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Abstract

Large Language Models (LLMs) increasingly exhibit strong reasoning abilities, often at-
tributed to their capacity to generate chain-of-thought-style intermediate reasoning. Recent
work suggests that exposure to code can further enhance these skills, but existing studies
largely treat code as a generic training signal, leaving open the question of which proper-
ties of code actually contribute to improved reasoning. To address this gap, we study the
structural complexity of code, which captures control flow and compositional structure that
may shape how models internalise multi-step reasoning during fine-tuning. We examine
two complementary settings: solution-driven complexity, where structural complexity varies
across multiple solutions to the same problem, and problem-driven complexity, where struc-
tural complexity reflects variation in the underlying tasks. Using cyclomatic complexity and
logical lines of code to construct controlled fine-tuning datasets, we evaluate a range of open-
weight LLMs on diverse reasoning benchmarks. Our findings show that although code can
improve reasoning, its usefulness is substantially shaped by structural properties. In 83% of
experiments, restricting fine-tuning data to a specific structural complexity range outper-
forms training on structurally diverse code, pointing to a data-centric path for improving
reasoning beyond scaling.

1 Introduction

Large language models (LLMs) have rapidly evolved from surface-level language processing systems into
capable problem solvers, exhibiting increasingly strong reasoning behaviours across mathematical, logical,
and multi-disciplinary tasks (Wei et al., 2022a; [Huang & Chang} [2023). A large body of work attributes
these gains to the use of Chain-of-Thought (CoT) style explanations, in which models generate intermediate
reasoning steps before producing an answer (Wei et al., [2022b; Wang et al.2023]). CoTs have been extensively
studied in natural language settings, with recent theoretical analyses providing insight into why structured
intermediate traces benefit model reasoning (Feng et al.| [2023)), suggesting that symbolic scaffolding reduces
search complexity and stabilises problem decomposition.

A related “program-of-thought” phenomenon has been observed for code, where programs provide explicit
reasoning structure that would otherwise be expressed in natural language (Chen et al.2023]). This is because
code naturally expresses control flow, branching, and intermediate computation—structures that are useful
for multi-step reasoning—and has consequently been used as a structured signal to encourage CoT (Lin et al.
2025). Beyond inference-time scaffolding, exposure to code during training has also been shown to enhance
reasoning more broadly: models trained on code data often demonstrate improved multi-step reasoning and
quantitative problem solving compared to models trained solely on natural language (Zhang et al., [2024b;
Waheed et al. 2026} Yang et al., 2025)).

Despite this emerging evidence, the properties of code that contribute to these gains remain under-explored.
Existing studies largely treat code as an undifferentiated training signal, without examining which charac-
teristics of the code are actually important (Aryabumi et al., 2024} |Zhang et al., 2024b; (Waheed et al.l |2026)).
To fill this gap, we ask whether fine-grained, measurable properties of code can systematically shape the
downstream reasoning performance of LLMs when used for fine-tuning. We focus on structural complexity
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Figure 1: Owerview of our experimental pipeline. We construct two complementary datasets that
control the structural complexity of code through solution-driven (top) and problem-driven (bottom) settings,
creating twelve splits for each (five different levels and one control, for two different structural complexity
metrics). We then use these splits to fine-tune six models from three model families and evaluate downstream
reasoning performance across six widely-used reasoning benchmarks.

as a candidate driver of code-induced reasoning gains, motivated by the fact that more structurally com-
plex programs exhibit deeper branching and richer execution paths (Fenton & Bieman) [2014)), which can be
viewed as an implicit form of a structured reasoning trace that exposes models to multi-step decomposition
patterns during fine-tuning.

Specifically, we investigate this question through two complementary settings (Figure[l): (%) Solution-driven
complexity, where complexity arises from the structure of the code itself. We use multiple solutions to iden-
tical programming problems to vary complexity while holding tasks fixed. (4¢) Problem-driven complexity,
this setting reflects variation in the underlying tasks themselves, where different prompts are naturally paired
with reference solutions of differing structural complexity. Together, these settings allow us to disentangle
the effects of code complexity arising from how code is written versus which problem the code is solving. We
construct two datasets with controlled complexity variation in Python, JavaScript and Java, using cyclo-
matic complexity and logical lines of code (Nguyen et al. 2007) as complementary structural
metrics. We then fine-tune a diverse set of open-weight models across multiple parameter scales and evaluate
their reasoning performance on publicly available benchmarks spanning mathematical and multi-disciplinary
problem solving.

Our results reveal that not all code is equal. (1) Code fine-tuning does not yield uniform reasoning gains:
even when using code datasets previously shown to be effective, improvements vary substantially across
models and benchmarks, and depend strongly on the structural complexity of the fine-tuning data. (2)
The relationship between code complexity and reasoning performance is strongly non-monotonic and model-
dependent, with intermediate complexity ranges often performing best. (8) Control datasets that mix code
across all complexity levels are rarely optimal: in 83% of experiments, restricting fine-tuning to a specific
complexity range yields better reasoning performance than training on a diverse code corpus.

Our results indicate that the usefulness of code as a training signal is sensitive to its structural properties.
This challenges the prevailing assumption that greater diversity or quantity of code is inherently benefi-
cial (Liu et all, [2025; [Abed et al., [2025)), and instead points to a data-centric alternative: carefully selecting
or constructing code with appropriate structural complexity matched to the specific model. Because high-
quality code data is expensive to collect and train on (Chen et al., 2025), understanding which code structures
are associated with stronger reasoning offers a practical path to improving LLM reasoning beyond simply
scaling models or datasets.

Our contributions are as follows:
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o We present the first systematic study of how structural properties of code — specifically cyclomatic
complexity and logical lines of code — affect the reasoning abilities of LLMs during fine-tuning.

¢ We provide empirical evidence that reasoning gains from code are non-uniform and non-monotonic,
and that restricting fine-tuning data to model-specific complexity ranges often outperforms training
on structurally diverse code.

o We publicly release our complexity-controlled datasetsﬂ to support reproducibility and encourage
further research on the interaction between code complexity and LLM reasoning.

2 Related Work

Reasoning abilities of LLMs. As LLMs evolve, reasoning and problem solving have emerged as core abili-
ties, often appearing once models reach sufficient scale (Wei et al.,[2022a)). Early work showed that sufficiently
large models can exhibit multi-step reasoning when prompted to generate intermediate chain-of-thought
7 an observation that catalysed substantial research into understanding and improving reasoning
performance (Feng et al., [2023; Huang & Chang} [2023). Reasoning can be improved through a range of ap-
proaches, including prompt engineering (Kojima et al., 2022)), novel decoding strategies (Wang et al., 2023]),
fine-tuning (Trung et al. 2024), and reinforcement learning (Wang et al., [2025). Evaluation practices have
evolved alongside these methods. Multi-step reasoning benchmarks such as GSM8K (Cobbe et al., |2021)
and MATH (Hendrycks et al.,[2021)) are widely used to assess arithmetic and logical reasoning, while more re-
cent benchmark suites, including BIG-BENCH EXTRA HARD (Kazemi et al.| 2025) and ARC-AGI
, probe a broader range of complex and abstract reasoning behaviours.

Using code to enhance LLM reasoning. Using code and code-instruction data has not only been shown
to consistently improve LLM performance on code-generation and related tasks (Roziere et al. 2024; Weil
2024)), but also to improve general reasoning capabilities (Yang et al.,[2025). Recent studies investigate
this phenomenon from complementary perspectives. Some examine how the inclusion or perturbation of
code data during fine-tuning affects reasoning performance (Zhang et al., |2024b; [Waheed et al., 2026), while
others analyse the role of code earlier in the training pipeline, such as during pre-training or continued
pre-training (Ma et all 2023 [Aryabumi et al., [2024). A related line of work explores explicitly converting
reasoning traces into code-like representations to leverage code as a structured training signal
. An alternative line of work explores program-of-thought prompting, where intermediate reasoning is
externalised into executable code to reduce cognitive load and improve error handling in symbolic tasks (Chen
. Overall, prior work demonstrates that code can improve reasoning, but offers limited insight
into which properties of code best drive these gains—an omission our work addresses by systematically varying
code complexity during fine-tuning.

