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Abstract

Post-training of large language models optimizes only parameters, while inference-
time procedural scaffolds are typically designed independently of parameter train-
ing. This disconnect makes it difficult to automatically acquire and internalize
complex strategies. We propose scaffold-mediated post-training: procedural scaf-
folds are organized into an evolvable graph structure that co-evolves with model
parameters through discovery, distillation, and dynamic recompilation. We instanti-
ate this paradigm as Skill Training. On FeatureBench, automatically discovered
skills improve the passed rate by 8.1pp, and after progressive distillation the model
still achieves a 27.7% passed rate without any external scaffold (distillation reten-
tion rate 85.2%, defined as post-distillation / with-skill passed rate), significantly
outperforming standard SFT on the same data.
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Figure 1: Co-evolution loop in scaffold-mediated post-training. GG; assembles task-specific subgraphs
and generates V -verified training data; the model internalizes skill behaviors via progressive distilla-
tion; skills meeting the retention threshold are removed and dependent scaffolds are recompiled into
Gt

1 Introduction

The parameter-learning bottleneck. Post-training of large language models (LLMs) typically treats
only model parameters as trainable. However, the procedural strategies required by complex tasks
(how to decompose requirements, edit multiple files in topological order, and verify correctness after
each step) are difficult to learn from scarce training examples alone (Yang et al.,[2025b). Evaluations
on FeatureBench (Zhou et al., [2026) show that Claude Opus 4.5 achieves a 76.8% solve rate on SWE-
bench (Jimenez et al., 2024) yet only a 45.5% passed rate on FeatureBench, revealing deficiencies in
procedural strategies. FeatureBench focuses on end-to-end feature development (involving multi-file
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coordination, architectural decisions, and multi-step verification workflows), placing higher demands
on procedural strategies.

The limits of scaffold engineering. Inference-time scaffolds such as chain-of-thought (Wei et al.,
2022), ReAct (Yao et al.| 2023)), and agentic workflows can substantially improve performance on
complex tasks, but they are typically hand-designed and bolted on at inference time; as scaffolds
accumulate, inference becomes increasingly complex and slower.

Scaffold-mediated post-training. This paper proposes a new post-training paradigm that bridges
parameter learning and scaffold engineering: procedural scaffolds themselves become evolvable
objects that co-evolve with model parameters. The model first solves tasks with the aid of an
external procedural scaffold graph, which generates high-quality supervised data. The model then
absorbs the scaffold’s behavior through distillation. Once a scaffold has been internalized into
parameters, the external graph undergoes dynamic recompilation: the internalized skill is removed
from the graph, and higher-level scaffolds that depend on it are automatically rewritten, closing the
co-evolution loop between parameter learning and scaffold learning.

We instantiate this paradigm as Skill Training. A skill is a node in the procedural scaffold graph,
comprising metadata (meta), an activation condition (C'), an execution procedure (P), a verification
checkpoint (V'), a compositional interface (I), and anti-patterns (F). The framework operates in three
stages (Figure [I)):

1. Skill Discovery: Structured skills are automatically discovered from seed data to construct an
initial procedural scaffold graph.

2. Scaffold-Graph-Augmented Data Generation: For each task, a scaffold subgraph is assembled
to guide the model through the task and generate verified training data.

3. Progressive Distillation with Dynamic Recompilation: Starting from the most frequently in-
voked bottom-level skills, progressive distillation internalizes skill behavior into model parameters.
Internalized skills are removed from the scaffold graph, and higher-level scaffolds that depend on
them are automatically rewritten and re-verified.

The main contributions of this paper are:

* A new paradigm: We propose scaffold-mediated post-training, in which model parameters and an
external procedural scaffold graph co-evolve through discovery, assembly, distillation, and dynamic
recompilation.

* A new representation: We formalize skills as nodes in a procedural scaffold graph G = (S, D),
each containing the six-tuple (meta, C, P, V, I, E'). Explicit skill calls in P induce dependency
edges in the graph, I defines typed labels for inter-node data flow, and V' provides quality-filtering
signals for distillation.

* A new mechanism: We propose dynamic recompilation: once a skill has been distilled and
internalized into parameters, the scaffold graph automatically rewrites higher-level scaffolds that
depend on it, enabling co-evolution between parameters and scaffolds.

* Empirical validation: On FeatureBench, automatically discovered skills raise the passed rate
from 24.4% to 32.5%; after progressive distillation the rate reaches 31.5% (22 skills internalized);
pure internalization without external scaffolds still achieves 27.7% (retention rate 85.2%), all
significantly outperforming standard SFT on the same data (25.5%). Ablations show that V' and P
contribute 6.9pp and 4.2pp to the retention rate, respectively.

Limitations remain: this work validates the framework only in code generation and uses self-
distillation from a single model without exploring teacher diversity. The framework itself is domain-
agnostic, and extending it to other domains with executable verifiers, such as mathematical reasoning,
is an important direction for future work (Section 7).

