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Abstract

Code LLMs still struggle with code execution
reasoning, especially in smaller models. Ex-
isting methods rely on supervised fine-tuning
(SFT) with teacher-generated explanations, pri-
marily in two forms: (1) input—output (I/O)
prediction chains and (2) natural-language de-
scriptions of execution traces. However, inter-
mediate execution steps cannot be explicitly
verified during SFT, so the training objective
can be reduced to merely matching teacher ex-
planations. Moreover, training data is typically
collected without explicit control over task dif-
ficulty. We introduce ExecVerify, which goes
beyond text imitation by incorporating verifi-
able white-box rewards derived from execution
traces, including next-statement prediction and
variable value/type prediction. Our work first
builds a dataset with multiple difficulty levels
via constraint-based program synthesis. Then,
we apply reinforcement learning (RL) to re-
ward correct answers about both intermediate
execution steps and final outputs, aligning the
training objective with semantic correctness at
each execution step. Finally, we adopt a two-
stage training pipeline that first enhances ex-
ecution reasoning and then transfers to code
generation. Experiments demonstrate that a
7B model trained with ExecVerify achieves per-
formance comparable to 32B models on code
reasoning benchmarks and improves pass@ 1
by up to 5.9% on code generation tasks over
strong post-training baselines'.
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//github.com/t1x000000001/ExecVerify

(a) Code shippet

1 def main(s):

(b) Execution steps

line 4 main(1st iter):

2 result = ''
3 for ¢ in s: result += c.swapcase()
4 result += c.swapcase() locals: c='S', result='s'

5 return result

line 3 main:

main('Sfcqwrpno')

®

(c) Existing methods: SFT (d) White-box RL

Q1: Which line will be Answerl:
executed next after line forcins:
4 (1 iter)?

Text sequence:

Line 4 appends c.swapcase(), so the first
character 'S' contributes 'S' to result. @
Q2: What is type and value
of variable result after line 4
is executed (1% iter)?

Answer2:

SFT cannot verify the value of Ans -
s’ class ‘str’

the variable 'result' explicitly!

Token-level CE loss: 0
No explicit verification on execution steps

White-box rewards: vV |
Explicit verification on execution steps

Figure 1: Comparison between SFT and white-box RL.
(a) Code snippet. (b) Execution steps extracted from the
interpreter, with the relevant parts highlighted in yellow.
(c) SFT optimizes the cross-entropy loss over the entire
sequence, without explicitly verifying execution details
like variable values or control flow. (d) In contrast,
white-box RL leverages interpreter-provided execution
steps to assign verifiable and step-level rewards.

1 Introduction

Recent advances in large language models
(LLMs) (Hui et al., 2024; Zhu et al., 2024) have
achieved strong performance on multiple program-
ming tasks (Jiang et al., 2024; Liu et al., 2023b;
Husein et al., 2025). However, these models of-
ten struggle to reason about the concrete execution
process of programs (Gu et al., 2024b). This limita-
tion hinders semantic understanding and degrades
downstream performance on code generation (Gu
et al., 2024a) and program repair (Ni et al., 2024;
Ye et al., 2022). A key reason is that the training
data is predominantly static text (e.g., source code
and docstrings) (Luo et al., 2023; Kocetkov et al.,
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2022).

To bridge this gap, prior work has incorpo-
rated execution signals into training, primarily
through two approaches: I/O-centric methods (e.g.,
SEMCODER (Ding et al., 2024a), Codel/O (Li
et al., 2025)), which use execution to validate
teacher-generated input—output reasoning chains,
and trace-centric methods (e.g., TracePile (Chen
et al., 2025), Code Execution as Grounded Super-
vision (Jung et al., 2025)), which convert execution
traces into step-by-step explanations. However,
both approaches typically rely on SFT over teacher-
written text. Under a token-level cross-entropy
objective, intermediate execution steps are not ex-
plicitly verified during training. Figure 1 illustrates
this limitation of SFT and compares it with our
white-box RL approach. As a result, models may
overfit to the teacher’s textual explanations without
truly understanding the execution process. Further-
more, SFT has shown limited generalization abil-
ity (Gupta et al., 2025; Wang et al., 2022). In ad-
dition, training data is often passively collected or
generated without control over difficulty, resulting
in many examples that are either trivial or unsolv-
able, and lacking a structured learning curriculum
(see Appendix A.1).

We introduce ExecVerify, a framework that
enhances execution reasoning by combining
Constraint-Based Data Synthesis and White-Box
Reinforcement Learning. First, we synthesize pro-
grams under explicit structural constraints to con-
struct a curriculum-style dataset with multiple dif-
ficulty levels, covering a broad range of commonly
used data types and built-in methods. Next, as
shown in Figure 1, we convert interpreter traces
into verifiable white-box questions that target in-
termediate control flow, as well as variable types
and values. We then apply reinforcement learn-
ing (RL) to reward the model for correct predic-
tions on both intermediate steps and final outputs,
shifting the objective from text-level imitation to
semantic understanding of the execution process.
Finally, we adopt a two-stage post-training strat-
egy: the first stage strengthens execution reasoning
through white-box rewards, and the second adapts
the model to code generation using unit-test feed-
back, enabling effective transfer from reasoning to
generation.

Extensive experiments demonstrate the effec-
tiveness of ExecVerify. On execution reasoning
benchmarks, a 7B model trained with ExecVerify
achieves strong results on CRUXEval (Gu et al.,

2024b), LiveCodeBench-Exec (Jain et al., 2024),
and REval (Chen et al., 2024), and is competi-
tive with much larger models such as Qwen2.5-
Coder-32B-Instruct (Hui et al., 2024). Building on
this foundation model, when further post-trained
for code generation, our model consistently out-
performs strong post-training baselines on main-
stream benchmarks, including EvalPlus (Liu et al.,
2023c¢), LiveCodeBench (Jain et al., 2024), and
BigCodeBench (Zhuo et al., 2024), yielding up to
a 5.9% improvement in pass@1.

2 ExecVerify

We propose ExecVerify, as shown in Figure 2,
which improves the LLLM’s ability in code execu-
tion reasoning via Constraint-Based Data Syn-
thesis (upper part) and Two-Stage Post-Training
(bottom part). ExecVerify first synthesizes pro-
grams with controlled difficulty under structural
constraints. It then applies the Two-Stage Post-
Training pipeline. Step one uses verifiable white-
box rewards from execution traces for code ex-
ecution reasoning and step two utilizes unit-test
rewards for code generation.

2.1 Constraint-Based Data Synthesis

The goal of Constraint-Based Data Synthesis is
twofold: (i) to ensure structural diversity by sys-
tematically covering common types, methods, and
control-flow patterns; and (ii) to ensure controlled
difficulty by generating programs across multiple
difficulty levels that remain challenging yet solv-
able for smaller models. This contrasts with prior
methods that collect data without control over struc-
ture and difficulty. This component corresponds to
the upper part of Figure 2.

2.1.1 Prompt with Constraints

Iterating types and methods. ExecVerify begins
by iterating over all built-in Python types and their
associated methods. For each method, the LLM
is explicitly asked to generate a piece of code that
must contain the mentioned type and the method.

Generating constraints. To increase complex-
ity, we incrementally apply two types of structural
constraints during prompting: (i) Method-call con-
straints, which require the LLM to use nested calls
and combine multiple methods within a single func-
tion, encouraging rich method interactions; and (ii)
Control-structure constraints, which enforce the
presence of specific nested control-flow patterns,
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Figure 2: Overview of our approach. Step 1 constructs a constraint-based dataset of executable Python snippets.
Step 2 performs two-stage post-training: white-box RL for code reasoning followed by RL for code generation.

such as while, for, or if statements, to produce
non-trivial execution paths (see Appendix B.1 for
examples).

From simplicity to complexity. These con-
straints are introduced in stages: starting with sim-
ple code that uses a single method, we then apply
method-call constraints, and finally add control
structures with increasing nesting depth. This pro-
cess produces programs that evolve naturally from
simple to complex.

2.1.2 Input Synthesis and Data Filtering

Input synthesis. To probe program behavior, we
generate diverse inputs for each code snippet. We
first prompt an LLM to produce an initial input (as
an assertion on the entry-point function), and then
apply type-aware mutation following Liu et al. (Liu
et al., 2023b) to obtain additional valid inputs. This
yields multiple executable inputs per snippet, in-
cluding both original and mutated variants. In to-
tal, we generate 239,992 raw and 239,466 mutated
instances before filtering (see Appendix A.4 and
Appendix B.2).

