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Abstract

While Large Language Models (LLMs) ex-
cel at code generation by learning from vast
code corpora, a fundamental semantic gap re-
mains between their training on textual pat-
terns and the goal of functional correctness,
which is governed by formal execution seman-
tics. Reinforcement Learning with Verifiable
Rewards (RLVR) approaches attempt to bridge
this gap using outcome rewards from executing
test cases. However, solely relying on binary
pass/fail signals is inefficient for establishing
a well-aligned connection between the textual
representation of code and its execution seman-
tics, especially for subtle logical errors within
code. In this paper, we propose CODERL+, a
novel approach that integrates execution seman-
tics alignment into the RLVR training pipeline
for code generation. CODERL+ enables the
model to infer variable-level execution trajec-
tory, providing a direct learning signal of execu-
tion semantics. CODERL+ can construct exe-
cution semantics alignment directly using exist-
ing on-policy rollouts and integrates seamlessly
with various RL algorithms. Extensive ex-
periments demonstrate that CODERL+ outper-
forms post-training baselines (including RLVR
and Distillation), achieving a 4.6% average rel-
ative improvement in pass@1. CODERL+ gen-
eralizes effectively to other coding tasks, yield-
ing 15.5% and 4.4% higher accuracy on code-
reasoning and test-output-generation bench-
marks. CODERL+ shows strong applicability
across diverse RL algorithms and LLMs. Fur-
thermore, probe analyses provide compelling
evidence that CODERL+ strengthens the align-
ment between code’s textual representations
and its underlying execution semantics.

1 Introduction

Code generation has become a fundamental ca-
pability of Large Language Models (LLMs) and

*Our source code is released at https://github.com/
jiangxxxue/CODERLPLUS.

serves as a critical benchmark for evaluating their
reasoning and problem-solving abilities (Guo et al.,
2025; Comanici et al., 2025; OpenAl et al., 2023).
From solving complex algorithmic problems (Li
et al., 2022; Yu et al., 2024) to developing software
projects autonomously (Dong et al., 2024a; Jiang
et al., 2024b; Du et al., 2024; Dong et al., 2025a),
LLMs are progressively reshaping modern develop-
ment practices through their code generation capa-
bilities. When evaluating the code generation per-
formance of LLMs, functional correctness stands
as the paramount criterion (Wang et al., 2025b; Liu
etal., 2023; Yu et al., 2024), i.e., whether the gener-
ated code produces the expected outputs for given
inputs. Functional correctness is determined by
the code’s execution semantics, which are defined
by a set of formal, deterministic rules that specify
how each statement transforms program state and
determines the code’s actual behavior (Jain et al.,
2024).

The fundamental challenge in code generation
lies in the semantic gap between the textual repre-
sentation of LLMs and execution semantics. LLMs
acquire their foundational code generation abili-
ties through self-supervised pre-training on code
corpora. This learning approach trains models to
capture the textual patterns of code through au-
toregressive next-token prediction. However, the
correctness of code is not determined by its textual
form, but by its execution semantics. Since LLMs
receive no direct supervision from functional tests
or execution outcomes during pre-training, a fun-
damental misalignment exists between the LLM’s
pre-training objective (fitting textual distributions)
and the final evaluation criterion (correct execu-
tion). Current post-training approaches employ
Reinforcement Learning with Verifiable Rewards
(RLVR) to bridge this semantic gap (Wang et al.,
2025c; Dong et al., 2025b). RLVR exploits the ver-
ifiability of code, where generated solutions can be
executed against test cases to provide deterministic
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Consider the following code:

numl « 3,
num2 « -2
ops « 0
while « True
num_ones « 2
f « False
numl « 5

ops « 1

def makeTheIntegerZero(numl: int, num2: int) —> int:
ops = 0
while numl >= 0:
num_ones = bin(numl).count('1")
if num_ones <= ops and numl >= ops:
return ops
numl -= num2
ops += 1

'
makeTheIntegerZero(numl = 3, num2 = -2) Base Model :
num2 « -2 1
Local Variables: ["num2", "numl", "ops", "num_ones"] numl « 3 1
ops « 0 H
What the value at the local variables’ last definition retrun -1 1

'

'

point and the output of the code?

return -1 | mmmm e
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Figure 1: Illustrations of the existing RLVR struggling to establish a well-aligned connection between the textual
representation of code and its execution semantics. (a) An example of execution trace inference. (b) Result of

execution trace inference task.

feedback, enabling models to optimize directly for
functional correctness.

Despite RLVR’s attempts to incorporate execu-
tion feedback, empirical evidence reveals that it
fails to effectively bridge the semantic gap, which
fundamentally limits code generation performance
gains. Figure 1b presents results from an execution
trace inference task, where models have to infer the
final value of each variable in the execution trace.
RLVR-trained models show only marginal improve-
ment over base models (4% increase), indicating
that relying solely on sparse pass/fail rewards from
final execution outcomes is insufficient. Figure 1a
illustrates this concretely: both base and RLVR-
trained models fail catastrophically on a loop pro-
gram, unable to track variable changes through
iterations. Models that cannot reason about such
loop semantics inevitably produce flawed iterative
code. This limitation directly impairs code gen-
eration performance, often leading to subtle yet
critical logical errors. These findings motivate our
approach to establishing a stronger, more explicit
connection between code’s textual representation
and its execution semantics in RLVR, rather than
depending solely on final execution outcomes.

