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Abstract

Large language models (LLMs) have demon-
strated remarkable capabilities in code genera-
tion tasks. However, their effectiveness heavily
relies on supervised training with extensive la-
beled (e.g., question-answering pairs) or unla-
beled datasets (e.g., code snippets), which are
often expensive and difficult to obtain at scale.
To address this limitation, this paper introduces
a method IPC, an unsupervised framework
that leverages Internal Probing of LLMs for
Code generation without any external corpus,
even unlabeled code snippets. We introduce
the problem space probing, test understanding
probing, solution space probing, and knowl-
edge consolidation and reinforcement to probe
the internal knowledge and confidence patterns
existing in LLMs. Further, IPC identifies reli-
able code candidates through self-consistency
mechanisms and representation-based quality
estimation to train UCoder (coder with unsu-
pervised learning). We validate the proposed
approach across multiple code benchmarks,
demonstrating that unsupervised methods can
achieve competitive performance compared to
supervised approaches while significantly re-
ducing the dependency on labeled data and
computational resources. Analytic experiments
reveal that internal model states contain rich
signals about code quality and correctness, and
that properly harnessing these signals enables
effective unsupervised learning for code gener-
ation tasks, opening new directions for training
code LLMs in resource-constrained scenarios.

1 Introduction

Large language models (LLMs) have demonstrated
strong capabilities in code generation, producing

functional code from natural language descriptions.

This progress has attracted substantial interest from
both academia and industry due to its practical
impact on software development. Closed-source
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Figure 1: Comparison between supervised and unsuper-
vised paradigms for code generation.

LLMS such as GPT-5 (OpenAl, 2025) and Claude-
4.5 (Anthropic, 2025) can generate file-level code
with high accuracy, while open-source alternatives,
including StarCoder (Li et al., 2023; Lozhkov et al.,
2024), DeepSeek-Coder (Guo et al., 2024), and
QwenCoder (Hui et al., 2024) have emerged as
competitive solutions for code intelligence.

Most existing approaches for improving code
generation rely on supervised instruction tuning,
where LLMs are fine-tuned on curated problem-
solution pairs annotated by human experts or LLM-
based annotated. However, creating high-quality
instruction data requires substantial human effort
in problem design, implementation, and verifica-
tion, with costs increasing as model capabilities
advance. The recent (Yue et al.; Ye et al., 2025;
Chu et al., 2025) works emphasize that pre-training
brings the knowledge, and post-training is weak
at knowledge integration but focuses on knowl-
edge utilization and alignment. These challenges
motivate a fundamental question: Can LLMs au-
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Figure 2: Overview of the proposed six-stage self-bootstrapping framework for unsupervised code generation.

tonomously improve their generation capabilities
using post-training without any external corpus,
relying only on pre-trained knowledge?

In this work, we introduce an unsupervised
framework that performs Internal Probing of LLMs
for Code generation, enabling post-training with-
out external corpora or human-annotated instruc-
tion data. Our approach exploits latent program-
ming knowledge in LLMs and uses execution feed-
back as a scalable, deterministic supervision signal
grounded in program semantics. We implement
a six-stage self-bootstrapping process that gener-
ates diverse programming tasks, synthesizes test
suites, samples candidate solutions, and applies
execution-driven consensus clustering to identify
correct implementations. High-consensus solutions
are iteratively consolidated as training data, form-
ing a feedback loop that progressively improves
model performance.

Despite using no external data, UCoder achieves
comparable performance to the supervised baseline
across multiple benchmarks. The primary contribu-
tions of this work are:

* We successfully probe latent programming
knowledge in LLLMs by forcing models to
generate programming problems and their
solutions, then identify correct solutions by
finding clusters of similar implementations.
Then, the self-training method progressively
improves the LLM by reinforcing solutions.

* Based on the self-generated data from the
unsupervised framework using internal prob-
ing of LLMs (IPC) without any external data,
UCoder (7B, 14B, 32B) achieves performance
competitive with supervised baselines.

* We provide empirical analysis showing that
self-generated data maintains rich lexical,

semantic, and structural diversity, while
consensus-based selection improves solution
quality and exhibits inverse scaling behavior.

2 Unsupervised Code Generation

2.1 Task Definition

2.1.1 Supervised Code Generation

Supervised code generation is formulated as a
sequence-to-sequence learning task. Given a train-
ing dataset D = {(w;,y;)}Y,, the model parame-
ters are optimized by maximizing log-likelihood:

N
0" = arg max Z log po (yi|x;)

1=1

ey

where x; € X denotes a natural language query,
yi € Y represents the corresponding reference im-
plementation, and py(y|z) is the conditional dis-
tribution over code sequences parameterized by 6.
We adopt Pass@k (Chen et al., 2021a) to evaluate
code correctness, which measures the probability
that at least one of k£ independently sampled solu-
tions passes all test cases.

