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Abstract

Process supervision has improved mathemat-
ical reasoning, where intermediate steps are
naturally expressed as chains of thought. In
code generation, however, process supervi-
sion remains underexplored because there is
no standard notion of a step. Supervision
can target lines, reasoning traces, or program
states, making it unclear what to label and op-
timize. We propose STEP-KTODER, a frame-
work for code preference optimization that de-
fines steps as module-level functions in decom-
posed multi-function programs and assigns bi-
nary correctness labels via automatically gen-
erated unit tests. Our method provides a code-
specific instantiation of stepwise KTO, com-
bining function-level process supervision with
outcome-level feedback on the full program.
We evaluate on HumanEval(+), MBPP(+), Big-
CodeBench, and LiveCodeBench, showing that
STEP-KTODER improves over outcome-only
KTO and DPO. Further analysis shows that
execution-based labels are essential: LLM-as-
a-judge annotations systematically over-predict
function failures, corrupt positive step labels,
and degrade downstream preference optimiza-
tion. Code is available at: https://github.
com/inechnech/STEP-KTODER.

1 Introduction

Code generation has become a major application
of Large Language Models (LLMs), with recent
code-specialized models achieving strong perfor-
mance on a wide range of programming tasks (Guo
et al., 2024; Hui et al., 2024). These models are
typically improved through two stages: supervised
fine-tuning (SFT) (Wei et al., 2022) on high-quality
code data, followed by an alignment stage that
adapts the model toward better outputs (Ouyang
et al., 2022). Among alignment methods, Direct
Preference Optimization (DPO) (Rafailov et al.,
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2023) is widely used to learn from paired prefer-
ence data, whereas Kahneman—Tversky Optimiza-
tion (KTO) (Ethayarajh et al., 2024) learns from
binary desirability labels on individual outputs.

However, applying these techniques to code gen-
eration is nontrivial. These methods are typically
instantiated at the level of the entire program, treat-
ing a full solution as a single unit of feedback.
This provides only a coarse training signal: a pro-
gram can be mostly correct and fail only on a nar-
row edge case, but outcome-level supervision still
marks the entire output as undesirable. Such super-
vision does not reveal which component is correct
and which is responsible for the failure, motivating
finer-grained supervision for code generation.

In mathematical reasoning, process supervi-
sion—providing feedback on intermediate reason-
ing steps—has proven highly effective (Lightman
et al., 2024; Luo et al., 2024; Wang et al., 2024),
with process reward models (PRMs) underpinning
state-of-the-art reasoning systems. Building on
this success, Lin et al. (2025a) combined stepwise
binary feedback with KTO to jointly optimize inter-
mediate and final-answer quality for mathematical
problem solving. Transferring this idea to code
generation, however, remains an open challenge:
code does not naturally decompose into a single
standardized sequence of intermediate logical steps,
making the very definition of a “step” ambiguous.

We address this ambiguity by defining steps as
module-level functions in decomposed programs,
and propose STEP-KTODER, a framework that
brings function-level process supervision to code
generation. Our key idea is that decomposed pro-
grams provide an executable step structure: when
a solution is written as multiple functions, each
can be tested independently using automatically
generated unit tests, yielding binary labels of lo-
cal correctness. STEP-KTODER uses these labels
to extend outcome-level KTO with function-level
supervision, guiding training by both global pro-
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Question
Given a list of half-open intervals [start, end), merge
all overlapping intervals and return the total covered
length.

def total_covered_length(intervals):
if not intervals:
return @

Reference Decomposition
intervals = sorted(intervals)

[def sort_intervals(intervals):]} Sy
total = @

cur_start, cur_end = intervals[e] B
def merge_intervals(intervals):

S2
for start, end in intervals[1:]:
if start <= cur_end:
cur_end = max(cur_end, end)
lse:

total += cur_end - cur_start
cur_start, cur_end = start, end

{def cnmputeitotalilength(intervals)J} S3

total += cur_end - cur_start
return total
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Figure 1: Overview of the STEP-KTODER framework. A reference solution y* is decomposed into module-level

functions s1, . .

., Sn, and function-level unit tests are generated for each function. Candidate completions are

evaluated against these tests to obtain step labels z; indicating local correctness, alongside an outcome label o from
the dataset-provided test suite. The resulting labeled data is used to train the model with a joint objective that
combines outcome-level KTO (L) and function-level supervision (Lstep), reinforcing locally correct functions

while penalizing locally incorrect ones.

gram success and local correctness, as indicated in
Figure 1.

Beyond the main empirical gains, we investigate
two design choices that are important to STEP-
KTODER’s effectiveness. First, programs that
pass dataset-provided tests but contain a locally
incorrect function provide a form of supervision
that outcome-only training cannot express. We
find that preserving these local/global mismatches
strengthens the benefit of step-level supervision,
whereas masking such mismatches substantially
weakens the signal. Second, we assess whether
automatically generated unit tests are necessary for
reliable step supervision by replacing execution-
based step labels with LLM-as-a-judge annota-
tions. Although these annotations show moderate
agreement with execution-based labels, they sys-
tematically over-predict step failures, and when
used for STEP-KTODER training, they degrade
performance. Even for already instruction-tuned
Qwen2.5-Coder models, STEP-KTODER achieves
substantial improvements: it improves over the
base model by up to +26.7% on BigCodeBench
Hard (Zhuo et al., 2025) and +27.0% on Live-
CodeBench (Jain et al., 2025).

Our contributions are as follows:

* We propose STEP-KTODER, a code-specific

instantiation of stepwise KTO that combines
function-level process supervision with outcome-
level feedback.

* We introduce an automatic data construction
pipeline that decomposes solutions into functions,
generates function-level unit tests, and derives
execution-based step labels for training.

» Experiments across widely used benchmarks
show that STEP-KTODER improves post-trained
code models. We further demonstrate that replac-
ing execution-based step labels with LLM-as-a-
judge annotations weakens the step-level signal
and degrades performance.

2 Related Work

2.1 Process Supervision for Reasoning

Process supervision has been highly effective for
mathematical reasoning, where step-level feedback
improves over outcome-only supervision (Cobbe
et al., 2021; Uesato et al., 2022; Lightman et al.,
2024). Subsequent work has scaled this supervi-
sion: Wang et al. (2024) introduced automatic step-
level annotation via Monte Carlo estimation, and
Luo et al. (2024) proposed a divide-and-conquer
Monte Carlo Tree Search framework for large-scale
process supervision data. Lin et al. (2025a) in-



troduced Step-KTO, which combines KTO with
PRM-labeled stepwise feedback to jointly optimize
intermediate reasoning quality and final response
correctness. Our work builds on this idea but refor-
mulates it for code: instead of using PRM-labeled
reasoning steps, we define steps as concrete, inde-
pendently testable functions and supervise them
directly through execution-based unit test feedback.
This perspective is consistent with recent work on
code PRMs showing that execution feedback im-
proves the reliability of process supervision for
code (Li et al., 2025b). In contrast to PRM train-
ing, we study how execution-based process labels
can be incorporated directly into offline preference
optimization.

