ex-
pense of efficiency. In the smaller Qwen2.5 model,
prompts reduce the average number of trials but
slightly lower overall pass rate, whereas disabling
prompts yields higher pass rate with more attempts.
Although Qwen2.5 shows reduced pass rate and
coverage relative to Qwen3, it requires fewer gen-
erated assertions and nonetheless significantly out-

performs GPT-4o0, highlighting the superiority of
the CVeDRL training methodology. The abla-
tion results show that introducing chain-of-thought
(CoT) consistently harms overall performance, low-
ering both pass rate and coverage. Moreover,
adding conditional prompts has no appreciable ef-
fect on branch coverage but nonetheless reduces
the model’s success rate. These findings indicate
that while CoT and extra prompt constraints aim
to guide reasoning, they in fact impede efficiency
without delivering coverage benefits.

B.2 Hyperparameter Sensitivity Analysis

Our reward formulation introduces two key hyper-
parameters: the exponential coverage coefficient
a (Section 3.3) and the sample-difficulty scaling
factor A (Section 3.4). We evaluate their sensitivity
with 5 independent runs.

Sensitivity of o (BDA). Table 7 reports results
on MBPP+ under varying « values. Setting a > 0
yields a clear improvement over the linear base-
line (o« = 0). Performance remains competitive
across a € {1,2,5,10}, with & = 2 providing
the best overall balance between pass rate and
branch coverage. We observe that a = 10 intro-
duces slight instability in error rate compared to
a € {1,2,5}, suggesting that overly aggressive ex-
ponential shaping may occasionally over-penalize
partially-covering tests.

Sensitivity of A (SDA). In the default formula-
tion, the difficulty term is applied with implicit
coefficient A = 1. We introduce an explicit
scaling A to measure sensitivity: r}‘unc(ui, s) =
T fune(i, §) - (14 X - D) for passed tests, and soft-
ened failure penalty —1.0 — (1 — X - D) for failures.
Table 8 reports results on HumanEval+.

These results confirm that both BDA and SDA
are necessary components, and that performance is
robust to the exact hyperparameter values within
reasonable ranges.
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Table 6: Ablation of Prompt and CoT on CVeDRL Validation-Coder Performance in MBPP+ dataset

Base Prompt CoT ER% FR% PR% BC% AN

Qwen2.5 v \ 12.13 16.19 71.68 96.79 2.09

Qwen2.5 X \ 9.64 1493 7543 96.86 2.53

Qwen3 X X 0.53 1579 83.68 97.37 3.13

Qwen3 X v 094 18.69 80.37 96.15 347

Qwen3 v X 241 17.61 7998 97.21 3.13

Qwen3 v v 474 15,55 79.71 96.54 3.64

GPT-40 \ \ 871 25.16 66.13 9691 6.12
o ER%| FR%) PR%t BC%! AN| Model ER%| FR%| PR%? BC%! AN|  Cost
0(woBDA) 486 1518 799 9214 347 — ]I;“l’;““E;i':O —_—

1 1.16 14.53 84.31 95.41 3.17 cepeek- . : : : o
deesy 03 1S5 e om D Soihe 5N B8 DR A% SO0
5 0.27 16.03 83.70 97.49 321 GPT-5.2-Codex  0.61 583 9356 9739 134  $14.81
10 0.82 1544 8374 9764 294 Gemini-3-Pro 061 975 9024 9531 168  $8.79
MBPP+

Table 7: Sensitivity of the exponential coverage coeffi- DSCPS;;I/}-V3 ;-‘S‘é 5(6)2461 gggg gg-ég ?;g $‘2*-g§
cient « on MBPP+ (5 runs). a = 2 is selected as the 83:131{_L-8?(6B 053 1579 8368 9737 284 5298
default. GPT-52-Codex 026 537 9437 9595  L17 $2027
Gemini-3-Pro 185 1034 8781 9479 1.09 $10.31

A ER%| FR%| PR%T BC%T AN]
0 (w/o SDA) 1.93 18.92 79.15 97.41 275
1 (selected) 1.27 12.79 85.94 97.53 241
5 1.24 12.98 85.76 97.51 2.47

Table 8: Sensitivity of the difficulty scaling A\ on Hu-
manEval+ (5 runs). Removing SDA (A = 0) degrades
PR and increases FR, while A = 1 and A = 5 yield
nearly identical results.