2.1.2 Unsupervised Code Generation

Unsupervised code generation aims to improve
LLM code generation capabilities without human-
annotated supervision. Given an initial model
My : X — ), the objective is to develop a self-
improvement algorithm A producing an enhanced
model M* = A(My) such that Pass@k(M*) >
Pass@k(Mp) on held-out test sets, without ac-
cess to paired training data (x,y) € X x ). This
presents three fundamental challenges: (1) Prob-
lem Space Construction. Automatically gen-
erating diverse programming problems with ap-
propriate difficulty distributions while maintain-
ing semantic clarity; (2) Unsupervised Correct-
ness Verification. Assessing functional correct-
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ness without reference implementations; (3) Self-
Bootstrapping Signal Construction. Extract-
ing reliable training signals from noisy candidates
while ensuring iterative stability. We address these
through an execution-driven consensus mechanism
coupled with a self-bootstrapping framework, de-
tailed in the following sections.

2.2 Probing Internal Knowledge in LL.Ms

LLMs encode extensive programming knowledge
through pre-training, yet this knowledge remains
implicit and difficult to elicit. We propose a six-
stage framework to surface and reinforce these la-
tent capabilities, as shown in Figure 2. First, we
probe the problem space (Stages 1-3) by prompting
the model to generate algorithmic problems with
complete specifications, revealing its understand-
ing of programming paradigms and data structures.
Representative examples of problem generation,
difficulty assessment, and solution skeleton con-
struction are illustrated in Figure 3.

We then assess semantic understanding (Stage 4)
by generating approximately 100 test cases per
problem to identify boundary conditions and edge
cases. At the core (Stage 5), we probe the solu-
tion space via dense sampling, where execution-
driven consensus clustering reveals that correct im-
plementations form tight clusters while incorrect
ones are dispersed. We quantify solution quality us-
ing execution success rate e(r), consensus strength
s(r), and code fluency f(r). Finally (Stage 6), we
consolidate high-consensus samples through su-
pervised fine-tuning, reinforcing correct patterns.
The process forms a positive feedback loop: at
iteration ¢, the improved LLM M produces higher-
quality candidates, enabling more reliable selection
and further strengthening My . Our experimental
results in subsection 3.2 validate that pre-trained
models already contain the knowledge required to
solve target tasks in implicit form.

2.3 Execution-Driven Consensus Clustering

Our approach exploits that correctness is singular
while incorrectness is diverse: correct implementa-
tions produce identical outputs, but incorrect ones
fail heterogeneously. This clustering structure al-
lows the maximum-consensus cluster to indicate
correctness without ground truth, formalized in
Theorem 2.4 and validated in subsection 4.2.

2.3.1 Definitions

Consensus clustering has three definitions.

T
ni
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Figure 3: Problem space probing proceeds through three
stages: problem generation with function signatures and
input-output contracts, difficulty rating assessment and
categorization, and solution skeleton generation with
implementation structure.

Definition 2.1 (Execution Signature). Given can-
didates R = {ry,...,m,} and tests T =
{t1,...,tm}, define Exec : RxT — OU{Ll}
as the execution function that returns the output
of running candidate r; on test input ¢;, or L if
execution fails (e.g., runtime error or timeout). The
execution signature of r; on T is

o(ri;T) = @EXGC(’]"Z‘,tj), @
j=1

where € denotes ordered concatenation. Two can-
didates r;, r; share the same signature o (r;; 1) =
o(r;;T) if and only if they produce identical out-
puts on all test inputs, indicating behaviorally
equivalent implementations.

Definition 2.2 (Consensus Clusters). If o(r;, T) =
a(rj, T'), we can regard the 7; and 7; as equiva-
lent solution. Given the value of o(r;, T"), we can
partition R into clusters C = {C1, ..., Cy} of be-
haviorally identical candidates.

Definition 2.3 (Quality Metrics). Each candidate
r € R is scored by:

e(r) = {t € T : Exec(r,t) #L}|
T 7

3)

where e(r) measures execution success, s() con-
sensus strength, and f(r) code fluency.