Filtering by execution. We execute each syn-
thesized program on all its candidate inputs and
discard instances that fail to run successfully or
violate basic output constraints (e.g., runtime ex-

ceptions, timeouts, or excessively long outputs).
As a result, this filtering process leads to 201,537
raw and 191,463 mutated instances.

Filtering by difficulty. ExecVerify encourages
our model to learn from challenging data points.
To filter out trivial samples, we evaluate each
remaining instance using Qwen2.5-Coder-7B-
Instruct (Hui et al., 2024) under the input—output
prediction setting. Specifically, we run the model
ten times at temperature 1.0 and count how many
predictions pass the test cases. We retain only in-
stances with at most three successful runs (pass
count < 3), resulting in 119,358 training examples
in total. This yields instances that are non-trivial
yet solvable for small models. We report the re-
sulting difficulty and complexity distributions in
Appendix A.2-A 4.

Contamination analysis. We also perform an
embedding-based contamination analysis against
all test sets and find no instances exceeding a con-
servative similarity threshold (see Appendix A.5).

2.2 Two-stage Post-training

As shown in the bottom part of Figure 2, our train-
ing pipeline consists of two stages: Stage I en-
hances execution reasoning using white-box re-
wards, while Stage II adapts the model to code



generation through unit-test feedback.

2.2.1 Stage I: White-box RL for Code
Reasoning

The goal of Stage I is to strengthen the execution
reasoning ability by training the model to predict
both intermediate execution states and final outputs.
This shifts learning from the prior paradigm of
imitating teacher explanations to stepwise semantic
correctness during execution.

Our work starts with a brief warm-up to inject
execution-aware reasoning patterns. Specifically,
we apply supervised fine-tuning (SFT) on input-
output prediction reasoning chains generated by
a strong teacher model (Team, 2024) and filtered
via rejection sampling to ensure correctness. This
warm-up provides the model with fundamental
execution-relevant reasoning behaviors, which are
difficult to discover through reinforcement learning
alone (Yue et al., 2025).

We then switch to reinforcement learning with
output correctness as the reward. However, the 1/O-
based rewards only evaluate the final output and
fail to assess intermediate execution steps. To over-
come this, we introduce white-box reward signals,
which generate verifiable questions from execution
traces and reward the model based on its predic-
tions of control flow and variable states, including
values and types.

Trace collection from the interpreter. Given a
synthesized program f and input z, we execute
f(x) using an interpreter to obtain an execution
trace T = (I, Ut)thl, where [; is the executed state-
ment at step ¢, and oy is the program state, including
values and types of in-scope variables.

White-box question construction. From the ex-
ecution trace 7, we deterministically construct two
types of white-box questions: (i) Control-flow ques-
tions, which ask the model to predict the next ex-
ecuted statement [;q; (i) Data-flow questions,
which ask the model to predict updated variable
values and types in o¢41. All questions are gener-
ated automatically from the interpreter and have
a unique verifiable answer derived from the trace
(see Appendix B.3 for details).

White-box reward function. We design the
white-box reward function as follows:

Rwhite—box =2 ((1 - a) R(IHO) +« Rwhite>7

where a € [0, 1] balances the weight of final I/O
correctness and white-box execution accuracy, and
the factor of 2 ensures that the overall reward value
ranges from 0 to 2. The term R1—0) measures
correctness under the input—output prediction set-
ting and is a binary reward that takes value 1 if the
model’s predicted output matches the ground-truth
output, and 0 otherwise. The term Rynie measures
the model’s accuracy in predicting intermediate ex-
ecution states and is computed over a sampled set
Qs of white-box questions:

Runite =

1
@ Z I[a; :a}k']y

(IjEQS

where a; is the model’s answer to question ¢, and
a; is the corresponding ground-truth answer de-
rived from execution traces. This term reflects the
model’s accuracy in predicting intermediate exe-
cution states. We apply simple normalization be-
fore answer comparison to reduce formatting mis-
matches. Details are provided in Appendix D.4.

O—1I prediction reward function. To encourage
the model to reason in both directions and reduce
reliance on forward input-to-output pattern match-
ing, we also include reverse prediction tasks where
the model predicts inputs from outputs. Since one
output may have multiple valid inputs, we do not
define white-box questions in this case. Instead, we
assign a reward of 2 if the predicted input produces
the correct output when executed, and O otherwise,
maintaining the same [0, 2] reward scale for consis-
tency.

2.2.2 Stage II: RL for code generation

Once the model has obtained the code reasoning
ability in the first stage, we further post-train it for
the code generation task. The goal of this stage is
to align the model’s execution reasoning abilities
with the objective of generating functionally cor-
rect programs. Following the previous study (Cui
et al., 2025), we use a reward R9en) defined as
the proportion of unit tests the generated solution
successfully passes:

Rlgen) — Number of passed tests

Total number of tests

This reward signal guides the model to apply its
execution reasoning capabilities to generate func-
tionally correct code.



3 Experiment Setup

3.1 Training Details

We use Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024) as the base model. We perform full-
parameter SFT for the warm-up stage, and then
apply GRPO (Guo et al., 2025) for both Stage I
and Stage II. We use a maximum sequence length
of 4096 for training, and for RL we sample n = 8
rollouts per prompt for 500 steps with a KL coef-
ficient of 0.0. Full SFT and RL configurations are
provided in Appendix C.1 and Appendix C.2. For
Stage I, we use 30K synthesized samples for the
SFT warm-up and another 30K for white-box RL.
For each RL instance, we sample up to 10 white-
box questions to compute Rynite (see full setup in
Appendix E.1). We set a = 0.5 to balance termi-
nal I/O reward and step-level white-box accuracy.
Varying « in {0.25,0.5,0.75} yields similar per-
formance (see Appendix D.2). For code-generation
RL, we use the PrimeCode (Cui et al., 2025)
dataset, sourced from APPS (Hendrycks et al.,
2021), CodeContests (Li et al., 2022), TACO (Li
et al., 2023), and CodeForces (Penedo et al., 2025).

3.2 Benchmarks

For code reasoning, we evaluate on three widely
used benchmarks: CRUXEval (Gu et al., 2024b),
LiveCodeBench-Exec (Jain et al., 2024), and
REval (Chen et al., 2024), following the settings
of prior work (Li et al., 2025; Ding et al., 2024a;
Chen et al., 2025). The REval benchmark evaluates
whether the model can correctly infer control flow,
variable values, and variable types during the exe-
cution process. For code generation, we evaluate
on three standard benchmarks: EvalPlus (Liu et al.,
2023c¢), LiveCodeBench-V6 (Jain et al., 2024), and
BigCodeBench (Zhuo et al., 2024). All evaluations
use greedy sampling with the temperature set to
0.0, and we report pass@1 as the evaluation metric.

3.3 Baselines

For code reasoning, we compare our model against
strong large-sized LLMs, including Qwen2.5-
Coder-32B-Instruct (Hui et al., 2024) and Llama3-
Instruct-70B (Dubey et al., 2024). We addition-
ally include SEMCODER (Ding et al., 2024a)
and Codel/O (Li et al., 2025), both tuned on
Qwen?2.5-Coder-7B-Instruct. For code generation,
we include larger models like Llama3-Instruct-
70B (Dubey et al., 2024), DeepSeek-Coder-V2-
Lite-Instruct (Zhu et al., 2024), and Qwen2.5-

Coder-14B-Instruct (Hui et al., 2024) as baselines.
SEMCODER (Ding et al., 2024a) and Codel/O (Li
et al., 2025) are also evaluated on code generation
benchmarks for completeness.

4 Experimental Results

4.1 Code Reasoning Results

Our SFT + white-box RL model outperforms
strong baseline models. Both SFT and white-box
RL are effective. Table 1 summarizes our exper-
imental results on CRUXEval, LiveCodeBench-
Exec, and REval. Across comparable 7B variants
trained on the same synthesized corpus (details
in Appendix E.1), I/O RL substantially improves
over our base model Qwen2.5-Coder-7B-Instruct,
adding SFT warm-up yields further gains, and re-
placing I/O RL with white-box RL achieves the
best overall performance. As shown in the last col-
umn, our final model improves the average score
from 60.8 to 80.8 (+20.0) and is competitive with
Qwen2.5-Coder-32B-Instruct (77.9).

