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Abstract

Effective reward design is a central challenge
in Reinforcement Learning (RL) for code gen-
eration. Mainstream test-suite-level outcome
rewards enforce functional correctness but in-
duce sparsity, while external Reward Models
(RMs) provide dense supervision at the cost of
misalignment and additional overhead. Since
code evaluation naturally yields multiple test-
case-level outcomes, partial success—passing
a subset of test cases—offers an intrinsic, ver-
ifiable source of dense supervision. In this
paper, we propose VeRPO (Verifiable Dense
Reward Policy Optimization), an RL frame-
work that systematically turns verifiable partial
success into reliable dense rewards. We analyze
partial-success rewards using a weighted sum
formulation, theoretically identifying a critical
cardinality bias that causes policy updates to
disproportionately favor gains from easy-test
successes over progress on frontier tests. Based
on this, VeRPO introduces a dynamic, density-
calibrated local reward that explicitly corrects
this bias and provides robust dense supervision
from partial success. To enhance alignment
with end-to-end functional correctness, VeRPO
further integrates the local dense reward with
global execution outcomes. Extensive experi-
ments across diverse benchmarks and settings
demonstrate that VeRPO outperforms outcome-
driven and RM-based baselines, achieving up
to +8.83 pass@1 gain with negligible time cost
(< 0.02%) and zero GPU memory overhead.

1 Introduction

Code generation has emerged as a core capability
of Large Language Models (LLMs), empowering
LLMs to address competitive programming tasks
through single-turn solution synthesis (Roziere
et al., 2023; Wang et al., 2021) or iterative multi-
turn refinement (Dong et al., 2025; Zheng et al.,
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Figure 1: Evaluation of different verifiable reward de-
signs. Left: Signal efficiency, where the degenerate
group ratio indicates the fraction of zero-advantage
groups per batch. Right: Pass@1 performance of group-
based RL on Codeforces problems using Qwen3-8B.

2024), where each generated executable solution
is evaluated against a suite of problem-specific test
cases. Within this domain, Reinforcement Learn-
ing (RL) has significantly scaled performance, with
its effectiveness hinging on the design of reward
signals (Mroueh, 2025; Chen et al., 2025; Lambert
et al., 2024).

Current reward designs for code generation
predominantly fall into two distinct paradigms,
each facing specific limitations. First, mainstream
outcome-driven approaches enforce functional cor-
rectness1 with a verifiable binary reward derived
from test-suite execution outcomes (e.g., 1 if all
unit tests pass and 0 otherwise). However, such
strict verification induces severe sparsity: when
all sampled solutions receive identical binary out-
comes, group-based RL methods such as GRPO
(Guo et al., 2025) yield zero relative advantages and
thus no gradient signal. Alternatively, recent stud-
ies have explored external Reward Models (RMs)
to provide dense supervision based on code se-
mantics (Zeng et al., 2025; Ye et al., 2025; Dai
et al., 2024), but external learned RMs introduce
prohibitive computational overhead and vulnerabil-

1Functional correctness indicates that the generated code
produces the expected output for all valid inputs.
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ity to reward hacking (Zhang et al., 2025a). This
dual-bottleneck scenario raises a central question:
Can we obtain dense rewards for code-generation
RL while preserving verifiability and avoiding aux-
iliary reward models?

The test-suite structure of programming prob-
lems suggests a promising answer: partial suc-
cess (i.e., passing a subset of test cases). Although
outcome-driven rewards collapse execution feed-
back into a single binary signal, each generated so-
lution actually receives multiple test-case-level out-
comes2. Passing a subset of tests is thus not equiv-
alent to complete failure; rather, it provides veri-
fiable evidence of intermediate functional correct-
ness and offers denser and more informative signal
without any auxiliary reward model. Fig. 1 (Left)
shows that even a naive partial-success reward—the
pass rate of the test suite—substantially reduces the
fraction of zero-advantage groups over outcome-
driven rewards, indicating that partial success ef-
fectively densifies supervision.

However, a denser reward is not necessarily bet-
ter. Although the naive pass-rate reward is both
dense and verifiable, it can still degrade final perfor-
mance compared to binary outcome-driven rewards
(Fig. 1 Right). This contrast suggests that partial
success does not automatically yield an effective
reward signal; it must be carefully calibrated.

In this paper, we propose VeRPO, an RL frame-
work that systematically turns verifiable partial suc-
cess into dense and robust rewards. Rather than
proposing another heuristic partial-success reward,
we first introduce a general weighted-sum formu-
lation over per-test execution results, which sub-
sumes a broad class of partial-success rewards and
provides an analytical lens for examining their op-
timization behavior. Using this formulation, we
reveal a severe cardinality bias inherent in reward-
ing partial success: redundant, easy tests dominate
the optimization baseline by their sheer count, caus-
ing policy optimization to disproportionately favor
gains from easy-test successes rather than progress
on frontier tests. Building on this analysis, VeRPO
introduces a dynamic, density-calibrated local re-
ward that corrects the cardinality bias and provides
informative dense supervision from partial success.
To anchor optimization to end-to-end functional
correctness, VeRPO further incorporates a global
outcome reward derived from complete test-suite

2Code generation benchmarks typically contain substan-
tial test cases, making partial success naturally dense; see
Appendix A for dataset-level statistics.

execution. Together, the two reward signals enable
dense and reliable optimization without auxiliary
reward models, yielding strong performance gains
of VeRPO (Fig. 1). In diverse code generation
benchmarks and settings, extensive experiments
demonstrate that VeRPO consistently outperforms
outcome-driven and RM-based baselines, achiev-
ing up to 8.83 performance gain in pass@1 with
negligible time cost (< 0.02%) and zero GPU mem-
ory overhead.

Our key contributions are as follows:

• We systematically investigate the mechanism
of rewarding partial success, demonstrating its
potential for dense supervision while reveal-
ing an inherent cardinality bias that misguides
policy optimization.

• We propose VeRPO, an RL framework that
corrects the cardinality bias in partial-success
rewards and enables dense and reliable op-
timization purely from verifiable execution
feedback, without auxiliary reward models.

• Extensive experiments on diverse code-
generation benchmarks and settings demon-
strate the superior performance of VeRPO
over baselines, with zero GPU memory over-
head and negligible time cost.