2.3.2 Hierarchical Selection

We select the valid candidates using three criteria:
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Model HumanEval MBPP
HE HE+ | MBPP MBPP+

CodeLlama-7B-Instruct 40.9 33.5 39.9 33.6
DS-Coder-6.7B-Instruct 744 713 74.9 65.6
OpenCoder-8B-Instruct 83.5 78.7 79.1 69.0
Qwen2.5-Coder-7B 61.6 53.0 76.9 62.9
Qwen2.5-Coder-7B-Instruct 88.4 84.1 83.5 71.7
UCoder-7B 83.5 76.8 85.2 72.2
CodeLlama-13B-Instruct 40.2 323 60.3 51.1
Starcoder2-15B-Instruct-v0.1 | 67.7  60.4 78.0 65.1
DS-Coder-V2-Lite-Instruct 81.1 75.6 82.8 70.4
Qwen2.5-Coder-14B 64.0 579 81.0 66.7
Qwen2.5-Coder-14B-Instruct | 89.6  87.2 86.2 72.8
UCoder-14B 87.8 81.1 86.5 74.3
CodeLlama-34B-Instruct 48.2  40.2 61.1 50.5
DS-Coder-33B-Instruct 81.1 75.0 80.4 70.1
DS-Coder-V2-Instruct 85.4 82.3 89.4 75.1
Qwen2.5-Coder-32B 659 604 83.0 68.2
Qwen2.5-Coder-32B-Instruct | 92.7  87.2 90.2 75.1
UCoder-32B 89.0 829 89.7 75.7
GPT-40-2024-08-06 92.1 86.0 86.8 72.5
Claude-3.5-Sonnet-20241022 | 92.1  86.0 91.0 74.6

BCB-Complete | BCB-Instruct | LiveCode- | FullStack-
Full Hard Full Hard Bench Bench
25.7 4.1 21.9 34 7.1 25.40
43.8 15.5 35.5 10.1 15.5 40.16
50.9 18.9 43.2 182 23.2 41.08
45.8 16.2 - - - -
48.8 20.3 41.0 182 18.2 47.95
52.0 22.3 41.1 15.5 22.9 51.27
31.7 6.8 28.5 9.5 6.1 27.00
45.1 14.9 37.2 11.5 12.1 42.68
47.6 18.2 36.8 16.2 24.3 -
51.8 22.3 - - - -
56.7 29.7 484 222 234 55.28
53.9 24.3 40.9 16.2 20.6 52.52
35.6 10.8 29.0 8.8 8.4 27.56
51.1 20.9 42.0 17.6 21.3 48.19
59.7 29.7 482 243 27.9 56.37
53.6 26.4 - - - -
58.0 33.8 49.6 27.0 314 56.88
554 27.7 45.7 17.6 214 53.35
- 36.5 50.1 25.0 34.6 58.89
58.6 35.1 46.8 257 31.6 60.70

Table 1: Performance comparison of Qwen2.5-Coder Base and Instruct models with our iterative SFT models
across code generation benchmarks. All metrics represent Pass@1 execution rates (%). Complete split is reported
for Base models and Instruct split for Instruct models. Bold indicates best performance within each size category.

“-” denotes unavailable or inapplicable results.

(1) Reliability Filtering. Candidates with low ex-
ecution success are removed (threshold p = 0.8):
R ={reR:e(r) > p}.

(2) Consensus Selection. We select the largest non-
trivial cluster: C* = arg maxcecr, (0> |C|

(3) Intra-Cluster Selection. Within C*, we choose

r* = arg max,cc+(e(r), — f(r)).
2.3.3 Theoretical Guarantee

Theorem 2.4 (Consensus Convergence). Let R =
{r1,...,mn} be n candidates sampled indepen-
dently from a model, and let T denote a set of
unit tests. Assume that at least k& candidates in R
are functionally correct with probability at least
1 — 4, and that any pair of incorrect implementa-
tions produces identical outputs on a single test
with probability at most p < 1.
If the test set size satisfies

log(n/k)

T >
7| > R,

then the largest consensus cluster Cax contains
only correct implementations with probability at
least

P(Crnax is correct) > 1 — 6 — n?pl7].

2.4 Iterative Self-Training

We formalize the iterative self-training procedure
and explain why it yields consistent improvement.

Definition 2.5 (Iterative Update). At iteration ¢,
we construct training set D; = {(¢;, )}, where
each 7 is selected via consensus from n candidates
sampled from M, and update:

0;+1 = arg max log pe (r* . 4

1= argm (w*z)ept gpo(r” | q) )
Why Self-Training Improves Performance? It-
erative self-training is effective because consensus
selection acts as a quality filter. Let Q(r) € [0, 1]
denote candidate quality. For n independent sam-
ples, random selection yields expected quality
E,~m,[Q(r)], whereas consensus selection favors
correct implementations that cluster by execution
behavior, achieving (for some A > 0):

E[Q(r")] = Eram, [Q(r)] + A, )

Optimizing on D; shifts the model toward higher-
quality samples. As M increases py(r* | q) for
above-average outputs:

ETNMf,-H [Q(T)] > ET‘NMt[Q(T)L (6)
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Iter HumanEval MBPP BCB-Complete BCB-Instruct LiveCode- | FullStack-
HE HE+ MBPP MBPP+ Full Hard Full Hard Bench Bench