B.3 Comparison with Frontier Models

To contextualize CVeDRL’s performance relative
to recent proprietary frontier models, we evaluate
DeepSeek-V3, Qwen3-Max, GPT-5.2-Codex, and
Gemini-3-Pro under identical prompts and execu-
tion harness (3 independent experiments). Table 9
reports results on HumanEval+ and MBPP+.

Although frontier models such as GPT-5.2-
Codex achieve higher pass rates, CVeDRL-0.6B
attains comparable branch coverage (~97%) with
competitive error rates despite a scale gap of over
1000 x. Importantly, CVeDRL operates at negligi-
ble inference cost, supports large-scale sampling
during training, and can be directly embedded into
reinforcement-learning pipelines as an execution-
based reward module—making it particularly suit-
able for iterative coder—verifier co-optimization
where repeatedly invoking proprietary APIs would
be impractical.

Table 9: Comparison with frontier models on test quality
metrics. Cost denotes per-benchmark API expense.

B.4 Frontier Models as Verifiers

To directly assess whether recent reasoning models
can replace a dedicated verifier, we also evaluate
them in the best-of-n selection task using the same
candidate pools and majority-voting protocol as
Table 1. API costs are estimated from measured
prompt/output tokens for 1k selections.

This comparison clarifies CVeDRL’s intended
deployment boundary. It is most useful when ver-
ifier calls are repeated many times, such as RL
reward computation, high-throughput reranking,
local/private code verification, or pre-filtering be-
fore an expensive frontier verifier. In these settings,
a 0.6B local model offers a favorable quality-cost
trade-off even when frontier models have higher
absolute reasoning capability.

B.5 Same-Family Scaling

The main ablation includes a CVeDRL-8B vari-
ant based on Llama3.1-8B, which tests cross-
architecture robustness but does not isolate param-
eter scaling. To avoid conflating scale and back-
bone family, we additionally train CVeDRL vari-
ants within the Qwen3 family under the same re-
ward implementation, data, and GRPO protocol.
The scaling gain is concentrated in pass rate,
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Verifier Sel. Ace.%1 Cost/ 1k|

MBPP+ / GPT-40-mini coder

Vanilla (random) 71.32 -
CodeRM-8B 75.18 local
DeepSeek-V3 76.41 $12
Qwen3-Max 76.80 $8
CVeDRL-0.6B 76.93 local
Gemini-3-Pro 77.13 $28
GPT-5.2-Codex 77.16 $54

HumanEval+ / LLaMA3-8B coder

CVeDRL-0.6B 72.14 local
DeepSeek-V3 72.68 $12
Gemini-3-Pro 73.27 $28
GPT-5.2-Codex 73.51 $54

Table 10: Frontier models used as best-of-n verifiers.
Frontier models can be slightly more accurate, but re-
quire repeated API calls; CVeDRL is close in selection
accuracy while running locally.

Backbone MBPP+ PRt MBPP+BCt HEval+ PRT HEval+ BCt

Qwen3-0.6B 83.68 97.37 85.94 97.53
Qwen3-1.7B 85.71 97.29 87.88 97.47
Qwen3-4B 87.64 97.44 89.79 97.61
Qwen3-8B 88.47 97.38 89.63 97.55

Table 11: Same-family Qwen3 scaling. Larger back-
bones improve pass rate, while branch coverage is al-
ready saturated near 97%; CVeDRL-0.6B remains the
compact quality-cost operating point.

suggesting that larger backbones generate more re-
liable assertion values. Branch coverage changes
little because BDA already saturates structural ex-
ploration for the 0.6B model. Since larger back-
bones increase latency and memory cost, we use
CVeDRL-0.6B as the primary model and treat
larger variants as evidence that the training recipe
transfers within a family.

B.6 Case Study: Success and Failure Modes

To provide qualitative insight into when and why
CVeDRL succeeds or fails, we present representa-
tive examples from HumanEval+.

