Reasoning Through Execution: Unifying Process and
Outcome Rewards for Code Generation

Zhuohao Yu' Weizheng Gu' Yidong Wang' Xingru Jiang' Zhengran Zeng '
Jindong Wang? Wei Ye'! Shikun Zhang'

Abstract

Large Language Models excel at code genera-
tion yet struggle with complex programming tasks
that demand sophisticated reasoning. To bridge
this gap, traditional process supervision relies
on learned reward models requiring costly train-
ing data and suffering from reward misalignment,
while outcome supervision fails for complex tasks
needing coordinated intermediate steps. We in-
troduce Outcome Refining Process Supervision,
which unifies process and outcome supervision
by leveraging executable verification: a tree-
structured search framework generates strategic
alternatives, profiles execution metrics, and scores
candidates via self-critique mechanisms that in-
tegrate runtime feedback with reasoning. Exper-
iments across 5 models and 3 benchmarks show
consistent gains, with 26.9% higher correctness
and 42.2% improved code efficiency. The results
demonstrate that ORPS enables LLMs to over-
come local optima in code generation, suggest-
ing a promising direction for combining verifiable
outcomes with structured reasoning to tackle com-
plex challenges.

1. Introduction

Large Language Models (LLMs) have revolutionized code
generation through their ability to synthesize programs from
natural language specifications (Brown et al., 2020; Guo
et al., 2024). However, complex programming tasks requir-
ing multi-step algorithmic reasoning—such as implement-
ing dynamic programming solutions or optimizing paral-
lel computation patterns—remain challenging (Jiang et al.,
2024b; Jimenez et al., 2023). These limitations persist
even in state-of-the-art models (OpenAl, 2023; Touvron
et al., 2023a), revealing a critical gap in current supervision
paradigms.
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Figure 1: Comparison of outcome and process supervision.

As shown in Figure 1, traditional approaches follow two
main paradigms: outcome supervision, which evaluates
only final outcome quality (Chen et al., 2021b), and pro-
cess supervision, which guides intermediate steps using
learned Process Reward Models (PRMs) with search algo-
rithms (Lightman et al., 2023). While PRMs have shown
success in mathematical reasoning (Wang et al., 2024c;
Chen et al., 2024a), their application to code generation
faces fundamental challenges: (1) PRMs require expensive
human annotations or distillations of other models on inter-
mediate steps to train (Wang et al., 2024b); (2) Learned re-
wards suffer from hallucination (misjudging invalid steps as
correct) (Huang et al., 2023; Stechly et al., 2024) and reward
hacking (LLM exploiting superficial patterns to maximize
scores) (Skalse et al., 2022); (3) No code-specific PRMs
exist to date —existing implementations directly adapt math-
focused PRMs might mismatch programming’s structured
logic and data distribution.

Code generation presents a unique opportunity through con-
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crete, veri able signals Unlike other domains where in-  tent improvements in both success rates and solution
termediate steps may be dif cult to verify, code can be ef ciency compared to existing methods, particularly on
executed throughout development, providing objective feed- complex tasks where current approaches struggle

back about both theoretical correctness and practical perfor-

mance (Zhang et al., 2023; Shinn et al., 2024). Yet existindyyr key contributions include:

approaches using execution feedback (Shinn et al., 2024;

Zhong et al., 2024) focus primarily on local improvements , We proposeORPS a novel framework that uni es out-

and debugging, missing opportunities for exploring funda- ;e and process supervision to tackle complex code
mentally different algorithmic strategies. problems

We proposeQutcomeRe ning Process Supervision, .+ \We found that eliminating specially trained PRMs with
a novel paradigm that treats the reasoning on rene- hyprid process rewards signi cantly enhances model's

ment of outcomes itself as the process to be SUperVised.reasoning ab|||ty to solve Comp|ex Coding prob'ems_
This approach differs fundamentally from existing self-

improvement methods that focus on iterative re nement
with execution feedback. Through a tree-structured explo-
ration space, our framework maintains multiple reasoning
trajectories simultaneously, enabling models to discover
and re ne diverse solution strategies. This structure allow

models to explore different algorithmic approaches Whe?' Related Work

initial attempts prove suboptimal (e.g., switching from brute-2 1. Outcome Supervision vs Process Supervision
force to divide-and-conquer approaches), rather than bein

trapped in local optima (e.g., a brute-force solution thalgutcome Supervisionin language models traditionally
passes the test but is inef cient). evaluates and optimizes LLM outputs through three primary

o . paradigms: (1Dpen-ended generatidasks (e.g. instruc-
Our key insight is that execution feedback can serve as olgpy following) assessed via text similarity metrics with
jective anchors for evaluating reasoning quality, eliminatingyeference answers (Zhang et al., 2019) or LLM-as-a-judge
the need for specially trained PRMs. This creates a ”aturaécoring (Zheng et al., 2023; Wang et al., 2023c; Yu et al.,
synergy: execution outcomes (pass/fail) and performancgoz4a); (2)Constrained-output tasKsultiple-choice, math
metrics (runtime/memory) in conjunction with self-critique problems) judged by exact answer matching (Brown et al.,
mechanisms ground the process rewards without human a§020; Hendrycks et al., 2020) of answer keys or solutions;
notation. Tree-structured search maintains diverse solutiogq (3)Code generatiowhere correctness depends on test
trajectories, enabling recovery from early missteps through 5se execution with generated programs (Chen et al., 2021b;
alternative approaches. Reasoning chains and code implgqstin et al., 2021). These outcomes are then used to cu-
mentations re ne each other—execution failures promptate the data (e.g., selecting higher-quality conversations or
theoretical re-analysis, while improved algorithms lead tocode solutions) for further training of the model (Liu et al.,
better implementations. 2023b). Such approaches share a critical limitation: they

