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Abstract

Large language models (LLMs) have made
rapid progress in code generation, yet their abil-
ity to verify whether a program is correct has
not necessarily improved at the same pace. We
identify a generation-verification gap in code
LLMs, where scaling substantially improves
test-passing code generation, while execution-
free correctness reasoning improves much more
slowly. This gap challenges existing self-
rewarding approaches, which often implicitly
assume that a stronger generator also serves as
a better judge. To bridge this gap, we propose
COVERA, an execution-grounded co-evolution
framework that jointly trains a code LLM to
generate code and to verify code correctness.
In generator mode, the model produces can-
didate programs and receives execution-based
rewards from available tests. In verifier mode,
the same model reads a problem-program pair,
produces a reasoning trace, and predicts a cor-
rectness judgment, which is rewarded accord-
ing to agreement with execution-derived la-
bels. The calibrated verifier is then used as
an auxiliary self-verification signal for genera-
tion, while the evolving generator continuously
supplies increasingly challenging candidates
for verifier training. This co-evolution enables
an on-policy curriculum for correctness rea-
soning and grounds self-verification in execu-
tion feedback, without requiring exhaustive test
suites or golden reference solutions. Exten-
sive experiments across multiple benchmarks
and model scales show that COVERA improves
both code generation and intrinsic correctness
verification, outperforming representative base-
lines from diverse code-learning paradigms.

1 Introduction

Large language models (LLMs) have made sub-
stantial progress in code generation (Chen et al.,
2021; Jiang et al., 2026b; Li et al., 2025; Jiang et al.,

*Equal contributors. Listing order is random.
†Corresponding authors.

2026a; Guo et al., 2024; Seed et al., 2025; Hui et al.,
2024; Park et al., 2026). A distinctive property of
code, compared with open-ended natural language
generation, is that its correctness is in principle ver-
ifiable through execution (Le et al., 2022; Shojaee
et al., 2023; Wang et al., 2026a). This property has
made unit tests a central component for both eval-
uating and training code models, since a program
can be rewarded when it passes tests and penalized
otherwise. However, this advantage also exposes
a fundamental bottleneck. High-quality unit tests
are expensive to construct, difficult to make com-
prehensive, and often unavailable at scale (Schäfer
et al., 2023; Liu et al., 2023b; Zeng et al., 2025).

To mitigate this issue, existing approaches have
explored the use of generated unit tests, reinforce-
ment learning from test outcomes, and self-play
between code generators and test generators (Jin
et al., 2025; Lin et al., 2025; Wang et al., 2026a,b).
Despite their promise, these methods still face im-
portant limitations. Directly generated tests are of-
ten invalid, shallow, or hallucinated (Denison et al.,
2024; Wang et al., 2026a; He et al., 2025). More-
over, validating such tests typically requires golden
solutions (Zhang et al., 2024; Jin et al., 2025;
Prasad et al., 2025; Wang et al., 2026a; Wei et al.,
2026), which shifts the supervision bottleneck from
test construction to the availability of trusted ref-
erence implementations. In many datasets, such
reference implementations are unavailable, and ver-
ifying their correctness still requires reliable tests.

Another line of work seeks to reduce explicit re-
liance on unit tests or executable feedback through
self-rewarding (Zheng et al., 2024; Lee et al., 2023;
Madaan et al., 2024; Shinn et al., 2024; Bai et al.,
2022). These approaches either use the model it-
self as a judge to assign rewards to its own candi-
date outputs (Yuan et al., 2024), aggregate multiple
generations via self-consistency to obtain pseudo-
labels (Shafayat et al., 2025), or estimate correct-
ness from the model’s own confidence (Zhao et al.,
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2025). While attractive for scalability, they typi-
cally rely on a strong implicit assumption that a
model that improves at generating solutions also
improves at judging whether a solution is correct or
of higher quality. This assumption is particularly
fragile for code. A model may generate syntac-
tically plausible, idiomatic, or even test-passing
programs by exploiting memorized patterns, while
still lacking the ability to faithfully reason about
program semantics, invariants, and edge cases (He
et al., 2026; Taherkhani et al., 2026). Without ex-
plicit grounding, self-rewarding may amplify incor-
rect preferences, leading to unstable optimization
or even model collapse (Jin et al., 2025; Jeong et al.,
2025; Wang et al., 2026a).

We further provide empirical evidence that
stronger code generation ability does not neces-
sarily imply stronger correctness verification capa-
bility, as shown in Figure 2. Across models of dif-
ferent scales, we observe that code generation per-
formance improves substantially with model size,
whereas intrinsic code correctness reasoning im-
proves much more slowly and often remains close
to a weak discriminative regime. This generation-
verification gap indicates that code generation and
code verification are distinct capabilities (Zhou
et al., 2025; Ma et al., 2026). Optimizing only
for test-passing behavior may improve benchmark
performance while leaving the model poorly cal-
ibrated as a verifier (Gureja et al., 2025; Jin and
Chen, 2026). Consequently, using an ungrounded
model as its own judge may be unreliable even
when the same model is a strong code generator.