Code complexity metrics. The analysis of program structure via static code metrics has a long history in
software engineering (Fenton & Bieman, [2014). Foundational measures such as cyclomatic complexity
and Halstead metrics (Halstead, 1977) quantify structural and control-flow properties of pro-
grams, while a broader ecosystem of metrics captures complementary aspects including program size (Nguyen
2007), maintainability (Coleman et all, [1994)), and coupling or cohesion (Tiwari & Rathore, 2018).
These classical metrics continue to play a role in modern machine learning for code. Recent work on
complexity-aware code generation uses suites of established metrics to analyse and guide LLM behaviour,
showing that explicit complexity signals can improve performance (Sepidband et all [2025). Complexity
metrics have also been used as discriminative features for vulnerability assessment (Tehrani & Hashemi,
and automatic defect detection (Cernau et al.| [2025), reinforcing their utility. Beyond these targeted
applications, recent studies have evaluated LLMs’ ability to reason about code maintainability under con-
trolled complexity conditions (Dillmann et al [2024). Collectively, these lines of work support viewing code
complexity metrics as interpretable, quantitative signals—motivating our study of how varying complexity in
fine-tuning data affects reasoning behaviour in LLMs.

Lredacted for review
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Figure 2: Comparison of the code metrics used in this study. We calculate both metrics for

our solution-driven complexity dataset (CODENET) and our problem-driven complexity dataset (INSTRUCT).
Together they allow us to disentangle the effects of structural complexity from size-based complexity.

3 Methodology

3.1 Problem Formulation

This work investigates whether the structural complezrity of code used during fine-tuning influences the
reasoning abilities of LLMs. Prior studies have shown that exposure to code can improve reasoning (Zhang
et al.| 2024b; |Waheed et all |2026)), yet the properties of the code that drive these gains remain poorly
understood. We study this question through two complementary notions of structural complexity, which
we define for the purposes of this work. In solution-driven complexity, structural complexity arises from
the structure of the code itself: we use multiple solutions to the same underlying problems to isolate code
complexity as a variable. In contrast, problem-driven complexity does not hold task semantics fixed. Instead,
we stratify naturally occurring instruction—solution pairs by the structural complexity of their reference code.
This setting captures cases where code structure varies together with the underlying task distribution, rather
than across alternative implementations of the same task. By disentangling these two sources of complexity
and controlling them through dataset construction, we aim to isolate how fine-tuning on code of varying
structural properties affects downstream reasoning performance.

3.2 Code Complexity Metrics

Metric selection. Code complexity has long been studied in software engineering through static analysis,
where quantitative metrics are used to characterise structural properties of programs such as control flow and
size (Fenton & Biemanl 2014). In this work, we are interested in complexity measures that plausibly relate
to reasoning: intuitively, code with richer control flow and more elaborate structure may expose models
to patterns that resemble multi-step reasoning. Guided by this motivation, and because this is an initial
controlled study of code-complexity effects on reasoning, we deliberately focus on simple, interpretable, and
widely established metrics (Figure|2)). First, we use cyclomatic complexity (CC), which captures the number
of independent execution paths through a program (McCabe| [1976). Although CC has known limitations,
it remains one of the most widely used and enduring software complexity metrics (Siahaan et al.; [2025)),
making it a natural starting point for studying whether control-flow structure affects reasoning-oriented fine-
tuning. Second, we use logical lines of code (LLOC), a simpler size-based metric that reflects the amount of
executable logic independent of formatting or comments (Nguyen et al., [2007)). Because CC tends to increase
with code length, incorporating LLLOC enables us to compare control-flow complexity with a complementary
size-based signal.

Metric calculation. We construct multilingual training datasets to capture diverse programming prob-
lems and solution patterns, focussing on the three most used programming languages on GitHub: Python,
JavaScript (including TypeScript), and Java (GitHub Staff, |2025). To ensure consistency and repro-
ducibility across languages, we rely on established open-source static analysis tools for metric computation.
For Python, we use Radon (rubik} 2025); for JavaScript, we use escomplex (escomplex, [2025); and for



Under review as submission to TMLR

Java, we use PMD (pmd}, |2025). All tools are applied using a uniform preprocessing pipeline. Implementation
details are provided in Appendiz [A]

3.3 Dataset Construction

Solution-driven complexity. We require a dataset containing many distinct code solutions to the same
underlying problems, allowing complexity to vary independently of problem semantics. We therefore adopt
Project CodeNet (Puri et al.l[2021), a large-scale corpus of competitive programming problems paired with
thousands of accepted solutions across multiple programming languages. CodeNet is well suited to our
setting, as it provides diverse, independently authored solutions to identical problem statements, enabling
controlled comparisons of code complexity while holding the task fixed. CodeNet problem descriptions
are provided as HTML, and solutions are presented as standalone code snippets, neither of which is directly
suitable for instruction-style fine-tuning. We therefore augment the dataset, using an LLM to convert HTML
problem statements into concise natural language instructions and to wrap each solution in a consistent
response format. We use the gpt-5-mini-2025-08-07 model for this augmentation step, as it is a cost-
effective state-of-the-art model that performs reliably on well-defined tasks (OpenAl} |2025). Augmentation
prompts are detailed in Appendiz[Bl

For each problem, we compute CC and LLOC over all available Python, JavaScript, and Java solutions.
For both metrics, we split the dataset by ranking solutions within each problem-language pair and selecting
five representative solutions: the least complex, the most complex, and three evenly spaced solutions from the
remainder of the distribution. These selections form five complexity-controlled dataset splits corresponding
to increasing levels of solution-driven complexity (splits named: MIN, LOW, MID, HIGH, MAX). In addition,
we construct a control dataset (CTRL) by sampling solutions uniformly across these complexity levels. The
resulting CODENET dataset comprises twelve splits (six per metric) of 8,087 samples.

Problem-driven complexity. Next, we construct a dataset in which task semantics are not held fixed,
and code complexity varies across naturally occurring instruction—solution pairs rather than across alternative
solutions to the same problem. To do this, we gather three high-quality instruction—response code datasets—
Magicoder (lise-uiuc} [2023), Evol-Instruct (nickroshl[2024), and WizardLM (rombodawg, 2023)—which have
been previously used for training LLMs (Wei et all 2024)) and improving their reasoning (Waheed et al.
2026)). Unlike CodeNet, these datasets pair each natural language instruction with a single reference solution.
As a result, they do not allow us to vary implementation structure while holding the task fixed; instead,
they reflect a more natural instruction-tuning setting in which task semantics and reference-code structure
vary together.

For each dataset response, we use regular expressions to extract code blocks and identify the programming
language. We retain only samples containing Python, JavaScript, or Java code and compute CC and
LLOC for each. After filtering, the dataset contains 77,686 Python, 13,949 JavaScript and 8,054 Java
samples. For each metric, we rank samples independently within each language and partition them into five
disjoint complexity bins. To construct balanced datasets comparable in size to CODENET, we include all
available JavaScript and Java samples and supplement them with Python samples until each split contains
8,087 samples (splits named: MIN, LOW, MID, HIGH, MAX). In addition, we construct a control dataset (CTRL)
that samples across languages and complexity levels. The resulting INSTRUCT dataset again comprises twelve
splits (six per metric), enabling controlled comparisons with CODENET.