0 77.4 67.1 72.0 63.0 444 15.5 34.6 149 13.0 40.2

1 | 817,43 744,73 | 72000 63000 | 51.3:6.90 230,75 | 422,76 20960 | 153,203 | 482,79
2 841,67 774,103 | 79.1,71 66.4.3 4 447,03 1499 6 35.8,1 .0 1225 7 14.5.1 5 40.2.0.1
3 | 841,67 768,97 | 812,92 690,60 | 44400 15.5¢0.0 34501 13514 | 214,84 | 40200
4 | 841,67 774,103 | 791,71 664,34 | 447,03 14906 | 35812 12257 | 145,15 | 40291
5 | 81.7,4.3 750,79 | 839119 712,82 | 522,78 19.6,41 | 407,61 14207 | 206,76 | 50.0,9.7
6 | 835,61 768,97 |852,1325 722,95 | 520,76 22368 | 4l.li6.5 15.5.06 | 229,99 | 513,110
0| 85 76.8 75.9 64.0 533 23.6 432 162 2.1 50.1

1| 8540 77406 | 878110 T33i05 | B300s 21600 | 41055 14250 | 17645 | 53.6.5 5
2 | 848,13 762096 | 849,90 70.6,6.6 | 50429  23.60.0 40923 15507 | 19130 | 4990.2
3 | 848,13 780412 | 836,77 722,82 | 516,07 23006 | 41814 15507 | 183358 | 49803
4 | 848,13 780,12 | 841,80 728,38 | 51815 18254 | 4115, 12834 | 22.1p.0 | 50.440.3
S | 878,43 81,43 |865.106 743103 | 53906 243,07 | 40923 1620 | 20.6.15 | 52.5.2.4
6 | 872,37 805,37 | 844,835 Tl7.77 | 53.30.0 23.00.6 | 435,03 16200 | 229,958 | 51.6,1.5
0 86.0 78.0 86.2 72.2 54.8 284 44.6 18.9 22.1 53.0

1| 878,18 823,43 | 899,37 759,37 | 554,06 23.6.48 | 44501 17.613 17.6.4.5 | 543412
2 | 86.6,0.6 8l.l,3.1 | 884,20 746,04 | 562,14 23054 | 448,02 18909 1606.1 | 52406
3 87.8,1 .8 81.1,3 1 88.9.5 7 74.6,5 4 5430 5 22361 4380 8 1695 ¢ 19.8.5 3 54.7.1 7
4 | 89.0,30 829,49 | 8.7.35 757.3.5 | 55406 27707 | 457,11 17.6.1.3 | 21407 | 534,03
5 | 84,24 817,37 | 878,16 733,11 | 54503 2434, | 43803 18900 | 229,08 | 533,02
6 | 884,04 823,43 | 892i30 T4li19 | 54008 23648 | 44105 16920 | 229,058 | 53.8,0.7

Table 2: Performance (Pass@1) across iterative SFT rounds at different model scales using Qwen2.5-Coder as the
base model. Orange-highlighted rows show Iter O (initial model trained on seed data), while subsequent iterations
use self-generated synthetic data. Blue-highlighted rows indicate the best-performing iteration for each scale.
Bold denotes best performance, underline denotes second-best performance for each metric within each scale, and
subscripts show differences from Iter 0 (green for improvement, red for decline).

where it induces a positive feedback loop where im-
proved models generate higher-quality candidates
and more reliable training signals.

3 Experiments

3.1 Training and Evaluation Details

Model Configuration. We experiment with
Qwen2.5-Coder(Hui et al., 2024) models at 7B,
14B, and 32B scales, starting from base check-
points without prior instruction tuning and applying
identical self-bootstrapping procedures across all
scales for fair comparison.

Training Hyperparameters. We employ consis-
tent training settings across experiments. Mod-
els are fine-tuned for 3 epochs per iteration using
AdamW with a learning rate of 5e-6 and a cosine
decay schedule. We use a batch size of 128 with
gradient accumulation to fit memory constraints.

Evaluation Benchmarks. We evaluate on six
benchmarks: HumanEval (Chen et al., 2021b) and
MBPP/MBPP+ (Austin et al., 2021) assess classic
Python programming; LiveCodeBench (Jain et al.,
2024) provides contamination-free competitive pro-
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Figure 4: Lexical entropy distribution of 16,867 gen-
erated problems. Histogram with KDE shows per-
problem entropy; CDF (green) and boxplot show cu-
mulative coverage.

gramming problems; BigCodeBench (BCB) (Zhuo
et al., 2024) evaluates function completion with
broader context and API usage (both Complete
and Instruct variants); and FullStackBench (Liu
et al., 2024) covers diverse real-world scenarios.
We report Pass@1 accuracy with execution-based
validation; solutions must pass all test cases.