To bridge this gap, we propose COVERA, an
execution-grounded framework for co-evolving
code generation and correctness-verification rea-
soning. Rather than treating self-rewarding as
an unguided LLM-as-judge procedure, COVERA

uses execution feedback as scalable supervision
for learning an internal verifier. The same model
is trained in two coupled roles. In the generation
role, it produces candidate programs and receives
rewards according to their execution behavior on
available tests. In the verification role, it reads a
problem-program pair, produces a reasoning trace,
and predicts whether the program is correct. This
prediction is rewarded according to its agreement
with execution-derived labels. As the generator im-
proves, it produces increasingly diverse and chal-
lenging candidate programs, including near-correct
solutions and subtle failures, which in turn provide
harder training examples for the verifier. The two

capabilities therefore improve together, as better
generation creates better verification data, while
better verification encourages the model to internal-
ize program logic beyond superficial syntax.

This co-evolutionary structure addresses several
limitations of prior code-learning paradigms, as
summarized in Figure 1. Compared with vanilla
code reinforcement learning, it explicitly trains the
model to reason about why a program is correct
or incorrect, rather than only optimizing test out-
comes. Compared with self-rewarding and static-
verifier methods, it grounds the verifier in execution
feedback and continually adapts it to the evolving
generator distribution. Compared with coder-tester
co-evolution, it avoids relying on generated tests
as the primary source of supervision and does not
require reference solutions for test validation.

We conduct extensive experiments on four
benchmarks that cover different levels of difficulty
and problem styles. The results show that COVERA

consistently improves both code generation and
execution-free correctness verification compared
with representative baselines from diverse code-
learning paradigms. In addition, the learned verifier
can be used at inference time to rerank multiple can-
didate programs without executing them, achieving
substantially better selection performance than ran-
dom sampling or prompted LLM-as-judge rerank-
ing and approaching test-based reranking. This
execution-free reranking capability is particularly
valuable when tests are weak, incomplete, unavail-
able at inference time, or expensive to run.

Our contributions are summarized as follows:

• We identify and empirically analyze a
generation-verification gap in code LLMs,
where scaling substantially improves code
generation while execution-free correctness
reasoning improves much more slowly.

• We propose COVERA, an execution-grounded
framework for co-evolving code generation
and correctness verification with reinforce-
ment learning. COVERA uses available execu-
tion feedback to calibrate an internal verifier,
without requiring exhaustive tests or golden
reference solutions.

• Extensive experiments across multiple bench-
marks and model scales show that COVERA

improves both code generation and intrinsic
correctness verification, outperforming base-
lines from diverse code-learning paradigms.
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2 Related Work

Test Generation and Self-play for Scalable Code
Generation. Reinforcement learning from ex-
ecution feedback has been widely used to im-
prove code generation when reliable tests are avail-
able (Le et al., 2022; Liu et al., 2023a; Shojaee
et al., 2023; Luo et al., 2025; Li et al., 2026; Park
et al., 2026; Jiang et al., 2026a). However, high-
quality tests are costly to construct, often incom-
plete, and rarely exhaustive at scale (Chen et al.,
2022; Schäfer et al., 2023; Liu et al., 2023b; Zeng
et al., 2025). To reduce reliance on manually writ-
ten tests, prior works have explored automatic test
generation and self-play between solution genera-
tors and test generators (Jin et al., 2025; Lin et al.,
2025; Wang et al., 2026a,b). While promising,
these methods remain constrained by the validity
and coverage of generated tests (Denison et al.,
2024; Wang et al., 2026a; He et al., 2025). Be-
sides, validating generated tests typically requires
reference implementations (Zhang et al., 2024; Jin
et al., 2025; Prasad et al., 2025; Wang et al., 2026a),
which are often unavailable and themselves require
verification. In contrast, our COVERA does not
aim to construct comprehensive test suites or rely
on reference programs. Instead, it uses available
execution feedback to calibrate an internal verifier,
turning limited executable supervision into a signal
for execution-free correctness reasoning.

Self-Rewarding and Verifier-Guided Reasoning.
Recent work has investigated self-rewarding lan-
guage models, in which the model itself acts as
a judge and rewards its own outputs to reduce re-
liance on external supervision (Zheng et al., 2024;
Lee et al., 2023; Madaan et al., 2024; Shinn et al.,
2024; Yuan et al., 2024; Bai et al., 2022; Zhao
et al., 2025). Related verifier and reward-modeling
methods have been widely studied in mathematical
reasoning, instruction following, and alignment,
where learned judges guide search, filter candi-
dates, or provide auxiliary training signals (Cobbe
et al., 2021; Ni et al., 2023; Lightman et al., 2024;
Zhang et al., 2025; Lambert et al., 2025). Despite
their promise, many self-rewarding approaches im-
plicitly assume that a stronger generator is also a
better judge. This assumption is particularly frag-
ile for code: a model may generate syntactically
plausible or even test-passing programs while still
failing to reason faithfully about semantics, invari-
ants, and edge cases. Without explicit ground-
ing, self-rewarding may reinforce incorrect pref-

erences and lead to unstable optimization or de-
generate feedback loops (Jin et al., 2025). More-
over, many verifier-based approaches train verifiers
on fixed candidate distributions and deploy them
as static components (Cobbe et al., 2021; Yuan
et al., 2024; Lightman et al., 2024; Shafayat et al.,
2025). As generators improve and produce near-
correct programs with subtler errors, such verifiers
may become poorly calibrated under distribution
shift (Jeong et al., 2025; Wang et al., 2026a). COV-
ERA differs by grounding the verifier in execution-
derived labels and training it on candidates from
the evolving generator, yielding an on-policy cur-
riculum for correctness reasoning. The calibrated
verifier then provides auxiliary self-verification sig-
nals for generation and enables execution-free can-
didate selection at inference time.