Natural language baseline. To disentangle the effects of code exposure from general fine-tuning, we
include a natural language (NL) baseline, following the methodology of prior work studying the impact
of code in fine-tuning (Zhang et al., |2024b)). Specifically, we reuse the same non-code ShareGPT dataset
employed in that study, as it is comparable in scale to our code datasets and enables a controlled comparison.
From this corpus, we sample 8,087 records to match the exact size of each code-based split. The resulting
dataset therefore isolates the effect of fine-tuning itself, which is important because fine-tuning alone has
been shown to sometimes induce non-trivial shifts in downstream reasoning behaviour (Luo et al., |2025)).
This allows us to attribute any observed reasoning changes specifically to properties of the code rather than
to fine-tuning alone.



Under review as submission to TMLR

Full dataset statistics are available in Appendz’;c@ the final datasets are publicly available on Hugging Faceﬂ

3.4 Evaluation Set-up

Model selection. We evaluate our approach across a diverse set of models to assess the impact of code
complexity more broadly. Specifically, we select models spanning multiple sizes from three major fami-
lies: Qwen-2.5 3B, 7B and 14B (Qwen et al., |2025); Llama-3 3B and 8B (Grattafiori et al., |2024); and
Mistral-7B (Jiang et al.,|2023). These families were chosen due to their open availability, their widespread
use in academic evaluation, and their coverage of similar parameter scales (3B—14B), allowing us to study
whether complexity-related effects generalise across model sizes and architectures.

Training configurations. All models are fine-tuned for two epochs over each dataset split using LoRA (Hu
et al.,[2021) with a learning rate of 2 x 107, AdamW optimisation, and a cosine learning rate schedule with a
warm-up ratio of 0.1. We adopt LoRA as a standard parameter-efficient fine-tuning method, which has been
shown to perform well in low-data settings and preserve base model capabilities during adaptation (Biderman
et al., 2024; |[Zhang et al.| 2024al). This makes it well-suited for our goal of isolating data-centric effects, as
it reduces confounding factors such as catastrophic forgetting while maintaining a controlled training setup.
Training is performed on NVIDIA A100 GPUs, and all experiments use the same optimiser, scheduling, and
adaptation configuration to ensure comparability.

Evaluation benchmarks. To measure downstream reasoning performance, we evaluate on six publicly
available benchmarks that cover a broad spectrum of reasoning demands. We first consider math-focused
benchmarks that emphasise multi-step computation and logical reasoning: GSMS8K, a widely used dataset
of grade-school arithmetic problems (Cobbe et al.2021); MATH401, which contains 401 arithmetic reasoning
problems (Yuan et al.,|2023)); and MATH500, comprising 500 mathematical problems covering a broader range
of topics and difficulty levels (Lightman et al. [2023). Beyond mathematics, GPQA evaluates graduate-level
quantitative reasoning, including physics-based problem solving (Rein et al.,|2023)); BBEH-MINT is a curated
subset of BIG-BENCH EXTRA HARD designed to probe complex and diverse reasoning behaviours (Kazemi
et al, 2025); and HLE (Humanity’s Last Exam) spans multi-disciplinary questions across the humanities,
sciences, and general knowledge domains (Phan et al., [2025)).

Further evaluation details are available in Appendiz[D,

4 Results

We begin by presenting high-level findings that are robust across models, datasets, and benchmarks. We then
turn to a more fine-grained analysis that unpacks why these patterns arise, and how they differ across model
families, dataset constructions, and reasoning tasks. Because individual model-benchmark differences can
be small, our claims focus on recurring patterns across models, datasets, metrics, and benchmarks, rather
than on any single pairwise comparison. Appendiz [E] reports complete results for all models and benchmark
datasets, with bootstrap confidence intervals.

4.1 Main Findings

Code fine-tuning yields non-uniform reasoning gains. Figure [3| shows average reasoning accuracy
across six benchmarks after fine-tuning on code data split by cyclomatic complexity (CC) or logical lines of
code (LLOC), under both the solution-driven (CODENET) and problem-driven (INSTRUCT) settings. Across
models, fine-tuning on code often improves reasoning relative to the natural language (NL) baseline; however,
these gains are clearly not uniform. The same model can benefit substantially from one code subset, yet
show negligible—or even negative—changes when fine-tuned on code of a different structural complexity.

All experiments use small, tightly controlled fine-tuning datasets (8,087 samples per split) to ensure strict
comparability across complexity levels. Under this regime, code—even when drawn from datasets previously

2redacted for review
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Figure 3: Per-model reasoning performance across complexity splits. Reasoning accuracy for each
model after fine-tuning on complexity-controlled dataset splits. Solid lines correspond to solution-driven
complexity splits (CODENET), dashed lines to problem-driven complexity splits (INSTRUCT); horizontal
lines indicate the corresponding results for control (CTRL) datasets with mixed complexity; the dash-dotted
green line denotes the model’s natural language (NL) baseline after fine-tuning on a strictly non-code dataset.

shown to support reasoning (Yang et all |2025)—is not a guaranteed source of improvement across models
or benchmarks. Instead, performance exhibits pronounced sensitivity to structural complexity, with sharp
peaks and troughs across adjacent splits. Taken together, these results show that the effectiveness of code
fine-tuning depends critically on which code is used, rather than merely on the presence of code itself.

Reasoning gains are non-monotonic and model-dependent. Across all model families, the relation-
ship between code complexity and downstream reasoning performance is strongly non-monotonic. Rather
than improving steadily as complexity increases, accuracy curves exhibit clear peaks and troughs across both
CC and LLOC splits (Figures [3[and . Intermediate complexity ranges often perform best, particularly for
the Qwen and Llama families, but this is not universal: Mistral-7B exhibits a distinct pattern, benefiting
more from the lowest and highest CC splits than from intermediate ones. Importantly, this pattern reflects
a relative trade-off rather than a uniformly positive effect of increasing complexity. This indicates that code
appears to be most useful as a training signal for reasoning when its structural complexity falls within a
model-dependent effective range.

Mixed-complexity control datasets are rarely optimal. A striking and consistent finding is that
control datasets—constructed by uniformly mixing code across all complexity levels—are almost never optimal.
Across 20 of the 24 model-dataset combinations, at least one restricted complexity split outperforms its
corresponding control (Figure [3). This finding directly challenges the common assumption that diversity
in code corpora is inherently beneficial. Instead, our results suggest that targeted restriction to a specific
complezity range often yields better reasoning performance than broad mixing. Notably, this effect holds
across both solution-driven and problem-driven settings, indicating that it is not specific to a single dataset
construction, but a recurring pattern across our settings.

To test whether these effects disappear with substantially more data, we additionally fine-tune on the full
INsTRUCT CC mixture, which combines all five complexity buckets (~40k samples). Targeted complexity
buckets still outperform the larger mixed dataset for both tested models (Appendix. For Qwen2.5-7B, the
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Figure 4: Awerage reasoning change vs. code complerity. Average accuracy change compared to
the NL baseline across all six reasoning benchmarks as a function of cyclomatic complexity (CC, left) and
logical lines of code (LLOC, right). Results are shown as a single line that includes both the solution-driven
(CODENET; circles) and the problem-driven (INSTRUCT; squares) complexity datasets.

best individual bucket improves average accuracy by 4.89% over full-dataset training; for Llama-3.2-3B, the
average gain is smaller (+0.66), but the best bucket still outperforms the full dataset on every benchmark.
This suggests that the advantage of targeted complexity selection is not merely an artefact of small training
splits: in these settings, adding more mixed-complexity code does not recover the performance of the best
restricted subset.

Summary of main findings.

Overall, these results identify structural code complexity as a critical-and previously under-explored—

factor in code-based fine-tuning for reasoning. The central takeaway is simple but consequential: fine-
tuning on code does not guarantee reasoning gains, and restricting training data to an appropriate
complexity or length range can yield stronger improvements than training on a large, mixed code corpus.