In this paper, we propose CODERL+, which
advances standard RLVR training for code gener-
ation by incorporating execution semantics align-
ment. Our approach performs parallel reinforce-
ment learning that jointly optimizes code gener-
ation and execution semantics alignment, where
the latter repurposes failed exploration programs
to analyze their underlying execution semantics
by inferring how variables propagate during pro-
gram execution. This integration explicitly aligns
the generated code’s textual form with its func-
tional behavior, providing dense learning signals

that effectively bridge the gap between textual flu-
ency and execution correctness in LLMs. Crucially,
execution semantics alignment employs an on-the-
fly training scheme that can be dynamically con-
structed from code generation rollout programs,
requiring no additional data source while evolving
with the model’s capabilities.

Extensive experiments show that CODERL+
achieves state-of-the-art performance over GRPO
and recently proposed post-training models and
methods on mainstream code generation bench-
marks, such as HumanEval, LeetCode, and Live-
CodeBench. On more generalized code-related
tasks, i.e., reasoning and test output generation
tasks, CODERL+ also significantly outperforms
baselines, including the methods solely optimized
for code reasoning. Additionally, more extensive
experiments demonstrate that CODERL+ has stable
and consistent improvements across different fam-
ilies, different sizes of language models, and dif-
ferent RLVR algorithms, showcasing the method’s
strong applicability. A probing experiment proves
that after training with CODERL+, LLMs consider
execution semantics more when generating code.

2 Related Work

In this section, we outline the two most relevant
directions and associated papers of this work.

2.1 Reinforcement Learning for Code
Generation

Reinforcement learning (RL) has emerged as a po-
tential approach for optimizing code generation
beyond pre-training and supervised fine-tuning,
which often produce syntactically plausible but
functionally incorrect code (Roziere et al., 2023;
Dong et al., 2024b; Jiang et al., 2025). Early ex-
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plorations such as CodeRL (Le et al., 2022) em-
ploy actor-critic frameworks to leverage unit test
feedback for code generation. StepCoder (Dou
et al., 2024) introduces curriculum learning with
RL to decompose complex tasks into manageable
subtasks, while CodePRM (Li et al., 2025b) ad-
dresses the sparse reward problem through pro-
cess reward models that provide dense feedback.
The scope of RL applications further expands with
RLCoder (Wang et al., 2024), which applies RL
to learn retrieval strategies for project code com-
pletion. While these works laid the groundwork,
their modest performance gains failed to establish
RL as a compelling alternative to supervised ap-
proaches. However, the landscape shifted with
DeepSeek-R1 (Guo et al., 2025), which demon-
strated that combining efficient RL algorithms like
GRPO with chain-of-thought reasoning can boost
problem-solving capabilities of LL.Ms, reigniting
interest in RL for code generation. More recent
efforts include jointly optimizing code and unit test
generation (Wang et al., 2025c¢), using RL for adapt-
ing to API updates (Wu et al., 2025), and rewarding
intermediate reasoning steps conditional on correct
final outputs (Fan et al., 2025).

We design CODERL+ from an orthogonal per-
spective that introduces execution semantics, which
can be combined with these RL methods to enhance
code generation.

2.2 Learning Program Executions with Large
Language Models

Prior work on learning program executions to
enhance LLMs’ code reasoning capabilities has
predominantly employed knowledge distillation
from stronger teacher models combined with su-
pervised fine-tuning (Le Chi et al., 2025; Ding
et al., 2024; Li et al., 2025a; FAIR CodeGen Team,
2025). A representative work, CODEI/O (Li et al.,
2025a), enhances code reasoning by distilling from
DeepSeek-V2.5 and fine-tuning models to pre-
dict execution inputs/outputs given code and out-
puts/inputs. However, distillation methods are in-
herently bound by the teacher model’s capabili-
ties (Xu et al., 2024; Gu et al., 2023). More-
over, supervised fine-tuning has been criticized for
merely imitating surface patterns rather than gen-
uinely learning reasoning processes (Gudibande
et al., 2023; Turpin et al., 2023), often resulting
in degraded generalization performance on other
code-related tasks (Roziere et al., 2023). Follow-
ing the trend of Deepseek-R1 using RL to drive

the general reasoning, RLVR pipelines have been
applied to code reasoning. CodeReasoner (Tang
et al., 2025) is designed to improve LLM code
reasoning performance through a two-stage train-
ing process combining instruction fine-tuning and
GRPO. CodeBoost (Wang et al., 2025a) leverages
RL solely with code reasoning tasks to address the
challenge that collecting high-quality coding in-
structions for fine-tuning. Both CodeReasoner and
CodeBoost only predict inputs and outputs of code
without modeling intermediate execution states,
rely on pre-collected code reasoning datasets, and
treat reasoning as isolated from code generation.

In this paper, we propose the first work to jointly
train execution semantic understanding with code
generation using RL, addressing the aforemen-
tioned limitations while improving code generation
performance.

3 Methodology

3.1 Preliminaries and Definition

Policy Gradient Optimization. Policy gradient
optimization methods are the standard approach
for optimizing LL.Ms within the RLVR frame-
work. Recently, Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) has demonstrated
exceptional performance in RLVR settings. Un-
like PPO (Schulman et al., 2017), which requires
training an additional value model, GRPO directly
estimates advantages through group-normalized re-
wards, achieving higher computational efficiency.
Specifically, for the programming problem ¢, the
model samples G code solutions {p1,pa,...,pc}
Each solution receives a reward R; through test
case execution (typically binary: 1 for pass, O for
fail). The GRPO optimization objective is:

[pi

G
1 1 N
— min (7;,¢(0) - Ase,
52 12 L (e
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T0oq (Pit10:Pi,<t)

the group-normalized advantage estimate.