4.2 Code Generation Results

Two-stage RL is effective. Table 2 presents code
generation results on HumanEval, MBPP, Live-
CodeBench, and BigCodeBench. We further train
the models in Table 1 with unit-test RL (recall in
Section 2.2.2). While single-stage GRPO (UT RL)
already improves the base 7B model (53.9), ini-
tializing GRPO from a reasoning-enhanced check-
point yields consistently better performance (see
last three rows). Our best two-stage variant (SFT
+ white-box RL + unit-test GRPO) achieves the
highest average score (57.1) and improves pass@1
by up to 5.9 points over the pure-GRPO baseline.

Code generation benefits from white-box rein-
forcement learning. Among models trained with
unit-test RL, the progression from UT-RL (53.9) to
I/0 RL + UT-RL (54.6), SFT + I/O RL + UT-RL
(54.9), and finally SFT + white-box RL + UT-RL
(57.1) shows a consistent upward trend. These re-
sults indicate that the fine-grained execution knowl-
edge learned via white-box RL, such as tracking
control flow and variable states, not only boosts
code reasoning performance but also transfers to
realistic code generation tasks.

4.3 Data Efficiency

To isolate the impact of data quality, we com-
pare our synthesized data with three represen-
tative datasets: PYX-Sub (Ding et al., 2024a),



Table 1: Code reasoning experimental results on CRUXEval, LiveCodeBench, and REval. Average is computed

over all fine-grained metrics.

Model Size CRUXEval LiveCodeBench-Exec REval Average
CXEval-O CXEval-I LCB-O Coverage State Path Output
Qwen2.5-Coder-Instruct  32B 78.2 83.4 80.6 84.6 66.7 68.7 833 77.9
LLaMAZ3-Instruct 70B 63.7 61.3 56.4 85.3 59.2 403 74.6 63.0
SemCoder 7B 66.7 65.3 58.9 80.8 547 50.7 653 63.2
Codel/O 7B 62.5 67.9 60.8 70.9 52.5 459 60.8 60.1
Qwen2.5-Coder-Instruct 7B 61.0 66.0 58.0 78.6 51.7 49.7 60.3 60.8
+1/0 O/IRL 7B 74.9 76.5 72.2 83.2 65.1 504 773 71.4
+ SFT + I/0 O/IRL 7B 83.5 84.3 81.0 84.4 672 514 823 76.3
+ SFT + white-box RL 7B 85.6 81.0 82.3 85.8 745 73.0 832 80.8

Table 2: Code generation results on HumanEval, MBPP, LiveCodeBench, and BigCodeBench. Average is computed

over all fine-grained metrics.

Backbone Size HumanEval MBPP LiveCodeBench BigCodeBench Average
HE HE+ MBPP MBPP+ Easy Medium Hard Full  Hard
Qwen?2.5-Coder-Instruct 32B 927 872 90.2 75.1 84.5 22.0 34 496 270 59.0
Qwen?2.5-Coder-Instruct 14B 89.6 872 862 72.8 710 13.5 25 484 222 54.8
DS-Coder-V2-Lite-Inst. 16B 81.1 756 82.8 704 612 9.6 3.1 36.8 16.2 48.5
LLaMA3-Instruct 70B 774 720 823 69.0 61.0 9.6 32 545 270 50.7
SemCoder 7B 88.6 83.8 859 710 61.8 12.8 29 423 19.5 52.1
Codel/O 7B 86.0 80.5 81.0 69.4 565 7.2 29 405 17.2 49.0
Qwen?2.5-Coder-Instruct 7B 884 841 835 71.7  60.0 9.2 3.0 41.0 18.2 51.0
+ UTRL 7B 872 823 853 72.1 644 13.5 41 493 230 53.9
+I/ORL + UTRL 7B 902 829 852 712 68.2 15.6 39 506 233 54.6
+SFT + JORL + UTRL 7B 915 84.0 86.1 723 69.5 14.4 39 496 231 54.9

+ SFT + white-box RL+ UTRL 7B 909 84.8 894

751 745 18.4 59 494 257 571

CRUXEval-O LiveCodeBench-Exec
64.5 56.0

55 60 s 70 75 80 85 50 55 50 65 70 75 80

Pass@1 Pass@1

3 Ours [ PYX-Sub [J Codel/O-Sub [ Grounded-CoT

Figure 3: Data efficiency comparison at a fixed train-
ing scale (15K examples). We report Pass@1 on
CRUXEval-O and LiveCodeBench-Exec for models
fine-tuned with different datasets.

Codel/O-Sub (Li et al., 2025), and Grounded-
CoT (Jung et al., 2025), which correspond to the
two execution-supervision paradigms in Section 1
(I/O CoT vs. LLM-translated traces). We sample
15K instances randomly from each training dataset
(see full setup in Appendix E.2). As shown in Fig-
ure 3, our dataset achieves the highest performance
on both CRUXEval-O and LiveCodeBench-Exec,
demonstrating superior data efficiency.

[ CRUXEval-O [ LCB-Exec

Prompts with Input Filtering by
constraints synthesis difficulty
75.5 75.5 74.1 75.5
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Figure 4: Ablation study on our synthesis pipeline on
CRUXEval-O and LiveCodeBench-Exec. We report
pass@1 on models finetuned with different data synthe-
sis variants.

4.4 Ablation on Data Synthesis

Our synthesis pipeline has three key components:
(i) generating prompts with structural constraints,
(i1) input synthesis, and (iii) filtering by difficulty.
To isolate their contributions, we run three SFT-
only ablations on the I/O prediction task using 15K
training examples (see Appendix E.3 for all con-
figurations). Figure 4 shows that each component
improves pass@1 on both benchmarks.
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4.5 Cross-language Generalization

CRUXEval-X (Xu et al., 2025a) is a multilingual
code execution reasoning benchmark. To test
whether our execution reasoning improvements
extend beyond Python, we evaluate I/O predic-
tion on CRUXEval-X across six programming lan-
guages (Java, C++, C#, Go, JavaScript, and PHP).
“Avg” denotes the average accuracy across these
six languages. As shown in Figure 5, ExecVer-
ify-7B consistently outperforms the same-family
base model Qwen2.5-Coder-7B-Instruct across all
languages, and is also competitive with the much
larger Qwen2.5-Coder-32B-Instruct. These results
show that the execution reasoning ability transfers
effectively across programming languages.

4.6 Library-involved I/O Prediction

To evaluate ExecVerify on code that depends on ex-
ternal libraries, we construct a library-involved I/O
prediction benchmark from BigCodeBench. For
each task, we extract an input—output pair from
the interactive example in the task description and
use the task’s canonical solution as the executable
source program. At evaluation time, we provide

the extracted input and ask the model to predict
the output of the canonical solution. We report the
exact match accuracy. To ensure determinism, we
filter out tasks involving randomness or external re-
sources (e.g., random number generation, file I/O),
resulting in 241 test cases (see Appendix E.4).

As shown in Figure 6, Qwen2.5-Coder-7B-
Instruct achieves 56.0, SFT+I/O RL improves to
62.5, and SFT+White-Box RL further reaches 64.7,
compared to 70.4 from the much larger Qwen?2.5-
Coder-32B-Instruct. These results indicate that our
improvements transfer to library-involved code set-
tings.

4.7 Ablations on White-box Questions

We ablate the two types of white-box questions
by scoring either only control-flow questions (CF-
only) or only data-flow questions (DF-only), while
keeping the prompting format unchanged (i.e., un-
scored questions are still generated). Table 3 shows
that the two signals are complementary: CF-only
improves control-flow metrics but reduces state
accuracy, while DF-only enhances variable state
prediction but hurts CF performance. Scoring both
types (Full) yields the best overall balance and the
highest average score.

4.8 Ablations on the Two-Stage Training
Pipeline

Table 4 and Table 5 report the ablation results on
the two-stage training pipeline. Using only Stage
II fails to improve code reasoning, and its perfor-
mance remains close to the base model on all code
reasoning benchmarks. In contrast, using only
Stage I yields strong results on code reasoning,
but gives worse code generation performance than
the full pipeline. Combining Stage I and Stage
II achieves the best overall results, showing that
Stage I is important for learning execution reason-
ing, while Stage II is needed to transfer this ability
to code generation.

4.9 Training Dynamics

We additionally report training dynamics in Fig-
ure 16. Stage I white-box RL provides stable im-
provements in both white-box accuracy and I/O
prediction. Stage II consistently outperforms train-
ing the base model from scratch on code generation
across the entire training process. Detailed analysis
is provided in Appendix D.1.



Table 3: Control-flow vs. data-flow ablations for Stage I white-box RL. Best results in each column are highlighted

in bold. Average is the mean over all metrics.