2 Related Work

2.1 RL for Code Generation

RL has emerged as a central paradigm for improv-
ing LLM-based code generation (Liu et al., 2023a;
Wang et al., 2024; Zhang et al., 2025b). Early
methods, including CodeRL (Le et al., 2022) and
PPOCoder (Shojaee et al., 2023), employ execution
feedback as reward signals under the REINFORCE
algorithm (Williams, 1992) and Proximal Policy
Optimization framework (PPO; Schulman et al.,
2017), respectively, establishing an early founda-
tion for RL in this domain. More recent advances,
exemplified by DeepSeek-R1 (Guo et al., 2025),
combine scalable RL with chain-of-thought reason-
ing, boosting interest in RL for code generation.
Recent work has further extended RL to multi-turn
code generation, where methods such as µCODE
(Jain et al., 2025) and RLEF (Gehring et al., 2024)
support iterative self-correction for challenging
coding problems. In line with the above studies, we
focus on competitive code-generation tasks in this
paper, where each model response is a complete
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solution candidate for a standalone programming
problem and is evaluated against the same task-
level test suite. This setting differs from agentic
coding, which often presupposes a code-capable
model and focuses on higher-level workflows such
as planning, tool use, and environment interac-
tion for software-engineering tasks (Jimenez et al.,
2024; Yang et al., 2024).

2.2 Reward Design in Code Generation

Reward design plays a central role in RL for
code generation (Sun et al., 2025; Xu, 2025).
Mainstream approaches typically rely on outcome-
driven rewards computed from test-suite execution
results. For example, GRPO and its variants (Yu
et al., 2025; Yue et al., 2025; Ahmadian et al., 2024)
use binary execution outcomes as verifiable reward
signals, directly aligning policy outputs with func-
tional correctness. More recently, external reward
models (RMs) have been introduced to provide
richer and denser supervision. For instance, Ace-
Coder (Zeng et al., 2025) trains a code-specific
RM on large-scale preference pairs for fine-grained
quality assessment, while CodePRM (Li et al.,
2025) trains an RM on execution traces to provide
dense supervision for intermediate reasoning steps.
However, both paradigms face inherent limitations:
outcome-driven rewards enforce functional correct-
ness but introduce severe sparsity, while RM-based
methods offer dense supervision but suffer from
misalignment and computational overhead.

Different from these lines of work, we focus on
the verifiable partial-success structure present in
code execution itself. Rather than relying only on
binary terminal outcomes or introducing auxiliary
learned reward models, we systematically study
how partial success can be translated into reliable
reward signals for code-generation RL.

3 Preliminaries

3.1 Code Generation as an MDP

We formulate code generation as a Markov Deci-
sion Process (MDP), where a policy πθ generates
up to T code candidates and receives execution
feedback after each attempt. Given a problem
prompt x ∈ X , at each turn t ∈ {1, . . . , T}, the
policy generates a code candidate yt conditioned on
the current state st = (x, y1, o1, . . . , yt−1, ot−1),
which records the interaction history up to turn t,
with s1 = x. After generating yt, the code is exe-
cuted against the test suite Ux = {u1, . . . , u|Ux|}

and yields the corresponding execution feedback
ot. The process terminates once the generated
code passes the test suite Ux or the maximum turn
budget T is reached, yielding a trajectory τ =(
(s1, y1, o1), (s2, y2, o2), . . . , (s|τ |, y|τ |, o|τ |)

)
,

where |τ | denotes the number of executed turns.
This formulation naturally unifies both single-turn
(T = 1) and multi-turn (T > 1) code generation.

3.2 Group-Based RL

Group-based RL has become a prominent paradigm
for optimizing LLMs. Given a prompt x, a group of
N trajectories Gx = {τ1, τ2, . . . , τN} is sampled
under πθold . Each trajectory τi receives a scalar
reward R(τi) indicating its quality (e.g., 1 for cor-
rect, 0 for incorrect). Unlike standard actor-critic
frameworks such as PPO, which require a separate
value network to compute optimization baseline for
advantage estimation, group-based RL methods es-
timate advantages directly from the rewards within
the sampled group. Typically, they utilize the group
mean reward as the optimization baseline, defining
the advantage for each trajectory as:

A(τi) =
(
R(τi)−mean

(
{R(τj)}Nj=1

))
/ Fnorm.

(1)
where Fnorm denotes the advantage normalization
factor. GRPO defaults to Fnorm = std, whereas
such normalization introduces task-level difficulty
bias (Liu et al., 2025). Unless otherwise specified,
we set a constant normalization factor Fnorm = 1,
which yields an unbiased Leave-One-Out estimator
(Feng et al., 2025; Kool et al., 2019).

4 Method

This section presents the analysis that motivates
VeRPO and the reward design that implements it.
Section 4.1 formalizes partial-success rewards and
reveals an inherent cardinality bias that misguides
policy optimization. Section 4.2 then introduces
VeRPO, which corrects this bias and turns partial
success into dense, reliable rewards.

4.1 Partial Success and Cardinality Bias

In code generation tasks with multiple test cases,
each generated solution is verified against all test
cases, yielding a vector of per-test pass/fail out-
comes at each turn. The central question is how
to turn this partial-success information into an ef-
fective reward for RL training. Our formulation is
guided by a dual consideration of generality and

3
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Figure 2: Test-case pass-rate skew on TACO with
Qwen3-8B. Left: CDF over TACO problems of f , where
f denotes the fraction of test cases in Ux with pass rate
ρ > 0.8. Right: Pass-rate distribution during training
for test cases with ρ ∈ [0.2, 0.8] at Step 0.

simplicity: for generality, test cases differ in hard-
ness, thus their varying contributions to the reward
need to be explicitly modeled; for simplicity, we do
not model cross-turn credit assignment—since each
turn produces a complete code solution evaluated
against the full test suite, the execution feedback at
each turn directly measures the functional quality
of that solution and requires no temporal attribu-
tion across turns. Consequently, we quantify this
turn-level partial success as a weighted sum over
per-test outcomes, yielding a non-binary reward
signal across both single- and multi-turn settings:

rt,i =
∑|Ux|

j=1
wj p

(j)
t,i , (2)

where p(j)t,i ∈ {0, 1} denotes whether the turn-t
code in trajectory τi passes test case uj ∈ Ux, and
wj ≥ 0 specifies the contribution of test case uj .
Eq. (2) allows flexible modeling of test-level contri-
butions, with the standard pass-rate reward serving
as the uniform-weight special case.