2.2 Preference Optimization for Code

Preference optimization has become a standard
post-training technique for code models. DPO
(Rafailov et al., 2023) learns from paired prefer-
ences, while KTO (Ethayarajh et al., 2024) removes
the requirement for paired data using binary desir-
ability labels grounded in prospect theory. Recent
work has explored localized and fine-grained feed-
back for code: Zhang et al. (2025b) concentrated
the DPO loss on error-prone token spans, while
Wu et al. (2025) introduced Target-DPO, a focal
preference alignment framework that localizes pref-
erence updates to targeted code regions. Dai et al.
(2025) trained a PRM that provides dense line-level
feedback during code generation via reinforcement
learning. Zhang et al. (2025a) introduced Cod-
eDPO, which constructs self-generated preference
pairs to align code models for both correctness and
efficiency.

These approaches target different granularities—
tokens, code blocks, lines, or whole programs—but
to our knowledge, none of these approaches defines
steps as semantically meaningful, independently
testable functions and integrates them into a binary
preference optimization objective.

2.3 Solution Decomposition and Automated
Testing

Fill-in-the-middle objectives (Bavarian et al., 2022)
train models to complete code given surrounding
context, encouraging modular structure. Ren et al.
(2025) extend this idea to alignment, splitting code
into AST-based blocks to construct more diverse
preference pairs for DPO. Prompting-based ap-
proaches have also emphasized modular decompo-
sition for code generation: Pan and Zhang (2025)

break complex programming problems into smaller
reasoning modules through hierarchical prompt-
ing. Lin et al. (2025b) proposed generating both
code and unit tests simultaneously, then using self-
validation to enhance generation quality. Auto-
mated unit test generation has matured significantly
(Chen et al., 2023; Ma et al., 2025); our pipeline
leverages this capability in a function-level setting,
generating tests for individual functions and us-
ing execution outcomes as binary step labels for
training.

2.4 Execution-Grounded Inference-Time
Methods

Recent execution-grounded methods instead im-
prove code at inference time. S* combines paral-
lel sampling with iterative debugging and selects
among candidates using adaptively synthesized in-
puts and their execution results (Li et al., 2025a),
while ORPS explores a tree of reasoning and code
trajectories guided by execution outcomes and self-
critique (Yu et al., 2025). Unlike these per-query
search and selection methods, STEP-KTODER uses
function-level execution during offline data con-
struction to produce labels that update the model
policy.

3 Method

3.1 Problem Formulation

Given a prompt x and a reference solution y*, we
first rewrite 4™ into a decomposed multi-function
program

g: (817827"'7871)7

using a strong code language model, where each s;
denotes one function in the decomposed program
and n is the total number of such functions. We
treat each function s; as a step.

Training samples are then generated from this
decomposition: the target model fills the function
skeleton defined by ¢ to produce a candidate solu-
tion y. Each training sample receives two forms of
binary supervision:

* An outcome label o € {0, 1}, indicating whether

y passes the dataset-provided test suite for x.

* A sequence of step labels z = (z1,...,2,),
where each z; € {0,1, @} indicates whether the
implementation of s; in y passes its function-
level unit tests. A label of & indicates that no
valid unit test is available for that step.



This formulation distinguishes local correctness
from global correctness, providing finer-grained
supervision than outcome-only evaluation. Rather
than treating partially correct programs as uni-
formly desirable or undesirable, it enables the ob-
jective to reinforce correct functions while penaliz-
ing those responsible for failure.

3.2 KTO Background

We build on Kahneman-Tversky Optimization
(KTO) (Ethayarajh et al., 2024), which aligns a
policy mg from binary feedback using a Kahneman—
Tversky-inspired value function over the log-ratio
between the policy and a frozen reference mef:
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The outcome-level reference point is
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where 3’ denotes an output sequence used to esti-
mate the divergence between the policy and refer-
ence. Given a binary desirability label o € {0, 1},
the outcome-level value function is
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where 79 = 79(z,y) and o(-) denotes the sigmoid
function. oyt > 0 controls the sensitivity of
the outcome-level value function, and Ap and Ay
weight desirable and undesirable samples, respec-
tively. The outcome-level KTO loss is then
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where A\, = Apifo=1and A\, = Ay ifo = 0.

3.3 Step-KTO Objective

Following Lin et al. (2025a), we instantiate step-
wise KTO over the function-level steps defined in
Section 3.1 and introduce reliability masking for
functions without validated local tests. For each
step s;, we compute a step-local log-ratio over the
tokens of that function:
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Each step has a label z; as defined above and a
mask m; € {0,1}; only steps with m; = 1 and
z; € {0, 1} contribute to the step-level loss.

Similarly, we define a step-level reference point

2P = KL(mo(y} | 2, 5<;) || Moot (¥} | 2, 5<1)) s
where y; denotes the subsequence of generated to-
kens belonging to the i-th function. The step-level
value function is
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Here, Bsteps AD step» and Ay step are the step-level
counterparts of the outcome-level KTO parameters.

Let M, ={i:m; =1, z; € {0,1}} denote the
supervised steps for sample 7, and let M = |M,|.
Let A, step denote the step-level target coefficient,
with A2, step = ADstep When z; = 1l and A, step =
AUstep When z; = 0. The masked step-level loss is
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where the sum is zero when M = 0, so samples
without supervised steps fall back to outcome-only
KTO.

Combining with the outcome-level loss yields
the final STEP-KTODER objective:

LSTEP—KTODER = Eout + >\step Estep-

By jointly optimizing outcome-level and function-
level feedback, STEP-KTODER reinforces locally
correct functions and penalizes locally incorrect
ones, providing a more localized learning signal
than outcome-level supervision alone. Figure 2
illustrates this difference on a failing candidate:
outcome-only KTO treats the full program as unde-
sirable, whereas STEP-KTODER assigns negative
step-level signal only to the faulty function.

3.4 Data Construction Pipeline

Our pipeline consists of four stages, illustrated in
Figure 1.

(1) Reference decomposition. We use a strong
instruction-tuned code model to rewrite each
ground-truth solution into an interface-preserving
multi-function program, retaining only rewrites
that pass the original test suite.

(2) Function-level unit test generation. For
each decomposed function, a strong code model
generates several targeted unit tests for its inter-
face and edge cases. We retain only tests that pass



Task. Implement take_umbrella (weather, rain_chance). Return True if it is raining, cloudy with rain chance > 0.20, or sunny

with rain chance > 0.50.

Wrong candidate

Reference solution

Training signal for the wrong candidate

KTO s s b

STEP-KTODER S1 P s2

- S, —» 0=0
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Figure 2: Training signal comparison for a failing candidate. The wrong candidate differs from the decomposed
reference solution only in the highlighted line, yielding locally correct functions 21, 22, 23 = 1, a faulty final function
z4 = 0, and outcome label o = 0. Outcome-only KTO penalizes all function spans, whereas STEP-KTODER
preserves the locally correct functions and penalizes only the faulty one.

on the reference implementation, invoke the target
function, and contain nontrivial assertions whose
pass condition depends on the function’s output.
Functions without valid tests receive a null step
label (z; = @) and are masked from the step loss.
The prompts are provided in Appendix O.

(3) On-policy candidate generation. From each
decomposition, we construct a skeleton by replac-
ing function bodies with pass while preserving
signatures, docstrings, imports, and module-level
context. Then, for each skeleton we sample k = 8
candidate completions from the model being post-
trained, using temperature 7' = 0.4 and top-p sam-
pling with p = 0.95; this keeps the preference data
close to the model’s own generation distribution.