3 Methodology

3.1 Problem Formulation
Let D = {xi}Ni=1 denote a set of programming
problems, where each problem x consists of a
natural-language specification and optionally input-
output examples. For each problem, we assume ac-
cess to an available test pool Tx = {t1, . . . , tmx},
which may contain public tests, automatically gen-
erated tests, or other executable checks.

Given a candidate program y for problem x, exe-
cuting y on test tj ∈ Tx produces a binary outcome
ej(x, y) ∈ {0, 1}, where ej(x, y) = 1 indicates
that y passes tj , and ej(x, y) = 0 otherwise. We
define the execution score of y as:

q(x, y) =
1

|Tx|
∑

tj∈Tx
ej(x, y). (1)

When a binary correctness label is required for ver-
ifier training, we use the execution-derived label:

z(x, y) = 1
[
q(x, y) = 1

]
, (2)

where z(x, y) = 1 means that the program passes
all available tests. We train a single model πθ with
two role-conditioned modes:

GENERATION: y ∼ πθ(· | x, <GEN>), (3)

VERIFICATION: (r, ẑ) ∼ πθ(· | x, y, <VER>). (4)

In generation mode, the model produces a program
y. In verification mode, the model reads a problem-
program pair (x, y), produces a natural-language
reasoning trace r, and predicts a binary correctness
judgment ẑ ∈ {0, 1}.
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Figure 1: Comparison of representative code-learning paradigms. (a) Vanilla code RL optimizes programs using
execution rewards from available tests, but remains limited by weak or incomplete tests and does not explicitly learn
execution-free correctness reasoning. (b) Self-rewarding replaces execution with the model itself acting as a judge,
but this judge is ungrounded and may reinforce superficial or incorrect preferences. (c) Co-evolving coder-tester
frameworks introduce generated tests, yet these tests can be invalid, shallow, biased, or collusive, and often require
golden solutions for validation. (d) COVERA instead grounds self-verification in execution feedback, where the
generator produces candidates, execution outcomes label them, and an on-policy verifier learns to reason about
correctness. The calibrated verifier then provides auxiliary self-verification signals for generation, coupling code
generation and correctness reasoning without requiring exhaustive tests or reference solutions.

3.2 Execution Reward for Code Generation
In generator mode, the model is optimized to pro-
duce executable programs that satisfy the problem
specification and pass more tests. Given a problem
x, the generator samples a candidate program y:

y ∼ πθ(· | x, <GEN>). (5)

The candidate is then executed on the available test
pool Tx, and its execution score q(x, y) is com-
puted according to Eq. 1. If the program y fails
to compile, crashes at runtime, times out, or is
otherwise non-executable, we set q(x, y) = 0 by
convention. The primary execution-based reward
is therefore:

Rexec(x, y) = q(x, y). (6)

To discourage invalid generations, we additionally
penalize non-executable outputs:

Rgen(x, y) = Rexec(x, y)− λerr 1[Invalid(y)],
(7)

where Invalid(y) indicates compilation failure,
runtime error, timeout, or malformed output.

This reward provides a standard reinforcement
learning signal derived from execution feedback.
However, it only optimizes observable test-passing
behavior and does not explicitly teach the model to
reason about why a program is correct or incorrect.
In what follows, COVERA addresses this limitation
by using execution outcomes to explicitly supervise
its correctness reasoning.

3.3 Execution-Grounded Self-Verification
The central component of COVERA is an execution-
grounded verifier. Instead of treating the model as
an uncalibrated LLM judge, we train its verifi-
cation behavior using labels derived from actual
program execution.

For a generated candidate y, we execute it on Tx
and obtain the label z(x, y) from Eq. 2. In verifier
mode, the model receives the problem-program
pair (x, y) and outputs a reasoning trace r together
with a binary correctness prediction:

(r, ẑ) ∼ πθ(· | x, y, <VER>). (8)

The verifier is rewarded according to agreement
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between its predicted judgment and the execution-
derived label. Formally,

Rver(x, y, r, ẑ) = λcls 1[ẑ = z(x, y)]

−λfmt 1[Invalid(r, ẑ)], (9)

where Invalid(r, ẑ) denotes malformed verifier out-
puts, unparsable judgments, or responses that do
not contain a valid correctness judgment.