Cardinality bias in the optimization baseline.
One key aspect of implementing Eq. (2) is how to
assign weights properly to each test case. Rather
than simply relying on heuristics, we identify a
structural skewness in the difficulty distribution of
test cases and formally show how it induces an
intrinsic bias in the optimization baseline—which
we term cardinality bias. This in turn gives us a
principled foundation for weight design.

The structural skewness arises from the uneven
difficulty distribution of test cases. We measure
test-case difficulty by empirical pass rate—the frac-
tion of generated code passing a given test. For-
mally, for problem x with test suite Ux, the empiri-
cal pass rate of test case uj ∈ Ux over rollout group

Gx is:

ρj =
1

Mx

|Gx|∑
i=1

|τi|∑
t=1

p
(j)
t,i , Mx =

|Gx|∑
i=1

|τi|, (3)

where Mx is the total number of turns in trajec-
tory group Gx. A test case is easy if ρj is close
to 1, and in practice, easy test cases constitute the
majority. As shown in Fig. 2 (Left), the difficulty
distribution of test cases is highly skewed before
training begins: for 53% of TACO problems with
Qwen3-8B, over 90% of their respective test cases
are already easy (ρj > 0.8). Moreover, as RL
training proceeds, this skewness is further exacer-
bated, with previously intermediate-difficulty tests
(ρj ∈ [0.2, 0.8]) progressively migrating into the
high-pass-rate region (Fig. 2, Right). Similar re-
sults on other datasets are shown in Appendix B.

To formally analyze how the uneven difficulty
distribution induces a bias, we examine the opti-
mization baseline in group-based RL, which corre-
sponds to the group mean in Eq. (1). Since Eq. (2)
defines a turn-level reward signal, we instantiate its
group-mean baseline at the same granularity:

r̄turn =
1

Mx

∑|Gx|

i=1

∑|τi|

t=1
rt,i. (4)

Next, substituting Eq. (2) into Eq. (4) gives

r̄turn =
1

Mx

∑|Gx|

i=1

∑|τi|

t=1

∑|Ux|

j=1
wjp

(j)
t,i

=
∑|Ux|

j=1
wj

(
1

Mx

∑|Gx|

i=1

∑|τi|

t=1
p
(j)
t,i

)
︸ ︷︷ ︸

empirical pass rate of j-th test

=
∑|Ux|

j=1
wjρj . (5)

Eq. (5) reveals that the optimization baseline equals
the weighted sum of per-test empirical pass rates,
which can be rewritten in integral form (derivation
in Appendix D.1):

r̄ turn =

∫ 1

0
w̄(ρ) ρN(ρ) dρ. (6)

where w̄(ρ) is the average weight over tests with its
pass rate equal to ρ, and N(ρ) =

∑|Ux|
j=1 δ(ρ− ρj)

is the empirical density of test cases at pass rate
ρ—precisely the difficulty distribution.

Recall that N(ρ) is heavily skewed toward the
high-pass-rate end (Fig. 2). The high-ρ region
therefore dominates the baseline contribution in

4
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Figure 3: Overview of VeRPO. VeRPO fuses density-calibrated local rewards derived from partial success with
outcome-driven global rewards, enabling effective and dense policy optimization for code generation.

Eq. (6) by sheer count, making easy tests dispropor-
tionately influential despite the designed weights
{wj} (see Appendix D.2 for formal analysis). As a
result, a partial-success reward rt,i tends to exceed
the inflated baseline primarily by passing more
easy tests than average—progress on hard fron-
tier tests contributes far less toward pushing the
reward above the baseline. Policy updates there-
fore preferentially reinforce easy-test gains rather
than progress at the model’s capability boundary.
We term this cardinality bias.

4.2 VeRPO

We propose VeRPO, a group-based RL framework
that addresses the cardinality bias analyzed in Sec-
tion 4.1 and retains dense, robust supervision from
partial success. VeRPO comprises two comple-
mentary components: a density-calibrated local
reward that corrects cardinality bias to extract in-
formative dense supervision from partial success,
and an outcome-driven global reward that anchors
optimization to holistic functional correctness. The
overview of VeRPO is depicted in Fig. 3.

Density-Calibrated Local Reward. Cardinality
bias arises because N(ρ) in Eq. (6) amplifies the
baseline contribution of dense easy-test regions re-
gardless of the designed weights. VeRPO corrects
this by estimating N(ρ) at each ρj via a Gaussian
kernel density estimator:

N̂(ρj) =
∑|Ux|

j′=1
exp
(
−(ρj − ρj′)

2
/
2σ2
)
, (7)

where σ is the kernel bandwidth. Dividing each
test-case weight by N̂(ρj) counteracts the local

density factor N(ρ) in Eq. (6), yielding an approx-
imation to the density-free baseline

∫ 1
0 w̄(ρ) ρ dρ

and ensuring it is governed by the designed weights
rather than by the cardinality of easy tests. Beyond
density correction, since ρj naturally reflects test
difficulty under the current policy, VeRPO further
assigns an exponential difficulty-aware weight:

wj = exp(−αρj), (8)

where α > 0 controls the degree of emphasis
on rarely-passed frontier tests relative to already-
mastered ones. Combining density calibration
and difficulty-aware weighting, the final adjusted
weight for test case uj is:

w′
j = exp(−αρj)

/
(N̂(ρj) + δ). (9)

where δ > 0 is a small constant for numerical
stability. The local partial-success reward for turn
t in trajectory τi is thus:

Rturn(τi, t) =
∑|Ux|

j=1
w′
j · p

(j)
t,i , (10)

which focuses optimization on the unmastered fron-
tier rather than the redundant majority.

Outcome-Driven Global Reward. While the
density-calibrated local reward provides dense su-
pervision, it optimizes over partial execution out-
comes and does not directly target whether the com-
plete test suite passes. To anchor optimization to
end-to-end functional correctness, VeRPO further
incorporates a binary trajectory-level outcome re-
ward Rtraj ∈ {0, 1}, where Rtraj(τi) = 1 if the
terminal execution feedback passes the complete
test suite, and Rtraj(τi) = 0 otherwise. Since this

5



reward is defined on the holistic test-suite outcome
rather than an aggregation of per-test partial suc-
cess, it is free from the cardinality bias analyzed in
Section 4.1. We further apply an efficiency-aware
decay to favor trajectories that reach correct solu-
tions in fewer turns:

R̃traj(τi) = Rtraj(τi) · γ|τi|, (11)

where γ ∈ (0, 1] controls the strength of the effi-
ciency preference. Together, the local and global
rewards provide complementary supervision: the
former densifies the training signal through cali-
brated partial success, while the latter preserves
strict alignment with functional correctness.