3.2 Main Results

Table 1 demonstrates that unsupervised self-
bootstrapping achieves performance comparable to
supervised instruction tuning across diverse code
generation benchmarks. Compared with other
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Figure 6: Quality distribution characterization. Top: per-
plexity distribution (computed per-token over generated
code) across 9,700 samples with quartile stratification
and KDE overlay (truncated at 1.12). Bottom: perplex-
ity versus execution success rate, showing high-quality
samples (80%+ success) concentrated below 1.05.

instruction-tuned models of similar scale, UCoder
exhibits competitive or superior performance, con-
sistently matching or exceeding Qwen2.5-Coder-
Instruct on challenging benchmarks including
MBPP+, BigCodeBench-Complete, and FullStack-
Bench at all model scales (7B, 14B, 32B). Although
certain Instruct models retain advantages on Hu-
manEval, our approach progressively narrows this
gap as model scale increases. These results indi-
cate that execution-driven self-training can effec-
tively elicit the latent instruction-following capabil-
ities embedded in pre-trained code models, achiev-
ing supervised-level performance without requiring
any human annotations or curated instruction data.

3.3 Effects of Iterative Self-Improvement

Table 2 reports performance across six self-
bootstrapping iterations at three model scales,
demonstrating both framework effectiveness and
scale-dependent dynamics.

Framework Effectiveness. Iterative  self-
bootstrapping consistently improves performance
without external supervision. Across benchmarks,
all model scales show substantial gains over
seed-trained baselines (Iter 0), with improvements
of +6.1 to +13.2 points at 7B, +4.3 to +10.6 at
14B, and +3.0 to +4.9 at 32B. Gains are most
pronounced on benchmarks requiring diverse
programming skills, such as MBPP, FullStack-
Bench, and LiveCodeBench, rather than narrowly
scoped tasks like HumanEval. This supports our
hypothesis that self-generated problem diversity
combined with execution-driven consensus
expands capability coverage beyond seed data.

Inverse Scaling of Improvement. Performance
gains exhibit an inverse scaling trend, with smaller
models benefiting disproportionately. We attribute
this effect to latent capability gaps, where pre-
trained knowledge is only partially accessible
through standard prompting. Consensus-based
selection mitigates this gap by reinforcing cor-
rect patterns that smaller models generate incon-
sistently. Notably, the self-improved 7B model
reaches 85.2% on MBPP, approaching the 32B
baseline (86.2%), highlighting self-bootstrapping
as a compute-efficient alternative to model scaling.

Convergence Characteristics. The optimal num-
ber of iterations decreases with model scale—six
for 7B, five for 14B, and four for 32B. Beyond these
points, performance exhibits mild oscillation rather
than degradation, reflecting a trade-off between spe-
cialization on synthetic data and generalization to
held-out distributions. These observations motivate
early stopping based on validation performance.

4 Analysis
4.1 Diversity of Self-Generated Problems

Lexical Diversity. We quantify lexical diver-
sity using Shannon entropy H = — ). p; log, p;,
where p; denotes token probability. Figure 4
shows a near-Gaussian entropy distribution (mean
w = 3.64 bits, 0 = 0.69, median 3.62), indicating
natural variation rather than templated construction.
The smooth CDF and moderate interquartile range
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Method HumanEval MBPP BCB

HE HE+ MBPP MBPP+ Full
UCoder 774 67.1 72.0 63.0 44.4
Random 73.8 64.6 65.6 56.6 45.5
Cluster 73.8 66.5 68.8 58.5 41.3
Low PPL 77.4 70.7 70.1 59.3 45.6
Success Rate 75.0 67.7 66.9 57.1 414
UCoder 83.5 76.8 75.9 64.0 533
Random 81.7 76.2 71.7 60.1 53.8
Cluster 82.3 76.8 73.0 64.0 50.4
Low PPL 829 77.4 73.3 63.5 50.7
Success Rate 82.3 75.6 74.1 63.2 50.6
UCoder 86.0 78.0 86.2 R 54.8
Random 84.8 79.3 80.7 69.6 53.7
Cluster 83.5 75.6 81.5 71.2 53.9
Low PPL 84.1 76.2 79.9 67.5 53.5
Success Rate 82.3 75.6 81.2 69.6 54.1

-Complete BCB-Instruct LiveCode- | FullStack-
Hard Full Hard Bench Bench
15.5 34.6 14.9 13.0 40.25
14.9 37.5 135 10.7 33.55
12.2 36.5 12.2 10.7 38.35
17.6 37.3 12.2 12.2 37.11
11.5 33.0 12.2 12.2 40.01
23.6 43.2 16.2 22.1 50.09
20.9 43.3 17.6 16.8 47.95
18.2 424 15.5 17.6 48.55
20.3 422 23.0 19.1 49.32
20.9 41.3 14.9 17.6 47.36
28.4 44.6 18.9 22.1 53.05
25.0 46.6 21.6 153 39.18
23.0 45.1 16.9 13.0 49.91
21.7 454 23.0 18.3 50.09
277 442 17.6 214 50.50

Table 3: Ablation study comparing data selection strategies across model scales: UCoder (execution-driven
consensus), Random (random sampling from successful solutions), Cluster (clustering-based), Low PPL (lowest
perplexity), and Success Rate (weighted by execution success). All metrics show Pass@1 execution rates (%).
Bold/Underline indicate best/second-best performance per size category.

further suggest balanced coverage from concise to
elaborate specifications.