Jcreo(8) = Equp p;~omg

where 7; .(0) =

is

Execution Semantics Execution semantics de-
scribes the runtime behavior of a program, i.e., how
it processes data, performs computations, and pro-
duces results. It provides a foundation for under-
standing program behavior, debugging and locating
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Figure 2: Overall Pipeline of CODERL+. Components
highlighted in yellow correspond to execution seman-
tics alignment, and the remaining correspond to code
generation optimization.

errors, optimizing performance, and formally ver-
ifying correctness. Formally, a program p can be
viewed as a higher-order state transition function
®,,. This function is composed of atomic transition
functions ¢; corresponding to individual statements
in the program. The function takes the current ex-
ecution state S; and maps it to the new state Sy41
after executing the next instruction. When this
transition function (i.e., the program) operates con-
tinuously from an input-determined initial state .Sy,
it generates a sequence of states, i.e., the execution
trajectory 7:

7 = (S0, 51,52, -, Stinal), (2)

where each state S; = {var; — v, vary —
Vg2, ...} records the values of all program vari-
ables at that step.

We thus formally define the execution semantics
of a program under a given input as its complete
execution trajectory 7. This trajectory deterministi-
cally characterizes the runtime behavior of the pro-
gram, capturing all intermediate transitions from
the initial to the final state.

3.2 CODERL+

Building upon the RLVR framework for code gen-
eration, we introduce CODERL+, which integrates
fine-grained execution semantics alignment into
the RL training pipeline. The overall workflow of
CODERL+ is illustrated in Figure 2.

To integrate execution semantics into the train-
ing, we first formalize the concept of execution
semantics alignment. This alignment task requires
the model to infer the runtime behavior of code,
i.e., the execution trajectory 7. However, deriv-
ing the complete trajectory is computationally in-
feasible, as program execution may produce mas-

sive intermediate states, particularly within loops
where the number of states grows linearly with
iterations. Therefore, we propose a tractable ap-
proximation: deriving the final value of each vari-
able as it appears in 7, specifically the value at
the variable’s last definition point. These final val-
ues implicitly encode both the control flow paths
taken and the data dependencies resolved during
execution, effectively capturing the essential exe-
cution semantics while maintaining computational
efficiency. Formally, for a program p with vari-
ables V' = {wary,varsy,...,var,} and input z,
we define the execution semantics alignment as:

Fpl@) = mo(p, )
~ Fpl) 3)

= {var; — Vgt | var; € V'},

where 1 = max{t | ¢; defines var;} is the last
time step at which variable var; is defined in the
execution trajectory 7, and 7y denotes the policy
model parameterized by 6.

During training, we employ a dual-objective
optimization framework that simultaneously ad-
dresses code generation and execution semantics
alignment. Specifically, for each training batch,
we construct a mixed prompt distribution Biixed =
a - Beode + (1 — ) - Byiign by combining code gener-
ation prompts and execution semantics alignment
prompts with a mixing ratio « € [0, 1]. For each
prompt g; € Bpixed, the policy model 7y performs
multiple rollouts to generate N samples. These
samples represent either complete program solu-
tions {p1,p2,...,pN} or execution trace deriva-
tion {s1,s92,...,SN}.

The execution semantics alignment component
of Baign is constructed dynamically from the
model’s own exploration during training, remov-
ing the need for external data and ensuring that
the alignment process co-evolves with the model’s
code-generation capability. Specifically, during the
rollout phase for code generation, each generated
program p; is executed against the provided test
cases to determine its correctness. Failed programs
are repurposed for execution semantics alignment
training, as they reveal gaps in the model’s under-
standing of program execution. For each failed pro-
gram pg,; from the rollout, we leverage the ground-
truth execution semantics F,,, («) obtained during
execution on input x. We then construct align-
ment prompts as ¢’ = (pgi, z, V) that challenge
the policy model to infer the execution semantics,
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where the variable names are sequentially speci-
fied in the prompt. Note that the initial training
iterations consist entirely of code generation tasks,
while subsequent iterations progressively incorpo-
rate semantic alignment samples accumulated from
failed rollouts.

Following the construction of training batches
and rollout generation, we compute rewards for
both code generation and execution semantics
alignment tasks to guide the model’s learning. For
code generation samples, the reward evaluates func-
tional correctness:

; 1, if p; passes all test cases,
RY), = bi D% @)
0, otherwise.

For execution semantics alignment samples, the
reward measures the model’s precision in inferring
variable states:

(@ _ 1 ~final __ _ final,*
Rsem—m Z“é[vka —Uk ]7 (5)
vpeV

where 9finl = Fopei () [vg] is the model’s predic-
tion of variable v’s final value, and vgnal’*
Fpea (z)[vg] is the ground-truth value obtained dur-
ing execution. The indicator function ¥ || returns 1
when prediction matches ground truth, O otherwise.