Model CRUXEval LiveCodeBench REval Average
CXEval-O CXEval-1 LCB-O Coverage State Path  Output

Full 85.6 81.0 82.3 85.8 745 73.0 83.2 80.8

CF-only 84.1 82.6 80.9 86.0 68.8 74.7 82.5 79.9

DF-only 84.9 82.1 82.3 84.9 75.7 54.6 82.1 78.1

Table 4: Ablation on the two-stage training pipeline for ExecVerify on code reasoning benchmarks. Best results in
each column are highlighted in bold. Average is the mean over all metrics.

Setting CRUXEval LiveCodeBench REval Average
CXEval-O CXEval-I LCB-O Coverage State Path  Output

Stage I only 85.6 81.0 82.3 85.8 745 73.0 83.2 80.8

Stage II only 61.6 66.3 59.4 77.4 52.1 484 60.2 60.8

Stage I + II (Ours) 84.6 80.8 81.9 89.1 732 728 84.2 80.8
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Figure 7: Averaged performance metrics on Code Rea-
soning and Generation benchmarks. The results demon-
strate the generalization of our method across various
model sizes and architectures.

4.10 Generalization across Model Sizes and
Architectures

We further assess the generalizability of our ap-
proach across model sizes and architectures by
applying the same training pipeline to Qwen2.5-
Coder-3B-Instruct (Hui et al., 2024) and Llama3-
8B-Instruct (Dubey et al., 2024). As shown in Fig-
ure 7, our method yields consistent improvements
on Code Reasoning and Code Generation evalua-
tions, indicating that the proposed pipeline trans-
fers beyond a single model family and supports
robust gains across different LLM architectures.

5 Related Work

Enhance LLM’s Performance on Code Exe-
cution Reasoning Previous works (Liu et al.,
2023a; Ding et al., 2024b) fine-tune LLMs such as
UnixCoder (Guo et al., 2022) directly on raw execu-
tion traces. Self-Debugging (Chen et al., 2023) fur-
ther finds that directly feeding raw traces can even
undermine LLM’s performance on program repair.

To alleviate this, Next (Ni et al., 2024) injects exe-
cution information into debugging comments when
fine-tuning the model. More recent works adopt
other training paradigms. SemCoder (Ding et al.,
2024a) and Codel/O (Li et al., 2025) fine-tune
models on input—output and output—input reason-
ing chains extracted from stronger teacher models.
TracePile (Chen et al., 2025) and Code Execution
as Grounded Supervision (Jung et al., 2025) also
rely on a teacher LLM to translate execution traces
into natural-language and perform supervised fine-
tuning on it. In contrast, ExecVerify adopts a new
training paradigm: it converts execution traces into
white-box questions about control flow and data
flow. Therefore, it provides dense and verifiable re-
wards for intermediate execution steps throughout
reinforcement learning.

Evaluating LL.Ms on Code Execution Reasoning
Early works (Liu et al., 2023a; Ding et al., 2024b)
evaluate trained models on their own collected
datasets. More recently, CRUXEval (Gu et al.,
2024b) was proposed as a public benchmark for
code execution reasoning, and CRUXEval-X (Xu
et al., 2025a) extends it to multiple programming
languages. REval (Chen et al., 2024) further refines
the prediction task by requiring LLMs to predict
intermediate execution states rather than only fi-
nal outputs and CORE (Xie et al., 2025) evaluates
LLMs on more complex static analysis tasks.

Data Synthesis for Code LLMs Researchers
have proposed multiple synthesized datasets for
training code generation models, such as CodeAl-
paca (Chaudhary, 2023), Evol-Instruct-Code (Luo



Table 5: Ablation on the two-stage training pipeline for ExecVerify on code generation benchmarks. Best results in
each column are highlighted in bold. Average is the mean over all metrics.

Setting HumanEval MBPP LiveCodeBench BigCodeBench Average
HE HE+ MBPP MBPP+ LCB-E LCB-M LCB-H BCB-F BCB-H

Stage I only 88.6 829 85.4 73.2 61.0 11.2 1.5 359 14.2 504

Stage II only 872 823 85.3 72.1 64.4 135 4.1 493 23.0 539

Stage I+ II (Ours) 909 84.8 89.4 75.1 74.5 18.4 5.9 494 25.7 57.1

et al., 2023), OSS-Instruct (Wei et al., 2023),
Packagelnstruct (Huang et al., 2025), and KOD-
CODE (Xu et al., 2025b). For code execution rea-
soning, existing works (Ding et al., 2024a; Li et al.,
2025; Chen et al., 2025; Jung et al., 2025) typically
passively mine or generate code from real-world
code snippets. In contrast, ExecVerify actively syn-
thesizes data by applying structural constraints and
difficulty filtering, resulting in higher-quality data
(see Section 2.1).

6 Conclusion and Future Work

In this work, we presented ExecVerify, a post-
training framework for teaching code LLMs to rea-
son about program execution. On the data side,
we build a constraint-based synthesis pipeline that
actively generates executable programs under struc-
tural constraints, augments them with diverse in-
puts, and applies difficulty-aware filtering to form a
curriculum-style dataset containing challenging yet
solvable instances. On the learning side, we pro-
pose a two-stage training pipeline: Stage I focuses
on execution reasoning via white-box reinforce-
ment learning, rewarding the model for answering
verifiable questions about intermediate control flow
and variable states, and Stage II adapts the model to
code generation with unit-test-based rewards. Ex-
periments show that a 7B code model trained with
ExecVerify achieves performance competitive with
32B models on execution reasoning benchmarks,
and demonstrates improvement over post-training
baselines on standard code generation benchmarks.

In future work, we plan to extend ExecVerify
along three directions. First, on the data side, we
will broaden the coverage of types and methods in
our synthesis pipeline and include more libraries.
Second, we aim to generalize our framework to
other programming languages. Finally, we intend
to move from function-level snippets to project-
level code and model the execution process of
multi-file and project-level programs.
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8 Limitations

Our synthesized data is currently limited to Python
and does not cover many aspects of real-world soft-
ware, especially project-specific libraries and ex-
ternal dependencies. In addition, our experiments
focus on function-level code rather than multi-file
or project-level execution. As a result, the gains
reported in this paper may not fully transfer to
large software repositories. ExecVerify also mainly
improves execution-level semantic correctness in
code generation, and is less helpful for harder
problems such as efficiency optimization. Finally,
the proposed white-box reinforcement learning
pipeline requires more computation and engineer-
ing effort than standard supervised fine-tuning.
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A Dataset Statistics and Analysis

A.1 Difficulty Imbalance in Existing
Execution Training Datasets

To better understand the existing execution-style
training datasets, we conducted a small-scale
empirical study on two widely used training
datasets from SEMCODER (Ding et al., 2024a)
and CODEIO (Li et al., 2025).

On a random sample of 15k test cases from
SEMCODER, the Qwen2.5-Coder-Instruct-7B
model already solves roughly 70% of problems
in a single pass@1 attempt, without any additional
reasoning-specific fine-tuning. This suggests that a
large portion of SEMCODER is trivial for modern
code LLMs and provides limited signal for improv-
ing execution reasoning.

In contrast, when we randomly sample 15k prob-
lems from the training dataset Codel/O, we ob-
serve the opposite phenomenon: even the strong
model qwq32b (Team, 2024) frequently fails to
find any solution. A significant subset of 52.1%
Codel/O instances is unsolved by current frontier
models. Independent evidence from REASON-
ING GYM (Stojanovski et al., 2025) further sup-
ports this picture: in their dataset, the Codel/O pro-
grams are explicitly configured as high-difficulty
“code” tasks, and the reported zero-shot accuracies
of strong reasoning models like QwQ-32B on these
tasks remain low even under the easy settings.

A.2 Difficulty and Complexity Distribution

Figure 8 shows the difficulty distribution of our
synthesized problems, measured by the number of
successful trials obtained by a baseline code model
Qwen2.5-Coder-7B-Instruct on the raw and mu-
tated datasets. For each problem, we run the model
with temperature 1.0 with the task input-output pre-
diction for ten independent trials and record the
number of trials £ € {0,...,10} whose predic-
tions are correct. The histogram indicates that both
datasets cover a wide range of difficulty levels, and
that input mutation slightly shifts probability mass
from trivially easy problems toward harder ones
while preserving overall diversity.