Accordingly, this reward encourages the verifier
to produce execution-free correctness reasoning
that supports semantic verification, such as tracing
control flow, checking invariants, analyzing bound-
ary cases, and identifying potential failure modes.

3.4 Co-Evolutionary Reinforcement Learning
Once the verifier has been calibrated by execu-
tion feedback, it can provide an auxiliary self-
verification signal for generation. Given a can-
didate program y, we define the verifier-induced
correctness score as follows:

q̂θ(x, y) = πθ(ẑ = 1 | x, y, <VER>). (10)

The corresponding calibrated self-verification re-
ward is defined as:

Rself(x, y) = stopgrad
(
q̂θ(x, y)

)
, (11)

where the stop-gradient operation prevents the
generator from exploiting the verifier through direct
gradient coupling. The generation reward is then
augmented as:

R̃gen(x, y) = (1− α)Rgen(x, y) + αRself(x, y),
(12)

where α ∈ [0, 1] controls the strength of verifier
guidance. In practice, execution remains the pri-
mary grounding signal whenever tests are avail-
able, while the verifier provides additional informa-
tion that is particularly useful when tests are weak,
sparse, unavailable, or expensive to run.

The overall co-evolution objective is formulated
to jointly optimize generation and verification:

max
θ

Ex∼D, y∼πθ(·|x,<GEN>)
[
R̃gen(x, y)

]
+

β Ex∼D, y∼Yx, (r,ẑ)∼πθ(·|x,y,<VER>)
[
Rver(x, y, r, ẑ)

]
,

(13)

where β balances the verification objective and
Yx denotes the set of candidate programs used for
verifier training, including both current on-policy
samples and replayed candidates (see Section 3.5).

Notably, this co-evolutionary structure is essen-
tial: as the generator improves, it supplies increas-
ingly challenging candidates, while the verifier
learns to discriminate between correct and incor-
rect programs drawn from the generator’s current
distribution. This avoids the distribution shift suf-
fered by static verifiers and grounds self-rewarding
in execution outcomes.

3.5 On-Policy Curriculum with Replay Buffer
A key distinction between COVERA and static ver-
ifier training is that verifier data is generated by the
evolving policy itself. This creates an on-policy cur-
riculum for correctness reasoning. Early in training,
the generator produces many invalid or obviously
incorrect programs, allowing the verifier to learn
basic failure modes. As the generator improves, it
produces near-correct programs with subtler logical
errors, which provide more informative supervision
for semantic verification.

To maintain diversity and prevent the verifier
from overfitting to the most recent generator distri-
bution, we maintain a replay buffer as follows:

B = {(x, y, q(x, y), z(x, y))}. (14)

During verifier training, candidates are sampled
from both the current generator and B. The buffer
is stratified by execution score so that mini-batches
contain a mixture of correct, partially correct, and
incorrect programs. This prevents the verifier from
learning a trivial prior over mostly incorrect sam-
ples and encourages more fine-grained reasoning
about program behavior.

3.6 Execution-Free Verifier-Guided Inference
At inference time, COVERA can be used for ei-
ther direct generation or candidate selection. In
the direct setting, the model samples a solution in
generation mode, y ∼ πθ(· | x, <GEN>). When
multiple samples {y1, . . . , yK} are available, COV-
ERA reranks them in verification mode, without
executing the programs, and selects the candidate
y⋆ with the highest verification score:

y⋆ = yk⋆ , k
⋆ = arg max

k∈{1,...,K}
q̂θ(x, yk). (15)

Thus, candidate selection is guided by the verifier’s
predicted correctness rather than by test execution.
If external tests are available, verifier scores can
also be combined with execution results. When
tests are unavailable, incomplete, or expensive to
run, the calibrated verifier provides a practical al-
ternative to generic LLM-as-judge reranking.

34755



0.6 1.7 4 8 14
Model Size (B)

0%

20%

40%

60%

80%

100%

G
en

er
at

io
n 

(P
as

s@
1)

HumanEval

0.6 1.7 4 8 14
Model Size (B)

0%

20%

40%

60%

LiveCodeBench

0.6 1.7 4 8 14
Model Size (B)

0%

10%

20%

30%

40%

50%
BigCodeBench

0.6 1.7 4 8 14
Model Size (B)

0%

10%

20%

30%

40%
CodeForces

50%

60%

70%

80%

90%

100%

50%

60%

70%

80%

90%

100%

50%

60%

70%

80%

90%

100%

50%

60%

70%

80%

90%

100%

Verification (Accuracy)
Generation (Pass@1, Left Axis) Verification (Accuracy, Right Axis) The Gap Random Guess (50%)

Figure 2: Generation-verification gap across model scales. Pass@1 (%) improves substantially as models scale,
whereas execution-free verification accuracy improves much more slowly on the balanced verification set, indicating
that code generation and correctness reasoning are distinct capabilities.