Unified Advantage Optimization. To combine
the two reward signals in a unified policy update,
VeRPO constructs a local and a global advantage,
and fuses them into a turn-level training objec-
tive. For the local reward, we collect all turn-level
partial-success rewards within the rollout group as
G(Gx) = {Rturn(τi, t) | τi ∈ Gx, 1 ≤ t ≤ |τi|},
and define the local relative advantage as

Aturn(τi, t) = Rturn(τi, t)−mean(G(Gx)).
(12)

At the trajectory level, we compute a global relative
advantage from the decayed outcome reward:

Atraj(τi) = R̃traj(τi)−mean({R̃traj(τj)}Nj=1).
(13)

We then broadcast the trajectory-level advantage to
each turn and combine it with the local advantage:

A(τi, t) = Atraj(τi) + β ·Aturn(τi, t), (14)

where β ≥ 0 controls the contribution of the
two advantages. The trajectory-level advantage
Atraj(τi) anchors the global optimization, ensur-
ing policy updates adhere to end-to-end func-
tional correctness, while the turn-level advan-
tage Aturn(τi, t) enriches the learning signal with
dense feedback from local partial success. Finally,
VeRPO optimizes the policy with a clipped group-
based objective using the unified turn-level advan-
tage A(τi, t); the full objective is provided in Ap-
pendix D.3.

5 Experiments

5.1 Setup
Datasets. For training, we utilize the subset
dataset derived from (Luo et al., 2025), compris-
ing 7.4K verified code problems from TACO (Li

et al., 2023). We evaluate performance across four
mainstream code generation benchmark suites: 1)
HumanEval (Chen et al., 2021) along with its en-
hanced variant HumanEval-Plus (Liu et al., 2023b);
2) BigCodeBench (Zhuo et al., 2024) reporting re-
sults on both its Full and Hard subsets; 3) Live-
CodeBench (LCB, V6, 2023.05–2025-04) (Jain
et al., 2024); and 4) Codeforces problems derived
from CodeElo (Quan et al., 2025).

Baselines. We benchmark VeRPO against the
predominant group-based method, GRPO, instan-
tiated with two distinct reward configurations: 1)
vanilla outcome-driven rewards, representing the
standard GRPO configuration that relies on bi-
nary execution outcomes indicating overall func-
tional correctness; and 2) RM-based dense rewards,
which leverages an external RM to assign fine-
grained rewards to intermediate turns. Following
prior work, we employ AceCodeRM-7B (Zeng
et al., 2025) to generate turn-level dense rewards.

Implementation. We use Qwen3-8B as the main
RL backbone, with additional backbone-scale re-
sults reported in Appendix G. To evaluate perfor-
mance across varying horizons, we conduct train-
ing and evaluation in both single-turn (ST, T = 1)
and multi-turn (MT, T = 4) code generation set-
tings. During training, we utilize a rollout batch
size of 32 code problems with 10 responses sam-
pled per problem; maximum response length is set
to 16,384 tokens and sampled with temperature
1.0. For evaluation, we set the maximum response
length to 16,384 tokens and sampling temperature
to 0.6. We report pass@1, computed with the unbi-
ased estimator of (Chen et al., 2021), as the primary
functional-correctness metric. See Appendix E for
additional training and evaluation details.

5.2 Results and Analysis

5.2.1 Performance of VeRPO
Table 1 reports pass@1 results across six bench-
marks under single-turn (ST) and multi-turn (MT)
training/evaluation settings. In the ST→ST setting,
VeRPO achieves the best performance across all
benchmarks, obtaining an average improvement of
+1.26 and +2.18 over the outcome-driven GRPO
and the RM-based AceCoder, respectively. The
superiority underscores the intrinsic efficacy of
VeRPO, yielding stronger effectiveness in the stan-
dard single-response setting. The performance gain
of VeRPO becomes more pronounced in the MT

6



Method Train RM Reward
HumanEval BigCodeBench LCB Codeforces Avg

- Plus Full Hard V6 CodeElo

ST MT ST MT ST MT ST MT ST MT ST MT ST MT

Qwen3-8B - - - 91.03 95.05 87.49 90.14 35.85 58.32 16.38 41.69 27.12 28.14 20.77 22.73 46.44 56.01

GRPO ST - 0-1 91.99 96.34 88.03 90.32 36.33 57.87 16.87 40.54 28.35 29.28 28.49 30.72 48.34 57.51
MT - 0-1 91.46 96.41 87.57 91.23 35.73 60.91 16.55 43.32 28.35 30.50 27.38 31.61 47.84 59.00

AceCoder ST 7B Dense 92.04 96.59 88.71 91.46 36.07 58.36 14.86 39.53 27.78 27.57 25.06 26.96 47.42 56.74
MT 7B Dense - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Training Collapse - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

VeRPO ST - Dense 92.73 96.49 89.32 91.84 37.42 58.95 17.91 41.55 29.72 30.14 30.50 33.76 49.60 58.79
MT - Dense 91.69 97.87 88.05 93.14 36.10 62.52 17.22 45.69 29.07 33.07 29.03 40.44 48.53 62.12

Table 1: Performance comparison on six benchmarks using pass@1. ST/MT denotes single-turn/multi-turn setting
for training and evaluation. Dashed entries denote training collapse due to optimization instability. Best/second-best
results for each benchmark and evaluation setting are highlighted in bold/underlined.

Method HumanEval BigCodeBench LCB Codeforces

Plus Full Hard V6 CodeElo

w/o Aturn 91.58 61.58 44.25 30.64 34.68
w/o Atraj 92.31 62.12 45.18 31.14 37.62

w/ std 93.06 61.87 44.67 31.64 38.05

VeRPO 93.14 62.52 45.69 33.07 40.44

Table 2: Ablation study on components of VeRPO.

setting. AceCoder fails to complete stable MT
training due to optimization collapse, as detailed
in Appendix F.1, suggesting the instability risk of
relying on an external black-box reward model for
iterative optimization. In contrast, VeRPO is fully
grounded in verifiable execution feedback and re-
mains stable during optimization. Compared with
execution-based GRPO under MT training and eval-
uation, VeRPO improves the average pass@1 by
3.12 points, with the largest gain on the challenging
Codeforces benchmark (+8.83). This margin indi-
cates that extracting effective dense learning signals
from partial success contributes to improved perfor-
mance on harder problems. Furthermore, VeRPO
retains strong cross-setting performance, outper-
forming the corresponding baselines even under
mismatched training and evaluation horizons.