Table 6 reports several structural complexity
metrics computed over the final difficulty-filtered
dataset. On average, each snippet contains 9.93
non-empty, non-comment lines of code (LOC),
with a median of 9. The maximum depth of the
full Python abstract syntax tree (AST) has a mean
of 9.74 and a median of 10, reflecting non-trivial

Metric Mean Median
Lines of code (LOC) 9.93 9
AST depth (full syntax tree) 9.74 10
#branches (if / elif / ternary) 1.43 1
#loops (for / while / comp.) 0.85 1
Control-flow nesting depth 2.86 3

Table 6: Code complexity statistics of the final difficulty-
filtered dataset. AST depth is measured as the maxi-
mum depth of the full Python abstract syntax tree, while
control-flow nesting depth counts only structured blocks
such as i f/for/while/t ry/with/function and class
definitions.

expression structure even for relatively short snip-
pets. Each snippet includes on average 1.43 branch
constructs (e.g., i f/e11 f/ternary expressions) and
0.85 loop constructs (e.g., for/while and com-
prehensions), both with medians of 1.

To better characterize control flow, we addition-
ally measure the nesting depth of structured blocks,
countingonly if, for,while, try, with, func-
tion definitions, and class definitions. The resulting
control-flow nesting depth has a mean of 2.86 and
a median of 3, indicating that most instances in-
volve multiple layers of nested logic rather than flat
scripts.

A.3 Type Distribution

Figure 9 presents the distribution of Python built-in
types and related operations in the final difficulty-
filtered dataset. String-manipulation problems
(str) constitute nearly half of all instances, fol-
lowed by sets (set), lists (1ist), and dictionar-
ies (dict). There are also less frequent but still
tasks such as tuples, floating-point numbers, and
operations such as zip, enumerate, reverse,
range, and filter. This mix of frequent and
long-tail types ensures that the model is exposed to
a broad spectrum of everyday Python programming
primitives.

A.4 Filtering Statistics

Figure 10 summarizes the effect of our filtering
stages on both the raw and mutated datasets. Start-
ing from 239,992 raw samples and 239,466 mu-
tated samples, execution-based filtering removes
snippets that fail to run successfully or violate basic
output constraints (e.g., runtime exceptions, time-
outs, or excessively long outputs), leaving 201,537
raw and 191,463 mutated samples. We then apply
difficulty-based filtering using the success-count
distribution described in Section 2.1.2, retaining
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Figure 10: Filtering statistics of the synthesized raw
and mutated datasets, showing the number of samples
that remain after execution-based and difficulty-based
filtering stages.

119,358 instances that are non-trivial for the base-
line model. The decrease across stages illustrates
how each component of the pipeline progressively
improves data quality while preserving a large and
diverse training set.
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Figure 11: Contamination analysis between our synthe-
sized dataset and downstream evaluation benchmarks,
showing the distribution of maximum cosine similarity
scores per training instance and the 0.95 threshold used
to flag potential overlaps.

A.5 Contamination Analysis

We evaluate potential contamination between our
synthesized training data and existing evaluation
benchmarks following the same embedding-based
protocol as KODCODE. For each question in our



dataset, we encode its natural-language descrip-
tion using the all-mpnet-base-v2 sentence-
embedding model, and apply the same encoder to
all problems from our downstream benchmarks.
We then compute cosine similarity between each
training instance and all benchmark questions, and
record the maximum similarity for each instance.
Following prior work, we adopt 0.95 as a conser-
vative similarity threshold for flagging potential
contamination. Figure 11 shows the distribution of
maximum cosine similarity scores across all train-
ing instances, together with a vertical line at 0.95.
In our data, no training instance exceeds this
threshold, and the entire distribution lies clearly
below 0.95, suggesting that near-duplicates or para-
phrased copies of benchmark items are extremely
rare. We additionally perform a manual inspection
of the few highest-similarity pairs (e.g., instances
with similarity close to the right tail of the distri-
bution) and confirm that they differ substantially
in both surface form and semantics. Consequently,
we do not remove any training examples at this
stage and consider our synthesized dataset to be
effectively contamination-free with respect to the
benchmarks used in our evaluation.

B Data Synthesis Details

This section provides the specific prompt templates
and logical details used in the Constraint-Based
Data Synthesis pipeline described in Section 2.1,
to support the reproducibility of our experiments.

B.1 Code Synthesis Prompts with Constraints

To synthesize executable programs that exhibit non-
trivial execution behavior, we use QWQ-32B as
the generator model with explicit structural con-
straints. Figure 12 shows a representative prompt
template used for generating Python code that tests
the rstrip method of the st r type. The system
message positions the model as an expert Python
programmer and instructs it to strictly adhere to the
given constraints.

The user prompt specifies: (i) control-structure
constraints, such as the requirement to include a
for loop and to nest an if statement inside a
while loop; (ii) method-call constraints, such
as invoking the target method multiple times and
combining it with at least one additional built-in
method; and (iii) formatting requirements, such as
avoiding comments and emitting a single Mark-
down code block. By enforcing such constraints at

generation time, we obtain programs that naturally
contain nested control flow and rich interactions
among multiple built-in operations.

Curriculum levels. To encourage the model to
gradually acquire more complex execution pat-
terns, we organize our constraint-based prompts
into three curriculum levels based on the required
control flow and method interactions. Table 7 sum-
marizes the design.

B.2 Input Synthesis and Mutation

Given a synthesized program, we create diverse
inputs to probe its execution behavior. We first
use the same QWQ-32B generator to construct an
input. We then perform type-aware input mutation
to obtain valid samples with mutated inputs.

Figure 13 presents the prompt used for input
mutation. The template exposes the original code
snippet and asks the model to directly rewrite the
arguments of the entry-point function call, while
respecting a list of reference values (e.g., candidate
integers and strings) and a set of mutation guide-
lines. These guidelines instruct the model to, for
example, increase the length of strings or contain-
ers and to modify arguments in a way that remains
consistent with the reference values and program
semantics. The output is again required to be a
single Markdown code block that calls the entry
function and prints the result.

Figure 14 shows an example of the resulting
mutation. The top part displays the original code
together with its initial assertion, while the bottom
part shows the mutated version produced by our
procedure. The highlighted assertion demonstrates
how the input string is replaced by a synthetic value
that changes the execution trace yet still exercises
the same functionality.

B.3 White-Box Question Generation

To obtain supervision that directly targets execu-
tion reasoning, we convert each instrumented pro-
gram run into a set of white-box questions derived
from its execution trace. Concretely, we execute
the synthesized Python code in a sandbox and use
the built-in t raceback facility to record the se-
quence of executed statements together with the
evolving program state.

Given an execution trace, we construct two types
of questions:

* Variable-state (data-flow) questions. For
each executed statement, we compare the val-



Share

Level Structural constraints (%)
1 Single built-in method call without any control-flow constructs. 20.9
Multiple method calls with at least one shallow i f or for statement, but no nested control-flow blocks. 14.2

Multiple method calls with nested 1 f/for/while statements, and a maximum control-flow nesting depth of 3.  64.9

Table 7: Curriculum levels used in constraint-based code synthesis, grouped by the required control-flow structure
and method interactions in the final dataset.

An example of prompt with constraints

System Prompt: You are an expert Python programmer. Your task is to
generate valid, executable Python code that strictly adheres to a complex
set of structural and logical constraints.

User Prompt:

Task: Write Python code that tests the rstrip method of the str type.

Constraints:
* Control Structure Constraints:

— The code must include a for statement.
— You must nest an if statement inside the for loop.

* Method Call Constraints:

— Invoke the test method multiple times within the code.
— Integrate at least one additional built-in method (preferably from str,

list, set, or tuple).

Formatting:
* Do not include any comments.

* Call the entry-point function exactly once.

Output Format:

You must output a markdown code block:

python
complete code snippet

Figure 12: A constraint-based code synthesis prompt used for generating Python programs that test specific built-in
methods while strictly adhering to structural and formatting requirements.

ues of all in-scope variables immediately be-
fore and after the statement. Whenever a vari-
able changes, we create a question that asks
for its value and Python type after the state-
ment has executed. These questions encour-
age the model to track how data flows through
the program.

Next-statement (control-flow) questions.
For each executed statement, we inspect the
next statement in the trace. If the current state-
ment is a control-flow construct such as if,
while, or for, we create a question asking
for the exact source line that will be executed
next. In addition, whenever the line number
of the next executed statement is smaller than
that of the current one (i.e., control transfers

backwards in the source file, as in loop iter-
ations or taken branches), we also generate
a next-statement question. These questions
require the model to reason about branch con-
ditions and loop behavior.