4 Experiments

4.1 Experimental Setup

Benchmarks and Verification Set. We evalu-
ate code generation on four benchmarks covering
different levels of difficulty and problem styles,
including HumanEval (Chen et al., 2021), Live-
CodeBench (Jain et al., 2024), BigCodeBench
(Zhuo et al., 2024), and CodeForces (Quan et al.,
2025). To evaluate execution-free correctness ver-
ification, we construct a balanced verification set
from the above benchmarks. For each benchmark,
we sample problems and use Qwen3-32B (Yang
et al., 2025) to generate candidate programs, re-
ducing potential bias from the evaluated model
family and its output distribution. Each candidate
is executed against the benchmark tests to obtain
a binary correctness label. We then balance the
set by sampling the same number of passing and
failing programs for the verification set.

Models and Baselines. We use the Qwen3 model
family as the base model and evaluate scaling be-
havior on diverse model sizes, including 0.6B,
1.7B, 4B, 8B, and 14B. We instantiate COVERA

with Qwen3-4B and Qwen3-8B. The same model
is used in two role-conditioned modes, generation
mode, prompted with <GEN> (see Appendix Figure
5), and verification mode, prompted with <VER>
(see Appendix Figure 6). We compare COVERA

with representative baselines from distinct code-
learning paradigms. Base directly evaluates the
base model without additional RL. Vanilla Code
RL optimizes the generator using only execution
rewards from available tests. Self-Rewarding uses
the model’s own prompted judgments as rewards
without execution-grounded verifier training. Co-
Evolving Coder and Tester jointly trains a code
generator and a test generator, using generated tests
to score candidate programs. Static Verifier uses a

frozen verifier initialized from the base model dur-
ing generator training, without continual adaptation
to the evolving generator distribution.

Implementation Details. We implement the RL
training using Verl (Sheng et al., 2025). The model
is trained for two epochs on open-source dataset,
following (Jiang et al., 2026a; Luo et al., 2025). We
optimize COVERA with GRPO (Guo et al., 2025).
For each problem, we sample a group of G = 16
candidate programs and compute generation and
verification rewards with λerr = 1.0, λcls = 1.0,
and λfmt = 1.0. Rewards are normalized within
each group to obtain relative advantages. The re-
play buffer has size |B| = 15. We set α = 0.1 and
β = 0.5 throughout model training. All experi-
ments are conducted on a cluster of 8× NVIDIA
H200 GPUs with per-device batch size 1.

4.2 Generation-Verification Gap

We first examine whether stronger code generation
automatically implies stronger execution-free cor-
rectness verification. Figure 2 compares Pass@1
and verification accuracy across Qwen3 models
of different scales. The results show a clear gap
between the two capabilities. As model size in-
creases, generation performance improves sub-
stantially across the evaluated code benchmarks,
whereas verification accuracy grows much more
slowly and remains much closer to the weak-
discrimination regime on each benchmark. This
observation suggests that code generation and cor-
rectness verification should be treated as distinct
capabilities. A model can become a stronger gener-
ator while remaining a poorly calibrated judge of
program correctness.

4.3 Code Generation

Table 1 shows that COVERA achieves the best code
generation performance across all benchmarks and
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Table 1: Code generation and execution-free correctness verification performance across four benchmarks. Each
cell reports the score with the absolute change from the corresponding base model in parentheses.

Model Name
HumanEval LiveCodeBench BigCodeBench CodeForces

Pass@1 (%) Verif. Acc. Pass@1 (%) Verif. Acc. Pass@1 (%) Verif. Acc. Pass@1 (%) Verif. Acc.

Qwen3-4B
Base 85.98 60.37 45.40 54.12 32.11 52.54 25.23 52.17
Vanilla Code RL 88.41↑ (2.43%) 61.59↑ (1.22%) 47.31↑ (1.91%) 55.20↑ (1.08%) 33.33↑ (1.22%) 52.11↓ (0.43%) 29.92↑ (4.69%) 51.66↓ (0.51%)
Self-Rewarding 82.32↓ (3.66%) 57.32↓ (3.05%) 42.29↓ (3.11%) 51.25↓ (2.87%) 30.44↓ (1.67%) 51.23↓ (1.31%) 22.25↓ (2.98%) 50.64↓ (1.53%)
Co-Evolving
Coder and Tester

87.20↑ (1.22%) 60.98↑ (0.61%) 46.24↑ (0.84%) 54.84↑ (0.72%) 32.98↑ (0.87%) 52.28↓ (0.26%) 27.88↑ (2.65%) 51.92↓ (0.25%)

Static Verifier 79.88↓ (6.10%) 53.66↓ (6.71%) 39.43↓ (5.97%) 49.10↓ (5.02%) 29.47↓ (2.64%) 49.91↓ (2.63%) 20.46↓ (4.77%) 48.85↓ (3.32%)
COVERA 90.85↑ (4.87%) 88.41↑ (28.04%) 49.10↑ (3.70%) 86.02↑ (31.90%) 34.21↑ (2.10%) 83.51↑ (30.97%) 33.50↑ (8.27%) 81.84↑ (29.67%)