(4) Labeling and dataset construction. Each
candidate is evaluated against the dataset-provided
test suite to obtain an outcome label o. Step la-
bels z; are obtained by executing each candidate
function against its generated unit tests. By default,
we use local step labels: each function is tested
after being inserted into the decomposed reference
program, with all other functions kept fixed to their
reference implementations. This isolates function-
level correctness from downstream composition
effects. Across datasets, 83.2% of testable decom-
posed functions retain at least one validated test.
We refer to this quantity as validated-test availabil-
ity; the corresponding per-problem distribution is
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Figure 3: Distribution of per-problem validated-test
availability. Most problems achieve near-full test avail-
ability.

shown in Figure 3. For each task, we retain up
to one passing and one failing candidate, prefer-
ring candidates with richer step-level supervision.
Rows with fewer than two supervised steps fall
back to outcome-only KTO, avoiding single-step
supervision that largely duplicates the outcome-
level signal.

3.5 Conflict-Preserving Step Labels

A key design question is how to handle examples
where outcome-level and step-level supervision dis-
agree. Two conflict patterns arise: passing pro-
grams with negative step labels, where the full
program passes dataset tests but at least one super-
vised function fails its function-level tests; and fail-
ing programs with all-positive step labels, where
the full program fails dataset tests even though all



supervised functions pass their unit tests. These
examples reflect a mismatch between local and end-
to-end correctness. Rather than removing them, we
compare masked and conflict-preserving variants
to test whether such cases provide useful training
signal beyond outcome-only supervision and ordi-
nary partial-correctness patterns.

4 Experimental Setup

4.1 Training Configuration

All target models are instruction-tuned code mod-
els that have already undergone substantial post-
training. We fine-tune each model for 1 epoch
using LoRA (Hu et al., 2022) with global batch
size 16. KTO and STEP-KTODER use a learning
rate of 1 x 1076, while DPO uses 5 x 10~7. We
set Astep = 1.0 by default. Full training details are
provided in Appendix B.

4.2 Datasets

Training data is drawn from the training splits of
TACO (Li et al., 2023) and APPS (Hendrycks et al.,
2021). We construct training samples using the
pipeline described in Section 3: reference solu-
tions are decomposed with Qwen2.5-Coder-32B-
Instruct (Hui et al., 2024), and each target model
generates on-policy candidate completions from
the resulting function skeletons. For each problem,
we retain up to one passing and one failing can-
didate using a ranking procedure that prioritizes
positives whose supervised functions all pass their
unit tests and negatives with both passing and fail-
ing function-level labels. Such negatives localize
which components remain correct and which fail
(Appendix A).

Table 1 summarizes the resulting training sets.
For same-family training with Qwen2.5-Coder-
1.5B-Instruct and Qwen2.5-Coder-3B-Instruct, we
include decomposed reference solutions as addi-
tional positive anchors. For cross-family train-
ing with DeepSeek-Coder-6.7B-Instruct, we use
only on-policy generated candidates, since adding
off-policy samples degrades performance (Ap-
pendix M). Rows with fewer than two supervised
steps fall back to outcome-only KTO. As a result,
82% of Qwen2.5-Coder-1.5B-Instruct rows, 83%
of Qwen2.5-Coder-3B-Instruct rows, and 78% of
DeepSeek-Coder-6.7B-Instruct rows carry active
step-level supervision. We justify this threshold in
Section 6.1.

Qwen-1.5B Qwen-3B DeepSeek

Dataset composition

Total rows 11,397 11,440 6,573

GT rows 5,018 5,018 0

Generated rows 6,379 6,422 6,573
Step supervision

Step-supervised 9,376 9,455 5,157

Fallback KTO 2,021 1,985 1,416

Avg. steps / active row 2.66 2.66 2.68
Conflict analysis

Conflicts (0=1, z;=0) 1,194 1,397 1,428
Structure quality

AST alignment 84.2% 84.7% 80.3%

Table 1: Training dataset statistics. Step-supervised
rows contain at least two supervised function-level la-
bels and activate the step-level loss; fallback KTO rows
use outcome-only KTO. Avg. steps / active row is com-
puted over step-supervised rows. AST alignment mea-
sures exact agreement with the decomposition skeleton.

4.3 Evaluation Benchmarks and Baselines

We evaluate on seven code generation bench-
marks: HumanEval (Chen et al., 2021) and Hu-
manEval+ (Liu et al., 2023), MBPP (Austin
et al., 2021) and MBPP+ (Liu et al., 2023), Big-
CodeBench Full and Hard (Zhuo et al., 2025),
and LiveCodeBench (Jain et al., 2025) release
v4_v5. All evaluations use greedy decoding with
vLLM (Kwon et al., 2023).

We compare STEP-KTODER against four
baselines: the original instruction-tuned model,
DPO (Rafailov et al., 2023), KTO (Ethayarajh et al.,
2024), and Target-DPO (Wu et al., 2025). Baseline
construction details are provided in Appendix D.

5 Results
5.1 Main Results

The experimental results are reported in Table 2.
Since all target models are already instruction-
tuned code models, easier benchmarks such as
HumanEval and MBPP leave limited headroom,
and the clearest gains appear on harder bench-
marks. On Qwen2.5-Coder-1.5B-Instruct, STEP-
KTODER improves over KTO by +11.5% on Big-
CodeBench Hard and +7.7% on LiveCodeBench.
On Qwen2.5-Coder-3B-Instruct, the gains are simi-
larly concentrated on the hardest benchmarks, with
+11.3% on BigCodeBench Hard and +9.5% on
LiveCodeBench, while matching or slightly im-
proving KTO elsewhere. DeepSeek-Coder-6.7B-
Instruct shows the same qualitative pattern: Big-
CodeBench Hard improves monotonically from



Method HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard
Qwen2.5-Coder-1.5B-Instruct 0.689 0.604 0.664 0.556 0.240 0.054 0.052
w/ DPO 0.695 0.610 0.664 0.563 0.245 0.054 0.056
w/ Target-DPO 0.683 0.628 0.664 0.558 0.245 0.068 0.019
w/ KTO 0.701 0.610 0.648 0.542 0.245 0.061 0.052
w/ STEP-KTODER 0.701 0.616 0.656 0.548 0.248 0.068 0.056
Relative improvement over KTO 0.0% +1.0% +1.2% +1.1% +1.2% +11.5% +7.7%
Qwen2.5-Coder-3B-Instruct 0.860 0.799 0.741 0.619 0.356 0.101 0.100
w/ DPO 0.854 0.811 0.741 0.630 0.360 0.115 0.112
w/ Target-DPO 0.854 0.805 0.746 0.630 0.351 0.108 0.112
w/ KTO 0.878 0.835 0.741 0.624 0.367 0.115 0.116
w/ STEP-KTODER 0.878 0.835 0.746 0.630 0.367 0.128 0.127
Relative improvement over KTO 0.0% 0.0% +0.7% +1.0% 0.0% +11.3% +9.5%
DeepSeek-Coder-6.7B-Instruct 0.799 0.713 0.746 0.640 0.342 0.108 0.127
w/ DPO 0.799 0.726 0.749 0.643 0.347 0.115 0.127
w/ Target-DPO 0.799 0.738 0.725 0.624 0.346 0.108 0.112
w/ KTO 0.793 0.726 0.749 0.640 0.347 0.122 0.127
w/ STEP-KTODER 0.799 0.732 0.754 0.648 0.347 0.128 0.131
Relative improvement over KTO +0.8% +0.8% +0.7% +1.2% 0.0% +4.9% +3.2%

Table 2: Pass rate across model families and scales. Relative improvements are computed over outcome-only KTO
within each model; gains are largest on harder benchmarks. The best results are highlighted in bold.