Semantic Coverage. As shown in Figure 8
(Appendix), the generated problems contain 229
domain-specific terms across seven categories, with
Data Structures (18.3%), Algorithms (14.8%), and
String Processing (11.4%) being most prominent.
No category exceeds 20%, demonstrating broad
semantic coverage, while concrete algorithmic
terms (e.g., dijkstra, greedy, traversal) indicate
non-generic, verifiable challenges.

Complexity Distribution. We assess problem
difficulty using a Complexity Score (aggregating pa-
rameter count, description length, and algorithmic
keywords) and conceptual breadth using a Seman-
tic Coverage Score (weighted keyword matches
across seven categories). As shown in Figure 5,
the two metrics exhibit moderate correlation (r =
0.664) with continuous distributions (complexity:
3.55 £ 1.60, semantic: 3.16 £ 1.32), suggesting a
natural difficulty continuum for curriculum learn-
ing. Detailed definitions are in Appendix B.1.

4.2 Execution-Driven Consensus Effectiveness

Complexity Distribution. We assess problem
difficulty and conceptual breadth using a Com-
plexity Score (0-10, aggregating parameter count,
description length, algorithmic keywords, and

constraints) and a Semantic Coverage Score
(weighted keyword matches across seven cate-
gories). Detailed score definitions are provided in
Appendix B.1. Figure 5 shows a moderate positive
correlation (r = 0.664), indicating that more com-
plex problems tend to integrate multiple concepts.
Problems span the full score ranges (complexity:
3.55 4+ 1.60, semantic: 3.16 + 1.32) with a contin-
uous density profile, suggesting a natural difficulty
continuum suitable for curriculum learning.

Quality Distribution Characterization. Given
this diversity, we examine whether solution qual-
ity exhibits sufficient separation for reliable selec-
tion. Figure 6 shows the perplexity distribution
over 9,700 sampled candidates and its relationship
with execution success. The distribution is right-
skewed (mean 1.03, std 0.03) with clear stratifi-
cation: high-quality samples concentrate at low
perplexity values around 1.01, while lower-quality
samples progressively shift toward higher perplex-
ity, extending beyond 1.10. Consistently, solutions
with execution success rates above 80% cluster
predominantly below perplexity 1.05, with rapid
performance degradation beyond this range. This
sharp transition indicates that high-quality solu-
tions form a distinct and identifiable subset within
the candidate pool.
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Figure 7: Filtered dataset (green) improves quality over
full dataset (gray) while maintaining diversity.
Quality Improvement. Consensus-based filter-
ing yields substantial improvements across all qual-
ity metrics. In Figure 7, the filtered dataset con-
sistently outperforms the full dataset in success
rate, error-free rate, and code uniqueness. These
gains are achieved without sacrificing diversity, as
structural and semantic entropy remain comparable
between datasets. This demonstrates that execution-
driven consensus selection effectively resolves the
quality—diversity trade-off. Detailed metric defini-
tions are provided in Appendix B.2.

4.3 Ablation Study

To isolate the effect of data selection, we compare
our consensus-based approach with four alterna-
tives: Random uniform sampling, Cluster selec-
tion from dominant output-hash clusters, Low PPL
selection based on minimal perplexity, and Success
Rate filtering with a 0.5 execution threshold. Ta-
ble 3 shows our approach consistently outperforms
all baselines across three model scales, achieving
the best results on most benchmarks. The perfor-
mance gap widens with scale, on FullStackBench,
the margin over Random increases from 6.7 points
at 7B to 13.9 points at 32B, suggesting larger mod-
els produce more diverse candidate pools where
principled selection matters most. While individ-
ual baselines excel on specific benchmarks, none
matches the robustness of consensus-based selec-
tion. Notably, Success Rate filtering fails to con-
sistently outperform Random, indicating binary
pass/fail criteria inadequately capture quality dif-
ferences, whereas consensus-based selection lever-
ages behavioral consistency across test inputs as a

richer quality signal.