5.2.2 Ablation Study
Effect of Components in VeRPO. We ablate
three components of VeRPO in the multi-turn set-
ting: the local turn-level advantage Aturn, the
global trajectory-level advantage Atraj , and the
fixed normalization factor Fnorm = 1. We compare
the full model with variants that remove Aturn, re-
move Atraj , or replace fixed normalization with
standard-deviation normalization. Table 2 shows
that removing any component degrades perfor-

Atraj Rturn HumanEval BigCodeBench LCB Codeforces

Plus Full Hard V6 CodeElo

GRPO - 91.23 60.91 43.32 30.50 31.61

- PS 91.69 59.45 43.49 29.64 29.41
- Diff 91.46 59.78 41.55 30.28 35.23
- VeRPO 92.31 62.12 45.18 31.14 37.62

VeRPO PS 92.14 61.23 44.34 32.00 35.75
VeRPO Diff 91.31 60.00 43.15 30.57 35.11
VeRPO VeRPO 93.14 62.52 45.69 33.07 40.44

Table 3: Ablation study on local partial-success reward
designs for constructing the turn-level reward Rturn.
PS: raw pass-rate rewards; Diff: difficulty-weighted
rewards without density normalization.

mance. Removing Aturn leads to the largest degra-
dation, with consistent drops across all benchmarks
and a particularly large decline on Codeforces,
from 40.44 to 34.68, which is consistent with the
role of Aturn in providing dense partial-success
supervision beyond sparse outcome feedback. Re-
moving Atraj also lowers performance across all
benchmarks, indicating that trajectory-level correct-
ness remains important for anchoring optimization
to full functional correctness. Finally, replacing the
fixed normalization with standard-deviation nor-
malization consistently underperforms VeRPO, but
the gap is smaller than those caused by removing
either advantage term. This suggests that fixed
normalization improves calibration, while the dom-
inant gains come from combining local turn-level
and global trajectory-level advantages.

Ablation on Partial-Success Reward Designs.
To rigorously validate the design of the local partial-
success reward Rturn in VeRPO, we benchmark
VeRPO against two execution-based partial-success
rewards: (a) Raw Pass Rate (PS), which uses the
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Figure 4: Computational analysis of VeRPO. Compo-
nents shared with GRPO are highlighted in blue, while
VeRPO-specific computations are shown in orange. A
broken y-axis scale is employed to enhance the visual-
ization of small values.

fraction of passed unit tests and ignores test dif-
ficulty; and (b) Difficulty-Weighted (Diff), which
applies the difficulty-aware weight in Eq. 8 but
removes the kernel density normalization. We
evaluate each reward both in isolation and when
fused with the global trajectory-level advantage
Atraj . Table 3 shows that uncalibrated partial-
success rewards are not sufficient. When used
alone, both PS and Diff degrade performance rela-
tive to VeRPO and even underperform the outcome-
driven GRPO baseline without turn-level partial-
success rewards, especially on harder benchmarks
such as BigCodeBench-Hard, LCB, and Code-
forces. This indicates that dense partial-success
feedback can be harmful if it is not properly cali-
brated. Adding the global trajectory-level advan-
tage improves these variants, but they still lag be-
hind VeRPO. The remaining gap suggests that diffi-
culty weighting alone does not address the cardinal-
ity bias identified in Section 4.1; density calibration
is needed to make partial success a reliable learn-
ing signal. See Appendix C for rollout-level case
studies.

5.2.3 Signal Efficiency and Information Loss

To better understand the performance gains of
VeRPO, we analyze how often rollout groups pro-
vide non-degenerate optimization signals in the
multi-turn setting. We employ the degenerate group
ratio: the fraction of rollout groups with identical
rewards, which yield zero relative advantages and
thus no policy-gradient signal under group-relative
optimization. Fig. 1 (Left) shows that outcome-
driven GRPO maintains a high degenerate group
ratio, typically between 60% and 70%, indicating

that binary outcome rewards discard substantial
information from partial execution outcomes. In
contrast, VeRPO keeps this ratio below 25% for
most of training and further reduces it as optimiza-
tion proceeds, showing that partial success can be
turned into more frequently usable training sig-
nals. Importantly, a lower degenerate group ratio
alone does not guarantee better optimization: as
discussed in Section 1, naive pass-rate rewards can
densify supervision but still degrade final perfor-
mance. The gains of VeRPO therefore come not
merely from making the reward denser, but from
calibrating partial-success signals through density-
aware weighting while retaining the trajectory-level
correctness anchor.

5.2.4 Computational Cost
We assess the computational overhead introduced
by VeRPO. As detailed in Section 4, VeRPO fol-
lows the same group-based RL pipeline of GRPO,
inheriting an identical grouped rollout sampling,
computation of old log-probabilities, and clipped
actor policy updates. Both pipelines eliminate the
need for auxiliary critic or reward models by re-
lying solely on execution feedback to compute re-
wards and advantages, thus sharing identical GPU
memory consumption and LLM rollout overheads.

The only additional computation is the density-
calibrated turn-level reward and advantage estima-
tion. Fig. 4 provides a per-iteration time breakdown.
Computing Aturn adds only 0.10s per iteration, ac-
counting for less than 0.02% of total training time,
while rollout and policy updates dominate the cost.
These results demonstrate that VeRPO achieves
dense and effective supervision with virtually zero
marginal computational cost, effectively defying
the conventional trade-off between reward granu-
larity and computational efficiency.

6 Conclusion

We introduce VeRPO, an RL framework that turns
verifiable partial success into robust dense rewards
for code generation. Our systematic analysis
revealed an inherent cardinality bias in partial-
success rewards: redundant easy tests dominate
the optimization baseline by sheer count, causing
policy updates to favor easy-test gains over frontier-
test progress. Building on this analysis, VeRPO
introduces a density-calibrated local reward that
corrects the bias and combines it with a global
outcome-driven reward that anchors optimization
to end-to-end functional correctness. Extensive ex-

8



periments across various benchmarks and settings
demonstrate consistent gains over outcome-driven
and RM-based baselines with negligible computa-
tional overhead.
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A Dataset-Level Test-Suite Statistics

Table 4 reports the number of test cases per problem
across representative code-generation benchmarks.
These datasets consistently contain multiple test
cases per problem, supporting our setting where
partial success can be observed directly from test-
case-level execution feedback.