DPO to KTO to STEP-KTODER, with STEP-
KTODER achieving a +4.9% gain over KTO, and
LiveCodeBench improving by +3.2%. On the
easier benchmarks, where headroom is limited,
STEP-KTODER remains competitive, obtaining
the best or tied-best result in most cases, with
Target-DPO leading slightly on HumanEval+ for
DeepSeek-Coder-6.7B-Instruct. The gains per-
sist across seeds: STEP-KTODER exceeds KTO
on both BigCodeBench Hard and LiveCodeBench
across three seeds (Appendix E).

Both Target-DPO and STEP-KTODER target
localized code failures, but they optimize dif-
ferent supervision signals: Target-DPO derives
preference pairs from debugging traces and lo-
calizes loss to changed token regions, whereas
STEP-KTODER labels functions directly via unit
tests. STEP-KTODER is consistently stronger
on the harder benchmarks. For Qwen2.5-Coder-
1.5B-Instruct, Target-DPO is competitive on eas-
ier benchmarks and ties on BigCodeBench Hard,
but STEP-KTODER is stronger on LiveCodeBench.
For Qwen2.5-Coder-3B-Instruct and DeepSeek-
Coder-6.7B-Instruct, STEP-KTODER improves
over Target-DPO on both BigCodeBench Hard
(+18.5% for both) and LiveCodeBench (+13.4%
and +17.0%, respectively). On easier benchmarks,
STEP-KTODER ties or improves over Target-DPO
in most cases. Notably, STEP-KTODER uses
at most 11,440 training samples, compared with
Target-DPO’s 59,000 preference pairs.

5.2 Ablations

Table 3 reports three core ablations on Qwen2.5-
Coder-3B-Instruct. First, conflict preservation is es-
sential: masking conflicts reduces STEP-KTODER
to KTO-level performance on BigCodeBench
Hard and decreases on LiveCodeBench as well.
This shows that apparent disagreements between
outcome-level and function-level labels can pro-
vide useful training signal rather than noise to be
removed. Second, Astep, = 1.0 gives the best trade-
off (Astep = 0 corresponds to outcome-only KTO),
reported above. Lower step weights underuse the
function-level signal, while larger weights begin
to regress easier benchmarks without improving
the hardest ones. Third, requiring at least two su-
pervised steps outperforms the looser threshold of
one, consistent with the redundancy of single-step
supervision discussed in Section 6.1.

6 Analysis

6.1 Why Function-Level Supervision Helps

Both DPO and KTO operate at the program level,
weighting the policy—-reference log-ratio by a sin-
gle binary outcome label. They therefore cannot
distinguish which parts of a generated program
contributed to success or failure: when correct and
incorrect functions coexist, outcome-level meth-
ods reinforce or penalize all components together.
STEP-KTODER targets this missing information
by assigning labels to individual functions, allow-



Method HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard
Conflict-handling policy
KTO (no step loss) 0.878 0.835 0.741 0.624 0.367 0.115 0.116
STEP-KTODER + mask conflicts 0.878 0835 0.741 0.624 0367 0.115 0.119
STEP-KTODER + keep conflicts (default) 0.878  0.835 0.746 0.630 0.367  0.128 0.127
Step loss weight Astep
0.5 0.872 0.829 0.746 0.624 0364  0.122 0.127
1.0 (default) 0.878 0.835 0.746 0.630 0.367  0.128 0.127
2.0 0.872 0.829 0.746 0.622  0.363 0.122 0.127
Min. supervised steps threshold
1 0.878 0.835 0.741 0.627 0.363 0.115 0.116
2 (default) 0.878 0.835 0.746 0.630 0.367  0.128 0.127

Table 3: Core ablations on Qwen2.5-Coder-3B-Instruct. We vary conflict handling, the step-loss weight Agtcp, and
the minimum number of supervised steps required to activate the step loss.

ing the model to reinforce locally correct functions
and penalize locally incorrect ones within the same
program. This explains why conflict preservation
matters. When z; = o for all supervised steps,
the step loss is directionally aligned with the out-
come loss and mainly changes where the gradient
is applied. In contrast, when z; # o, the step loss
provides a direction that outcome-level supervi-
sion cannot produce, such as penalizing a specific
function even when the full program passes. Such
conflicts can arise when the decomposed function
interface exposes edge cases not exercised by the
original test suite. Masking these conflicts removes
this directional disagreement, making the remain-
ing step signal largely redundant with outcome-
level supervision. The same reasoning explains the
minimum-supervised-steps threshold. For single-
function rows, the step span covers the full answer,
SO 71 = Tout- When z; = o, the step loss adds
no information beyond a rescaled outcome loss.
Requiring at least two supervised steps filters out
these redundant rows.

6.2 Function-Level Labels Localize Failures

To test whether negative step labels identify func-
tions that contribute to end-to-end failure, we per-
form a repair intervention on failing candidates
whose supervised functions include both positive
and negative labels. We replace the locally neg-
ative functions with their decomposed reference
implementations and evaluate the repaired candi-
dates using the original dataset-provided test suite.
As controls, we replace either the same number of
locally positive functions or the same number of
randomly selected observed functions.

As shown in Table 4, replacing locally negative

Replacement target Repair rate

Local-negative (z; = 0) 74.9%
Random observed 32.9%
Local-positive (z; = 1) 1.2%

Table 4: Repair intervention on failing candidates.

functions repairs 74.9% of failing candidates, sub-
stantially outperforming both random and locally
positive replacement. This suggests that execution-
based step labels localize repair-relevant faults,
rather than merely correlating with outcome cor-
rectness.

6.3 Execution-Based Labels Are Essential

A natural question is whether the execution-based
unit tests at the core of STEP-KTODER are neces-
sary, or whether an LL.M-as-a-judge can provide
comparable step-level supervision. We test this by
replacing execution-based step labels with judg-
ments from GPT-5.4 mini (OpenAl, 2026), and
we retrain Qwen2.5-Coder-3B-Instruct with iden-
tical settings. The LLM shows moderate overall
agreement with execution-based labels (73.2%),
but this aggregate score hides a strong asymme-
try. It agrees with execution on 94.1% of fail-
ing functions, but on only 52.2% of passing func-
tions, systematically over-predicting failure. This
bias corrupts the positive step labels needed for
STEP-KTODER: training with LLM-as-a-judge
labels instead of execution-based labels degrades
performance, especially on BigCodeBench Hard
and LiveCodeBench. Thus, execution-based la-
bels are essential not only because they provide
step-level supervision: they also provide reliable
step-level supervision. Full agreement statistics



and benchmark results across all seven benchmarks
are provided in Appendix N.

7 Conclusion

We propose STEP-KTODER, a framework for
code preference optimization that defines process-
supervision steps as module-level functions in de-
composed programs. By combining outcome-level
KTO with execution-based function labels, STEP-
KTODER provides localized feedback that rein-
forces correct functions while penalizing incorrect
ones. Experiments on post-trained code models
show consistent gains over outcome-only KTO and
DPO, with ablations confirming that preserving lo-
cal/global label conflicts and using execution-based
labels are central to these gains. These results sug-
gest that function-level execution feedback offers a
practical path toward process supervision for code
generation.