4.2 Fine-Grained Analysis Across Models and Datasets

Task-varying structural complexity shows stronger and more consistent effects. Figure[5|reports
Spearman correlations between training-data complexity and downstream benchmark accuracy. Across both
CC and LLOC, INSTRUCT exhibits more consistent positive correlations than CODENET. This suggests
that exposure to problems that require more structurally complex solutions is more consistently associated
with reasoning improvements than simply training on arbitrarily complex code. This pattern is particularly
pronounced for the Qwen family, which shows predominantly positive correlations across multiple benchmarks
under the INSTRUCT setting. Consistent with this observation, Figure [3| shows clearer upward trends in the
INSTRUCT accuracy curves, especially for Qwen2.5-7B.

Cyclomatic complexity provides a more reliable and interpretable signal than logical lines of
code. Although both CC and LLOC capture aspects of structural complexity, their effects on reasoning
differ in stability and interpretability. Across models and datasets, performance trends with respect to CC
are generally smoother and more consistent than those observed for LLOC. In contrast, LLOC-based splits
often exhibit sharper fluctuations and less regular behaviour, particularly at higher complexity levels. This
difference likely reflects the nature of the metrics themselves. CC directly captures branching structure and
control flow, which are closely related to multi-step reasoning processes. LLLOC, by comparison, is a coarser
proxy that conflates structure with verbosity.
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Figure 5: Correlation between code complexity and downstream reasoning accuracy. Spearman
correlations between benchmark accuracy and training-data complexity level, computed across complexity-
controlled dataset splits. Results are shown separately for solution-driven (CODENET) and problem-driven
(INSTRUCT) settings, using cyclomatic complexity (CC) and logical lines of code (LLOC) as structural
measures. Correlation calculation is detailed in Appendiz[G,

Absolute complexity partially aligns across dataset constructions. For CODENET, all Quen models
tend to peak at the Low CC split, whereas for INSTRUCT, they peak at the Max CC split. Despite
this apparent discrepancy, both peaks correspond to a similar absolute CC value (= 10; Figure @) This
alignment suggests that absolute structural complexity—rather than whether that complexity arises from task
requirements or solution variation—better explains the observed alignment than split labels alone. Dataset
construction primarily determines how models encounter this complexity, but the effective complexity range
itself appears to be model-specific and largely invariant across settings.

High structural complexity can degrade reasoning beyond an effective range. In several settings,
fine-tuning on higher-complexity code reduces accuracy relative not only to other complexity ranges, but
also to the NL baseline. For example, the Llama models exhibit strong negative correlations (p ~ —1.00)
for CC splits in both CODENET and INSTRUCT settings (Figure [5)), indicating that increasing structural
complexity beyond a certain range can impair reasoning. These effects are also visible in the accuracy
curves, which commonly dip at the highest complexity levels across models (Figure E[) These results point
to a mismatch between structural complexity and model capacity: when code becomes overly complex —
for example, containing unnecessary branching, deeply nested control flow, or redundant decision paths —
it can introduce noise that obscures useful reasoning patterns. In such cases, additional complexity does
not provide richer supervision, but instead leads to negative transfer, reducing the effectiveness of code as a
reasoning signal.

Mistral exhibits qualitatively different behaviour. Mistral-7B displays a distinctive “U”-shaped
performance curve across both CC-based datasets (Figure , benefiting most from either very simple or
very complex code, with degraded performance at intermediate levels. Rather than contradicting the broader
trend, this reinforces the central point that complexity effects are model-dependent: there is no single
universally optimal complexity range. Different models appear to operate under different effective complexity
regimes, suggesting that complexity-aware data selection should be calibrated to the target model rather
than applied as a fixed global rule. We leave a deeper investigation of these model-specific effects to future
work.
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Fine-grained takeaway.

Across our settings, the effect of code complexity is not governed by split labels alone. The INSTRUCT
setting shows stronger and more consistent trends than alternative solutions to the same task, and
CC provides a more stable signal than LLOC. However, the effective range remains model-dependent:
higher structural complexity can help in some cases, but can also degrade reasoning once it exceeds
what a model appears to internalise effectively.

5 Discussion

Our results suggest that the relationship between code and reasoning is more structured—and more fragile—
than is often assumed. Rather than acting as a uniformly beneficial training signal, low levels of code
data appear to support reasoning only when the code’s structural properties align with what a model can
effectively internalise. Below, we briefly discuss what this implies for how code helps reasoning, and when it
may fail to do so.

Why more code is not necessarily better. Previous work often emphasises that increasing the amount
or diversity of code data will improve downstream reasoning performance (Aryabumi et al., [2024}; [Roziere|
let al [2024; [Wei et all [2024). Our findings challenge this view: once structural complexity is controlled,
additional or more complex code does not reliably lead to better reasoning, and can in some cases be
actively harmful. This suggests that previously reported gains from large code corpora may depend not only
on diversity, but also on exposure to particular structural properties of the code itself.

Structural complexity as implicit code chain-of-thought. Both natural-language chain-of-thought
prompting (Wei et al.l 2022b} [Feng et al.| [2023) and similar program-based techniques (Chen et al., [2023;
improve reasoning by externalising intermediate structure and decomposing problems into
explicit steps. This provides a natural way to interpret our results, where complex code supplies a similar
scaffold through control flow and branching during fine-tuning. However, when structural complexity be-
comes too high, this scaffold can break down, introducing brittle control flow or optimisation difficulty that
obscures rather than clarifies the reasoning signal.

Implications for data-centric reasoning improvement. Rather than relying on broad, mixed corpora,
carefully selecting or constructing code with appropriate structural properties can yield stronger reasoning
gains at fixed data or training budgets. This complements recent arguments that data quality and structure
can rival or exceed gains from scale alone (Longpre et all) [2024), and is especially relevant in settings
where high-quality code data is expensive to curate or fine-tune on (Chen et al., [2025). More broadly, our
results suggest that improving reasoning through code is less about increasing exposure to programming
in general, and more about identifying which computational structures best support multi-step reasoning
in practice. A practical consequence is that code selection can be treated as a lightweight model-specific
tuning problem: compute simple structural metrics over candidate code data, construct a small number of
complexity-stratified subsets, run pilot fine-tunes, and then scale training within the empirically favourable
range rather than defaulting to fully mixed corpora.

6 Limitations

This study has several limitations. First, our experiments focus on a small set of widely used programming
languages and open-weight models; although these cover diverse coding styles, parameter scales, and model
architectures, our findings may not fully generalise to other languages, proprietary models, or different
training stages. Second, we characterise structure using two established static metrics—cyclomatic complexity
and logical lines of code—which capture important aspects of control flow and program size; whilst well suited
to an initial investigation, they do not exhaust the space of code properties that may influence reasoning.
Third, the INSTRUCT setting combines datasets from different sources, so source-specific style, formatting,
or generation effects may co-vary with structural complexity despite our balancing procedures. Finally,
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our conclusions concern relative data-selection effects under LoRA fine-tuning on relatively small datasets
(8,087 samples per split), which enables controlled comparisons but may not capture all behaviours that
emerge at larger scales. Whether the same effective complexity ranges hold under full fine-tuning, continued
pre-training, or substantially larger code mixtures remains an important direction for future work.

7 Conclusion

In this work, we studied how the structural properties of the code used during fine-tuning influence the
reasoning abilities of LLMs. By systematically varying code complexity and length in both solution-driven
and problem-driven settings, and evaluating across multiple model families and reasoning benchmarks, we
show that code is not a uniform training signal for reasoning. Additionally, in 83% of experiments, restrict-
ing the fine-tuning data to an appropriate complexity or length range yields better downstream reasoning
performance than training on a diverse mix of code. Our results highlight a data-centric path for improving
reasoning—one that focusses on the specific structural properties of the code that is used for training.

Our study deliberately focusses on simple, interpretable structural metrics to enable controlled analysis, but
this choice also points to several promising directions for future work. More expressive measures of code
structure—such as hybrid metrics that combine control flow, data flow, and semantic patterns, or qualitative
indicators of programming techniques with different structural patterns—may better capture the aspects
of code that support reasoning. Exploring these directions may further clarify how code functions as an
implicit form of chain-of-thought during training, and help translate structural insights into more targeted
and efficient training data curation.
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A Complexity Metrics Implementation Details

To characterise the complexity of the code used during fine-tuning, we compute two complementary static
metrics over all samples: cyclomatic complexity (CC) and logical lines of code (LLOC). This appendix
reports the implementation details of their calculation.