All candidate questions from a trace are col-
lected into a problem set for the corresponding
program. For each training instance, we shuffle this
set and sample up to ten questions. Some traces
produce fewer than ten valid questions, so the re-
sulting number of white-box questions per instance
varies. On average, each program contributes 7.8
white-box questions, of which 3.2 are control-flow
(next-statement) questions and 4.6 are data-flow
(variable-state) questions. This yields dense super-
vision over both control-flow and value-tracking



An example of prompt for input mutation

Task:
constraints.

Provided Code:

def test_rstrip(s):
result = s.rstrip()
for char in result:
if char.isalpha():
result = result.lstrip(char)
elif char.isdigit():
result = result.strip(char)
else:
result = result.rstrip(char)
return result

assert test_rstrip(" hello world ") ==

Instructions:

Modify the arguments in the provided code based on specific

" hello world"

* Reconstruct the arguments in the function call by directly writing the

arguments inside the function call
first) .

(do not assign them to variables

* You must use one or more values from the reference list below.

Reference Values:
* Integer Values: 12, 7, 11,
* String Values: 'EEFujAr’,
/ STxJPmNuB4’, ’'TKO7iWVEO0’,

Notes & Constraints:
* For types such as str, dict, list,
* You may modify the code if needed,
values.

or set,
as long as it aligns with the reference

' ZWRus3xdc8’, "a-s*x?Rx&;’,

try to increase their length.

Output Format:

Call the entry point function with the new arguments and use the print

statement to print the result.

python
# complete code snippet

Return only a single Markdown code block:

Figure 13: An example of prompt for mutating inputs in the code

aspects of execution.

Figure 15 illustrates the prompt used to query
the model with these white-box questions. The
upper part displays the full code snippet with line
numbers, while the lower part lists several next-
statement and variable-state questions derived from
a single execution trace, together with strict format-
ting rules for the model’s reasoning and answers.

C Experimental Setup
C.1 Supervised Fine-Tuning (SFT)

Table 8 summarizes the hyper-parameters used
in the supervised fine-tuning (SFT) stage. We
fine-tune Qwen2.5-Coder-7B-Instruct in a full-

parameter setting using the LLaMAFactory (Zheng
et al., 2024) framework with DeepSpeed ZeRO-2
on a cluster of 8 xH100 GPUs.

For SFT, we first randomly sample 30K exam-
ples from the dataset constructed in section 2.1
to form the sft_new_dataset split used for
training. We apply the official gwen chat template
and truncate each sequence to at most 4096 tokens.
Data preprocessing uses 16 CPU workers and data
loading uses 4 workers. Unless otherwise speci-
fied, all SFT experiments in this paper follow this
configuration.



An example of Input Mutation

Code before input mutation:

def test_rstrip(s):
result = s.rstrip()
for char in result:
if char.isalpha():
result = result.lstrip(char)
elif char.isdigit():
result = result.strip(char)
else:
result = result.rstrip(char)
return result

assert test_rstrip(" hello world ") ==

" hello world"

Code after input mutation:

def test_rstrip(s):
result = s.rstrip()
for char in result:
if char.isalpha() :
result = result.lstrip(char)
elif char.isdigit () :
result = result.strip(char)
else:
result = result.rstrip (char)
return result
assert test_rstrip (’'E2NC97acEt’)

Figure 14: An example of input mutation applied to the synthesized code that tests the rstrip method. The

mutated input is highlighted.

Hyper-parameter Value
Learning rate 1x1075
Number of epochs 2
Per-device batch size 2
Gradient accumulation steps 8
Effective batch size 128
Max sequence length 4096
Optimizer AdamW
Learning rate scheduler cosine
Warmup ratio 0.1
Precision bfloat16
Fine-tuning type full-parameter
Parallelism DeepSpeed ZeRO-2

Table 8: Hyper-parameters for supervised fine-tuning
(SFT).

C.2 Reinforcement Learning (GRPO)

Table 9 summarizes the hyper-parameters used in
the GRPO-based reinforcement learning stages.

Stage I: reasoning RL. In the first RL stage,
we start from the SFT checkpoint of Qwen2.5-

Coder-7B-Instruct and apply GRPO on our syn-
thetic execution-reasoning corpus. The reward
combines input—output correctness and white-box
signals (control-flow and data-flow questions de-
rived from execution traces).

Stage II: code generation RL. In the second RL
stage, we start from the Stage-I checkpoint and
apply GRPO with the VERL (Sheng et al., 2024)
framework on the PrimeCode (eurus_prime)
train/validation splits.

Training is also performed on 8 xH100 GPUs
with FSDP (parameter and optimizer offloading)
and gradient checkpointing enabled.

Unless otherwise specified, both RL stages
share the same GRPO hyper-parameters as
listed in Table 9; only the training data and reward
functions differ between the two stages.



Hyper-parameter Value
Algorithm GRPO (VeRL)
Train batch size (prompts) 128
#responses per prompt n 8
Max prompt length 2048
Max response length 4096
Actor learning rate 1x1076
PPO mini-batch size 64
PPO micro-batch size / GPU 1
Rollout backend vLLM
Tensor model parallel size 4

KL in loss / in reward on / off (coef 0.0)

Total steps 500
Parallelism FSDP (param & opt offload)
GPUs 8xHI100

Table 9: Hyper-parameters for GRPO-based reinforce-
ment learning (UT-RL) on the PrimeCode dataset.

D Additional Ablations and Training
Dynamics

D.1 Training Dynamics

Figure 16 provides the training dynamics of Stage I
and Stage II. In the Stage I curves, we observe that
white-box RL yields stable gains on both white-
box questions and I/O prediction. In the Stage II
curve, we see that our two-stage training frame-
work, which first trains the model for code rea-
soning and then trains it for code generation, con-
sistently outperforms directly training the model
for code generation from scratch, delivering stable
improvements throughout training.

D.2 Sensitivity to the Reward Mixing
Coefficient o

In Stage I (white-box RL), we combine the I/O-
based reward and the white-box reward via a con-
vex mixture:

r=(1—-a)ryo + arws, (D

where « controls the relative weight of the white-
box signal. In the main paper, we set a« = 0.5.
We evaluate o € {0.25,0.5,0.75} while keeping
all other training settings fixed. The experimental
results indicate that performance is not sensitive to
« within this range.

This happens because the white-box reward and
the I/O reward are complementary rather than con-
flicting. The white-box reward supervises the sim-
ulation of intermediate execution steps, while the
I/O reward focuses on the final output. Since the
final output is produced by the last execution step,
both rewards ultimately encourage the model to

simulate the full execution process correctly. There-
fore, as long as « is not set to an extreme value,
both rewards remain present and provide consis-
tent supervision on the same underlying execution
process. This is also consistent with the training
curves in Figure 16, where white-box RL improves
both the white-box question accuracy and the I/O
prediction accuracy during Stage 1.

We further test the extreme cases o € {0,1}.
As shown in Table 10, removing either reward no-
ticeably hurts the corresponding capability: o« = 0
improves 1/O prediction but substantially reduces
white-box prediction accuracy, while @ = 1 has
the opposite effect. In contrast, the non-extreme
settings a € {0.25,0.5,0.75} all yield balanced
performance. These results suggest that keeping
both reward terms is important, while the exact
value of « is not critical as long as it is not set to
an extreme value.

D.3 Ablations on White-box Question
Sampling

D.3.1 Effect of Question Count

We further ablate the maximum number of white-
box questions sampled per training instance in
Stage 1. Our default setting samples up to 10 ques-
tions per instance. As shown in Table 11, the de-
fault setting achieves the best overall performance
across all benchmarks.

The results align with the intuition. When the
number of sampled questions is too small, the
model receives insufficient step-level supervision,
which weakens the effect of white-box RL. In con-
trast, using too many questions dilutes the reward
across a larger number of relatively simple ques-
tions, making it harder for the model to focus on
the most informative execution steps. Overall, the
default setting provides the best balance between
supervision density and reward quality.

D.3.2 Early-step vs. Late-step vs. Mixed
Sampling

We further study whether the position of sampled
white-box questions affects Stage I training. Specif-
ically, we compare three strategies while keeping
the same number of sampled questions and preserv-
ing the original control-flow/data-flow ratio: sam-
pling only from early execution steps, only from
late execution steps, or from mixed positions across
the whole trace.

Table 12 shows that sampling only from early
steps leads to clearly worse performance. This sug-



Table 10: Sensitivity analysis of the reward mixing coefficient c. I/O Prediction Acc measures final-output
prediction, while White-box Prediction Acc measures intermediate execution-state prediction.