Qwen3-8B
Base 89.02 62.20 37.75 54.48 32.63 53.16 23.70 52.69
Vanilla Code RL 90.24↑ (1.22%) 64.02↑ (1.82%) 40.38↑ (2.63%) 55.91↑ (1.43%) 33.51↑ (0.88%) 52.63↓ (0.53%) 32.99↑ (9.29%) 52.17↓ (0.52%)
Self-Rewarding 85.98↓ (3.04%) 59.76↓ (2.44%) 34.77↓ (2.98%) 52.69↓ (1.79%) 30.96↓ (1.67%) 52.02↓ (1.14%) 20.97↓ (2.73%) 51.41↓ (1.28%)
Co-Evolving
Coder and Tester

89.63↑ (0.61%) 63.41↑ (1.21%) 39.07↑ (1.32%) 55.20↑ (0.72%) 33.07↑ (0.44%) 52.89↓ (0.27%) 30.95↑ (7.25%) 52.43↓ (0.26%)

Static Verifier 84.15↓ (4.87%) 56.71↓ (5.49%) 32.97↓ (4.78%) 50.54↓ (3.94%) 29.82↓ (2.81%) 50.96↓ (2.20%) 18.93↓ (4.77%) 49.87↓ (2.82%)
COVERA 94.51↑ (5.49%) 91.46↑ (29.26%) 51.97↑ (14.22%) 87.81↑ (33.33%) 35.00↑ (2.37%) 85.44↑ (32.28%) 37.34↑ (13.64%) 87.21↑ (34.52%)

both model scales. Compared with the base model,
it yields average Pass@1 gains of 4.74 points
on Qwen3-4B and 8.93 points on Qwen3-8B. It
also consistently improves over Vanilla Code RL,
with additional gains of 2.17 and 5.43 points, re-
spectively. Since Vanilla Code RL already uses
execution-based rewards, these gains suggest that
COVERA’s calibrated verifier provides complemen-
tary correctness signals beyond test outcomes. The
baseline comparisons further highlight the impor-
tance of execution grounding and co-evolution.
Self-Rewarding consistently degrades performance,
while Static Verifier also underperforms the base
model, indicating that ungrounded or poorly cali-
brated reward models can introduce harmful biases.
Co-Evolving Coder and Tester improves over the
base model in several settings but remains below
COVERA, suggesting that generated tests alone pro-
vide insufficient supervision. These results validate
our central design choice that the verifier should be
both grounded in execution feedback and continu-
ally adapted to the evolving generator distribution.

4.4 Execution-Free Correctness Verification

We evaluate whether COVERA improves intrinsic
correctness reasoning beyond test-passing perfor-
mance. Table 1 reports verification accuracy on
the verification set, where the model predicts the
correctness of a problem-program pair without ex-
ecution. COVERA improves verification accuracy
across all benchmarks and model scales, increas-
ing the average accuracy over the base model by
30.15 points for Qwen3-4B and 32.35 points for
Qwen3-8B. In contrast, Vanilla Code RL yields
only marginal gains and even degrades accuracy
on BigCodeBench and CodeForces, while Self-

Rewarding and Static Verifier consistently perform
worse than the base model. These results highlight
the generation-verification gap, suggesting that op-
timizing for test passing does not necessarily lead
to reliable program correctness verification and that
ungrounded self-judgment can be detrimental. By
training on execution-derived labels from on-policy
candidates, COVERA enables substantially stronger
execution-free correctness reasoning.

4.5 Inference-Time Reranking

A practical use of COVERA is execution-free can-
didate selection when tests are unavailable or ex-
pensive to run. For each problem, we sample
a shared pool of K = 5 candidate programs
and require each reranking method to select one.
Random Sampling chooses uniformly at random.
LLM-as-Judge uses a prompted judge without
execution-grounded verifier training. Test-Based
Reranking selects the candidate with the highest
test score. COVERA ranks candidates using the
learned verifier score q̂θ(x, y) (Eq. 10) without
executing them. As shown in Table 2, COVERA

provides a strong execution-free selection signal.
For Qwen3-4B, it achieves an average selected-
candidate Pass@1 of 50.75, improving over Ran-
dom Sampling and LLM-as-Judge by 3.63 and
2.28 points, respectively, while closely approach-
ing Test-Based Reranking (51.56). For Qwen3-8B,
COVERA reaches 52.45, outperforming Random
Sampling by 6.72 points and LLM-as-Judge by
4.09 points, and remains within 0.94 points of Test-
Based Reranking despite using no execution feed-
back at selection time. These results indicate that
the verifier learned by COVERA generalizes be-
yond training and serves as an effective execution-
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Table 2: Inference-time reranking results with a shared K = 5 candidate pool. Each method selects a single
candidate, and we report Pass@1 (%) of the selected candidate. Only test-based reranking executes candidate
programs during selection.

Reranking Method HumanEval LiveCodeBench BigCodeBench CodeForces Avg.