To our knowledge, ORPS is the rst process supervisiongnore the reasoning process that produced the output (Ue-
framework speci cally designed for code generation, requir-Sato et al., 2022). This proves particularly problematic for
ing no PRM training while outperforming existing math- complex tasks where optimal solutions require coordinated
derived approaches. Experiments across 5 models andiatermediate steps (Lightman et al., 2023).

datasets reveal: Process Supervisioraddresses this gap by optimiziing
termediate reasoning trajectorigsrough specially trained

» Reasoning Over Model ScaleProviding suf cientrea- Process Reward Models (PRMbhat score each intermedi-
soning space is more crucial than model size for complexate step (Uesato et al., 2022; Lightman et al., 2023). PRMs
programming tasks - even smaller models like Qwen-7Bhave proven particularly effective in domains requiring com-
achieve high success rates (80% Pass@1) when givgriex reasoning, such as math problems, where they guide
room to explore and re ne multiple solution strategies,search or sampling algorithms toward better reasoning tra-
outperforming its 14B counterpart jectories and solutions (Wang et al., 2024c; Chen et al.,

« Learned PRM Elimination: Combining execution feed- 2024a; Wang et al., 2024b). While outcome supervision
back with self-critique mechanisms creates a more redVeSRoucomdy) = 1[correct, Prq5ess supervision gives
liable veri cation system than learned reward models step-wise reward signaRprocess= 1= PRM(Stjs1:t 1).
without requiring expensive training data

« ORPSachieves an average Pass@1 improvement of
26.9% across three datasets and ve models, while re-
ducing running time by 42.2% on average.

This approach have been predoominantly used in math rea-
» Scalable improvement: Our approach shows consis- soning tasks(Luo et al., 2024; Jiang et al., 2024a), but also

2
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Figure 2:0utcome-Re ning Process Supervisiorframework overview. A language model serves as Ipotigrammerand
critic in a step-by-step reasoning process. Through beam search, the framework maintains multiple solution trajectories,
where each state contaireasoning chains code implementations andstep reward.

with limitations: 1) The requirement for dense human annoit offers no feedback during the intermediate stages of de-
tations to train reliable PRMs makes the approach expensiveelopment, when early course corrections could prevent
and time-consuming (Lightman et al., 2023). 2) The genereascading errors.

alization capability of PRMs is often limited, as reasoning

patterns can vary signi cantly across different tasks andCCJnSIder implementing an ef cient sorting algorithm: a

domains. 3) When serving as judges, LLMs may proclucemodel might write code that passes all test cases but uses

. : 2 -
unreliable evaluations due to hallucination (Hu et al., 20242" inef cient O(n”) approach. Outcome supervision would

Lietal., 2024), particularly for complex tasks (Thakur et al.,mark this as a success, missing the opportunity to guide the

2024). Recent studies show that LLMs cannot reliably seh‘—mOdeI toward a more optim&@(n logn) solution. Simi-

correct (Huang et al., 2023) or self-validate without externalﬁrlzf{ ;;ig%ﬁ%‘:ﬁ;ﬂi’} 2;:’5?;2? ir:atILesﬁns:itF;]rrcr)]\i/(l:daes r:c?a:gr_\
veri cation (Stechly et al., 2024). These limitations mo- g g PP '

tivate our anoroach of arounding process supervision ithe implementation details, or edge case handling. These
pp 9 gp P imitations of both process and outcome supervision high-

concrete, veri able signals rather than learned Judgments."ght the need to rethink how to supervise the development
of complex programs, where both theoretical understanding
and practical implementation must evolve together.

Code generation is typically formulated as a sequence-to-

sequence problem: given input speci catier{including 3. Methodology

natural language description and test cases), generate a pro-

gramy that correctly implements the required functional-WWe propose a framework that uni es process supervision
ity (Jiang et al., 2024b). While most existing approachegvith outcome supervision by combimgasoning code im-
treat this as a single-step generation process (Chen et d)lementationandexecution veri catiorinto a single tree-
2021a), recent work has explored using execution feedbacitructured search process.

to guide code generation (Zhong et al., 2024; Zhang et akyhen tackling coding tasks, particularly complex ones, it
2023) or use CoT prompting to improve correctness (Shinfg chajienging for a model to generate a fully correct so-

etal., 2024). lution on the rst attempt. Instead, LLMs often produce
Although these execution-guided approaches show promisénperfect yet heuristically valuable code, requiring iterative
our experiments indicate they are insuf cient for complex self-correction to eventually arrive at a correct implementa-
programming tasks that require deeper reasoning. Whiléion. Each iteration of code re nement can be considered a
execution feedback is easy to measure, it alone provide$fep in the problem-solving process.

little guidance on how to improve solutions that fail or Now ag tormalized in Algorithm 1 and illustrated in Figure 2,
to make working solutions more ef cient. More importantly, .. stept, the node in a given search beam represents a

2.2. Execution-Driven Code Generation