2 Related work

2.1 Parameter learning

SFT and RLHF compress capabilities directly into model parameters. STaR (Zelikman et al., 2022
and Quiet-STaR (Zelikman et al.|2024)) achieve self-improvement by bootstrapping reasoning chains.



Context Distillation (Snell et al., [2022) distills rich contexts into weights. These methods can
update parameters but lack explicit, composable, and verifiable external procedural structures; their
distillation targets are flat text or reasoning chains that lack explicit composable interfaces for
programmatic cross-task reuse.

2.2 Scaffold learning

APE (Zhou et al.l [2023) and OPRO (Yang et al.| 2024) automatically optimize prompts; Prompt-
breeder (Fernando et al.,[2024)) optimizes prompts via evolutionary algorithms, yet all produce flat
text. Voyager (Wang et al.,|2024) builds a composable skill library; ExpeL (Zhao et al., 2024)) extracts
natural-language rules; SkillRL (Xia et al.,|2026) jointly trains skills with RL; Skill-It! (Chen et al.,
2023)) studies data dependencies among skills. DSPy (Khattab et al.|[2024) treats prompts as compos-
able modules; SAGE (Wang et al.,2026) accumulates a skill library within an RL framework. These
methods construct external scaffolds but all lack bidirectional co-evolution between parameters
and the scaffold graph.

2.3 Bridging the two: scaffold-mediated post-training

This paper connects parameter learning and scaffold learning: procedural scaffolds are first discovered
and used to guide the model in solving tasks and generating training data (the strength of scaffold
learning), then distilled and internalized into parameters (the strength of parameter learning), after
which the scaffold graph undergoes dynamic recompilation. This “learn — internalize — recompile”
loop has not been realized in prior work.

3 Method: scaffold-mediated post-training

Engineering motivation. In engineering practice, we built a system of 136+ manually authored skills
covering Test-Driven Development (TDD), debugging, and code review workflows. These skills
closely match the formal definition in structure (Appendix [D)), but manual design is prohibitively
expensive, directly motivating the automated training research below.

This section first defines the procedural scaffold graph (§3.1), then describes three stages: skill
discovery (§3.2) — scaffold-graph-augmented data generation (§3.3) — progressive distillation
and dynamic recompilation (§3.4-3.5). The first two stages constitute scaffold learning; the third
constitutes parameter learning and scaffold-graph co-evolution (Figure [2)).

3.1 Procedural scaffold graph

Definition 1 (Skill). A skill s is a node in the procedural scaffold graph, comprising the following
core components:
s = (meta,C,P,V,I, F)

where:

* meta (metadata): name, description, category tags, available tool list, and version number.

» (' (activation condition): task characteristics and triggering rules that determine when the skill is
activated (the LLM automatically evaluates the match against the task description and executes
upon match).

» P (execution procedure): structured workflow steps, categorized as either rigid (strict step ordering
with hard constraints at each step) or flexible (advisory patterns that permit discretionary step
selection).

» V (verification checkpoint): checkable conditions that must be satisfied after skill execution.
Following the evidence-driven principle, V' requires executable evidence rather than model
assertions. Verification may comprise multiple layers (build — type-check — test — security —
change audit); in rigid skills these are executed sequentially with fail-fast semantics (Appendix [.

» [ = (I.in, I.out) (compositional interface): standardized input/output type label sets, enabling
multiple skills to be chained according to dependency relations.

* E (anti-patterns): common failure modes that help the model avoid known pitfalls.
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Figure 2: Detailed three-stage data flow. Stage 1: iteratively discover skills from seed data and
build the scaffold graph G. Stage 2: for each task, select nodes by C-matching, build subgraph
G, execute in topological order, and V -verify; only passing traces are retained. Stage 3: bottom-up
progressive distillation (loss includes KL constraint, mixed with pretrain data); skills whose retention
rate meets the threshold are removed from the graph and trigger dependency recompilation. Blue
arrows denote cross-stage data flow; red dashed lines denote feedback/fallback paths.

In practice, each skill is implemented as a Markdown file with YAML frontmatter; the design derives
from iterative experience with over 136 manually authored skills.

Definition 2 (Procedural Scaffold Graph). A scaffold graph G = (S, D), where S is the set of skill
nodes and D is the set of dependency edges induced by explicit skill calls in P: if P, explicitly
invokes s,, an edge from s, to s; is added. I provides typed labels (e.g., file_list, test_result)
for the data flowing along these edges at runtime. Acyclicity is verified via depth-first search (DFS)
after graph construction: if a node reappears in the path stack, the cycle is identified and its chain
reported, the offending last edge is discarded, and the check is retried. The graph of 30 skills in our
experiments is always a DAG. Composite skills correspond to executing a scaffold subgraph: nodes
are scheduled in topological order. V' provides verification feedback after each node executes.