Setting I/O Prediction Acc ~ White-box Prediction Acc
a = 0 (I/0 only) 823 67.7
a=0.25 84.1 77.6
o = 0.50 (Ours) 84.0 77.8
a=0.75 83.9 78.2
«a = 1 (white-box only) 79.4 77.4

Table 11: Effect of the maximum number of sampled white-box questions N per training instance in Stage 1. Best
results in each column are highlighted in bold. Average is the mean over all metrics.

Setting CRUXEval LiveCodeBench REval Average
CXEval-O CXEval-I LCB-O Coverage State Path  Output

N=5 84.4 80.7 81.2 86.2 72.1  70.2 83.6 79.8

N=ALL 82.8 80.3 79.2 84.8 694 678 83.0 78.2

N=10 85.6 81.0 82.3 85.8 74.5 73.0 83.2 80.8

gests that supervision limited to the beginning of
execution is insufficient for learning accurate step-
wise reasoning over the full trace. Sampling only
from late steps performs much better and remains
competitive with the default setting, indicating that
later execution states are often more informative.
However, it still does not outperform mixed sam-
pling. Overall, the default mixed strategy achieves
the best average performance, suggesting that ques-
tions from different execution positions provide
complementary supervision.

D.4 Robustness of Reward Evaluation

We apply simple normalization when evaluating
white-box answers, rather than relying on naive
exact-string matching. For data-flow questions, we
parse both the model output and the ground-truth
answer with ast.literal_eval and compare
them by object-level equality. For control-flow
questions, we strip leading and trailing whitespaces
before comparison.

To assess how often zero reward is caused by
formatting rather than true reasoning errors, we
randomly sample 100 zero-reward rollouts and in-
spect them manually. Most of them are genuine
execution reasoning errors. Only 4 cases are false
rejections caused by formatting or representation
issues. Among them, 3 cases come from next-
statement prediction, where the ground-truth state-
ment is wrapped into multiple lines for readability
while the model outputs the same statement in a
single line. We also find 1 case caused by a negligi-
ble floating-point precision difference. Overall, our
analysis reveals that these cases account for less

than 5% of the total rejected rollouts.

E Experimental Details

E.1 Variant setup for Table 1

All 7B variants in Table 1 are trained on the same
pool of 60K programs randomly sampled from our
synthesized reasoning corpus. Among them, 30K
examples (15K [—0 and 15K O—I) are used for
the optional SFT step. The “+ I/O O/I RL” variant
performs RL on all 60K examples (30K I—+O and
30K O—I) without SFT. The “+ SFT + I/O O/I
RL” variant uses the 30K split for SFT and runs
RL on the remaining 30K examples (15K -0 and
15K O—1I). The “+ SFT + white-box RL” variant
shares the same 30K SFT split and performs RL on
the remaining 30K examples (15K white-box I -0
and 15K O—I).

E.2 Data-quality comparison setup

To isolate the impact of data quality, we com-
pare our synthesized data against three represen-
tative datasets: PYX-Sub (Ding et al., 2024a),
Codel/O-Sub (Li et al., 2025), and Grounded-
CoT (Jung et al., 2025), which correspond to the
two paradigms in Section 1 (I/O CoT supervi-
sion vs. LLM-translated execution traces). For a
fair comparison under the same budget, we sam-
ple matched-size training sets of 15K examples
from each dataset and use a unified teacher, QwQ-
32B (Team, 2024), to generate all CoT and trace
translations with the same prompting. We then fine-
tune the same Qwen2.5-Coder-Instruct model on
the -0 prediction task using each 15K subset and
report the results in Figure 3.



Table 12: Effect of execution-step position when sampling white-box questions in Stage I. Best results in each
column are highlighted in bold. Average is the mean over all metrics.

Setting CRUXEval LiveCodeBench REval Average
CXEval-O CXEval-1 LCB-O Coverage State Path  Output

Early steps only 84.8 80.4 81.0 85.7 68.1 582 81.9 77.2

Late steps only 84.4 80.9 81.6 84.4 742 739 83.3 80.4

Mixed (Ours) 85.6 81.0 82.3 85.8 74.5 730 83.2 80.8

E.3 Ablation setups for data synthesis
components

We conduct three SFT-only ablations, each us-
ing 15K training examples and the same fine-
tuning protocol, evaluated on CRUXEval-O and
LiveCodeBench-Exec. Generating prompts with
structural constraints: Full-constraint follows
Section 2.1 by prompting the generator with spec-
ified types/methods and explicit structural con-
straints, while Weak-constraint uses the same type-
s/methods but removes structural constraints from
the prompt. Input synthesis: using the same 15K
code snippets, Full-input includes multiple input
configurations (original inputs and type-aware mu-
tations) and samples to 15K examples, whereas
Simple-input keeps only one basic input per snip-
pet. Filtering by difficulty: from the pool af-
ter execution filtering, Filtered applies difficulty-
aware filtering before uniformly sampling 15K ex-
amples, while No-filter samples 15K examples di-
rectly without difficulty filtering.

E.4 Construction of a Library-Involved I/0
Prediction Benchmark

To evaluate transfer to library-dependent code, we
construct a library-involved I/O prediction bench-
mark based on BigCodeBench. For each task, we
extract an input—output pair from the example block
in the task description (complete_prompt) and
treat the task’s (canonical_solution) as the
executable reference program.

Concretely, we recover the input as the state-
ments that define arguments and invoke the target
function, and the output as the printed result shown
in the example. At evaluation time, we provide the
extracted input and ask the model to predict the
stdout output produced by executing the canonical
solution. We report exact match accuracy.

To ensure determinism and avoid environment-
specific behavior, we filter out tasks involving ran-
domness or external resources. This is done using
keyword-level matching over both the prompt and

the solution, targeting stochastic APIs (e.g., ran-
dom) and file I/O (e.g., open, pathlib, pickle). The
full blacklist is provided in Table 13. After filtering,
we obtain 241 test cases for evaluation. A detailed
example is shown in Figure 17.

F Qualitative Analysis: The Impact of
Code Reasoning

F.1 Improved Fine-grained Code Execution
Understanding

We conduct a qualitative analysis to demonstrate
ExecVerify’s superior capability in tracing concrete
execution steps compared to baselines. As illus-
trated in Figure 18, models trained solely with I/O
O/I RL often struggle with control-flow logic, fail-
ing to evaluate guard conditions (e.g., if idx !=1dx2)
and consequently "hallucinating" execution steps
that do not occur. In contrast, ExecVerify, trained
via White-box RL, correctly interprets conditional
statements and skips invalid loop iterations. This
confirms that the model faithfully tracks intermedi-
ate variable states and adheres to the strict program
logic.

F.2 Benefit for Downstream Code Generation

We further investigate how the fine-grained execu-
tion reasoning capability transfers to downstream
code generation tasks. Figure 19 presents a qualita-
tive comparison on the problem "Count Substrings
With K-Frequency Characters I," which requires
identifying substrings where at least one charac-
ter meets a frequency threshold. The baseline I/O
O/I RL model generates syntactically correct code
but contains a logical error, confusing the required
condition ("at least one") with a universal one ("for
all"). It incorrectly enforces a stricter constraint (if
0 < f < k: valid = False), rejecting valid substrings.
In contrast, ExecVerify, enhanced by white-box
reinforcement learning, correctly interprets the re-
quirement and implements the logic using any().
This demonstrates that the fine-grained understand-
ing of control flow and variable states acquired



Category

Filtered libraries/APIs (keyword-level matching)

Randomness / stochasticity

File I/O and filesystem traversal

Archives and compression
Structured file readers/writers and external formats

Serialization / persistence

Databases

random (shuffle, randint, choice(s), seed);
numpy . random/np . randomn; torch.rand/torch.randn;
secrets.

open/with open, .read, .write; fileinput; pathlib;
os.path; os ops (listdir, walk, scandir, remove, unlink,
rmdir, mkdir, makedirs, rename, replace, stat, chmod,
chown, getcwd, chdir); shutil; glob; tempfile.
zipfile;tarfile; gzip;bz2; lzma.

csv (reader, dictreader, writer, dictwriter); pandas/pd
(read_csv, read_table, read_excel, read_parquet,
read_feather, read_json, read_pickle); writers (to_csv,
to_excel); openpyxl.

numpy/np (load, save, savez, savez_compressed); torch
(save, load); pickle (load, dump); joblib (load, dump);
json.load; yaml (load, safe_load).

sglite3.connect.