8 Limitations

Model and data scope. STEP-KTODER is most
natural when solutions admit a meaningful decom-
position into independently testable functions, and
is most reliable when candidate solutions are gen-
erated on-policy by the target model, which adds
engineering cost for each new model. Our experi-
ments focus on instruction-tuned code models that
have already undergone substantial post-training;
applying function-level supervision earlier, during
SFT or on larger base-model training runs, remains
a promising direction.

Difficulty distribution. Our filtering pipeline re-
quires problems to have a clear function-style struc-
ture or to admit a meaningful decomposition. As a
result, the training data is biased toward problems
whose solutions can be decomposed into testable
functions, while harder competition problems are
less represented. Extending the pipeline to more
complex I/0O formats and harder problem regimes
is a natural next step.

Unit-test quality. Step labels depend on automat-
ically generated unit tests, which we validate by
execution against decomposed reference solutions
but do not formally verify. A mutation-sensitivity
audit (Appendix H) shows that the retained unit
tests reject 92.6% of semantically perturbed refer-
ence implementations, and our repair intervention
(Section 6.2) shows that negative step labels iden-
tify functions responsible for end-to-end failure.

Our LLM-as-a-judge comparison further shows
that execution-based labels are substantially more
reliable than LLM judgments. Still, stronger auto-
mated test-generation or verification methods could
further improve label quality.
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A Preference Pair Selection

For each problem we generate 8 candidate comple-
tions from the target model and select up to one
positive and one negative candidate for the train-
ing set, based on the outcome label o and the step
labels.

Positive candidates. Among candidates with
o = 1, we select the one with the cleanest step-level
signal: we prioritize candidates whose supervised
functions all pass their unit tests, followed by candi-
dates with passing labels and some unknown steps,
then candidates containing both passing and failing
step labels, and finally candidates without active
step supervision. Within each category, ties are
broken by preferring candidates with more locally
passing functions, fewer locally failing functions,
valid parsing, and non-empty outputs.

Negative candidates. Among candidates with
o = 0, we select the one with the richest local
supervision. We first prioritize candidates that con-
tain both passing and failing supervised functions,
since they identify which components remain cor-
rect and which are responsible for the failure. If
none are available, we fall back to candidates with
at least one locally failing function. As a secondary
fallback, we use generated-context labels, obtained
by executing each generated function within the
full generated module rather than inserting it into
the decomposed reference program. We prioritize
candidates with both passing and failing generated-
context labels, then candidates with at least one
generated-context failure, and finally candidates
without informative step signal.

Reference-context and generated-context agree-
ment. We compare our default local labels, com-
puted in the reference context, with generated-
context labels on selected training rows. They
agree on 89.4% of 43,458 comparable super-
vised steps, consistently across models (89.2—
89.6%), suggesting that local labels closely align
with generated-context behavior while isolating
function-level correctness.

Pairing. Tasks with only a positive candidate con-
tribute an unpaired positive row, and tasks with
only a negative candidate contribute an unpaired
negative row; both are usable by KTO but not DPO.
Tasks with both contribute one positive and one
negative row.

B Training Details

We fine-tune all target models with LoRA (Hu et al.,
2022) using rank r = 32, scaling factor @ = 64,
dropout 0.05, maximum sequence length 2048,
and global batch size 16. We use AdamW with
(B1,B2) = (0.9,0.95) and a cosine learning-rate
schedule with 50 warmup steps and minimum ratio
0.1. We use learning rate 1 x 10~% for KTO and
STEP-KTODER, and 5 x 1077 for DPO. For DPO
and KTO, we set § = 0.1. For STEP-KTODER,
we use Sout = Bstep = 0.1, set Agep = 1.0, and
use unit weights for all KTO value-function coef-
ficients: A\p = Ay = ADgstep = AUstep = 1.0.
Sensitivity to these coefficients is analyzed in Ap-
pendix K.

All experiments were run on 2 NVIDIA RTX
AS5000 GPUs with 24 GB of memory.

C Data Construction Cost

For Qwen2.5-Coder-3B-Instruct, data construc-
tion required approximately 78 GPU-hours: 24
GPU-hours for reference decomposition, 43 for
function-level unit-test generation, and 11 for sam-
pling k£ = 8 candidate completions. Decomposi-
tions, skeletons, and tests are generated once and
reused across target models; only candidate sam-
pling and CPU-based execution and labeling are
model-specific.

D DPO and Baseline Construction Details

DPO (Rafailov et al., 2023) trains from paired pref-
erences. Given a prompt z, a preferred solution y ™,
and a dispreferred solution y, its loss is

Lppo = —E [logo (B (re(x,y™) —re(z,y7)))]

where

mo(y | =)

Tret (Y | )

Here, g is the optimized policy, s is the frozen
reference policy, o(-) is the sigmoid function, and
[ controls the KL regularization strength.

In our experiments, DPO pairs are constructed
using the same candidate pool as KTO and STEP-
KTODER: a passing candidate is used as y* and
a failing candidate as y~. Unlike DPO, KTO and
STEP-KTODER operate on individually labeled
candidates, allowing them to use unpaired posi-
tives or negatives. KTO samples are created using
the same candidate rows and outcome labels as
STEP-KTODER, but we discard all function-level

ro(x,y) = log



Method HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard

KTO 0.87210.006 0.827+0.007 0.743+0.003 0.628+10.008 0.364+0.004 0.113+0.004  0.109+0.006

STEP-KTODER 0.87210,006 048293:0_006 0.743:‘:0,004 0.628:{:0,003 0.365i0,003 0.128;{:0,000 0-123j:0.006

Table 5: Mean pass rate =+ standard deviation across three training seeds. Bold denotes the best mean within each

benchmark.
Method HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard
Qwen2.5-7B-Instruct 0.811 0.768 0.839 0.704 0.366 0.135 0.134
w/ DPO 0.817 0.768 0.844 0.706 0.362 0.149 0.142
w/ Target-DPO 0.799 0.744 0.796 0.677 0.376 0.108 0.138
w/ KTO 0.823 0.780 0.847 0.709 0.361 0.155 0.138
w/ STEP-KTODER 0.829 0.787 0.844 0.717 0.362 0.162 0.142

Table 6: Pass rates for the general-purpose Qwen2.5-7B-Instruct model.

step labels, reducing training to outcome-only pref-
erence optimization.

We train Target-DPO (Wu et al., 2025) on its
dataset of 59,000 preference pairs. For compara-
bility, we match our DPO LoRA setup: r = 32,
a = 64, dropout 0.05, global batch size 16, and
learning rate 5 x 1077,

E Multi-Seed Robustness

To assess seed sensitivity, we train Qwen2.5-Coder-
3B-Instruct with both KTO and STEP-KTODER
across three random seeds, holding all other set-
tings fixed. Table 5 reports the resulting mean pass
rate and standard deviation.

STEP-KTODER exceeds seed-matched KTO in
all three runs on both BigCodeBench Hard and
LiveCodeBench. The corresponding mean gains
are 0.015 and 0.014, respectively; on the other five
benchmarks, the difference between the method
means is at most 0.002.