We formulate the final training objective of
CODERL+ as a composite function that integrates
both code generation and execution semantics

alignment:

JcoverL+(0) = EgaB o pormg [T(H) ‘ Agen]
Code Generation Optimization

[r’ @) - Asem]

Execution Semantics Alignment

+E

q/NBalign 7]:Pfail (z)~mg

(6)
where 7(0) and /() are the importance sampling
ratios for code generation and execution seman-
tics alignment, respectively. The advantages Agen
and Agepn are computed using group normalization

based on their corresponding rewards Rgc)n and

R§Qn within their respective groups, following the
GRPO framework.

CODERL+ establishes a learning framework
grounded in the formal execution semantics: code
generation learns to synthesize the state transition
function ®,, while execution semantics alignment
learns to understand ®,,. Synthesizing ®,, entails
generating code that realizes the desired state trans-
formations, whereas understanding ®,, through in-

ferring the trajectory 7 reveals how these trans-
formations evolve program state during execution.
Through joint optimization, CODERL+ transcends
learning from surface-level code patterns, instead
fostering a deeper understanding of the bidirec-
tional relationship between code structure and its
execution dynamics.

4 Experiments

We present extensive experiments spanning three
code-related tasks, five representative datasets,
three different LLMs, and three different RL al-
gorithms to demonstrate the effectiveness of our
approach. Furthermore, we conduct comprehensive
analyses from four perspectives, including training
dynamics, ablation studies, probing analysis, and
case studies (presented in Appendix A), to provide
deeper insights of CODERL+.

4.1 Experiment Setup

Training Details. We use prime code data as our
training dataset (Cui et al., 2025), sourced from
APPS (Hendrycks et al., 2021), CodeContests (Li
et al., 2022), TACO (Li et al., 2023), and Code-
forces (Penedo et al., 2025), comprising 27K cod-
ing problems along with their corresponding test
cases. By default, we employ Qwen2.5-Coder-
7B-Instruct (Hui et al., 2024) as the base model
throughout our experiments. For the implementa-
tion of the RL algorithm, we leverage the VeRL
framework (Sheng et al., 2024). The training con-
figuration includes a batch size of 128, a mini-batch
size of 64, a learning rate of 1e-06, and a maxi-
mum of 1000 training steps. For each problem,
we generate 8 rollout samples with a maximum
response length of 8192 tokens. All experiments
are conducted on a cluster of 8 NVIDIA A100
80G GPUs. Regarding the hyperparameters for
CODERL+, we incorporate execution semantics
alignment prompts at a ratio of 0.4 per batch. To
ensure fair comparison, all other RL algorithms
are configured with the same parameter settings as
those used in CODERL+.

Evaluation Details. Consistent with prior
work (Li et al., 2025b; Tang et al., 2025; Wang
et al.,, 2025a), we evaluate on three standard
code generation benchmarks: HumanEval (Chen
et al., 2021), LeetCode (Xia et al., 2025), and
LiveCodeBench (Jain et al., 2024), using pass@ 1
as the evaluation metric. To further examine
whether execution-based semantic alignment
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Table 1: Performance of CODERL+ compared to baselines. Bold indicates the best result, and underline indicates

the second-best result for each metric.

Code Generation

Code Reasoning Test Output Generation

Approach
HumanEval LeetCode LiveCodeBench Average LiveCodeBench-Reason  LiveCodeBench-Test

Qwen2.5-Coder-7B-Instruct 88.4 50.6 343 57.8 60.8 48.8
GRPO 87.2 60.0 35.4 60.9 66.0 48.4

" Code Generation Baselines
OlympicCoder 75.6 453 30.9 50.6 68.5 31.1
OCR-Qwen-7B-Instruct 86.8 53.3 33.0 57.7 44.1 28.3
Skywork-OR1 87.2 60.0 33.8 60.3 69.5 48.2
CodePRM 88.4 52.8 34.8 58.7 62.4 48.1

" Code Reasoning Baselines
CODEI/O 86.0 41.7 27.2 51.6 57.2 413
CodeReasoner 88.4 50.0 34.8 57.7 78.5 65.1
CodeBoost 87.2 533 34.6 58.4 67.2 52.0

“CobERL+ 909 633 369 637 80 532

benefits other code-related tasks, we also evaluate
on Code Reasoning and Test Output Generation.
For Code Reasoning, we use the LiveCodeBench-
Reason (Jain et al., 2024) benchmark, which
requires models to generate function outputs given
Python functions and inputs, with accuracy as the
evaluation metric. For Test Output Generation,
we use LiveCodeBench-Test (Jain et al., 2024)
benchmark, where models must generate outputs
based on problem descriptions and inputs, which
is a particularly challenging test generation task,
also evaluated using accuracy. All evaluations use
greedy sampling with temperature set to 0.0.

Baselines. In addition to the base model and stan-
dard GRPO method (Shao et al., 2024), we com-
pare CODERL+ against two categories of meth-
ods, all trained upon the same base model. The
first category comprises four recently proposed
post-training models and methods for code genera-
tion, including: 1) OlympicCoder (Hugging Face,
2025) is fine-tuned using chain-of-thought traces
distilled from DeepSeek-R1 on competitive pro-
gramming problems. 2) OCR-Qwen-7B (Ahmad
et al., 2025) is another open-source code model dis-
tilled from DeepSeek-R1, trained on an extensive
dataset of up to 730,000 samples with reasoning
trajectories. 3) Skywork-OR1 (He et al., 2025)
is a code generation model trained via large-scale
RLVR following the DeepSeek-R1 pipeline. 4)
CodePRM (Li et al., 2025b) leverages process re-
ward models in RL for code generation. Since code
reasoning involves execution semantics inference,
we also compare against three state-of-the-art code
reasoning methods, including: 5) CODEL/O (Li
et al., 2025a), 6) CodeReasoner (Tang et al., 2025),
7) CodeBoost (Wang et al., 2025a).