Dataset Total Examples Mean Tests Median Tests

CodeContests 13,328 95.91 101
LeetCodeDataset 2,641 100.10 99
codeforces-cots 9,556 51.07 43
TACO 25,443 53.36 10
PrimeIntellect 16,252 89.67 101

Table 4: Dataset-level test-suite statistics for
five representative code-generation datasets:
deepmind/code_contests (Li et al., 2022), newfa-
cade/LeetCodeDataset (Xia et al., 2025), open-
r1/codeforces-cots (Penedo et al., 2025), BAAI/TACO
(Li et al., 2023) and the PrimeIntellect subset from
agentica-org/DeepCoder-Preview-Dataset (Luo et al.,
2025).

B Additional Evidence of Test-Case
Difficulty Skew

To show that test-case difficulty skew is a gen-
eral phenomenon in code generation rather than
an artifact of a particular benchmark, we extend
the same analysis to two additional competitive
code-generation datasets: CODECONTESTS (deep-
mind/code_contests (Li et al., 2022)) and PRIMEIN-
TELLECT (for the latter, we randomly sample
10,000 examples from the PrimeIntellect subset
in agentica-org/DeepCoder-Preview-Dataset (Luo
et al., 2025) with seed 0). Following the analysis
protocol of Fig. 2, we define the per-problem easy-
test ratio f as the fraction of test cases in problem
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Figure 5: Additional dataset-level evidence of test-case
difficulty skew. For each dataset, the left panel plots the
CDF of the per-problem easy-test ratio (f ), illustrating
the abundance of initially easy test cases. The right
panel tracks the pass-rate distribution shifts of initially
intermediate test cases (ρ ∈ [0.2, 0.8]) across training
steps.

x whose empirical pass rate satisfies ρ > 0.8. We
also track the pass-rate distribution of test cases
that are initially in the intermediate regime, i.e.,
ρ ∈ [0.2, 0.8] at Step 0.

Fig. 5 shows that the same pattern persists across
datasets. Specifically, a large fraction of problems
contain many high-pass-rate test cases before train-
ing: on CODECONTESTS, 69% of problems have
f > 0.5 and 58% have f > 0.9; similarly, on
PRIMEINTELLECT, 67% of problems have f > 0.5
and 57% have f > 0.9. Furthermore, initially in-
termediate test cases tend to migrate toward higher
pass-rate regions as training proceeds. These con-
sistency results provide additional evidence that
the partial-success signal in code generation is
structurally skewed toward already-easy test cases,
rather than being uniformly distributed over tests
of different learning value.

C Case Study: Partial-Success Biases

This section presents two rollout-level case stud-
ies comparing test-suite-level outcome rewards,
difficulty-weighted partial-success rewards (Diff),
and VeRPO. Following Section 4.2, Diff uses
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the uncalibrated difficulty-aware weight wj =
exp(−αρj), while VeRPO uses the density-
calibrated weight w′

j = exp(−αρj)/(N̂(ρj) + δ).
We set α = 2 for both Diff and VeRPO, and use
the adaptive KDE bandwidth σ = std({ρj}|Ux|

j=1)/2.
The outcome-driven reward is 1 if all tests pass and
0 otherwise. Candidate A and Candidate B are two
representative members of the same group.

C.1 Correcting Easy-Test Cardinality Bias
Consider a rollout group where the test suite con-
tains many already easy tests and only a few fron-
tier tests. Candidate A passes many easy tests but
none of the frontier tests, whereas Candidate B
passes fewer easy tests but solves several frontier
tests. Since both candidates still fail the com-
plete test suite, outcome-driven rewards cannot
distinguish them. Table 5 shows a concrete toy
instance with 100 easy tests with empirical pass
rate ρ = 0.95 and 10 frontier tests with ρ = 0.20.
Candidate A passes 90 easy tests and 0 frontier
tests, while Candidate B passes 50 easy tests and 5
frontier tests.

Set # ρ A pass B pass wj (Diff) w′
j (VeRPO)

Easy 100 0.95 90 50 0.150 0.0015
Frontier 10 0.20 0 5 0.670 0.067

Reward R(A) R(B)

Outcome-driven 0.00 0.00
Diff 13.50 10.85
VeRPO 0.14 0.41

Table 5: Case 1 setup and resulting rewards. Weights
are test-level and shared across candidates.

This example illustrates the cardinality bias ana-
lyzed in Section 4.1. Although Diff assigns smaller
per-test weights to easy tests, their large quantity
still makes Candidate A receive a higher reward
than Candidate B. VeRPO instead normalizes test
contributions by the local empirical density N̂(ρj),
reducing the aggregate dominance of easy tests and
correctly assigning a higher reward to the candidate
that makes frontier progress.

C.2 Amplifying Sparse Frontier Progress
The second case studies a subtler failure mode.
Candidate A and Candidate B pass the same large
set of easy tests, but Candidate B additionally
passes a frontier test. Both candidates still fail the
complete suite, so outcome-driven rewards again
provide no distinction. Although Diff increases
Candidate B’s raw reward, the group-mean base-
line can still be dominated by the easy-test mass,

yielding a weak or even negative relative advan-
tage.

Table 6 shows an illustrative group with 100
easy tests of empirical pass rate ρ = 0.95 and
one frontier test of empirical pass rate ρ = 0.20.
Candidate A and Candidate B both pass 90 easy
tests, while Candidate B additionally passes the
frontier test.

Set # ρ A pass B pass wj (Diff) w′
j (VeRPO)

Easy 100 0.95 90 90 0.150 0.0015
Frontier 1 0.20 0 1 0.670 0.670

Reward R(A) R(B) R̄ Adv(A) Adv(B)

Outcome-driven 0.00 0.00 0.00 0.00 0.00
Diff 13.50 14.17 14.38 -0.88 -0.21
VeRPO 0.14 0.81 0.28 -0.14 0.53

Table 6: Case 2 setup and resulting advantages. The
group mean R̄ is computed over the full group. Weights
are test-level and shared across candidates.

This case shows that correct reward ranking
alone is insufficient for group-based RL; what mat-
ters is the relative advantage after subtracting the
group-mean baseline. Under Diff, the easy-test
mass inflates r̄turn. Candidate B thus still receives
a negative advantage despite passing the frontier
test. VeRPO reduces the common easy-test back-
ground through density calibration, turning the
same frontier progress into a positive and substan-
tially stronger advantage.