A.1 Complexity Metric Calculation

We calculate our complexity metrics using established open-source static analysis tools, here we provide
details on our implementation of these tools. For both datasets, we first ensure that we have the raw
solution code extracted from the natural language response: for CODENET, the code is already provided
separately; for INSTRUCT, the natural language responses are given in Markdown format, therefore we can
use regex matching to extract code blocks and programming languages by searching for a triple backtick
followed by a programming language name (Conel |2025). We then process the code for each language
(Python, JavaScript, Java) separately:

o For Python, we install and use the Radon libraryﬂ We use the radon. complexity.cc_visit function
to calculate CC; and the radon.raw.analyze function to calculate LLOC.

e For JavaScript, we use the complexity—reporiﬁ command-line tool, to run the escomplex libraryﬂ
against our code. We use the cr command with the -format json option, to produce a report that
contains both CC and LLOC.

e For Java, we use the PMD static code analyzelﬁ], to be run from the command line. We use the pmd
command with the -f json option, and passing in a ruleset that requests CyclomaticComplexity
and NcssCount, to produce a report that contains both CC and LLOC.

A.2 Complexity Metric Aggregation

Cyclomatic complexity is defined at the level of individual functions; following common practice in software
metrics, we aggregate function-level values to the solution level by taking the maximum over all functions
included. This reflects the intuition that structural complexity is often dominated by the most complex
execution path (Gill & Kemerer, [1991). By contrast, LLOC acts as an additive size-based measure and
therefore does not require special handling—we simply sum all logical lines of code contained in the solution.

B CodeNet Augmentation Prompts

To convert Project CodeNet (Puri et al} [2021) into an instruction-response format suitable for supervised
fine-tuning, we apply an LLM-based augmentation step using a fixed system prompt and two task-specific
user prompts. All prompts are applied to each CodeNet problem—solution pair to ensure consistency across
augmented samples. We generated responses to the prompts using the gpt-5-mini-2025-08-07 model (Ope-
nAll [2025) via the OpenAl AP]ﬂ with the default API parameters (reasoning.effort = medium and
text.verbosity = medium).

System prompt. All augmentation calls use the same system prompt, which constrains the model to
return only the requested content without additional commentary:

You are a helpful assistant that will assist in creating a new code-based benchmark
dataset. When responding, you only provide exactly what is requested, with no
additional text.

3Radon: https://pypi.org/project/radon/

4complexity-report: https://www.npmjs.com/package/complexity-report
Sescomplex: https://www.npmjs.com/package/escomplex

6PMD: |https://pmd.github.io/

7OpenAT APT: https://openai.com/api/
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Instruction-template prompt. To convert HTML problem statements into natural-language instruc-
tions, we prompt the model to produce a concise, language-agnostic instruction that preserves the original
task specification exactly and includes a <language> placeholder to be substituted later. A single instruction
template is generated per CodeNet record.

I am augmenting the Project CodeNet (by IBM) dataset, converting it into an
instruction / response dataset that can be used for supervised finetuning, and I
need assistance.

The current problem statements are provided in HTML, and I need you to convert them
into a natural language prompt instruction that I can use to ask models to generate
code.

The instruction must be programming language agnostic, but you must provide a
<language> token in the instruction, that I can replace with the programming
language that must be used.

It is vital that the requested specifications are exactly the same as the original.
Only provide the instruction exactly as it should be used in the dataset. Here is
the original HTML problem statement:

{html}

Response-template prompt. To standardise model outputs, we prompt the model to generate a natural-
sounding response template that wraps the solution code in surrounding explanatory text. The template is
language-agnostic and contains two placeholders: <language> for the programming language and <code> for
the solution code, which is inserted verbatim during dataset construction. Three different response templates
are generated per CodeNet record, so that each programming language has a unique response template.

I am augmenting the Project CodeNet (by IBM) dataset, converting it into an
instruction / response dataset that can be used for supervised finetuning, and I
need assistance.

The solutions are currently provided as just raw code, and I need your help to turmn
them into readable and useful model responses that can be used for training.

I need you to provide a template for a response that would read naturally to a user,
you should add the surrounding text that LLMs typically provide, reading as if it is
a real response from an LLM solving the task. Do not include specifics of the code,
approach or algorithm though - you have not seen the code yet, so it might not be
accurate.

The response should be language agnostic (do not use those words though), but must
contain a <language> token, that I can replace with the programming language that is
used.

You must also provide a <code> token that I will replace with the code block of the
response, there is no need for a corresponding </code>.

The <code> token must be surrounded by newlines, but I will handle correctly having
the code itself contained within triple backticks (as per markdown) .

Only provide the response template exactly as it should be used in the dataset.

Here is the instruction:

{instruction}

C Dataset Statistics

This appendix reports additional statistics for the datasets used in our fine-tuning experiments. We create a
solution-driven complexity dataset (CODENET) and a problem-driven complexity dataset (INSTRUCT), each
of which has twelve splits: five different complexity levels (MIN, LOW, MID, HIGH, MAX) and a control (CTRL)
for each complexity metric (CC and LLOC).
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Table 1:  Structural complexity statistics. We report mean cyclomatic complexity (CC) and logical lines
of code (LLOC) for each split of the CODENET (solution-driven complexity) and INSTRUCT (problem-driven
complexity) datasets.

CodeNet: solution-driven complexity Instruct: problem-driven complexity

Split CC dataset split LLOC dataset split CC dataset split LLOC dataset split

Avg. CC Avg. LLOC Avg. CC  Avg. LLOC Avg. CC Avg. LLOC  Avg. CC Avg. LLOC

MIN 7.79 37.67 8.83 32.67 0.63 8.35 0.96 3.43

LOW 9.91 44.65 10.66 40.75 0.69 8.26 1.30 4.74

MID 13.99 58.81 14.32 57.69 2.00 10.76 2.62 9.65

HIGH 20.63 82.50 19.95 84.82 3.89 15.25 4.01 16.06

MAX 43.03 169.67 40.63 180.17 11.12 29.83 7.58 43.94

CTRL 18.84 76.14 19.21 81.83 3.78 15.02 3.78 15.81
Instruct (CC) Instruct (LL)
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Figure 6: Average token count per complexity split across datasets and models. Average sequence
length for each complexity bucket (MIN-MAX) across INSTRUCT and CODENET. Dashed lines show the
corresponding CTRL token averages.

C.1 Programming Language Statistics

All splits in the CODENET dataset contain 2,919 Python samples, 1,890 JavaScript samples and 3,278 Java
samples. All splits in the INSTRUCT dataset contain 3,688 Python samples, 2,789 JavaScript samples and
1,610 Java samples.

C.2 Metric Values Across Complexity Splits

Table[f]reports the mean CC and LLOC values for each split across both datasets. Reporting both metrics is
important because CC and LLOC are correlated in practice; including LLOC helps control for confounding
effects of code length when assessing structural complexity.
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Figure 7: Instruct dataset composition across complexity splits. Proportion of samples from
Evol-Instruct, Magicoder, and WizardLM across CC and LLOC splits of the INSTRUCT dataset.

C.3 Token Length Across Complexity Splits

Figure [6] shows the average token count per sample across datasets and complexity splits. This is important
to consider when interpreting results, as higher complexity is associated with longer sequences. However,
this correlation is moderate and does not appear sufficient to explain the observed effects. In particular, the
MIN—MID range shows similar token counts but different reasoning performance, indicating improvements are
not driven by length alone. The largest increase in length occurs only at MAX, while key performance trends
emerge earlier.