4.2 Experiment Results

Performance of CODERL+. Table 1 presents
the main results of CODERL+ compared to base-
lines. Our approach achieves SOTA perfor-
mance on all code generation benchmarks, con-
sistently outperforming recently proposed post-
training methods for code generation. Our method
also demonstrates strong generalization to code-
related tasks, achieving the best performance on
Code Reasoning and second-best on Test Output
Generation. We observe that RL-based methods
mostly outperform SFT-based methods, i.e., GRPO,
Skywork-OR1, and CodePRM surpass Olympic-
Coder and OCR-Qwen-7B, while CodeReasoner
and CodeBoost outperform CODEI/O. This trend
underscores the advantage of RL for both in-
domain and out-of-domain tasks. While code
reasoning-oriented methods tend to underperform
on code generation, GRPO—commonly applied
to code generation—yields only limited improve-
ment in reasoning ability, our approach success-
fully bridges this gap by combining code genera-
tion training with execution semantics alignment,
achieving the best results on both code genera-
tion and reasoning tasks. Moreover, CodeReasoner
achieves the best performance on Test Output Gen-
eration. We analyze that this is due to its additional
pre-RL training phase that leverages extensive data
distilled from powerful teacher models, enhancing
its capability in this specific task.

Application on Various LLMs. To demonstrate
the generalizability of CODERL+, we apply it
to different LLMs, including LLaMA-3.1-8B-
Instruct (Meta Al, 2024), Qwen2.5-Coder-7B-
Instruct (Hui et al., 2024), and Qwen2.5-Coder-
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Table 2: Performance of CODERL+ on different series and size LLMs.

Code Generation

Code Reasoning

Test Output Generation

Approach
HumanEval LeetCode LiveCodeBench Average LiveCodeBench-Reason LiveCodeBench-Test
LLaMA-3.1-8B-Instruct 68.9 12.8 10.9 30.9 40.7 27.6
GRPO 59.8 21.1 11.9 30.9 26.9 25.6
CODERL+ 70.7 34.4 211 4.1 40.9 277
" Qwen2.5-Coder-7B-Instruct 884 506 343 518« 608 488
GRPO 87.2 60.0 354 60.9 66.0 484
CODERL+ 90.9 63.3 36.9 63.7 85.0 53.2
" Qwen2.5-Coder-1.5B 700 178 125 335 3 331
GRPO 65.2 17.8 17.4 335 28.0 30.0
CODERL+ 75.0 37.8 17.4 434 349 340
Table 3: Performance of CODERL+ on RL Algorithms.
Code Generation Code Reasoning Test Output Generation
Approach
HumanEval LeetCode LiveCodeBench Average LiveCodeBench-Reason  LiveCodeBench-Test
GRPO 87.2 60.0 354 60.9 66.0 48.4
+ COoDERL+ 90.9 63.3 36.9 63.7 85.0 53.2
PPO 88.4 45.0 29.6 543 61.0 39.5
+ CODERL+ 89.6 61.1 34.5 61.7 78.5 52.7
REINFORCE++ 82.3 53.9 325 56.2 58.7 47.2
+ CoDERL+ 92.1 63.9 33.8 63.3 78.9 511

1.5B (Hui et al., 2024). As shown in Table 2,
our method consistently outperforms the standard
GRPO baseline across all benchmarks and model
variants. Notably, while GRPO sometimes strug-
gles with training stability (e.g., showing per-
formance degradation on LLaMA-3.1-8B), our
execution-based approach achieves robust improve-
ments across different model families and sizes. On
LLaMA-3.1-8B-Instruct, CODERL+ achieves an
average absolute improvement of 11.2% over the
GRPO baseline in code-generation performance.

CODERL+ with Other RL Algorithms. Our
approach can be seamlessly integrated with var-
ious RL algorithms. We evaluate its effective-
ness when combined with GRPO (Shao et al.,
2024), PPO (Havrilla et al., 2024), and REIN-
FORCE++ (Rein et al., 2024). As shown in Ta-
ble 3, our approach consistently enhances all three
RL algorithms across all benchmarks. Our method
delivers the most substantial improvement to PPO
(+7.4% average on code generation), even surpass-
ing the gains achieved on GRPO (+2.8%).

4.3 Analysis

Ablation Study. We conduct ablation studies to
validate three key design choices in our approach,
with results shown in Figure 3. First, to verify
the effectiveness of leveraging failed rollout codes,
we compare against CODERL+ (Random Rollout),
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Figure 3: Result of Ablation Study.

which does not distinguish between correct and
incorrect samples. The performance drop demon-
strates that selectively using failed rollouts provides
more informative learning signals. We observe that
CODERL+ (Random Rollout) achieves high execu-
tion semantics alignment rewards during training,
indicating these samples lack sufficient challenge
to drive meaningful improvements. Second, we
evaluate the importance of on-policy execution se-
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mantics alignment by comparing with CODERL+
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training data. The superior performance of our on-
policy approach confirms that execution semantics
alignment that evolves with model training is more
effective. Finally, CODERL+ (I0), which only su-
pervises input-output pairs rather than fine-grained
variable trajectories, shows degraded performance
across all tasks, highlighting the value of dense
supervision signals from intermediate execution
states. These ablations collectively demonstrate
that each component of our approach contributes
meaningfully to its overall effectiveness.