5 Related Work

Unsupervised Learning for Code Post-training.
Unsupervised learning has become increasingly
prominent in code generation through pre-training
on vast unlabeled code repositories, building on
early findings that source code exhibits statisti-
cal regularities similar to natural language (Roz-
iere et al., 2023; Guo et al., 2024; Li et al., 2023;
Lozhkov et al., 2024; Zhang et al., 2025; Yang
et al., 2025). Recent work on unsupervised code
post-training has focused on leveraging unlabeled
code snippets and use LLM to generate synthetic
question-answering data. Magicoder (Wei et al.,
2023) uses open-source code examples to teach
LLMs how to create varied coding instructions and
training data. Besides, WizardCoder (Luo et al.,
2023) progressively evolves simple coding instruc-
tions into complex ones for training. Further, Wave-
Coder (Yu et al., 2023) and CodeArena (Yang et al.,
2024) generate more diverse and high-quality in-
struction data from the open source code dataset.
Besides, there are some works (Pravilov et al.,
2021; Ahmad et al., 2023; Zhang et al., 2026; Li
et al., 2026; Liu et al., 2025; Yang et al., 2026b,c)
that adopt supervised learning for code translation
and code change tasks.

Code Instruction Tuning. Instruction tun-
ing (Huang et al., 2025; Hui et al., 2024; Yang
et al., 2025, 2026a; Li et al., 2024; Lai et al., 2026)
has emerged as an effective approach for improving
LLMs by fine-tuning on instruction-based datasets,
enabling better generalization and instruction-
following capabilities. To enhance code LLMs, re-
searchers researchers have enhanced multiple code
tasks and benchmarks, such as code generation of
multiple domains (e.g., BigCodeBench (Zhuo et al.,
2024), FullStackBench (Liu et al., 2024)), multi-
lingual code generation (e.g., MultiPI-E (Cassano
et al., 2023), McEval (Chai et al., 2024)), and com-
petitive programming (e.g., LiveCodeBench (Jain
et al., 2024)).

6 Conclusion

In this work, we introduce an execution-driven
self-bootstrapping framework that removes the
need for human-annotated instruction data in code
generation. UCoder exploits latent programming
knowledge in pre-trained models and uses execu-
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tion feedback as a scalable, deterministic supervi-
sion signal for autonomous improvement. Guided
by execution-driven consensus clustering, iterative
self-training identifies correct implementations via
behavioral consistency and constructs high-quality
training data. Our results demonstrate that code
models can achieve performance competitive with
supervised baselines through fully autonomous
learning, highlighting a scalable and cost-effective
path for advancing code intelligence.
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Limitations

Despite the promising results, our work has several
limitations that warrant future investigation. First,
the effectiveness of our consensus-based selection
mechanism relies on the availability of executable
test cases, which may not always be feasible for
certain programming tasks or domains where for-
mal specifications are difficult to construct. Second,
while our method demonstrates strong performance
on standard benchmarks, the computational cost
of generating and evaluating 128 candidate solu-
tions per problem remains substantial, potentially
limiting its applicability in resource-constrained
scenarios. Third, our approach primarily focuses
on functional correctness through execution-based
validation, which may not capture other impor-
tant code quality attributes such as maintainability,
documentation quality, or adherence to specific
coding standards beyond those explicitly testable.
Fourth, the iterative self-training process exhibits
diminishing returns and potential overfitting to syn-
thetic data distributions after a certain number of
iterations, requiring careful validation-based early
stopping. Finally, our analysis is primarily con-
ducted on Python programming tasks, and the gen-
eralizability of our findings to other programming
languages with different execution characteristics
and paradigms remains to be thoroughly validated.
These limitations highlight important directions for
future work in unsupervised code generation.

Ethics Statement

This work on unsupervised code generation ac-
knowledges several ethical considerations. Auto-
mated code generation systems can be misused
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open-source models, ensuring transparency with-
out collecting proprietary data. We advocate for
responsible development with clear documentation,
transparent methodologies, and adherence to intel-
lectual property rights.
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Figure 8: Semantic distribution of 229 frequent terms in
generated problems. Word size indicates frequency; col-
ors denote seven semantic categories (see Appendix B.1
for category definitions).
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Figure 9: Solution space diversity analysis. Left: AST
node type distribution across 2.6M samples totaling
212M nodes, spanning 15 distinct syntactic constructs.
Right: Cyclomatic complexity (number of linearly inde-
pendent paths through the code) versus code length with
density contours, showing broad dispersion (complexity:
2.7+ 2.3, length: 22.4 &+ 10.5 lines).

B Metric Definitions

B.1 Problem Diversity Metrics

Semantic Category Coverage. To quantify the
breadth of programming concepts in generated
problems, we define seven semantic categories:

* Data Structures: Arrays, lists, trees, graphs,
heaps, and related terminology (e.g., node,
edge).

* Algorithms: Sorting, searching, graph traver-
sal, dynamic programming, and greedy meth-
ods.

* String Processing: Substring operations, pat-
tern matching, and tokenization.