F General-Purpose Model

To test whether this pattern persists for a general-
purpose instruction-tuned model, we additionally
train Qwen2.5-7B-Instruct using on-policy candi-
dates together with the validated ground-truth an-
chors used in our Qwen experiments. Qwen2.5-
7B-Instruct starts from a stronger base than our
other target models on MBPP, BigCodeBench, and
LiveCodeBench. STEP-KTODER exceeds KTO
on six of seven benchmarks, with the largest gains
on BigCodeBench Hard and LiveCodeBench; see
Table 6 for full results.

G Dataset Statistics

This section reports difficulty distributions across
the three stages of our data construction pipeline—
the raw TACO and APPS training splits, the prob-
lems retained after ground-truth decomposition val-
idation, and the final per-source training rows used
by each target model—together with quality statis-
tics for the function-level unit tests generated in
Stage 2.

Raw datasets. Table 7 reports the difficulty com-
position of the raw TACO and APPS training
splits as released. Both datasets contain diffi-
culty annotations covering a wide range from
introductory exercises to competition-level prob-
lems. Our pipeline retains only problems with
an explicit function-style entry point—identified
by a non-empty fn_name field in the dataset’s
annotations—and discards problems with other
interfaces, which typically contain monolithic al-
gorithmic solutions resistant to function-level de-
composition. As a result, higher-difficulty buckets
contribute few or no problems to our training set:
in TACO, only easy, medium, and medium_hard
problems contribute, while hard, very_hard, and
unknown_difficulty problems are filtered out
entirely. In APPS, only introductory and
interview problems remain; competition prob-
lems are excluded.

Ground-truth decomposition validation. Ta-
ble 8 reports per-difficulty pass rates after Stage
1, where ground-truth solutions are decomposed
with Qwen2.5-Coder-32B-Instruct and validated
by execution against the original test suite. In



Source Difficulty # Problems %
easy 8,904 35.0
medium 3,244 12.7
medium_hard 2,745 10.8
TACO 3162 124
very_hard 2,374 9.3
unknown_difficulty 5,014 19.7
Total 25,443 100.0
introductory 2,353 84.0
APPS interview 450 16.0
Total 2,803 100.0

Table 7: Difficulty distribution of the raw TACO and
APPS training splits before any filtering.

Source  Difficulty Total Validated Pass rate
easy 4,112 2,141 52.1%
TACO  medium 1,200 225 18.8%
medium_hard 520 193 37.1%
Total 5,832 2,559 43.9%
APPS introductory 2,325 2,069 89.0%
interview 442 390 88.2%
Total 2,767 2,459 88.9%

Table 8: Ground-truth decomposition validation rates
by difficulty.

the table, Total denotes the number of problems
entering Stage 1 with a clear function-style entry
point, and Validated denotes the number whose
decomposed solution still passes the original tests.
Only validated problems proceed to candidate gen-
eration. Validation is much more permissive on
APPS (88.9%) than on TACO (43.9%). The TACO
drop is concentrated in the harder buckets: easy
validates at 52.1%, medium_hard at 37.1%, and
medium at only 18.8%), reflecting the difficulty of
producing semantically equivalent decompositions
for problems with complex global state.

Final training sets. Table 9 reports the diffi-
culty distribution of the rows actually used to train
each target model. For Qwen2.5-Coder-3B-Instruct
(same-family), we retain all 5,018 validated ground-
truth decompositions as additional positive anchors
and add 6,422 generated rows produced by the
target model itself. For DeepSeek-Coder-6.7B-
Instruct (cross-family), ground-truth rows are dis-
carded (Appendix M) and only on-policy generated
candidates are retained.

The final training sets are skewed toward easier
problems, reflecting both the natural distribution
of decomposition-friendly problems and the per-

difficulty validation rates from Table 8. We discuss
the implications in the Difficulty distribution para-
graph of Section 8.

H Unit Test Generation Quality

Generation and validation protocol. Function-
level unit tests are produced by Qwen2.5-Coder-
32B-Instruct (Section 3.4, Stage 2) and validated by
execution against the decomposed reference imple-
mentation. The generator outputs structured JSON
test cases with named inputs, which are converted
into a unittest class that calls the target function
on each input and compares the result to the refer-
ence output. Tests are validated by execution: only
test classes that parse, execute, and pass against
the ground-truth code are retained. Functions for
which no valid test remains receive a null step la-
bel (z; = @) and fall back to outcome-only KTO
supervision during training. Table 10 summarizes
unit-test generation quality, and Figure 3 shows the
full validated-test-availability distribution.

As shown in Table 10, first-pass parsing suc-
ceeds in over 98% of calls, and covered functions
have around 5.5 valid tests on average, providing
multiple independent assertions per supervised step.
Overall, 83.2% of testable decomposed functions
retain at least one validated test, while mean per-
problem validated-test availability is 84.4%; the
latter is visualized in Figure 3.

Mutation-sensitivity audit. As an additional
sanity check, we evaluate whether the generated
function-level tests detect controlled perturbations
rather than merely executing successfully on the
reference implementation. We audit all 11,705
functions from validated decomposed programs
that retained at least one valid generated unit
test across TACO and APPS, and apply syntax-
preserving mutations to the reference function, in-
cluding comparison flips, Boolean-operator flips,
arithmetic-operator changes, constant perturba-
tions, and default-return replacements. Across
27,958 valid mutants, the generated tests reject
25,880 mutants, yielding a mutation kill rate of
92.6%. This suggests that the retained tests reliably
detect local behavioral changes rather than only
validating executability on the reference solution.

I Representative Function-Level Label
Cases

Incomplete local test. For a Pair of Shoes task
(TACO 11007), the candidate checks whether the



Qwen?2.5-Coder family

DeepSeek-Coder

Source Difficulty Ground truth anchors 1.5B gen. 3B gen. 6.7B gen.
easy 2,141 2,671 2,695 2,748

TACO medium 225 271 278 301
medium_hard 193 245 237 260

APPS introductory 2,069 2,643 2,657 2,661
interview 390 549 555 603

Total rows 5,018 6,379 6,422 6,573

Table 9: Difficulty distribution of the final training sets for each target model. Qwen2.5-Coder-1.5B-Instruct and
Qwen?2.5-Coder-3B-Instruct use the same validated decomposed reference solutions as positive anchors, but differ
in their on-policy generated candidates. DeepSeek-Coder-6.7B-Instruct uses only on-policy generated candidates.

TACO APPS
Decomposition scale
Validated problems 2,559 2,459
Total functions 7,199 6,926
Testable functions 7,144 6,920
Unit-test generation
First-pass parse success 98.8%  99.6%
Testable functions w/ > 1 valid test 82.0% 84.5%
Mean valid tests / covered function 5.46 5.59
Mean per-problem test availability 83.4%  85.4%
Excluded functions
Skipped functions (I/O glue) 55 6

Table 10: Function-level unit test generation quality.
Validated-test availability is over testable functions.

concatenated left and right-shoe sizes are unique,
rather than comparing the two size multisets. Be-
cause the retained test for pair_of_shoes covers
only the empty input, both local labels are positive
although the full program is incorrect. This illus-
trates why STEP-KTODER retains the outcome-
level term.

Useful local/global conflict. In a Task Sched-
uler problem (APPS 171), the candidate passes the
dataset-provided test suite, but its decomposed step
calculate_min_intervals omits len(tasks)
from the maximum, understating the required num-
ber of intervals on inputs where the task count ex-
ceeds the frequency-based bound. Its negative local
label exposes a hidden defect that outcome-only
KTO cannot represent.