Training Dynamics. Figure 4 illustrates the train-
ing dynamics of our method and baseline GRPO
across three tasks. The results demonstrate that
our approach consistently outperforms GRPO un-
der the same number of training steps (and thus
equal training data), with the performance gap
widening in later stages. The widening gap could
be explained by GRPO training solely on code-
generation objectives, without explicitly model-
ing execution semantics. Beyond code generation,
our method exhibits a substantial advantage over
GRPO on code reasoning tasks. Notably, for test
output generation task, GRPO exhibits minimal im-
provement throughout training, reflecting the large
domain gap between this task and the training dis-
tribution. In contrast, our approach demonstrates
steady improvement on this challenging task, ben-
efiting from its enhanced understanding of execu-
tion semantics acquired through execution seman-
tic alignment during training.

Probe Analyses. To investigate the impact of
incorporating execution semantics alignment on
the model’s internal representations, we conduct a
probe experiment. Probes are supervised models

Layer 0
Layer 2
Layer 4.
Layer 6-
Layer 8

Layer 10

Layer 12

Layer 14

Layer 16

Layer 18

Layer 20-

Layer 22

Layer 24

Layer 26

Figure 5: Probing results of CODERL+ on HumanEval
code generation benchmark.

trained to predict specific properties from learned
representations (Hewitt and Liang, 2019; Lee et al.,
2021). In our case, we analyze whether the
model’s representations implicitly encode execu-
tion semantics, specifically, whether the represen-
tations of variables in generated code can predict
their runtime values. Our experimental setup (de-
tailed in Appendix B) employs linear regression
probes to predict intermediate variable values from
the hidden states extracted at variable token posi-
tions. We evaluate three models: the base model,
GRPO-trained model, and our CODERL+-trained
model. The probe performance, measured by Mean
Squared Error (MSE) (Ju et al., 2024) on normal-
ized variable values, serves as a quantitative indica-
tor of how well the model’s internal representations
align with actual execution semantics.

The experimental results shown in Figure 5
demonstrate that CODERL+ achieves lower MSE
across all model layers compared to both the base
model and GRPO, indicating stronger alignment be-
tween textual representations and execution seman-
tics. This improvement is particularly pronounced
in the middle layers, where semantic understand-
ing is typically encoded. These findings provide
empirical evidence that our execution semantics
alignment mechanism effectively guides the model
to develop internal representations that better cap-
ture the execution behavior of code, rather than
merely learning textual patterns.
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5 Conclusion

In this work, we presented CODERL+, which ad-
dresses the fundamental semantic gap between how
LLMs learn code (through textual patterns) and
how code actually works (through execution se-
mantics). By incorporating execution semantics
alignment into RLVR training, our method moves
beyond sparse pass/fail rewards to provide direct
learning signals that explicitly connect code’s tex-
tual form with its execution behavior. Extensive
experiments demonstrate that CODERL+ deliv-
ers substantial improvements across multiple code
generation benchmarks and generalizes effectively
across different code-related tasks, LLMs, and
RLVR algorithms.

Limitations

Our work has three limitations. First, computa-
tional constraints limited our evaluation to models
up to 8B parameters, which may affect the general-
izability of our conclusions to larger-scale LLMs.
Second, we did not perform hyperparameter tuning
due to the high computational cost of RL post-
training, as each training run requires roughly three
days. We followed prior work for training-related
hyperparameters and empirically set the single hy-
perparameter specific to our method, maintaining
this configuration across all experiments where it
consistently yielded improvements. Third, while
the execution semantics alignment component in-
curs additional computational overhead compared
to standard RL algorithms, our experiments demon-
strate that our approach achieves superior perfor-
mance within comparable computational budgets
(measured by training steps) and reaches higher
performance ceilings as training progresses.
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A Case Study

We conduct a case study that demonstrates our approach can mitigate logical errors in code genera-
tion. Figure 6 presents the number-of-black-blocks problem, where different methods exhibit distinct
enumeration strategies. The base model incorrectly iterates with ranges that miss left and top blocks
while over-counting right and bottom ones. GRPO partially improves but still uses incorrect ranges for
i € range(max(0,z — 1), min(m — 1,2 + 1) + 1), leading to overcounting. In contrast, our proposed
CODERL+ correctly identifies that for each black cell at position (z, y), it can belong to at most 4 possible
2 x 2 blocks, and properly implements the enumeration logic by checking the valid range boundaries, en-
suring accurate counting without missing or double-counting any blocks. This demonstrates CODERL+’s

effectiveness in learning precise logical patterns for code generation tasks.

Question: You are given two integers m and n representing the dimensions of a 0-indexed m x n grid. You are also given a 0O-indexed 2D integer matrix coordinates
where coordinates[i] = [x, y] indicates that the cell with coordinates [, y] is colored black. All cells in the grid that do not appear in coordinates are white. A block is defined as a 2 x
2 submatrix of the grid. More formally, a block with cell [x, y] as its top-left corner where 0 <=x <m-1and 0 <=y < n - 1 contains the coordinates [x, y], [x + 1, y], [x,y + 1], and [x + 1,
y + 1]. Return a 0-indexed integer array arr of size 5 such that arr{i] is the number of blocks that contains exactly i black cells.