Success Case: Boundary Detection. Consider
the function count_up_to (n) which returns
all primes less than n. The base model (Qwen3-
0.6B without RL) generates only happy-path tests
such as assertEqual (count_up_to (10),
[2,3,5,7]), leaving boundary conditions un-
explored. CVeDRL generates the following test
suite:

class TestCountUpTo (unittest.TestCase) :

def test_zero(self):

self.assertEqual (count_up_to(0), [])
def test_one(self):

self.assertEqual (count_up_to(1l), [])
def test_two(self):

self.assertEqual (count_up_to(2), [])
def test_prime_boundary (self):

self.assertEqual (count_up_to(3), [2]
def test_large (self)

self.assertEqual (count_up_to (20),

[2, 3, 5, 7, 11, 13, 17, 19]

CVeDRL successfully targets boundary inputs
(n = 0,1,2,3) that exercise the early-return
branches and the primality-check loop boundary.
The exponential coverage reward drives the agent
to cover these rare branches rather than generating
redundant tests for the happy path.

Failure Case: Complex Algorithmic Logic. For
the function solve (N) which computes the bi-
nary representation of the digit sum of NV, CVeDRL
generates tests that achieve high branch coverage
but with imprecise assertions:

class TestSolve (unittest.TestCase) :
def test_zero(self):

self.assertEqual (solve(0), "O")

def test_single_digit (self):
self.assertEqual (solve(5), "101")

def test_multi_digit (self):
# Incorrect: solve(123) = bin(1+2+3) = "110"
# CVeDRL generates: "1001" (wrong assertion)
self.assertEqual (solve(123), "1001")

Here CVeDRL correctly identifies that multi-
digit inputs exercise additional branches (digit ex-
traction loop), but the assertion for solve (123)
is semantically incorrect—it confuses the digit sum
(6="110") with another computation. This “cor-
rect structure, wrong value” pattern accounts for
most of the remaining failure-rate errors. The func-
tionality reward penalizes such cases with —1.5,
but when the code solution itself has subtle logic,
the model may still hallucinate expected outputs.

Discussion. These cases illustrate that BDA re-
ward shaping effectively drives structural explo-
ration of control flow, producing tests that cover
boundary branches. The primary remaining weak-
ness is assertion-value hallucination on algorithmi-
cally complex tasks, where the model must inter-
nally simulate program execution to predict cor-
rect outputs. Integrating execution-trace feedback
or chain-of-thought reasoning into the generation
pipeline may address this limitation in future work.

C Training Configuration

Framework and Algorithm. We fine-tune the
Qwen3-0.6B and Qwen2.5-Coder-0.5B checkpoint
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with the verl RL library using Group Relative
Policy Optimization (GRPO). verl is an open-
source reinforcement-learning framework designed
for post-training fine-tuning of large language mod-
els, providing a hybrid single- and multi-controller
programming model for scalable PPO and GRPO
workflows. It features modular APIs that decou-
ple computation and data dependencies and inte-
grates seamlessly with PyTorch FSDP, Megatron-
LM, vLLM, and other LLM infrastructures for effi-
cient, production-ready deployments. GRPO elim-
inates the separate value network and updates the
policy by comparing each sampled trajectory to
the within-group reward baseline, thereby reducing
both memory footprint and wall-clock cost.

Dataset. All prompts are taken from the publicly-
available CodeRM-UnitTest corpus, which pro-
vides 17,600 training items and 59,600 held-out
test items. The CodeRM-UnitTest dataset is a cu-
rated collection of over 77 000 synthetic Python
unit tests, derived from CodeFeedback-Filtered-
Instruction and TACO, and provided in Parquet
format for training test-guided code-reward mod-
els. It serves as the primary training and eval-
uation corpus for lightweight unit-test generator
models like CodeRM-8B, enabling rigorous perfor-
mance benchmarks under real execution feedback.
Because every roll-out requires real execution of
unit tests, we randomly subsample 3,000 test cases
for validation to keep evaluation under two hours
per checkpoint. Experiments ran on 2 x NVIDIA
A100 40 GB GPUs (FP16) with total training time
of roughly 48 hours. Table 12 summarises the
hyper-parameters that most influence optimization
and compute. All other settings follow the official
verl GRPO recipe.