J Repair Intervention Details

Beyond the aggregate repair rates reported in Sec-
tion 6.2, we also examine how the intervention
behaves across failure types. The analysis is run
on originally failing Qwen2.5-Coder-3B-Instruct
selected training candidates whose supervised func-

tions include both positive and negative step labels.
For each candidate, we replace local-negative func-
tions with their decomposed reference implemen-
tations and rerun the dataset-provided tests. As
controls, we replace either the same number of
local-positive functions or the same number of ran-
domly selected observed functions.

The repair effect is strongest for wrong-answer
failures: replacing local-negative functions repairs
78.6% of such candidates on the combined APPS
and TACO subset. This suggests that local-negative
labels are especially effective at identifying seman-
tic errors, rather than merely capturing parsing or
execution artifacts.

K Sensitivity to KTO Value-Function
Weights

The default configuration uses unit weights for all
KTO value-function coefficients (A\p = Ay =
ADstep = AUstep = 1.0). The KTO authors rec-
ommend rebalancing Ay when the positive/nega-
tive sample ratio is skewed; our Qwen2.5-Coder-
3B-Instruct training set has a step-level posi-
tive/negative ratio of approximately 2.5:1, moti-
vating a check on whether upweighting undesirable
samples improves performance. When one coeffi-
cient is varied, all other value-function coefficients
remain fixed at 1.0. Table 11 reports two rebalanc-
ing runs against the default.

Both deviations from uniform weights regress
BigCodeBench Hard. The outcome-level A;y = 2.5
run additionally collapses LiveCodeBench perfor-
mance, suggesting that outcome-level rebalancing
is unstable in this setting. One possible explanation
is that the observed positive/negative ratio reflects
the natural pass distribution of a strong instruction-
tuned 3B model rather than simple dataset imbal-
ance; reweighting failures too aggressively may



Configuration HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard

Au = Austep = 1.0 (default) 0.878 0.835 0.746 0.630 0.367 0.128 0.127

AU,step = 2.5 0.878 0.835 0.746 0.624 0.365 0.122 0.127

Au =25 0.878 0.835 0.746 0.624 0.365 0.122 0.049

Table 11: Effect of rebalancing outcome- and step-level Ay on Qwen2.5-Coder-3B-Instruct.

Method HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard

KTO only 0.878 0.835 0.741 0.624 0.367 0.115 0.116

Step only 0.866 0.823 0.741 0.630 0.360 0.100 0.112

STEP-KTODER (default) 0.878 0.835 0.746 0.630 0.367 0.128 0.127

Table 12: Step-only objective ablation on Qwen2.5-Coder-3B-Instruct.

over-allocate gradient budget toward avoiding fail-
ures at the cost of reinforcing successful behavior,
hurting generalization to harder benchmarks.

L Additional Objective Ablations

Our default objective combines outcome-level and
function-level supervision:

['STEP—KTODER = *Cout + )\step»cstep-

To better understand the role of the outcome-
level term, we evaluate a step-only variant on
Qwen2.5-Coder-3B-Instruct. This variant removes
the outcome-level KTO loss and optimizes only the
stepwise loss, allowing us to assess how much sig-
nal is provided by local execution feedback alone.

As shown in Table 12, the step-only variant
retains useful signal from function-level execu-
tion feedback, matching KTO on MBPP and
matching the full STEP-KTODER objective on
MBPP+. However, removing the outcome-level
KTO term weakens performance on HumanEval,
BigCodeBench, and LiveCodeBench. The STEP-
KTODER objective performs best overall, with the
clearest advantage on BigCodeBench Hard. These
results support our formulation of STEP-KTODER
as a joint objective: the step loss provides localized
credit assignment, while the outcome-level term
preserves the end-to-end correctness signal needed
for robust program-level performance.

M Off-Policy Training Data in
Cross-Family Training

To test whether on-policy candidate generation is
necessary, we train DeepSeek-Coder-6.7B-Instruct
on candidates generated by Qwen2.5-Coder-3B-
Instruct on the same set of decomposed problems

used in our main DeepSeek run. Both training
sets share the same decomposed function skele-
tons and unit tests, generated by Qwen2.5-Coder-
32B-Instruct; the only difference is the model that
produced the candidate completions. The Qwen-
generated candidates are fully off-policy with re-
spect to the DeepSeek reference model.

As shown in Table 13, off-policy training de-
grades both methods on the hardest benchmark
(BigCodeBench Hard: KTO 0.122 to 0.115, STEP-
KTODER 0.128 to 0.122). The effect on Live-
CodeBench is asymmetric: KTO regresses sub-
stantially (0.127 to 0.112) while STEP-KTODER
regresses marginally (0.131 to 0.127), suggesting
that function-level supervision is more robust to
policy mismatch than outcome-only supervision.
Easier benchmarks (HumanEval, HumanEval+)
show small improvements under off-policy training,
likely reflecting the broader problem distribution
covered by the Qwen model’s candidate pool.

We attribute the BigCodeBench Hard regression
to noisier log-ratio rewards: when the candidate dis-
tribution diverges from the reference model’s, the
ratio log 7y /mer is poorly calibrated, weakening
the KTO objective. The function-level signal par-
tially compensates because it operates on shorter
token spans, where calibration noise has less cu-
mulative effect. We therefore use the on-policy
configuration as our default setting.

N LLM-as-a-Judge vs. Execution-Based
Step Labels

To evaluate execution-based step labeling against
a common alternative, we compare STEP-
KTODER’s unit-test-based function labels with
annotations from GPT-5.4 mini, applied to the



Training data Method HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus Base Plus Full Hard

On-policy (default) KTO 0.793 0.726 0.749 0.640 0.347 0.122 0.127

On-policy (default) STEP-KTODER 0.799 0.732 0.754 0.648 0.347 0.128 0.131

Off-policy (Qwen 3B-generated) KTO 0.805 0.735 0.749 0.640 0.345 0.115 0.112

Off-policy (Qwen 3B-generated) STEP-KTODER  0.805 0.735 0.751 0.648 0.347 0.122 0.127

Table 13: Effect of training with off-policy data on DeepSeek-Coder-6.7B-Instruct.

same candidate functions in the Qwen2.5-Coder-
3B-Instruct training pipeline. The comparison has
two components: (i) label-level agreement statistics
on the full candidate pool, and (ii) a downstream
training experiment in which execution-based la-
bels are replaced by LLM-as-a-judge labels in the
actual STEP-KTODER training set.

Setup. For agreement analysis, we sample
N=88,469 supervised functions from the
Qwen2.5-Coder-3B-Instruct  candidate  pool,
stratified by the (o, z) outcome—step pair, and ask
GPT-5.4 mini to predict whether each function
would pass its associated unit tests. The judge sees
the function source code and the unit tests, and
returns a binary label with a one-sentence rationale;
the system prompt is reproduced in Appendix O.
For the downstream experiment, we apply the
same procedure only to the supervised functions
in the final training rows, replace execution-based
labels with LLM-as-a-judge labels where available,
and retrain with the same settings as the main
result.

Agreement is asymmetric. Figure 4a reports
agreement by (o, z) stratum, and Figure 4b shows
the row-normalized confusion matrix. Overall
agreement is 73.2%, but this aggregate score hides
a strong asymmetry. The LLM agrees with ex-
ecution on 94.1% of functions labeled as failing
by execution (z=0), but on only 52.2% of func-
tions labeled as passing by execution (z=1). At the
stratum level, agreement is high on both failing-
function strata (o=1,2=0: 92.4%; 0=0, 2=0:
94.8%), but only around 52% on both passing-
function strata.