D Detailed Proofs

D.1 Derivation of the Integral Form in Eq. (6)

In this section, we provide the rigorous deriva-
tion to transform the discrete summation r̄ turn =∑|Ux|

j=1wjρj into the integral form.
Since multiple test cases may share the same

empirical pass rate ρ but possess different weights
wj , we first group the summation by the unique
values of ρ. Let Vρ ⊂ [0, 1] be the set of all unique
empirical pass rates in Ux. For a given pass rate
ρ ∈ Vρ, we define its corresponding index subset
as:

I(ρ) = {j ∈ {1, . . . , |Ux|} | ρj = ρ}. (15)

Let Nρ = |I(ρ)| be the number of test cases with
pass rate ρ. We define the conditional average
weight for the subset I(ρ) as:

w̄(ρ) =
1

Nρ

∑
j∈I(ρ)

wj . (16)
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Thus, the sum of weights for a specific pass rate ρ
is equivalent to Nρw̄(ρ). We can rewrite Eq. (5) by
summing over the unique values in Vρ:

|Ux|∑
j=1

wjρj =
∑
ρ∈Vρ

 ∑
j∈I(ρ)

wj

 ρ =
∑
ρ∈Vρ

w̄(ρ)Nρρ.

(17)
To generalize this into an integral over the con-

tinuous interval [0, 1], we define the unnormalized
empirical test density using the Dirac delta function
δ(·):

N(ρ) =

|Ux|∑
j=1

δ(ρ− ρj). (18)

Notice that integratingN(ρ) over an infinitesimally
small interval containing ρ∗ ∈ Vρ yields exactly
the count Nρ∗ . Using the sifting property of the
Dirac delta function, we evaluate the integral:

∫ 1

0
w̄(ρ) ρN(ρ) dρ =

∫ 1

0
w̄(ρ) ρ

|Ux|∑
j=1

δ(ρ−ρj) dρ.

(19)
Interchanging the integral and the summation
gives:

|Ux|∑
j=1

∫ 1

0
w̄(ρ) ρ δ(ρ−ρj) dρ =

|Ux|∑
j=1

w̄(ρj)ρj . (20)

Grouping this final summation back into the unique
subsets Vρ, we obtain:∑

ρ∗∈Vρ

∑
j∈I(ρ∗)

w̄(ρ∗)ρ∗ =
∑

ρ∗∈Vρ

Nρ∗w̄(ρ
∗)ρ∗

=
∑

ρ∗∈Vρ

∑
j∈I(ρ∗)

wjρ
∗

=

|Ux|∑
j=1

wjρj .

This completes the derivation, proving that r̄ turn =∫ 1
0 w̄(ρ) ρN(ρ) dρ is mathematically equivalent to

Eq. (5).

D.2 Formal Analysis of the Cardinality Effect

Building upon the integral form derived in Eq. (6),
we partition the test cases by a mastery threshold
ϵ ∈ (0, 1). Specifically, the discrete sets for the
conquered tests UC = {uj ∈ Ux : ϵ ≤ ρj ≤ 1} and
the frontier tests UF = {uj ∈ Ux : 0 ≤ ρj < ϵ}
correspond to the continuous integration domains

[ϵ, 1] and [0, ϵ) over the empirical density N(ρ),
respectively.

Let the cardinalities of the two sets be defined
via the density function as:

NC =

∫ 1

ϵ
N(ρ) dρ, NF =

∫ ϵ

0
N(ρ) dρ.

Accordingly, their respective contributions to the
group-mean baseline can be expressed as:

RC =

∫ 1

ϵ
w̄(ρ) ρN(ρ) dρ,

RF =

∫ ϵ

0
w̄(ρ) ρN(ρ) dρ.

Theorem D.1 (Contribution-Gap Bound over Test
Subsets). Assume the test weights satisfy 0 <
Wmin ≤ wj ≤ Wmax < ∞ for all j ∈
{1, . . . , |Ux|}, which implies Wmin ≤ w̄(ρ) ≤
Wmax for any ρ where N(ρ) > 0. Let ∆R =
RC −RF denote the contribution gap between the
conquered test set and the frontier test set. Then,

ϵ
(
WminNC −WmaxNF

)
≤ ∆R ≤ WmaxNC .

(21)

Proof. We first establish the lower bound for ∆R
by bounding RC and RF separately. For RC , the
integration domain is [ϵ, 1]. Since ρ ≥ ϵ, w̄(ρ) ≥
Wmin over this domain, and N(ρ) ≥ 0, we have:

RC =

∫ 1

ϵ
w̄(ρ) ρN(ρ) dρ

≥
∫ 1

ϵ
Wmin ϵN(ρ) dρ

= ϵWmin

∫ 1

ϵ
N(ρ) dρ = ϵWminNC .

(22)

For RF , the integration domain is [0, ϵ). Here,
ρ < ϵ and w̄(ρ) ≤Wmax. Thus:

RF =

∫ ϵ

0
w̄(ρ) ρN(ρ) dρ

≤
∫ ϵ

0
Wmax ϵN(ρ) dρ

= ϵWmax

∫ ϵ

0
N(ρ) dρ = ϵWmaxNF .

(23)

Subtracting Eq. (23) from Eq. (22) yields the lower
bound:

RC −RF ≥ ϵ
(
WminNC −WmaxNF

)
.
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Next, we establish the upper bound. For RC ,
since ρ ≤ 1 on [ϵ, 1] and w̄(ρ) ≤Wmax, we have:

RC =

∫ 1

ϵ
w̄(ρ) ρN(ρ) dρ

≤
∫ 1

ϵ
Wmax · 1 ·N(ρ) dρ

=Wmax

∫ 1

ϵ
N(ρ) dρ =WmaxNC .

(24)

Furthermore, since w̄(ρ) ≥Wmin > 0, ρ ≥ 0, and
N(ρ) ≥ 0 over the domain [0, ϵ), the integral for
the frontier set is non-negative:

RF =

∫ ϵ

0
w̄(ρ) ρN(ρ) dρ ≥ 0. (25)

Therefore, we conclude:

RC −RF ≤WmaxNC − 0 =WmaxNC .

This proves the upper bound of Eq. (21) and com-
pletes the proof.