Table 13: Blacklist used to exclude non-deterministic or environment-dependent BigCodeBench solutions when
constructing the library-involved I/O prediction set.

during reasoning training enables the model to per-
form a more accurate simulation of the program,
leading to more robust handling of subtle logical
constraints in code generation.

G Potential Risks

ExecVerify improves LLMs’ ability to reason about
and generate executable code. As with other code
LLM advances, this capability could be misused
to produce harmful scripts or assist vulnerability
exploitation. Moreover, generated code may still be
incorrect or insecure. Therefore, all outputs should
be treated as assistive suggestions and validated via
human review before deployment.



An example of white-box questions

You are a programming expert. Your task is to analyze the Python code and
answer the questions by simulating the execution step by step.

Here is the code content:

def test_rstrip(s):
result = s.rstrip()
for char in result:
if char.isalpha():
result = result.lstrip(char)
elif char.isdigit():
result = result.strip(char)
else:
result = result.rstrip(char)
return result
assert test_rstrip(" hello world ") == 2277

R P OooJdJood wh

Here are the questions:

Questionl: Fill the assertion statement.

Question2: What is the value and type of the variable result after Line 2
(result = s.rstrip()) is executed for the 1lst time?

Question3: Tracing the execution, which line is executed immediately after
Line 6 (elif char.isdigit () :) is executed for the 1lst time?

Questiond4: Tracing the execution, which line is executed immediately after
Line 9 (result = result.rstrip(char)) is executed for the 1lst time?
Question5: What is the value and type of the variable result after Line 5
(result = result.lstrip(char)) is executed for the 1lst time-?

Question6: Tracing the execution, which line is executed immediately after
Line 4 (if char.isalpha():) is executed for the 3rd time-?

Guidelines for “next statement” questions:
* Determine the next line executed after the given statement.
e CRITICAL: Your answer MUST be the exact, verbatim source code of the next
line —- copied character-for-character, including indentation.
* Do NOT include line numbers, quotes, backticks, comments, or any extra
words.

Guidelines for “type & value” questions:
¢ STRICT FORMAT: value; type (Exactly one semicolon and one space).
* Example: 1; int "hello’; str [1, 2]; 1list

ABSOLUTE FORMAT RULES (MUST FOLLOW) :
e Output all answers one per line and in the listed order.
* For “next statement” answers: output ONLY the code statement string. Do
not output line numbers!

Format your response strictly as follows:
<reasoning>

your step-by-step reasoning here
</reasoning>

<answer>

Answer for questionl

Answer for question5
</answer>

Figure 15: A white-box question prompt used during reinforcement learning, combining a fully instrumented code
snippet with multiple next-statement and value-and-type questions derived from its execution trace, together with
strict formatting rules for the model’s reasoning and answers.
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An example of constructing a library-involved 1/0 prediction benchmark

Complete prompt (from complete_ prompt) :

from collections import Counter
import itertools
def task_func(d):
wnn
Count the occurrence of each integer in the values of the input dictionary,
where each value is a list of integers, and return a dictionary with these counts.
Requirements:
— collections.Counter
- itertools

Example:
d={'a’: [1, 2, 3, 1],
count_dict = task_func(d)
print (count_dict)
3, 2: 2, 3: 2, 4: 1, 5:

nun

Extracted I/O (from the example) : Canonical solution

{ra’: : from collections import Counter
[1, 21} import itertools
count_dict = task_func(d) def task_func(d) :

print (count_dict) count_dict = Counter (

stdout: {1: 3, 2: 2, 3: : : itertools.chain.from_iterable (d.values())
1} )
return dict (count_dict)

Final I/0 prediction problem (model input):

Your task is to fill the assert statement.

from collections import Counter

import itertools

def task_func(d):
count_dict = Counter (itertools.chain.from_iterable(d.values()))
return dict (count_dict)

d= {'a’: [1, 2, 3, 1], 'b’:

count_dict = task_func(d)

assert count_dict == ???°?

Figure 17: An example of constructing the library-involved I/O prediction benchmark from BigCodeBench. We
show the original complete_prompt, the extracted I/O pair, the executable canonical_solution, and the
final I/O prediction problem.



Case Study: White-box RL vs. I/0 O/l RL

Question.

I from typing import List, Tuple

def find_closest_elements (numbers:

List[float])

—-> Tuple[float, float]:

4 closest_pair = None
5 distance = None
6 for idx, elem in enumerate (numbers) :

7 for idx2,
8 if idx != idx2:
9 if distance is None:

elem?2 in enumerate (numbers) :

10 distance = abs(elem - elem?)

11 closest_pair = tuple(sorted([elem, elem2])) # Line 11

12 else:

13 new_distance = abs(elem - elem2)

14 if new_distance < distance:

15 distance = new_distance

16 closest_pair = tuple(sorted([elem, elem2]))

17 return closest_pair

18

19 # assert find closest_elements([1.0, 2.0, 3.9, 4.0, 5.0, 2.2]) == 22?7

Trace the execution of find_closest_elements with the given input.
.. .) executed? If yes, what is the value and type of closest_pair

(closest_pair =

Is Line 11

immediately after its first execution? If the line is unreachable, answer Ni1.

I/0 O/1 RL (Incorrect)

Response. I trace the loops starting with
idx=0 (elem=1.0). Inside the inner loop,
I start with 1dx2=0 (elem2=1.0). At

this point, distance is None, so the
code executes Line 11: closest_pair =
tuple (sorted([1.0, 1.01)). Thus,

the value 1s (1.0,

tuple.

1.0) and the type is

Explanation. The model fails to evaluate the
guard condition if idx != idx2. It erro-
neously enters the conditional block for the self-
pair indices (0, 0), hallucinating an execution of
Line 11 that actually never happens in the pro-
gram flow.

White-box RL (Correct)

Response. I start with idx=0. For the in-
ner loop, the first iteration is idx2=0. Since
idx == idx2, the condition if idx !=
idx2 is false, so I skip the body. The loop
continues to idx2=1 (elem2=2.0). Now
the condition holds. Since distance is
None, Line 11 executes: closest_pair
= tuple(sorted([1.0, 2.0])). The
valueis (1.0, 2.0).

Explanation. The model correctly traces the
control flow. It recognizes that the condition
idx != idx2 prevents execution for the first
pair (0, 0), and correctly identifies the pair (0, 1)
as the first valid execution point.

Figure 18: Case study comparing execution tracing capabilities. The I/O O/I RL model overlooks the conditional
statement (Line 8). In contrast, the White-box RL model strictly follows the program logic, correctly skipping the
first iteration and identifying the true first assignment.



Case Study: Impact on Code Generation

Problem: Count Substrings With K-Frequency Characters I

Given a string s and an integer k, return the total number of substrings of s where at least one character appears at
least k times.

Example: Input: s = "abacb", k = 2. Output: 4 ("aba", "abac", "abacb", "bacb").
I/0 O/I RL (Incorrect) ExecVerify (Correct)

class Solution:
# Manually wrapped arguments to prevent ":" orphan
def numberOfSubstrings(self, s: str,
k: int) -> int:
n = len(s)
count = 0

for i in range(n):

freqg = [0] x 26
for j in range(i, n):
char_index = ord(s
freg[char_index] +

class Solution:
# Manually wrapped arguments for clean layout
def numberOfSubstrings(self, s: str,
k: int) -> int:
n = len(s)
count = 0

for i in range (n):
char_count = [0] x 26
for j in range(i, n):
char_count [ord(s[j]) - oxrd('a')] += 1
# CORRECT LOGIC

valid = any(c >= k for c in char_count)
if valid:
count += 1
return count

valid = True
for f in freq:
# INCORRECT LOGIC
if 0 < £ < k:
valid = False
break
if valid:
count += 1
return count

Response Analysis. The model correctly identi-
fies the condition. By tracing the execution state
during training (White-box RL), it understands
that the validation should pass as soon as any
character meets the threshold, using any (¢ >=
.) to correctly implement the logic.

Response Analysis. The model generates a
full solution but fails at the core logic. It cor-
rectly sets up the loops and frequency counting, | k
but the validation condition if 0 < f < k:
valid = False enforces that all present
characters must have frequency > k, violating
the "at least one" requirement.

Figure 19: Case study on code generation. The I/O O/I RL model produces syntactically correct code but
fails logically by confusing "at least one" with "for all". In contrast, ExecVerify (Ours), trained via white-box
reinforcement learning, correctly implements the semantic requirement using any (). This demonstrates that
grounding the model in fine-grained runtime behavior equips it with a deeper understanding of program semantics,
enabling it to accurately handle subtle logical constraints that surface-level I/O training often misses.
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