Multi-round discovery produces hierarchical skill structures: higher-level skills discovered in later
rounds explicitly invoke lower-level skills in their P, from which dependency edges naturally arise;
Algorithm formalizes these call relationships via interface matching (I,.out N I,.in # ().

Key distinction from prompts. A conventional prompt is flat text; skills possess three structural
properties: (1) Verifiability—V" enables automatic evaluation of execution outcomes, providing
a filtering signal for distillation; (2) Composability—!/ defines standardized interfaces that allow
multiple skills to be chained; (3) Conditional activation—C' automates skill selection. Ablation
experiments (Section [5.3)) quantify the contributions of V and I.

In practice, skills are classified as either rigid (enforcing step ordering and verification checkpoints)
or flexible (advisory patterns permitting flexible selection). Ablation experiments (Section [5.3))
progressively remove V' and I to verify the contribution of skill’s core structural features (£ removal
causes only 0.8pp drop, not significant). Full ablation configurations and skill examples are provided
in Appendix D]

3.2 Stage 1: skill discovery

Input: A high-quality seed dataset Dgeeq = {(t;,7:)}1,, where ¢; is a task description and r; is a
successful solution. [V is typically 1000-3000.

Algorithm[T] (Appendix [A) provides the complete procedure. Here LLM.Extract, LLM.Cluster, and
LLM.Refine are all LLM calls (prompt templates are given in Appendix [B). Evaluate compares the
passed rate on a validation set before and after skill injection. The threshold 6 (default 0.05, i.e., a
skill must yield >5 pp improvement on the tasks that invoke it) controls the minimum effectiveness



requirement; e (default 0.01) controls the iteration convergence criterion. Sensitivity analysis is
provided in Appendix [C|

Relationship to human-designed skills. The skills produced by automatic discovery are structurally
highly similar to manually designed ones (Appendix [D]provides a component-by-component compar-
ison), yet the process is fully automated, demonstrating that LLMs can induce structured strategies
from successful exemplars.

3.3 Stage 2: scaffold-graph-augmented data generation

Objective: Leverage the scaffold graph G to guide the model in solving additional tasks and generate
high-quality training data. 7y comprises 2000 task instances generated by the FeatureBench data
pipeline on additional repositories; success is determined by execution-based verification (running
the test suite). Algorithm 2] (Appendix [A) provides the procedure.

Subgraph construction and execution. The LLM selects candidate nodes S; by C-matching,
extracts subgraph G; from G| in topological order (depth limited to 3 layers). During execution,
nodes are dispatched sequentially with data passed via I; each node runs V -verification after execution
(one retry permitted; second failure discards the trajectory). A final task-level test suite is run; only
fully verified trajectories are retained as training data. Formal definitions are given in Appendix [J|

3.4 Stage 3: progressive distillation and dynamic recompilation

Objective: Internalize skill behaviors into model parameters and dynamically recompile the scaffold
graph after internalization. Algorithm [3|(Appendix [A]) provides the complete procedure.

Distillation objective. We adopt a self-distillation approach in which the teacher and student are
different configurations of the same model: the teacher receives [skill prompt & ¢;] and produces 7;
(the full execution trajectory including intermediate reasoning and action steps); the student receives
only [t;] and is trained to match r;. The training loss is £ + (- Dky(mg||mer), Where L is the
cross-entropy loss and the KL divergence constraint prevents the parameters from deviating too far
from the reference model.

Distillation order. Progressive distillation proceeds bottom-up along the topological order of the
scaffold graph G root nodes with no dependencies (in-degree 0) are distilled first; within the same
level, nodes are sorted in descending order of dependency count (out-degree), prioritizing internaliza-
tion of foundational capabilities with the largest impact. This ordering is uniquely determined by the
graph structure and requires no manual weight tuning.

Implementation details. We use full-parameter fine-tuning (Appendix [K). The retention rate
threshold is 7 = 0.85, and the recompilation fallback threshold is § = 0.02. The reference policy s
in the KL constraint is statically anchored to the original base model M, and is not updated across
distillation rounds. Algorithmiterates per skill for clarity; in implementation, skills within the same
topological level are merged into a single training round to avoid redundant gradient steps.