Theorem D.1 shows that the contribution gap is
explicitly controlled by the cardinalities NC and
NF . In the skewed regime observed in practice,
where conquered tests are far more numerous than
frontier tests, i.e., NC ≫ NF , the contribution gap
is governed primarily by the size of the conquered
partition. This formalizes the cardinality effect:
even when per-test weights are introduced, the op-
timization baseline can be dominated by the sheer
number of already-conquered tests unless this den-
sity effect is explicitly calibrated.

D.3 Full Optimization Objective of VeRPO
Given the unified turn-level advantage A(τi, t) de-
fined in Section 4, VeRPO optimizes the policy
with a clipped group-based objective.

JVeRPO(θ) = E x∼X
{τi}Ni=1∼πθold

[
1∑N

i=1 |τi|

N∑
i=1

|τi|∑
t=1

min

(
ψθ(y

(i)
t )A(τi, t), clip

(
ψθ(y

(i)
t ),

1− ϵlow, 1 + ϵhigh

)
A(τi, t)

)]
.

(26)

where ψθ(y
(i)
t ) =

πθ(y
(i)
t |s(i)t )

πθold
(y

(i)
t |s(i)t )

is the importance

sampling ratio, and ϵlow and ϵhigh are clipping
thresholds.

E Training and Evaluation Details

All experiments in this paper are implemented on
top of the veRL framework (Sheng et al., 2025) and
conducted on 8× NVIDIA H800 GPUs. For fair
comparison, all methods use the same training and
evaluation configuration unless otherwise specified.
Source code will be made publicly available upon
acceptance.

Training Configuration. We utilize a rollout
batch size of 32 code problems, with 10 responses
sampled per problem. We set the maximum re-
sponse length to 16384, with sampling parameters
temperature = 1.0, top-p = 1.0 and top-k = -1.0.
The policy learning rate is fixed at 1 × 10−6. We
set clipping parameters ϵlow = 0.2 and ϵhigh = 0.28.
All RL methods omit the KL divergence penalty
to foster exploration. For VeRPO, the difficulty
sensitivity coefficient α is set to 2.0, the decay fac-
tor γ is set to 0.95, and the advantage balancing
coefficient β is set to 1.0 without additional tuning.

Evaluation Configuration. Following (Yang
et al., 2025), we set sampling parameters to tem-
perature 0.6, top-p 0.95, and top-k 20. The maxi-
mum response length is set to 16384. To rigorously
evaluate functional correctness, we adopt the un-
biased estimator for pass@k proposed by Chen
et al., 2021, which calculates the expected proba-
bility that at least one of the top-k generated code
solutions passes the unit tests, defined as:

pass@k := Eproblems

[
1−

(
n−c
k

)(
n
k

) ] ,
where n denotes the number of samples generated
per problem, and c is the number of samples that
pass all unit tests. In our experiments, we generate
n = 8 candidate solutions for each problem to
robustly estimate the pass@1 metric.

F Training Analysis

F.1 Training Stability Analysis
In Section 5.2.1, we observed that the RM-based
baseline, AceCoder (MT), suffers from training
collapse in multi-turn settings. Here, we provide
a detailed visualization and analysis of this phe-
nomenon.

The evolution of rollout performance is visual-
ized in Figure 6, which tracks the online average
pass rate measured directly on the on-policy roll-
out batches. While all methods show comparable
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Figure 6: The average ground-truth pass rate computed
on the online training rollout batches.

performance in early stages, the RM-based Ace-
Coder fails to exhibit a distinct upward trend and
succumbs to catastrophic collapse after approxi-
mately 190 training steps. In contrast, VeRPO
and the outcome-driven GRPO, which are both
fully grounded in verifiable execution feedback,
maintain robust stability and improvement. This
phenomenon highlights a practical vulnerability
of relying on fixed reward models for code gen-
eration optimization. Since it is impractical for
learned RMs to exhaustively cover the infinite se-
mantic space of complex programs, they inevitably
yield misaligned signals for out-of-distribution re-
sponses, thereby destabilizing the optimization pro-
cess. Conversely, signals derived from verifiable
execution feedback are inherently immune to such
distribution shifts, further underscoring the neces-
sity of VeRPO’s design to generate dense learning
signals fully grounded in execution feedback.

F.2 Training Dynamics
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Figure 7: Training dynamics on Codeforces (pass@1).

We analyze model evolution during training
by tracking the performance on Codeforces from

CodeElo (Quan et al., 2025) using the unbiased
pass@1 metric. As illustrated in Fig. 7, while
both VeRPO (Ours) and GRPO exhibit compara-
ble performance in the initial training phase (first
50 steps), VeRPO demonstrates significantly supe-
rior sample efficiency and convergence stability as
training progresses. Starting from approximately
Step 80, VeRPO establishes a distinct performance
lead, maintaining a robust upward trend without
the plateauing observed in the GRPO baseline. Cru-
cially, VeRPO achieves a peak pass@1 of ∼40.0%
at the end of training, surpassing GRPO (∼34.0%)
by a substantial margin. This divergence highlights
that VeRPO facilitates more effective policy opti-
mization, enabling the model to explore and sta-
bilize on higher-quality solutions given the same
computational budget.

Method HumanEval BigCodeBench LCB Codeforces Avg
Plus Full V6 CodeElo

Qwen3-4B 83.91 49.76 20.46 25.57 44.93

GRPO 90.32 59.30 30.05 29.64 52.33
VeRPO 92.84 61.76 36.34 32.50 55.86

Table 7: Additional main results with Qwen3-4B. All
values are pass@1 scores.

Metric Statistics

# Total Examples 7436

# Test Cases Mean ± Std. Dev. 104.08± 70.42

# Test Cases Range (Min – Max) 6 – 1440

# Sparse Examples (≤ 10 Tests) 804 (10.81%)

Table 8: Dataset statistics of TACO subset derived from
(Luo et al., 2025). “Sparse Examples” denotes problems
with limited unit tests (≤ 10 inputs).

G Additional Main Results

To further examine the robustness of VeRPO un-
der a smaller backbone, we additionally conduct
the main experiment with Qwen3-4B. As shown in
Table 7, VeRPO consistently outperforms GRPO
across all evaluated benchmarks, yielding an av-
erage absolute improvement of +3.53 points in
pass@1. These results provide additional evidence
that the benefit of VeRPO is not specific to the
Qwen3-8B backbone used in the main experiments.
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H Dataset Details

We utilize a filtered subset of the TACO dataset
derived from (Luo et al., 2025). The dataset com-
prises 7436 algorithmic problems, each associated
with a varying number of unit tests. The statistical
distribution of these test cases is summarized in
Table 8.
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