Base Model GRPO CODERL+
Response: Response: Response:
To solve this problem, we need to count the number of 2x2 blocks in To solve this problem, we need to count the number of 2x2 blocks in To solve this problem, we need to count the number of 2x2 blocks
a grid that contain exactly 0, 1, 2, 3, or 4 black cells. Here's a a grid that contain exactly @, 1, 2, 3, and 4 black cells. Here's a in an m x n grid that contain exactly i black cells, where i
step-by-step approach to achieve this: step-by-step approach to achieve this: ranges from @ to 4. Each black cell is given in the coordinates
: We'll use a dictionary 1. Initialize a dictionary to keep track of the number of black
Here's a step-by-step approach to solve this problem:

1. Initialize a dictionary to count blocks
to keep track of the number of black cells in each 2x2 block. cells in each 2x2 block.
2. Tterate through each black cell and update the count of black . . .
2. Iterate through the coordinates: For each black cell, we'll cells in the relevant 2x2 blocks. 1. Initialize a Dictionary to Track Blocks: Use a dictionary to
3. After processing all black cells, construct the result array ';lil:lghint:s;te;{nsﬁr"e' of each 2x2 block to the count of black

update the count of black cells in the relevant 2x2 blocks.
based on the counts in the dictionary.
3. Update the block counts: For each black cell at position (x, y), 2. Iterate Through Each Black Cell: For each black cell, check
we need to update the counts for the 2x2 blocks that include this Here's the complete code to solve the problem: all possible 2x2 blocks that can contain it
cell. These blocks are: 3. Update the Dictionary: For each block, update the count of
- (x, y) " pyhton black cells in the dictionary.
- (%, y+1) class Solution: 4. Initialize the Result Array: Create an array arr of size 5 to
- (x+1, y) def countBlackBlocks(self, m: int, n: int, coordinates: store the count of blocks with @, 1, 2, 3, and 4 black cells.
= (x+1, y+1) List[List[int]]) —> List[int]: 5. Populate the Result Array: Use the dictionary to populate the
block_counts = {} result array.
4. Handle edge cases: Ensure that we only consider blocks that are
within the grid boundaries. for x, y in coordinates: Here is the implementation of the solution in Python:
for i in range(max(0, x - 1), min(m - 1, x + 1) + .
5. Calculate the result: After processing all coordinates, we'll for j in range(max(0, y - 1), min(n - 1, y + 1) +1): python
calculate the number of blocks with exactly @, 1, 2, 3, or 4 black fi+l<mandj +1<n: from typing import List
block_key = (i, j) from collections import defaultdict
if block_key in block_counts:
Here's the complete Python code to solve the problem: block_counts [block_key] += 1 class Solution:
else: def countBlackBlocks(self, m: int, n: int, coordinates:
“python block_counts [block_key] = 1 List[List[int]]) -> Listlint]:
from collections import defaultdict block_counts = defaultdict(int)
from typing import List result = [0] % 5 . .
for x, y in coordinates:
class Solution: for count in block_counts.values(): for i in range(max(0, x - 1), min(m - 1, x + 1)):
coordinates: result [count] += 1 for j in range(max(e, y - 1), min(n = 1, y + 1)):
key = (i

def countBlackBlocks(self, m: int, n: int,
block_counts [key] += 1

List[List[int]]) -> List[int]:
block_counts = defaultdict(int) total_blocks = (m - 1) * (n
result[0] = total_blocks - ,umresu\m 1
for x, y in coordinates: arr = [0] x5
for dx in range(2): return result
for dy in range(2): e for count in block_counts.values():
ifO<=x+dx<m-land0<=y+dy<n-=-1: arrlcount] 4= 1
block_counts[(x + dx, y + dy)] += 1 Explanation:
1. Dictionary block_counts: This dictionary keeps track of how many total_blocks = (m - 1) % (n - 1)
result = [0] * 5 tines each 2x2 block contains a certain number of black cells. arrlo] = total blocks - sun(arr(1:1)
2. Nested loops: For each black cell, we check all possible 2x2
for count in block_counts.values(): blocks that can contain it and update the count in the dictionary. return arr
result[count] += 1 3. Result array: We initialize an array 'result’ of size 5 to store
the counts of blocks with @, 1, 2, 3, and 4 black cells.
result[0] = (m - 1) * (n - 1) - sum(result[1:]) 4. Special case handling: We calculate the total number of possible Explanation:
2x2 blocks and adjust the count of blocks with 0 black cells 1. Dictionary block_counts: This dictionary maps each top-left
return result accordingly. corner of a 2x2 block to the number of black cells in that block.
2. Nested Loops: The nested loops iterate through each possible
This approach ensures that we efficiently count the number of blocks 2x2 block that can contain the black cell (x, y).
Explanation: with different numbers of black cells. 3. Key Calculation: The key for each block is the top-left corner
1. Dictionary Initialization: We use defaultdict(int) to store the (1, 3).
Count of black cells in each 2x2 block. 4. Updating Counts: For each black cell, we update the count of
2. Iterate Through Coordinates: For each black cell (x, y), we black cells in the corresponding block
update the counts for the 2x2 blocks that include this cell. 5. Result Array Initialization: arr is initialized to store the
3. Update Block Counts: We iterate over the 2x2 blocks that include count of blocks with 0, 1, 2, 3, and 4 black cells.
the current cell and update their counts. 6. Populating the Result Array: We iterate through the values in
4. Handle Edge Cases: Ve ensure that we only consider blocks that block_counts and update the arr array accordingly.
7. Adjusting for Boundary Blocks: The total number of possible
2x2 blocks is (m - 1) * (n - 1). We adjust the count for blocks

are within the grid boundaries.