Catastrophic forgetting mitigation. Five mechanisms jointly mitigate catastrophic forgetting:
(1) self-distillation—teacher and student share the same base model, inherently small KL divergence
reduces distribution shift; (2) bottom-up implicit replay—lower-level skill behaviors are repeatedly
replayed in higher-level training data; (3) pretraining data mixing—50% pretrain data mixed per
round; (4) KL constraint (5 = 0.01); (5) per-round retention check—skills falling below 7 are not
internalized and are retained as external scaffolds. Detailed analysis is provided in Appendix

3.5 Dynamic recompilation

Dynamic recompilation enables co-evolution of parameters and the scaffold graph. After skill sy is
internalized, its node cannot simply be removed—higher-level skills may depend on it. Recompilation
consists of six steps: (1) Node Removal: remove s; from G; (2) Procedure Rewriting: an LLM
replaces explicit calls to sy in the higher-level scaffold s;,’s procedure P, with implicit assumptions
about the model’s internalized capability; (3) Bridge Regeneration: regenerate inter-node data-
passing instructions; (4) Interface Update: update I,; (5) Re-verification: recompiled scaffolds
must pass V' verification on a validation set (60s timeout per node); (6) Fallback: if performance



Table 1: Experimental configurations. Direct Fine-tune trains on the same D, via standard SFT in a
single pass, isolating the contribution of structured training pathways.

Configuration Description

Baseline Vanilla model executes tasks directly
+ Human Skills Manually designed skill set

+ Auto Skills Model auto-discovered skills

+ OPRO Prompt + Distill  OPRO-optimized prompt distilled; no prompt injected at inference
+ Distilled (All-at-once) All-at-once distillation (7=0.85, 12 internalized + 18 external)
+ Distilled (Progressive)  Progressive distillation (7=0.85, 22 internalized + 8§ external)

+ Pure Internalization Progressive distillation with all external skills removed (0 external,
parameters only)
+ Direct Fine-tune Standard SFT on the same D,y (with identical pretrain data mixing,

no skill decomposition, no progressive curriculum)

drops by > 4, retain sy, as an external scaffold. Recompilation depth is limited to 1 hop; each node is
processed independently.

Formally: M;,, = Distill(M;, D(st)); Gi+1 = Recompile(Gy, s¢, Myi1).

4 Experimental setup

Our experiments aim to answer five research questions: RQ1: Can a scaffold graph be automatically
learned from seed trajectories? RQ2: Can the scaffold graph improve task solving and data gen-
eration? RQ3: Can scaffold behaviors be internalized into model parameters? RQ4: Is the graph
structure (V' and I) necessary? RQS: Is dynamic recompilation effective?

4.1 Benchmarks and models

Data and Evaluation. We use the open-source data pipeline from FeatureBench (Zhou et al.|[2026)) to
generate training data. Evaluation strictly follows the FeatureBench paper setup: we use its standard
Full set (200 tasks, 24 open-source repositories, execution-based verification), with OpenHands (Wang
et al.,|2025) as the base agent framework (providing tool interaction and environment management),
and skills injected as an additional procedural knowledge layer on top. We report Passed Rate (the
average proportion of fail-to-pass tests passed per task). Training data is generated using the data
pipeline on additional repositories with no overlap with the evaluation set.

Models. Qwen3-Coder-480B-A35B-Instruct (Yang et al.l [2025a) (MoE, 35B activated parame-
ters, full-parameter fine-tuning) and DeepSeek-V3.2 (DeepSeek-All [2025) (MoE, 37B activated
parameters, to verify cross-model generality).

4.2 Experimental configurations
4.3 Seed data construction

We use the FeatureBench data pipeline to generate training instances on additional repositories,
selecting 2000 seed tasks and 200 validation tasks (for skill quality evaluation, independent of
the FeatureBench evaluation set). Selection criteria: involving multi-file modifications, containing
strategic steps, and covering diverse development patterns. An additional 2000 tasks are sampled as
Tnew for the data generation phase. Seed data details are provided in Appendix [G|

4.4 Evaluation metrics

* Passed Rate: the average proportion of fail-to-pass tests passed per task. We adopt Passed Rate as
the primary metric because skills provide incremental help on procedural strategies (e.g., correctly
executing 3 out of 5 steps), and Passed Rate captures such partial improvements. The strict Resolved
Rate (all tests must pass) is reported in Appendix [[} trends are consistent.

* Distillation retention rate: Passed Rate of the distilled model without skill / Passed Rate of the
pre-distillation base model with skill (i.e., the Auto Skills passed rate of 32.5%), measuring how



Table 2: Passed rate (%) on FeatureBench Full (200 tasks, OpenHands framework, 5 random seeds).

Configuration Qwen3-Coder DeepSeek-V3.2
Baseline 24.44+0.8 26.1 £0.7
+ Human Skills 35.0+1.0 36.8+1.1
+ Auto Skills 325+1.1 34.3£08
+ OPRO Prompt + Distill 26.0£0.8 27.8£0.6
+ Distilled (All-at-once) 29.0£0.9 30.4+1.0
+ Distilled (Progressive) 31.5+1.0 33.3+0.7
+ Pure Internalization 277+ 1.0 29.5+ 0.8
+ Direct Fine-tune 25.5+0.9 27.24+0.8

much of the skill-augmented capability is retained after distillation (evaluation tasks are highly
relevant to the skills).