C.4 Instruct Seed Dataset Composition

Our INSTRUCT dataset is constructed from three seed datasets: Evol-Instruct, Magicoder, and WizardLM.
We ensure an even spread of programming languages across splits, while prioritising a balanced distribution
of structural complexity rather than exact proportions from each source. Figure[7]shows the dataset composi-
tion. While proportions vary slightly, they remain approximately balanced, reducing—but not eliminating—the
possibility that source composition drives the observed trends. We believe this controlled mixing provides a
stronger comparison than uneven complexity distributions.

D Model Evaluation Details.

D.1 Model Details

Table 2| reports the full details of all models used in our experiments. We document parameter scale, context
window, provider, and knowledge cut-off to make transparent the architectural and training differences
across models and to facilitate reproducibility of our results. All models are publicly available through
Hugging Facdﬂ and we use only officially released instruct variants to ensure consistent evaluation behaviour
across tasks. All models employ grouped-query attention (Ainslie et al.| [2023)); therefore attention heads are
reported as the number of query heads and key—value heads (Q/KV).

D.2 Training configuration

We fine-tune all models using Low-Rank Adaptation (LoRA) 2021). While we generally follow
standard practices, we specifically set the LoRA rank r = 16, alpha o = 16, and dropout to 0. We apply
LoRA adapters to all linear modules, including q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, and
down_proj. We use the AdamW optimizer (adamw_torch) with a learning rate of 2 x 1075, a cosine learning
rate scheduler, and a warm-up ratio of 0.1. Training is conducted for 2 epochs with a per-device batch size

8Hugging Face: https://huggingface.co/|
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Table 2:  Full details for all models evaluated in our experiments. We report model size, context
length, and architectural characteristics for each model.

Context Attention Knowledge
Model Name Full Model Version Parameters Length Heads (Q/KV) Provider Cutoff Source
Qwen2.5-3B Qwen2.5-3B-Instruct 3.09B 32K 16 / 2 Alibaba Dec. 2023 Hugging Face (Qwen|[2025b)
Qwen2.5-7B Qwen2.5-7B-Instruct 7.61B 32K 28 / 4 Alibaba Dec. 2023 Hugging Face (Qwen||2025¢)
Qwen2.5-14B Qwen2.5-14B-Instruct 14.70B 128K 40 / 8 Alibaba Dec. 2023 Hugging Face (Qwen/|2025a)
Llama-3.2-3B Llama-3.2-3B-Instruct 3.21B 128K 24 /8 Meta Dec. 2023 Hugging Face (meta-llama||2024)
Llama-3.1-8B Llama-3.1-8B-Instruct 8.00B 128K 32/8 Meta Dec. 2023 Hugging Face| (meta-Ilamal|2024)
Mistral-7B Mistral-7B-Instruct-v0.3 7.00B 32K 32/8 Mistral May 2024 Hugging Face (mistralaif|2025)

of 4 and 4 gradient accumulation steps, resulting in an effective batch size of 16. All models are trained with
a maximum sequence length of 32,768 tokens using bfloat16 precision.

D.3 Evaluation configuration

We maximize reproducibility by using a greedy decoding strategy with a temperature of 0.0, top-p of 1.0, and
a maximum generation length of 16,384 tokens. To standardize input formats across models, we append the
following suffix to every query: “\n Please reason step by step, and put your final answer within
\boxed{}.”. We extract the final answer by parsing the content within the \boxed{} delimiters or other
standard indicators (e.g., <answer>, ###). To ensure robust evaluation, we utilize the math_verify libraryﬂ
to match the extracted answers against the ground truth.

E Comprehensive Results

Table [3] reports the complete set of per-benchmark results for all models and training configurations con-
sidered in this study. For each benchmark, we include accuracies obtained after fine-tuning on complexity-
controlled code datasets under both the solution-driven (CODENET) and problem-driven (INSTRUCT) set-
tings, split by cyclomatic complexity (CC) and logical lines of code (LLOC), alongside the corresponding
control (CTRL) datasets and the natural language (NL) baseline. This table is provided for completeness
and to support detailed inspection of individual model-benchmark behaviours.

F Does More Mixed-Complexity Data Remove the Effect?

To test whether targeted complexity splits remain beneficial when compared against substantially more
training data, we conduct an additional experiment using the full INSTRUCT CC mixture. This dataset
combines all five CC buckets, giving approximately 40k samples, compared with approximately 8k samples
in each individual complexity split. We fine-tune two representative models using the same training configu-
ration as in the main experiments, and compare full-dataset training against the best-performing individual
complexity bucket for each benchmark.

Table [f] shows that targeted complexity buckets outperform the larger mixed dataset for both tested models.
For Qwen2.5-7B, the best individual bucket reaches 41.07% average accuracy compared with 36.18% for
full-dataset training (A = —4.89%), with particularly large gains on GSM8K (94.00% vs. 83.47%) and
MATH500 (60.40% vs. 47.20%). For Llama-3.2-3B, the average difference is smaller (28.74% vs. 28.08%;
A = —0.66%), but the best bucket still outperforms the full dataset on every benchmark.

These results reinforce our main finding: targeted complexity selection can be more effective than training on
mixed-complexity data, even when the mixed dataset is substantially larger and contains the best-performing
subset. This suggests that increasing data scale alone does not necessarily improve reasoning performance; in
some settings, mixing across structural regimes may dilute the signal provided by the most useful complexity
range.

9Math-Verify: https://github.com/huggingface/math-verify
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Table 3:  Full per-benchmark results for all models. Average accuracy on each reasoning benchmark
following fine-tuning on complexity-controlled code subsets with 95% bootstrap confidence intervals. We
report results for fine-tuning on solution-driven (CODENET) and problem-driven (INSTRUCT) datasets, split
by cyclomatic complexity (CC) and logical lines of code (LLOC), together with control splits and the natural

language (NL) baseline, where the model is fine-tuned on a strictly non-code dataset.

Model Baseline CodeNet: CC split CodeNet: LLOC split
NL MIN LOW MID HIGH MAX CTRL MIN Low MID HIGH MAX CTRL