Parameter Value

Learning rate 1x 1076

Global prompt batch size 32

Rollouts per prompt 2

Max prompt / response length 6 150 / 2 048 tokens
Mini-batch / micro-batch size 16/ 8

KL loss coefficient 0.001 (low-variance)
Entropy coefficient 0 (disabled)

GRPO clip ratio 0.2 (default)

Total epochs 1000

Gradient checkpointing enabled

FSDP offload disabled

Table 12: Salient hyper-parameters used in GRPO fine-
tuning.

D Experimental Details

Policy models. We evaluate four instruction-
tuned policy models of different capacity and
provider type: Llama3-8B-Instruct, Llama3-70B-
Instruct, GPT-3.5-turbo, and GPT-40-mini. Each
model produces at most 100 candidate code solu-
tions per prompt. Decoding and verification are
run on 4 x NVIDIA A100-40 GB GPUs.

Baselines. We consider three verification-
oriented baselines that exploit unit-test feedback to
discriminate among candidate programs.

* Vanilla: the top-1 sample of the policy model
without any reranking.

* MBR-E : minimum-Bayes-risk decoding that
ranks candidates by the empirical risk com-
puted from the execution outcomes of LLM-
generated test cases (we use the “hard-loss”
variant).

* CodeT : dual-execution agreement that mea-
sures both (i) consistency between candidate
programs and their generated tests and (ii)
cross-candidate concordance.

Besides the three test-driven methods dis-
cussed above, we measure performance against
four capacity-oriented baselines: an 8B re-
ward model CodeRM-8B for score-based rerank-
ing, a strong 70B code LLM Llama3-70B-
Instruct, the supervised-fine-tuned backbone
Qwen3-0.6B (Base), and our model CVeDRL-
0.6B.

* CodeRM-8B : an 8§B-parameter reward model
that assigns a scalar quality score to each can-
didate; we select the highest-scoring solution.

* Llama3.1-70B : a strong open-source coder
whose single best sample is taken as a stan-
dalone baseline.

* Qwen3-0.6B (Base): the supervised-fine-
tuned version of our backbone model, without
reinforcement learning.

e CVeDRL-0.6B: our method, trained with
GRPO on weighted data (see Appendix C).

Datasets. To obtain a representative view of
unit-test generation, we aggregate four publicly
available benchmarks: HumanEval+ and MBPP+,
LiveCodeBench from Jan to Sep 2024, and the
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algorithm-oriented subset of LeetCode. Together,
they cover both synthetic interview-style problems
and organically authored, in-the-wild code, furnish-
ing a diverse test bed for large-language-model
(LLM) evaluation.

* LivecodeBench : Following the CodeRM pro-
tocol, we retain the 168 function-style tasks
released between January — September 2024,
because these newer problems have empiri-
cally proved the most challenging for current
LLMs.

* LeetCode: Starting from 2,360 publicly ac-
cessible problems, we apply the VALTEST
filtering rules to discard system-design, class-
interface, and interactive I/O questions. The
remaining 542 tasks each expose one Python
function signature with a deterministic return
value, enabling uniform test-harness construc-
tion.

For every benchmark we normalise signatures, strip
extraneous boilerplate, and compile tests into a uni-
fied execution harness so that success rate, failure
rate, branch coverage, and Pass@N can be mea-
sured consistently across datasets.

Experimental Rationale. HUMANEVAL+ and
MBPP+ are retained in both the CVeDRL Test
Quality and Validation-Coder Performance studies
in main result because their moderate task counts,
authoritative reference solutions, and fine-grained
coverage tooling permit reliable intrinsic scoring
while keeping the compute requirements of iter-
ative Pass@N evaluation tractable. The filtered
LEETCODE subset is confined to the Test Quality
analysis. Its larger problem set and costly edge-
case generators provide valuable stress-testing for
success, error, and coverage metrics, but render ex-
haustive validation-coder search computationally
infeasible. Conversely, LIVECODEBENCH appears
only in the Validation-Coder study. Its developer-
written tests supply a strong external oracle for
synthesis evaluation, yet their heterogeneity pre-
vents fair aggregation with coverage-based quality
metrics.

Due to the constraints of the double-blind review
policy, the model weights are not publicly released
at this stage.