* Skill transfer rate: the proportion of skills that yield a positive improvement on tasks outside the
seed set.

Following the FeatureBench evaluation protocol, all 200 evaluation tasks are used for assessment
(model training data comes entirely from independent seed and generated sets with no overlap with
these 200 evaluation tasks). Each configuration is run with 5 random seeds; we report mean +
standard deviation.

S Experimental results

5.1 Main results (RQ1-RQ3)

Table 2] presents the passed rate of each configuration on FeatureBench.
Key observations.

(1) Effectiveness of auto-discovery: Auto Skills (32.5%) approach Human Skills (35.0%) with a
gap of only 2.5pp, indicating that the model can automatically discover skills from 2,000 seed cases
at near-human quality (achieving 93% of the human-designed passed rate).

(2) Value of scaffold-augmented inference: Auto Skills (32.5%) significantly outperform Base-
line (24.4%) by 8.1pp, demonstrating that skill-augmented inference yields a substantial absolute
improvement.

(3) Value of distillation internalization: Progressive Distilled (31.5%, with 8 external skills)
significantly outperforms Direct Fine-tune (25.5%) by 6.0pp. Even after completely removing
external skills, the purely internalized model still reaches 27.7% (retention rate 85.2%), outperforming
Direct Fine-tune by 2.2pp. Note that both use the same D, (all V-verified); the gap arises purely
from structured training pathways: per-skill progressive distillation vs. one-pass standard SFT.

(4) Trends are consistent across both models.

5.2 Skill quality analysis

The automatic discovery process extracted approximately 120 candidate strategies from 2,000 seed
cases, which were clustered and merged into 45 skill candidates; 30 of these passed validation-set
filtering (@ = 0.05), converging in 5 iterations.

Auto Skills cover 78% of test tasks (Human Skills cover 85%), with a false-trigger rate of 12%
(Human Skills: 8%). On out-of-seed tasks, 27 out of 30 skills yield a positive improvement (skill
transfer rate 90%), indicating good cross-task transferability. A fine-grained analysis stratified by
task complexity is provided in Appendix [F}



Table 3: Skill component ablation (Qwen3-Coder). Pure internal. rate = infer. passed rate X retention
rate. All rows use the progressive distillation pipeline; Flat Prompt’s low retention reflects pipeline
incompatibility with unstructured prompts. OPRO+Distill in Table [2fuses standard context distillation.

Configuration Infer. Passed Rate Pure Internal. Rate Retention Rate = Composable
Full Skill (complete) 32.5% 27.7% 85.2% Yes
—V (no verification) 30.0% 23.5% 78.3% Yes
— P (no explicit calls) 31.0% 25.1% 81.0% No
—V — P (cond. prompt) 28.5% 20.9% 73.3% No
Flat Prompt (OPRO) 27.0% 19.0% 70.4% No

Table 4: Scaffold graph evolution summary. Of 30 skills, 22 were successfully internalized, triggering
50 dependency recompilations (96% successful); the passed rate gradually decreased from 32.5% to
31.5% (—1.0pp).

Metric Value
Initial scaffold graph nodes 30
Initial dependency edges 52
Successfully internalized skills 22
Retained as external scaffolds 8
Total dependency recompilations triggered 50
Recompilation fallbacks 2
Recompilation success rate 96.0%
Final scaffold graph nodes 8
Final dependency edges 6
Post-recompilation passed rate 31.5%
Passed rate drop 1.0pp

5.3 Graph structure ablation (RQ4)

Vs dual role: removing V' drops inference-time passed rate by 2.5pp and retention rate by 6.9pp; V'
provides execution feedback during inference and data filtering during distillation. P’s indirect value:
removing explicit calls in P drops passed rate by 1.5pp; the dependency graph induced by P enables
skill composition and makes distillation targets more modular (— P leaves no dependency edges; the
model autonomously decides which skill to invoke, and all skills are merged into a single round of
joint distillation). Full degradation to conditional prompt (—V — P) differs from Flat Prompt by
only 1.5pp in inference-time passed rate (28.5% vs 27.0%), confirming that V' and P are the core
distinguishing features.

5.4 Dynamic recompilation analysis (RQS5)

Table @] presents a scaffold graph evolution summary during progressive distillation.

Key observations. (1) Recompilation success rate: After internalizing 22 skills, a total of 50
upstream scaffold recompilations were triggered, of which 48 succeeded and 2 fell back (success rate
96%), indicating that the I interface provides sufficient dependency information to support automatic
rewriting. (2) Controllable gradual performance degradation: As external scaffolds decrease
from 30 to 8, the passed rate gradually drops from 32.5% to 31.5% (—1.0pp), far less than the drop
from directly removing all scaffolds (—4.8pp). (3) Graph structure evolution: The initial graph G
has 30 nodes and 52 dependency edges; after distillation, G has 8 nodes and 6 edges, representing
significant structural simplification. 8 skills are retained as external scaffolds: 6 due to retention rates
below 7, and 2 due to recompilation performance drop exceeding § despite meeting the retention
threshold.