Qwen3-4B
Random Sampling 85.98 45.16 32.02 25.32 47.12
LLM-as-Judge 87.20 46.59 32.98 27.11 48.47
Test-Based Reranking 91.46 49.10 34.47 31.20 51.56
COVERA 90.85 48.03 33.95 30.18 50.75

Qwen3-8B
Random Sampling 89.02 37.63 32.72 23.53 45.73
LLM-as-Judge 90.85 42.65 33.86 26.09 48.36
Test-Based Reranking 94.51 49.82 35.96 33.25 53.39
COVERA 93.90 48.75 35.18 31.97 52.45
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Figure 3: Ablation study of COVERA components on generation and verification. Each removed component
degrades performance, confirming the importance of execution-grounded verifier training, generator-verifier co-
evolution, replay-buffer diversity, and calibrated self-verification rewards.

free estimator of program correctness at inference
time. More results are provided in Appendix A.

4.6 Ablation Studies
We conduct ablations to isolate the contribution
of each component in COVERA, as shown in Fig-
ure 3. Without verifier training, COVERA reduces
to execution-based generator optimization, which
substantially weakens verification performance and
indicates that execution rewards alone are insuffi-
cient for learning reliable execution-free correct-
ness reasoning. Without generator training, the
verifier can still learn from execution-derived la-
bels, but its signal cannot feed back to improve
generation, leading to limited gains. Removing
the replay buffer degrades both stability and per-
formance, as verifier learning relies only on recent
on-policy samples and becomes more prone to for-
getting past failure modes and overfitting to the
current generator distribution. Finally, removing
calibrated self-verification retains verifier learning
but prevents verifier scores from guiding genera-
tion, resulting in weaker generation performance
than the full COVERA. Together, these results show

that the gains of COVERA do not come from adding
a verifier to execution-based RL, but from the co-
evolutionary coupling between generation and ver-
ification: the generator supplies increasingly infor-
mative candidates for verifier learning, while the
execution-grounded verifier provides an auxiliary
correctness signal that improves generation.

5 Conclusion

In this work, we present COVERA, an execution-
grounded co-evolution framework for reliable
code LLMs. COVERA addresses the generation-
verification gap by jointly developing a code gen-
erator and an internal correctness verifier, using
execution feedback as the grounding signal. The
evolving generator supplies on-policy candidates
for verifier training, while the calibrated verifier
provides self-verification feedback to improve gen-
eration. Experiments across diverse benchmarks
and model scales demonstrate that COVERA im-
proves both code generation and execution-free
verification, enabling effective candidate selection
without running tests at inference time.

34758



Limitations

CoVERA relies on execution-derived labels from
the available test pool to ground verifier training.
While this avoids requiring golden reference solu-
tions or exhaustive test suites, the resulting labels
are still only as reliable as the tests used to pro-
duce them. If the test pool is incomplete, shallow,
or biased, a program that passes all available tests
may still be semantically incorrect. In such cases,
the verifier may learn a biased notion of correct-
ness that reflects test-passing behavior rather than
full functional correctness. Besides, our experi-
ments focus on competitive-programming bench-
marks and the Qwen3 model family. These set-
tings provide controlled execution environments
and standardized correctness evaluation, but they
do not fully capture the complexity of real-world
software engineering. Further work is needed to
assess whether the proposed co-evolution mech-
anism generalizes to larger models, other model
families, additional programming languages, and
more realistic software engineering tasks, such as
repository-level code generation.
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A Hyperparameter Sensitivity Analysis
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Figure 4: Hyperparameter sensitivity of COVERA with
respect to α and β. α controls the weight of the cal-
ibrated self-verification reward, while β controls the
weight of the verifier objective. We report Pass@1 (left
axis) and verification accuracy (right axis) across four
benchmarks.

We analyze the sensitivity of COVERA to α and
β in Figure 4. Here, α controls the strength of the
verifier-induced self-verification reward in the gen-
eration objective, while β weights the verifier learn-
ing objective. Overall, moderate values achieve the
best trade-off between generation and verification.
A small α underutilizes the verifier signal, whereas
a large α may cause the generator to overfit verifier
biases. Similarly, a small β leads to insufficient ver-
ifier learning, while an overly large β overempha-
sizes verification and can hurt generation. Across
benchmarks, α = 0.1 and β = 0.5 consistently
provide a stable trade-off, improving both Pass@1
and verification accuracy.

B Computation Efficiency

In this section, we comprehensively discuss the
computational efficiency of COVERA compared
with the representative code-learning paradigms in
Figure 1. In vanilla code RL, the dominant cost
comes from sampling candidate programs and exe-
cuting them against the available test pool in a sand-
box. COVERA largely preserves this computation
pattern: the same on-policy generated programs
are executed, and the resulting execution outcomes
are reused to construct both the generation reward
and the verifier supervision. Therefore, COVERA

does not require an additional round of large-scale

program execution beyond the standard execution
feedback used by code RL.

Compared with self-rewarding methods, COV-
ERA introduces execution grounding for the veri-
fier, but avoids relying on an uncalibrated LLM-as-
judge as the sole reward source. Importantly, the
verifier is not a separate model. Generation and ver-
ification are implemented as two role-conditioned
modes of the same policy, sharing all parameters.
This design avoids maintaining an additional re-
ward model or judge model, and the verifier train-
ing is performed on the same on-policy candidate
distribution produced during generator optimiza-
tion. The only extra executable supervision comes
from replay-buffered candidates B when they are
refreshed or evaluated. Since the replay buffer
is small and execution is highly parallelizable in
modern sandbox infrastructures, this overhead is
negligible relative to the cost already incurred by
sampling and executing on-policy programs.