l Qwen2.5-3B 6.1+£2.2 89+£26 11.5+£29 9.6+27 7.8+25 85+£25 9.6+£27 102+£28 100+£27 87+£26 104+28 10.0£2.7 104+28
F] Qwen2.5-7B 93+27 104+28 122+3.0 98+27 100427 11.5+£29 96+27 120+3.0 11.5+£29 104428 109+28 10.7+28 10.7+28
L Qwen2.5-14B 128+3.1 120£3.0 126+3.0 146%+32 13.7+£31 148+32 13.0+3.1 124+£30 141432 126+£3.0 15.7+33 139+£32 135+£3.1
E Llama-3.2-3B 0.4 +£0.6 35+1.7 26+1.5 2.8+ 1.5 3.0+1.6 39+1.8 3.0+ 1.6 3.0+ 1.6 2.0+1.3 2.6+ 1.5 24+14 43+1.9 41+18
A Llama-3.1-8B 3.0+1.6 74+24 63+£22 67+23 85£25 59+21 7.0£23 72+24 74+£24 T8+25 59+21 63+22 65+23
m Mistral-7B 52420 57+2.1 52+£2.0 4.8+2.0 46+1.9 6.3+£2.2 6.3+£2.2 59+2.1 5.0+2.0 5.7+2.1 46+1.9 52+2.0 52+2.0
Qwen2.5-3B 174+£35 194437 199+37 208+38 194+37 194+37 205437 194+37 201£37 21.24+38 208+38 21.0+£38 21.0+38
< Qwen2.5-7B 16.7+3.5 21.2+3.8 239439 223+39 23.0+39 208+38 25.0+40 21.9+38 223+39 228+39 248+40 203+£37 21.2+38
< Qwen2.5-14B 154+33 2544+4.0 28.6+42 268+41 279+42 250+4.0 252440 268+41 292442 297+42 25.7+40 246+40 266+4.1
% Llama-3.2-3B 14.743.3 16.3+34 154+33 170435 145+33 138432 127+31 147+33 158434 154433 145433 123+3.0 127+3.1
Llama-3.1-8B 14.3+3.2 143+£32 158+34 156+34 154433 154+33 132+£31 172435 129431 163+£34 123+£3.0 165+3.4 17.9+3.5
Mistral-7B 9.6+27 51£20 62422 58+22 60+£22 76+25 62+£22 60+22 49+20 65+23 65+23 T71£24 6.0%+22
Qwen2.5-3B 81.9+53 88.0+45 83.0+45 86.0+48 88.0+45 89.0+43 87.0+£47 885+44 88.0+45 88.0+45 83.0+45 86.5+47 88.5+44
x Qwen2.5-7B 85.3+4.9 945+32 940+£33 935+£34 93.0+35 94.0+33 94.0+£33 940+£33 940433 945+£32 93.5+£34 940+33 94.0+33
§ Qwen2.5-14B 904 +4.1 96.5+25 97.0+£24 97.0+24 965+25 97.5+22 98.0+1.9 965+£25 96.5+25 97.0+£24 965425 95.0+3.0 96.5+25
®w Llama-3.2-3B 62.3+6.7 755+6.0 75.5+6.0 T77.0£58 780+57 720+6.2 80.0+£55 74.0+£6.1 765+59 76.0+59 795+£56 T74.0+£6.1 80.0+£5.5
O Llama-3.1-8B 78.0+5.7 855449 87.0+£47 89.0+43 860+48 85.5+49 885444 885+44 895442 88.0+45 865447 840451 89.0+4.3
Mistral-7B 50+3.0 60.0+6.8 325+6.5 28.0+6.2 285+6.3 455+69 380+6.7 27.0+6.2 285+6.3 41.0+6.8 420+6.8 455+6.9 30.0+6.4
Qwen2.5-3B 2.0+0.6 1.6+0.5 1.6£0.5 1.9+£0.5 1.7£0.5 1.7£0.5 1.7£0.5 1.9+£0.6 1.7£05 1.6£0.5 1.6£0.5 1.9+05 1.7+05
Qwen2.5-7B 20+06 30+£07 31407 29407 29+07 28+07 29+£07 26+06 27+£06 26+£06 29+07 3.0£07 24%+06
E Qwen2.5-14B 1.9+0.5 1.74+05 1.9£05 1.7£05 2.240.6 1.5£05 1.7£05 1.8+£0.5 1.8+£0.5 1.7£05 1.6£0.5 1.7£05 1.6+0.5
T Llama-3.2-3B 0.3+£0.2 23+0.6 27+£0.7 22+0.6 2.0+ 0.6 2.440.6 2.34+0.6 2.0+ 0.6 2.440.6 1.9+0.5 2.24+0.6 2.5+ 0.6 2.3+0.6
Llama-3.1-8B 2.240.6 2.440.6 2.34+0.6 2.14+0.6 2.0+£0.6 1.9+ 0.6 22+0.6 2.7+£0.6 2.7+£0.6 2.7+0.7 2.3+0.6 2.4+0.6 2.0+0.6
Mistral-7B 0.3+£0.2 0.7+£0.3 1.1+£04 0.8+0.3 0.8+0.4 1.7£0.5 0.7+£0.3 0.9+0.4 0.6 +0.3 0.9+0.4 0.8+0.4 1.3+£05 0.9+0.4
Qwen2.5-3B 574+48 594+48 60.6+48 59.6+48 586448 59.1+48 586448 59.6+48 59.9+48 591448 594+48 586448 59.1+48
S Qwen2.5-7B 579+48 61.3+48 61.3+48 61.3+48 61.3+48 61.1+48 61.6+48 61.6+48 623+47 61.3+48 60.6+£48 623+47 62647
E Qwen2.5-14B 64.1+4.7 64.3+4.7 65.1+£47 628+47 61.3+48 60.1+48 61.1£48 651+£47 63.6+47 65.3+47 623+£47 60.6+48 628+47
® Llama-3.2-3B 45.9+49 57.6+48 56.9+48 564+49 559+49 556+4.9 569+48 57.9+48 57.6+48 56.4+49 556+£49 559+49 551+49
2 Llama-3.1-8B 50.6+4.9 53.9+49 534+49 53.6+49 529+49 53.1+£49 51.6+49 53.6+49 524+£49 51.9+£49 53.6+49 51.9+49 54.4+49
Mistral-7B 0.0+0.1 90+28 80427 77+26 70£25 11.5+£31 62+24 85+27 T70+£25 80£27 T77+26 100£29 7.0+25
Qwen2.5-3B 52.8+44 50.8+44 512+44 494444 50.8+44 524+44 51.0+44 51.0+44 51.0+44 51.2+44 514+44 51.0+44 514+44
8  Qwen2.5-7B 46.8+4.4 60.6+43 602+43 61.2+43 600+43 588443 602+£43 594+43 600+43 59.6+43 61.0+£43 598+43 61.2+43
2 Qwen2.5-14B  61.6+4.3 63.4+4.2 63.2+42 63.0+£42 638+42 646+£42 620+£43 63.0+42 64.0+42 63.6+42 646+42 648+42 63.0+£42
% Llama-3.2-3B 26.6+£3.9 332%+41 326+41 320+41 326+41 344+42 334+41 3144+41 320+41 366+42 342+42 332+£41 320+4.1
2 Llama-3.1-8B 33.8+4.1 39.0+43 380+43 37.6+42 384+43 37.0+42 372+42 37.8+43 372442 372442 372442 368+42 366+42
Mistral-7B 22413 8.84+25 9.8+ 2.6 9.8+ 2.6 84+24 108+27 13.0+29 78+24 100+26 106+27 102+27 92+25 9.0+2.5