5.5 Case studies

Representative cases (detailed in Appendix [H): in a success case, a 5-file modification task is com-
pleted via skill-guided dependency analysis and stepwise verification, with the model retaining this



behavior after distillation; a failure case reveals that skills primarily improve procedural capabilities
but offer limited help for creative decision-making.

6 Discussion

Capability transfer. Scaffold-mediated post-training enables bidirectional capability transfer be-
tween two storage media: distillation transfers scaffold capabilities to parameters (Go’s 30 nodes
— Gr’s 8 nodes), while dynamic recompilation feeds parameter state back into the graph structure.
Direct Fine-tune (25.5%, same data, one-pass SFT) lacks structured training pathways; hybrid de-
ployment (i.e., Progressive Distilled with 22 internalized + 8 external skills, 31.5%) outperforms
by 6.0pp. At inference, hybrid deployment provides [8 external skill prompts & t;] to the model;
the instruction-following capability for conditioning on these prompts is already present in the base
model.

Self-distillation and confirmation bias. Self-distillation risks reinforcing the model’s own biases;
three factors mitigate this: (1) V is execution-based verification (build exit codes, test pass rates),
not model self-assessment—removing V' drops retention by 6.9pp; (2) consistent trends across
two different MoE models (Qwen3-Coder/DeepSeek-V3.2); (3) comparison with Direct Fine-tune
(27.7% vs 25.5% on Qwen3-Coder, same data) indicates that the structured training pathway provides
information beyond the data alone.

7 Limitations

Domain and scale. The current work is validated only in the code generation domain. The framework
is domain-agnostic in principle—V and I can be instantiated with domain-specific verifiers and
interfaces—but empirical validation in other domains remains future work.

Teacher diversity. Same-model self-distillation is used throughout; stronger or differently architected
teachers may further improve quality and mitigate confirmation bias.

Pretraining contamination. The 24 evaluation repositories are likely in the base models’ pretraining
corpora, but this affects all configurations equally; our conclusions rest on relative differences.

8 Broader impact

The performance bottleneck of current Al coding agents on complex tasks largely stems from the
scarcity of procedural strategy data. The scaffold-mediated post-training paradigm proposed here, by
treating procedural scaffolds as evolvable objects and distilling them into model parameters, offers
a new path to overcome this bottleneck. Developers can train structured skills from high-quality
engineering practices (such as TDD and code review workflows), then use distillation to endow the
model with these capabilities without external scaffolds. A potential risk is that distillation may
internalize unsafe coding patterns from the training data; deployment should be coupled with security
audits.

9 Conclusion

We propose scaffold-mediated post-training, where parameters and scaffold graphs co-evolve through
multiple rounds of the discover — internalize — recompile loop—multi-round discovery builds
higher-level scaffolds, internalization simplifies the graph structure (Table[d} 30—8), enabling the
model to tackle increasingly complex tasks. Experiments confirm that this mechanism consistently
outperforms standard fine-tuning on equivalent data. Code will be released upon acceptance.
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A Algorithm Pseudocode

Algorithm 1 Skill Discovery

Require: Seed dataset Di..q, validation set D,,;, maximum iteration rounds 7, effectiveness thresh-
old 6, convergence threshold e

Ensure: Base scaffold graph Gy = (Spase, D)

1: R + () {Strategy candidate set}

. for each (¢;,7;) € Dyeea do
R; + LLM.Extract(t;, r;, “extract reusable strategies”)
R+ RUR;

: end for

. Scand < LLM.Cluster(R, “merge similar strategies into skill candidates”)

: for each s;, € Scang do

: Format sy, into complete skill structure (metay., Cx, P, Vi, Ii., Ex)

: end for

10: for each s; € Scang do

11:  scorey < Evaluate(sy, Dy, ) {Initial evaluation}

12: end for

13: foriter = 1 to T do

14:  prev_scores[k] < scorey, Vk {Cache previous scores}

15:  for each s; € Scang do

2
3
4
5
6
7
8
9

16: if score;, < 6 then

17: sy < LLM.Refine(sy, failure case analysis)

18: scorey, < Evaluate(sy, Dy, ) {Re-evaluate after refinement}
19: end if

20:  end for
21:  if maxy [score;, — prev_scores[k]| < € then

22: break
23:  end if
24: end for

25: Spase < {Sk | score, > 6}
26: D < {(8a,8p) | La-out N I.in # (1}
27: return Gy = (Spase, D

B Skill Discovery Prompt Templates

Below are the prompt templates used in each stage of Skill Discovery.