This pattern indicates that the LLM judge has a
strong false-negative bias: it often flags true fail-
ures, but also frequently hallucinates issues in cor-
rect implementations. This preserves many nega-
tive conflict labels while corrupting the much larger
pool of clean positive step labels.

mmm Execution says: function fails (2= 0)
Execution says: function passes (z=1)

92.4%

52.4% 51.8%

LLM-vs-Execution agreement (%)

Program passes. Program passes.
sssssssssssss nction fails

Program fails Program fails
u n fails
(0=1,z=0)

Function passes Functior
(0=0.z=1) (0=0,2=0)

(a) Agreement by (o, z) stratum.
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(b) Row-normalized confusion matrix.

Figure 4: LLM-as-a-judge agreement with
execution-based labels is high for failing functions
(2=0) but much lower for passing functions (z=1),
revealing a bias toward predicting failure.

Downstream impact. Table 14 compares STEP-
KTODER trained with execution-based labels ver-
sus LLM-as-a-judge labels on Qwen2.5-Coder-3B-
Instruct. Replacing execution labels with GPT-5.4
mini judgments substantially degrades the hardest
benchmarks, with relative drops of 25.8% on Big-
CodeBench Hard and 11.8% on LiveCodeBench.
Notably, BigCodeBench Hard falls below the
outcome-only KTO baseline, confirming that mod-
erate label-level agreement can still hide systematic
bias that harms downstream training.

Discussion. Moderate aggregate agreement does
not translate into useful supervision because the
LLM judge’s errors are highly asymmetric: its



Step labels HumanEval MBPP BigCodeBench LiveCodeBench
Base Plus  Base Plus Full Hard
KTO baseline 0.878 0.835 0.741 0.624 0367 0.115 0.116
STEP-KTODER + execution (default) 0.878 0.835 0.746 0.630 0.367 0.128 0.127
STEP-KTODER + LLM-as-a-judge (GPT-5.4 mini) 0.860 0.817 0.746 0.635 0.354 0.095 0.112
Relative change vs. execution 2.1% -22% +0.0% +0.8% -3.5% -25.8% -11.8%

Table 14: Effect of replacing execution-based step labels with GPT-5.4 mini judgments on Qwen2.5-Coder-3B-

Instruct.

false-negative bias corrupts passing step labels,
which STEP-KTODER needs to stabilize function-
level training. Within the operating regime of our
framework, execution-based labels are not merely
a convenient choice but a necessary one.

O Prompts

Here, we outline the key prompts used in our STEP-
KTODER data construction pipeline. Figure 5
shows the prompts used to decompose reference
solutions into multi-function programs. Figure 6
gives the prompt used for generating function-level
unit tests, and Figure 7 shows the prompt used
to sample on-policy candidate completions from
function skeletons. Finally, Figure 8 gives the
prompt used by the LLM-as-a-judge in our labeling-
method comparison (Appendix N).



Prompt for Function Decomposi

SYSTEM PROMPT

You are an expert Python refactoring assistant.

Your task is to decompose a Python solution into semantically meaningful top-level helper functions
while preserving exact behavior and the exact required interface.

When the solution contains distinct logical stages, decompose it into multiple helper functions
rather than leaving everything inside one large function.

Do not invent trivial helpers or change the algorithm unnecessarily. Follow the requested XML
schema exactly. Return ONLY valid XML. No explanations.

USER PROMPT
Refactor the following Python solution into structured XML with multiple <function> blocks.

Goal:

- Decompose into helper functions where useful.

- Preserve behavior exactly.

- Keep the required entrypoint unchanged (same name and signature).

Required entrypoint (must appear EXACTLY in your code):
{required_entrypoint_line}

Rules:

1. Do NOT introduce class Solution (this is a plain function problem).

2. Do NOT read from stdin or print output.

3. Do NOT include any top-level execution (no main(), no __starting_point(), no if __name__ ==
"__main__": ...).

4. Put helper functions ABOVE the required entrypoint.

5. Each function definition must be in its own <function> block.

6. The <code> section should contain exactly ONE def statement (or one class).

7. Copy all original imports at the very top of the FIRST <code> block.

8. Do NOT add unit tests yet: keep <tests> as placeholder comments.

9. Do NOT define nested functions inside another function or method. Every helper must be
top-level and placed in its own <function> block.

10. When all <code> blocks are concatenated in order, the result must be a valid standalone
Python solution with exactly the same behavior as the original.

11. When the solution contains distinct logical stages, decompose it into multiple semantically
meaningful helper functions.

12. Avoid returning a single large function unless decomposition is genuinely unnecessary.

13. Do not invent trivial helpers just to increase the number of functions.

XML format:
<function name="..."> <docstring>...</docstring> <tests> {tests_placeholder} </tests> <code> ...
code here ... </code> </function>

Problem: {problem_description}
Original solution: {ground_truth_solution}

Refactored XML format (ONLY XML):

Figure 5: System and user prompts used to decompose reference solutions into behavior-preserving multi-function
programs.



Prompt for Unit Test Generation

OQutput must be a JSON object with this exact schema:
{ "cases": [ {"name": "short_name"”, "args": [...], "kwargs": {...}}, ... 1}

Rules:
- args must be a JSON array; kwargs must be a JSON object (use {} if none).

- Use only JSON-serializable values: null, true/false, numbers, strings, lists, objects.
- Keep inputs physically SMALL (e.g., arrays under 5 items, integers between -50 and 50) to avoid

execution timeouts.
- The test suite MUST include at least one or two ADVERSARIAL EDGE CASES (e.g., empty lists [],

empty strings "", zero @, or negative numbers -1).
- Do NOT make every case an edge case. Provide a balanced mix of typical and boundary inputs.

- Do NOT include expected outputs.
- Provide 4 to 6 diverse cases.

Figure 6: User prompt schema and constraints for generating function-level unit tests. The model returns only test
inputs; expected outputs are derived by executing the reference implementation.

Prompt for Candidate Generation

Solve the following programming problem.
You MUST implement the provided skeleton by replacing each pass with a correct implementation.

Rules:
- Keep all function/class names and signatures unchanged.

- Do not remove any definitions.

- Do not add new functions, methods, or classes.

- Only fill the bodies of the provided definitions.
- Return a single complete Python module.

#i## problem
{question}

### skeleton
{skeleton_code}

Figure 7: User prompt for candidate generation. The target model fills the function skeleton (with pass as each
function body) constructed in Stage 3 of our pipeline.

Prompt for LLLM-as-a-Judge

You are an expert Python programmer acting as a code reviewer. You will be given a Python
function and a set of unit tests for that function. Your job is to decide whether the function

implementation would pass all the provided unit tests when executed.

Respond in strict JSON of the form:
{"label”: @ or 1, "reason”: "<one short sentence>"}

- label = 1 means you believe the function would pass all provided tests.
- label = @ means you believe at least one test would fail.

Do not include any other text outside of the JSON object.

Figure 8: System prompt for the GPT-5.4 mini judge in the LLM-as-a-judge experiment (Appendix N). The judge
sees the function’s source code and its generated unit tests, and predicts whether the function passes them.
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