5. Calculate Result: We initialize the result array with zeros and

count the number of blocks with exactly @, 1, 2, 3, or 4 black starting at the boundary by subtracting the sum of counts in
cells. arr[1:] from total_blocks.

6. Adjust Boundary Blocks: We adjust the result for the boundary

blocks by subtracting the sum of the counts of blocks with 1, 2, 3, This approach ensures that we efficiently count the number of
or 4 black cells from the total number of possible blocks. blocks with a specific number of black cells.

This approach ensures that we efficiently count the number of black
cells in each 2x2 block and return the result in the required

format.
J

Figure 6: Cases of base model (Qwen2.5-Coder-7B-Instruct), GRPO, and CODERL+.

B Setup of Probe Analyses

This experiment is based on the HumanEval code generation dataset and investigates three models: Base
Model (Qwen2.5-Coder-7B-Instruct), GRPO, and CODERL+. We first process the original dataset by
decomposing each task, which contains multiple test cases, into several "single-example" tasks where
each prompt includes only one input-output example. Subsequently, for each original task, we randomly
split all its corresponding sub-tasks into a training set and a test set for the probe, using an 8:2 ratio.
Our experimental pipeline follows a "generate-execute-extract" paradigm. First, we prompt the three
models to generate Python code for each single-example prompt. Next, we execute the generated code with
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its corresponding input example, capturing and recording the final values of all numerical intermediate
variables within the function upon its completion. Finally, we feed the generated code back into its
respective model, identify the token corresponding to the last occurrence of each traced variable, and
extract the hidden state vector for that token from all model layers to serve as input features for the probe.

We train an independent linear regression model as a probe for each layer of each model. Given that
the intermediate variables can vary significantly, we preprocess the data by normalizing the target variable
values on a per-problem basis using Min-Max scaling to the range [-1, 1]. The normalization parameters
are computed exclusively from the training set. All probes are trained for 10 epochs using the Adam
optimizer with a learning rate of 1e-3, minimizing the Mean Squared Error (MSE) loss. For evaluation,
our metric is the MSE in the normalized space on the test set. A lower MSE value indicates a better
alignment between the model’s internal representations and the code’s execution semantics.

C Experiment Setup of Execution Trace Inference Task.

We evaluate on the LiveCodeBench Code Reasoning task with an extended dataset. While the original
task requires predicting a function’s return value given its input and code, we extend it to also predict the
final value of each intermediate variable at the end of its lifetime. This extension enables us to assess the
model’s understanding of code execution traces. Specifically, we leverage the existing inputs and code
from the LiveCodeBench Code Reasoning task, execute the code, and extract intermediate variables along
with their final values at the end of their respective lifetimes. The evaluated models include: Base Model
(Qwen2.5-Coder-7B-Instruct), GRPO, and CODERL+. We use Exact@1 as the evaluation metric, which
measures the proportion of cases where all intermediate variables and the final function return value are
correctly predicted. The evaluation prompt is as follows, where variables in blue are to be replaced with
actual content:

Prompt: Execution Trace Inference Task

Given the following Python Code and Input, predict:
1) The code’s output value (final_output).
2) The final values of the listed local variables at the moment the code outputs.

Python code: ~~ “python{code}
Input: {test_input}
Target local variables: {local_variable_name}

Instructions:

1. First, write a reasoning section explaining step-by-step how the code executes with the given
Input.

2. Do not include any JSON in the reasoning section.

3. On the LAST line only, output a strict JSON object with the required format. Example of final
answer (LAST line only): {"final_output": 3, "variables": {"cnt": 2, "buf": [1, 2]} }

D Implementation Details of Execution Semantics Alignment

In implementation, the variable set V' is restricted to variables of primitive types (e.g., integers, floats,
and strings), whose values can be deterministically represented and compared for reward computation.
The ground-truth variable states F,,, (x) are obtained by executing the program and capturing the final
values of target variables upon termination'. Furthermore, programs that encounter runtime errors are
filtered out, as they do not yield valid execution trajectories. Only programs with semantic errors, i.e.,
code that executes normally but produces incorrect outputs, are selected for alignment. Such semantic
errors represent the majority of code generation errors in LLMs.

!The variable state extraction can be integrated into the existing execution process used for computing code generation
rewards, requiring only a single execution per program and thus introducing minimal overhead.
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E Additional Benchmark Results

To further evaluate the generalizability of CODERL+, we conduct additional experiments on two more
code generation benchmarks: MBPP (Austin et al., 2021) and LiveBench (White et al., 2025). As shown in
Table 4, our method consistently outperforms the base model and GRPO baseline on both datasets in terms
of pass@1, demonstrating that CODERL+ generalizes well beyond the primary evaluation benchmarks.

Table 4: Performance of CODERL+ on additional code generation benchmarks.

Approach MBPP LiveBench
Qwen2.5-Coder-7B-Instruct ~ 70.7 46.4
GRPO 72.1 46.9
CODERL+ 76.2 50.6
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