B.1 LLM.Extract Prompt

You are a strategy extraction expert. Given a coding task and its
successful solution, extract REUSABLE problem-solving strategies as
structured skills.

TASK: {task_description}
SUCCESSFUL SOLUTION: {solution}

For each strategy, output a structured skill with: - name:
concise name describing the core idea - C (condition): what task
characteristics trigger this skill - P (procedure): 3-5 step
execution workflow - V (verification): checkpoints to confirm
successful execution (must be evidence-based, not self-reported)

- I (interface): required inputs and produced outputs - E

(anti-patterns): common mistakes this skill helps avoid

Rules: strategies must be GENERAL (not specific to this task),
ACTIONABLE (each step is executable), and VERIFIABLE (V must
reference observable evidence like test output or build status).
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Algorithm 2 Scaffold-Graph-Augmented Data Generation

Require: Base scaffold graph G = (Spase, D), new task set Tpew
Ensure: Augmented dataset Dy

1: 7)m% 0

2: for each t; € Tyew do

32 S; < Select(Go, tj) {Match relevant scaffold nodes by C'}
G <+ BuildSubgraph(S;, D, depth < 3) {Expand downstream dependencies, depth < 3}
Inject skills from G; in topological order into LLM context; LLM executes autonomously,
passing data via I; 120s timeout per execution step
6:  rj,trace; < LLM.Solve(t;, G;)
7. if Any node V verification fails then
8.
9

AN

Retry the failed node once; discard this trace on second failure and continue
. end if
0. Vg, + USeNodeS(Gj) Vs {Union of subgraph verification checkpoints}

11: if Verify(r;, Vg, ) and task tests pass then

12: Daug < Daug U {(tja trace;, Tj)}
13:  end if
14: end for

15: return D,y

B.2 LLM.Cluster Prompt

Below is a list of candidate strategies extracted from multiple
tasks. Merge semantically similar or functionally equivalent
strategies into unified skill candidates.

CANDIDATE LIST: {strategy_list}

For each merged skill, preserve the most general C (condition),
union the P (procedure) steps, and ensure V (verification)
covers all merged strategies. Output the merged skill in the
same six-component format. If two strategies have compatible I
(interface), note this as a potential composition edge.

B.3 LLM.Refine Prompt
The following template is used for structured skill refinement.

The following skill performed poorly on validation tasks. Analyze
the failure cases and refine the skill.

CURRENT SKILL: {skill_definition}
FAILURE CASES: {failure_cases}

For each failure, diagnose the root cause: (a) C too broad --
triggered on tasks where it should not apply (b) P incomplete --
missing critical execution steps (c) V insufficient -- failed to
detect execution errors (d) I ambiguous -- insufficient data passed

during composition

Available operations on each component: KEEP: component is correct
as-is EDIT: rewrite component with improvement ADD: add new sub-steps
or checkpoints

Output the refined skill in full (meta,C,P,V,I,FE) format.

B.4 LLM.Solve Prompt (Stage 2)
The following template is used for scaffold-graph-augmented task solving.

You are a coding agent solving a software engineering task with the
help of structured skills.

TASK: {task_description}

ACTIVE SKILLS (in topological execution order): {skill_1: C, P, V,
I, E}{skill_2: C, P, V, I, E}...

13



Algorithm 3 Progressive Distillation with Scaffold Recompilation

Require: Augmented dataset D,,g, pretraining data Dyreirain, Validation set D, scaffold graph G,
model M, reference policy 7, retention threshold 7, fallback threshold §
Ensure: Distilled model M’, recompiled scaffold graph G
1: M’ + copy(M); G < Go
2: Sort nodes in G by topological order (ties broken by descending out-degree) { Bottom-up priority }

3: for each skill s;, in sorted order do

4. Dy < {(tj,trace;,7;) € Dayg | s € trace;}

5. Dy + Dy U Sample(Dpretrain, |Px|) {Mix in 50% pretraining data}

6:  Gprey < copy(G) {Save graph snapshot}

7. Fine-tune M’ on Dy, minimizing £ + 3 - Dxy.(7g || mref)

8:  deps, < {sn € Nodes(G) | (sg,sn) € D} {Record dependents before removal }
9:  Remove s, from G {Node removal }

10:  for each s;, € deps;, do

11: Rewrite P, regenerate bridge instructions, update I,

12:  end for

13:  if recompiled G fails V' verification on D,y (60s timeout per node) then
14: G < Gprey; continue {Re-verification failed; roll back}

15:  endif

16:  perf_before <— Evaluate(M’, Gprey, Dvar) { M’ with old graph}

17:  perf_after «+ Evaluate(M', G, Dyy) { M’ with new graph}

18:  drop < perf_before — perf_after

19:  retaing < Evaluate(M', Dy,, without sy ) /Evaluate( M, Dy, with sy,)
20:  if retaing > 7 and drop < ¢ then

21: Mark s; as “internalized”

22:  else

23: G < Gprey {Roll back graph state; weight updates retained }
24:  end if

25: end for

26: return M', G

For each active skill, follow its P (procedure) step by step. After
completing each skill, run its V (verification) checkpoints and
report evidence (e.g., build exit code, test output). Pass data
between skills according to their I (interface) specifications. If
a V checkpoint fails, retry once with a corrected approach before
moving to the next skill.