Model Baseline Instruct: CC split Instruct: LLOC split

NL MIN LOW MID HIGH MAX CTRL MIN LOW MID HIGH MAX CTRL

'z Qwen2.5-3B 6.1+22 83+£25 74424 67+23 T70£23 T72+24 72+£24 78425 89+26 T4+24 65+23 T76+£24 67+23
é‘ Qwen2.5-7B 93+27 10728 91+26 6.5+£2.3 8.7+£2.6 9.6+£27 10.0£27 T78%25 7.0+23 8.0+25 11.5+£29 93£27 8.7+2.6
't Qwen2.5-14B 128 +3.1 124+3.0 126430 126+3.0 133+3.1 133+3.1 126430 122+30 143+32 135+3.1 135+3.1 13.9+32 141+3.2
E Llama-3.2-3B  0.4+0.6 22413 28415 24+14 3.3+ 1.6 3.0+ 1.6 28+1.5 3.3+£1.6 1.7+12 3.0+ 1.6 22+1.3 1.5+1.1 3.0+1.6
g Llama-3.1-8B 3.0 £1.6 72424 7.8+25 6.7+2.3 83+£25 6.3+2.2 8.7+2.6 5.7+2.1 7.8+2.5 5.7+2.1 74+24 6.7+2.3 72+24
Mistral-7B 52420 52+£20 46419 50+£20 39+£18 46+19 59+21 43+1.9 52+20 48+20 43+19 61+£22 59+21
Qwen2.5-3B 174+35 161+34 16.7+£35 163+34 196+3.7 208+38 181436 181+£36 172435 145+£33 172435 188+3.6 194+3.7
< Qwen2.5-7B 16.7+3.5 194437 172+35 156+34 203+£3.7 1794+35 214438 183+£36 196+3.7 16.7+3.5 185+£3.6 20.1+£3.7 194+3.7
< Qwen2.5-14B 154+33 21.2+38 21.04+38 21.0+£38 214+38 241440 246440 199+37 203+37 192436 268441 246+40 23.0+39
?5 Llama-3.2-3B 14.7+3.3 154+33 15.6+34 143+3.2 161+34 154+33 152+£33 143+3.2 1454+33 15.0£33 158+34 152+33 141432
Llama-3.1-8B 14.3+3.2 10.5+28 105+28 125431 145+33 138432 10.7+29 123+3.0 121430 94+27 134432 105+28 114+£29
Mistral-7B 9.6 2.7 8.0+25 6.7+2.3 4.0+1.8 0.94+0.9 1.6+1.1 4.5+1.9 51+£2.0 33+£17 47£20 4.0+18 29+1.6 3.8+18
Qwen2.5-3B 81.9+53 88.0+45 89.0+43 89.0+43 880+45 89.0+43 885+44 87.5+46 86.5+47 86.0+48 87.5+46 835+44 83.0+4.5
¥  Quen2.5-7B 85.3+4.9 89.0+43 860+48 915439 920+38 940+33 935+34 865+47 905+41 925+37 925+£3.7 94.0+33 925+3.7
g Qwen2.5-14B 90.4+4.1 945+32 93.0£35 945+£32 95.0+3.0 95.0+£3.0 96.0£2.7 95.0+£3.0 9454+3.2 955+£29 945+£32 96.5+25 95.0+3.0
®n Llama-3.2-3B 62.3+6.7 69.5+64 67.0£65 71.5+63 660+£66 69.5+64 68.0+65 67.5+£65 65.0+6.6 67.0+£6.5 65.0£6.6 66.5+6.5 68.0£6.5
O Llama-3.1-8B 78.0+57 83.0+52 845+50 840451 85.5+49 825+53 830452 85.0+£49 81.0+54 805455 840+£51 825453 845450
Mistral-7B 50+£3.0 320+£6.5 120+4.5 105+42 40+27 385+£6.7 21.0+£56 4.0+£27 395+£68 35+25 395+68 36.0+6.7 33.0£6.5
Qwen2.5-3B 20+06 24+£06 21406 19+05 25+06 24+06 22+06 1.9+06 24+06 23+06 23+06 22+06 25+06
Qwen2.5-7B 2.0+0.6 24406 1.940.6 2.14+0.6 2.5+ 0.6 2.240.6 2.6+ 0.6 1.9+£0.6 2.6 0.6 2.24+0.6 2.5+0.6 2.1+0.6 2.3+0.6
E Qwen2.5-14B 1.9+£0.5 2.1+0.6 24406 27+0.6 2.240.6 1.7+£0.5 2.5+ 0.6 2.440.6 1.9+0.6 2.440.6 2.7+ 0.6 1.9+0.5 2.8+0.7
T Llama-3.2-3B 0.3+£0.2 1.5+£0.5 1.3+£05 1.4+05 1.1+04 1.1+04 1.2+04 1.1+04 0.8+0.4 1.1+04 1.1+04 1.8+0.5 14405
Llama-3.1-8B 2.2+£0.6 26+0.6 27+0.6 2.5+ 0.6 2.2+ 0.6 2.5+ 0.6 2.1+0.6 2.2+0.6 2.4+0.6 2.1+0.6 2.1+0.6 2.3+0.6 2.8+0.7
Mistral-7B 03+02 12+04 114+04 09+04 03+£02 08+04 09+04 06+03 09+04 06£03 06+03 05£03 1.0+04
Qwen2.5-3B 574+48 586+£48 574+48 603+48 60.1+48 60.1+£48 586+48 584448 584+48 581+£48 581+48 594+48 58.6+£48
S  Quen2.5-7B 57.9+48 589+48 574+48 61.6+48 61.8+48 623+47 60.1+48 61.3+48 586+48 61.1+48 60.1+48 64.1+47 62.1+£47
E Qwen2.5-14B 64.1+4.7 673+46 67.8+46 67.1+46 663+46 67.8+46 67.6+46 67.1+46 668+46 67.1+46 668+46 67.8+46 68.3+4.6
% Llama-3.2-3B 45.9+£4.9 49.9+49 50.1+£4.9 49.4+49 514+49 486+49 50.6+£49 504+49 48.1+£49 529+49 51.1+£49 47.1+£49 50.6+4.9
2 Llama-3.1-8B 50.6+49 52.6+4.9 526+49 50.6+49 504+49 486+49 51A4+E49 50.9+49 514+49 50.6+49 479449 486+49 51.9+49
Mistral-7B 0.0+£01 11.7+31 92428 52422 70£25 70£25 1.7+1.3 284+44 87+£28 05+£07 147+35 87%x28 3.7+19
Qwen2.5-3B 52.8+44 498+44 506+44 51.8+44 51.8+44 51.6+44 51.2+44 524444 51.6+44 520+44 51.8+44 522444 51.0+£44
g Qwen2.5-7B 46.8+4.4 54.0+44 576+43 59.0+43 602+43 604443 60.0£43 55.0+44 568+43 61.0+43 614+43 60.6+43 602+43
2 Qwen2.5-14B 61.6+4.3 63.2+4.2 620+£43 628+42 622+43 644+42 634+£42 606+43 63.0+42 628+42 644+42 632+42 62.6+4.2
T Llama-3.2-3B 26.6+3.9 324+4.1 302+4.0 326441 344+42 348442 31.8+41 312441 326+41 310441 348+42 332441 326+4.1
S Llama-3.1-8B 33.8+4.1 382443 356442 358442 36.6+42 330441 362442 346442 356442 364442 366+L42 362+£42 358442
Mistral-7B 22+1.3 9.8+2.6 84+24 6.8+2.2 6.0+21 10.0£26 84424 40+£1.7 11.2+£28 44+18 126+29 108+27 10.8+2.7
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Table 4: Targeted complexity buckets can outperform larger mizred-data training. Accuracy
(%) after fine-tuning on the full INSTRUCT CC dataset (~40k samples) compared with the best-performing
individual complexity bucket (~8k samples). A reports Full — Best, so negative values indicate that the
targeted bucket outperforms full-dataset training. The split of the best-performing bucket is shown in
parentheses.

Qwen2.5-7B Llama-3.2-3B
Benchmark Full dataset (%) Best bucket (%) A (%) Full (%) Best bucket (%) A (%)
GSMSK 83.47 94.00 (MAX) —10.53 67.93 71.50 (MID)  —3.57
MATH401 60.85 62.34 (MAX)  —1.50 50.37 51.37 (micH)  —1.00
MATH500 47.20 60.40 (MmaXx) —13.20 31.80 34.80 (MAX)  —3.00
GPQA 16.29 20.31 (micH)  —4.02 14.96 16.07 (m1GH)  —1.12
BBEH-MINI 7.61 10.65 (MIN)  —3.04 2.39 3.26 (micgH)  —0.87
HLE 1.69 2.53 (HIGH)  —0.84 1.05 1.48 (MIN)  —0.42
Average 36.18 41.07 (MAX) —4.89 28.08 28.74 (MmAaX)  —0.66

We emphasise that this experiment is not intended to maximise performance or exhaustively study scaling
behaviour. Rather, it serves as a controlled check on whether the observed complexity effects disappear once
more data is added. The results suggest that they do not, supporting the practical relevance of complexity-
aware data selection, while leaving larger-scale validation across more models, datasets, and training stages
as an important direction for future work.

G Correlation Calculation Details

To rigorously quantify the relationship between training code data complexity and model reasoning perfor-
mance, we employ Spearman’s rank correlation coefficient (p) (Dodge, [2008). This non-parametric measure
is chosen because our complexity levels (MIN, LOW, MID, HIGH, MAX). represent an ordinal scale rather than
a continuous ratio scale, making Pearson’s correlation less appropriate. Specifically, for each base model
and dataset combination, we calculate p between the integer-mapped complexity levels (0 — 4) and the cor-
responding evaluation accuracy. The calculation is performed using the scipy.stats.spearmanr function
from the SciPyE library, which also provides two-sided p-values to assess statistical significance. A standard
significance level of o = 0.05 is used to determine if the observed correlations are statistically significant. We
exclude control groups from this specific analysis to focus solely on the trend within the complexity-stratified
fine-tuning runs.

10SciPy: |https://scipy.org/
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