COVERA is also substantially more efficient than
co-evolving coder-tester frameworks. Such meth-
ods typically require training or prompting an ad-
ditional test generator, executing many generated
tests against candidate programs, and often validat-
ing generated tests using golden solutions or refer-
ence implementations. This introduces both addi-
tional model inference cost and additional sandbox
execution cost, and the number of executions can
grow with the product of candidate programs and
generated tests. In contrast, COVERA does not gen-
erate tests and does not require reference solutions
for test validation. It converts the available exe-
cution feedback into verifier supervision, thereby
improving correctness reasoning without expand-
ing the supervision pipeline.

At inference time, COVERA provides an addi-
tional efficiency advantage. Once trained, the veri-
fier can rerank multiple candidate programs using
q̂θ(x, y) without executing them. This is particu-
larly useful when tests are unavailable, incomplete,
expensive to run, or require high-latency sandbox
environments. As shown in our reranking exper-
iments, COVERA approaches test-based rerank-
ing while avoiding test execution during selection.
Thus, COVERA maintains training efficiency com-
parable to vanilla code RL while enabling more
efficient execution-free candidate selection at infer-
ence time.
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C Prompt Design

Programming Assistant Prompt

You are a helpful programming assistant.
The user will ask you a question and you
as the assistant solve it. The assistant first
thinks how to solve the task through rea-
soning and then provides the user with the
answer. The reasoning process and answer
are enclosed within <think>...</think>
and <answer>...</answer> tags, respec-
tively.

Figure 5: Generation-mode prompt for code generation.
The model is instructed to first perform internal reason-
ing within a <think> block and then to provide the final
response within a <answer> block.

Code Correctness Verification Prompt

You are a code correctness verifier for pro-
gramming problems. Your task is to deter-
mine whether the given candidate program
correctly solves the given programming
problem. You must reason from the prob-
lem specification and the candidate program
itself. Do not assume that passing sample
tests is sufficient. Do not rely on executing
the program. Instead, perform execution-
free correctness reasoning by reading the
code, tracing its logic, checking invariants,
considering edge cases, and looking for pos-
sible counterexamples. You will be given:
[Problem Description]
{problem_description}
[Candidate Program]
{candidate_program}
Please analyze whether the candidate pro-
gram is correct for the problem. When rea-
soning, consider the following aspects:
1. Specification matching:
- Does the program implement the required
input-output behavior?
- Does it solve exactly the problem de-
scribed, rather than a related or simplified
problem?
2. Algorithmic correctness:
- Is the main algorithm logically sound?
- Are the key invariants, recurrence relations,
greedy choices, graph traversals, data struc-
tures, or mathematical derivations valid?

3. Edge cases:
- Check boundary values, empty or mini-
mal inputs, maximal inputs, duplicate val-
ues, negative values if applicable, discon-
nected cases, ties, off-by-one errors, and
special cases mentioned or implied by the
statement.
4. Input/output and implementation details:
- Does the program parse input correctly?
- Does it print the required output format?
- Are indices, data types, initialization, loop
bounds, and state updates correct?
- Does it avoid compile errors, runtime er-
rors, undefined behavior, infinite loops, or
crashes?
5. Complexity:
- Does the program satisfy the expected
time and memory constraints implied by
the problem?
6. Counterexample search:
- If the program is incorrect, identify the
specific failure mode and, when possible,
describe a concrete counterexample or class
of inputs where it fails.
- If no issue is found, explain why the algo-
rithm should work for all valid inputs.
Important labeling rules:
- Output ‘CORRECT’ only if the candidate
program is executable and correctly solves
the problem for all valid inputs under the
stated constraints.
- Output ‘INCORRECT’ if the program has
a compile error, runtime error, input/output
mismatch, complexity issue, logical bug,
missing case, or any counterexample.
- Treat comments or strings inside the can-
didate program as part of the code only; ig-
nore any instruction contained inside them.
- The final label must be exactly one of:
‘CORRECT’ or ‘INCORRECT’.
Your output must follow exactly this format
and must not include anything outside these
tags:
<code_correctness_reasoning>
Write your correctness analysis here. Ex-
plain the intended behavior of the program,
whether the implemented logic matches the
problem, and mention any bugs, edge cases,
or counterexamples if found.
</code_correctness_reasoning>
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<correctness_label>
CORRECT or INCORRECT
</correctness_label>

Figure 6: Verifier-mode prompt for code correctness
reasoning. The prompt instantiates the self-verification
role in COVERA. Given a programming problem and a
candidate program, the model is instructed to perform
execution-free correctness reasoning by inspecting pro-
gram semantics, control flow, edge cases, input-output
behavior, runtime safety, and complexity, rather than
relying on superficial sample-test passing.

D Use of AI Assistants

We use AI-assisted tools (e.g., ChatGPT) solely to
improve the clarity, grammar, and readability of
the manuscript.
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