* Math Operations: Arithmetic, combinatorics,
number theory, and statistics.

* Control Flow: Iteration, branching, recursion,
and nested structures.

* [/O Operations: Serialization, encoding, and
library/framework usage.

* Application Domains: Business scenarios in-
cluding e-commerce, finance, and education.

Each extracted term is assigned to the first match-
ing category via exact or substring keyword match-
ing. The distribution is visualized in Figure 8.

Complexity Score. We compute a composite
complexity score C' € [0, 10] as the sum of four
sub-scores:

C= Sparam + Slength + Salgo + Sconst (7)
* Parameter Score Sparam € [0, 3]: Number of
function parameters multiplied by 0.5, capped

at 3.

* Length  Score  Siength €
min(description length/500, 2.0).

[0, 2]:

* Algorithm Score Syigo € [0, 4]: Weighted sum
of matched algorithmic keywords with three-
tier weights. High-weight keywords (0.8 each)
include dynamic, recursive, backtrack, graph,
tree, optimize, shortest, longest, maximum,
minimum, subsequence, subarray, permuta-
tion, combination, dfs, bfs, dijkstra, binary
search. Medium-weight keywords (0.4 each)
include sort, search, hash, stack, queue, linked,
matrix, two pointer, sliding window, greedy,
merge, divide. Low-weight keywords (0.2
each) include sum, count, average, reverse,
palindrome, anagram, frequency, duplicate,
unique, filter, map.

 Constraint Score Scongs € [0,1]: Each
matched constraint keyword (constraint, edge
case, boundary, overflow, empty, null, neg-
ative, large, efficiency) adds 0.2, capped at
1.
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Semantic Coverage Score. We measure con-
ceptual breadth by counting keyword matches
across seven semantic categories with differenti-
ated weights:

Ssemantic = Z We - ‘K:c N tokens(p)| (8)
ceC

where K. is the keyword set for category ¢ and
w, is the category weight. High-weight categories
(w = 0.3) are Algorithms and Data Structures.
Medium-weight categories (w = 0.2) are String
Processing and Math Operations. Low-weight cate-
gories (w = 0.1) are Control Flow, I/0O Operations,
and Application Domains.
Example keywords for each category:

* Algorithms: sort, search, traverse, recursive,
dynamic programming, greedy, backtracking,
divide and conquer, binary search, hashing,
sliding window, two pointers

» Data Structures: array, list, tree, graph, stack,
queue, heap, hash table, linked list, set, dictio-
nary, matrix, trie

 String Processing: parse, match, regex, sub-
string, concatenate, split, replace, format, en-
code, decode, pattern

* Math Operations: arithmetic, modulo, prime,
factorial, fibonacci, gcd, Iem, power, loga-
rithm, probability, statistics, geometry

e Control Flow: loop, iteration, condition,
branch, recursion, break, continue, exception,
error handling

* I/O Operations: read, write, input, output, file,
stream, print, format, serialize, deserialize

* Application Domains: database, network,
web, api, game, simulation, encryption, com-
pression, scheduling, optimization

B.2 Solution Quality and Diversity Metrics

Structure Entropy. We measure code structural
diversity through the average of four entropy com-
ponents:

1
Hstructure = Z (Hast + Hcontrol + Hcc + Hnest) (9)

where each component is computed as the Shannon
entropy over the corresponding distribution:

* H,y: Entropy over AST node type frequen-
cies (e.g., FunctionDef, If, For, Call, BinOp).

* H.ontrol: Entropy over control structure usage
(If, For, While statements).

* H..: Entropy over cyclomatic complexity val-
ues, discretized into 10 bins.

* Hyes: Entropy over maximum nesting depth
values.

Semantic Entropy. We measure implementation
approach diversity through the average of two en-
tropy components:

1
H, semantic — 5 (H builtin T H pattern) ( 10)

where:

* Hyuilin: Entropy over built-in function usage
frequencies (len, sum, max, min, sorted, map,
filter, range, zip, enumerate, etc.).

* Hpagern: Entropy over five algorithm pattern
categories: recursion (self-referential function
calls), list comprehension, generator expres-
sions, iteration (For/While loops), and func-
tional style (map/filter usage).

Code Uniqueness. We compute code uniqueness
as the ratio of distinct implementations to total

samples:
~ Hhle) - cec}
YT

where h(c) is a hash function over the code string
c and C is the set of all code samples.

(11)

Error-Free Rate. We define the error-free rate
as the proportion of samples that execute without
runtime errors:

|{c € C : error(c) = True}|
Rerror—free =1- | C‘

Preservation Rate. For each metric M, we com-
pute the preservation rate after filtering as:

M,
Py = —ltered o 100%
all

(13)

Values above 90% indicate successful diversity
preservation during quality-based filtering.
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