D.1 Training Pipeline Illustration

To concretize the reward computation de-
scribed in Section 3, we present a repre-

sentative training instance drawn from the
CodeRM-UnitTest corpus. The target function
count_carry_operations(a, b) accepts
two numeric strings and returns the number of
carry operations incurred during right-to-left
digit-wise addition. This example exhibits a
conditional branch within a loop, making it
suitable for demonstrating both branch-difficulty
and sample-difficulty reward mechanisms.

Stage 1: Prompt Formulation. Each training in-
stance is presented to the verifier model as a struc-
tured prompt comprising the natural-language prob-
lem specification and the corresponding reference
solution:

Below is a question and its corresponding code
answer.

Please write test cases to check the correctness of

the code answer. You need to use the unittest
library

in Python and create a test class for testing.

### question

Subodhians are taught to add multi-digit numbers
from

right-to-left one digit at a time. Many find the

"carry" operation - in which 1 is carried from one

digit position to be added to the next - to be a

significant challenge. Your job is to count the
number

of carry operations for each addition problem.

### code solution
def count_carry_operations(a: str, b: str) -> int:
max_len = max(len(a), len(b))
a = a.zfill (max_len)
b = b.zfill (max_len)
carry_count = 0
carry = 0
for 1 in range(max_len - 1, -1, -1):
digit_sum = int(a[i]) + int(b[i]) + carry
if digit_sum >= 10:
carry =1
carry_count += 1
else:
carry = 0
return carry_count

Stage 2: Policy Rollout. The verifier policy
Ty generates a unit-test class conditioned on the
prompt. The following output constitutes one sam-
pled trajectory o;:

import unittest

class TestCountCarryOperations (unittest.TestCase):
def test_no_carry(self)
self.assertEqual (
count_carry_operations ("123", "456"), 0)
def test_all_carry(self):
self.assertEqual (
count_carry_operations ("555", "555"), 3)
def test_partial_carry(self)
self.assertEqual (
count_carry_operations ("123", "594"), 1)

if name == '__main__ ':
unittest.main ()

The three test methods are designed to exercise
distinct execution paths: test_no_carry tra-
verses only the el se branch, test_all_carry
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activates the if branch at every iteration, and
test_partial_carry induces mixed branch
execution.

Stage 3: Sandboxed Execution and Cover-
age Analysis. The extracted unit-test snippet
u; is executed against the reference solution s
within an isolated environment instrumented with
coverage.py. The execution report is as fol-
lows:

Name Stmts Miss Cover Missing

TOTAL 13 0 100%
3 passed in 0.02s

The execution harness yields the following meta-
data: cov(u;, s) = 1.0 (full statement and branch
coverage), no assertion failures, no runtime errors,
and |assertions| = 3.

Stage 4: Multi-dimensional Reward Computa-
tion. Given the execution outcomes, the compos-
ite reward is computed according to the formulation
in Sections 3.2-3.4:

(i) Syntax reward. AST parsing confirms a
well-formed code block containing a class
inheriting from unittest.TestCase;
thus 74, (W;ls) = +1.0.

(i) Coverage with exponential shaping. Given
cov(u;,s) = 1.0 and o = 2:

a-cov _ |

ex —1

e e2 -1

= = 1.0.
e2—1

Tecov =

(iii) Static difficulty prior. Dy = 0.42, Dy =
0.38, yielding D = /Dy - Dy; = 0.40.
(iv) Functionality reward. Since all tests pass:

T fune = Teov* (14+D) = 1.0 x 1.40 = 1.40.

(v) Total reward. r; = rgy, + 7 func = 2.40.

Contrastive Reward Analysis. To illustrate the
discriminative capacity of the reward function, we
contrast the above outcome with two failure scenar-
ios on the same sample:

* Assertion failure (incorrect expected value):

i = reyn+(—1.0—(1-D)) = 1.0-1.60 = —0.60.

The term (1— D) attenuates the penalty for harder
samples, as assertion errors on complex code are
more tolerable during early training.

* Execution error (runtime exception):
Ty = rsyn + (—2.0) = —1.0,

imposing the strongest penalty regardless of sam-

ple difficulty.
This contrastive structure establishes a clear reward
hierarchy—correct pass > assertion failure > ex-
ecution error—that guides the policy toward gen-
erating syntactically valid, semantically accurate,
and branch-comprehensive unit tests throughout
training.
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