Output your solution as a code patch.

B.5 Procedure Rewriting Prompt (Stage 3)

The following template is used for procedure rewriting during dynamic recompilation.

Skill {skill_k} has been internalized into model parameters and
will be removed from the scaffold graph. The following higher-level
skill depends on it and must be rewritten.

HIGHER-LEVEL SKILL: {skill_h definition}
REMOVED SKILL: {skill_k description}

MODEL PERFORMANCE on skill_k tasks after distillation:
{retention_stats}

Rewrite skill_h’s procedure P_h: replace explicit calls to skill_k
with implicit assumptions that the model can now perform those steps
natively. Update the data flow instructions (bridge) to remove
skill_k as an intermediary. Keep all V checkpoints unchanged.

Output the rewritten skill_h in full (meta,C,P,V,I,E) format.

14



C Hyperparameter Sensitivity Analysis
C.1 SKkill Effectiveness Threshold 6

Table 5: 6 sensitivity analysis. A higher 6 retains fewer but stronger skills, yielding higher distillation
retention rate but lower coverage.

0 # Skills Passed  Auto Skills Passed Rate  Distillation Retention Rate
0.02 38 31.8% 82.1%
0.05 (default) 30 32.5% 85.2%
0.08 22 31.4% 86.7%
0.10 15 29.8% 88.3%

6 = 0.05 achieves the best balance between passed rate and distillation retention rate. A threshold
that is too low introduces low-quality skills that add noise, while a threshold that is too high leads to
insufficient coverage.

C.2 Retention Rate Threshold 7

Table 6: 7 sensitivity analysis. A higher 7 imposes stricter internalization quality requirements,
causing more skills to be retained as external scaffolds.

T # Internalized Skills  Post-Distillation Passed Rate  # Skills Requiring External Scaffold
0.70 27 29.0% 3
0.85 (default) 22 31.5% 8
0.95 15 32.0% 15

7 = 0.85 achieves a balance between model autonomy (independence from external skills) and
performance. In practice, it can be adjusted based on tolerance for external dependencies.

C.3 Distillation Order Comparison

Table 7: Distillation order sensitivity. ‘“# Forgetting Events” refers to the number of times an already-
internalized skill’s retention rate falls below 7 after a distillation round.

Distillation Order Distillation Retention Rate # Forgetting Events
Topological bottom-up (default) 85.2% 1
Topological bottom-up (no pretrain mixing) 81.8% 2
Topological top-down 79.3% 4
Random order 80.4% 3

Topological bottom-up order performs best (retention rate 85.2%, only 1 forgetting event), because
lower-level skills are internalized first and then implicitly replayed during upper-level training.
Removing pretrain mixing, bottom-up still achieves 81.8%, higher than random order with pretrain
mixing, indicating that topological ordering is the primary contributing factor, with pretrain mixing
adding 3.4pp on top. Top-down performs worst (79.3%, 4 forgetting events). Note: this comparison
is conducted on a scaffold graph of 30 skills; the differences are expected to be more pronounced in
larger graph structures.

D Additional Skill Examples

D.1 Automatically Trained Skill Examples

Skill 1: Requirement Decomposition and Implementation Planning (flexible)
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meta: name=requirement-decomposition, tags=[planning, multi-file], tools=[Read, Bash]

C: The task description contains multiple functional requirements or requires modifications to
multiple modules.

P (flexible): (1) Decompose task requirements into independent sub-requirements. (2) Identify the
files and modules involved for each sub-requirement. (3) Identify dependency relationships among
sub-requirements. (4) Order the implementation plan by dependencies. (5) Define acceptance criteria
for each sub-requirement.

V (evidence-driven): (a) Cross-check the original requirement list against the subtask list; count of
uncovered items must be 0. (b) Run topological sort on subtask dependencies; pass if acyclic. (c)
Each subtask includes at least one executable acceptance command (e.g., a test case or build check).

I: input = complete task description, output = ordered list of sub-tasks (each with file list and
acceptance criteria).

E: Modifying all files at once without decomposing first—leading to missed dependencies and
regression issues.

Skill 2: Test-Driven Development (TDD) (rigid)
meta: name=tdd-workflow, tags=[testing, quality], tools=[Read, Write, Edit, Bash]
C': The task requires adding or modifying functional code, and the project has testing infrastructure.

P (rigid, enforced order): (1) Analyze requirements and determine test strategy. (2) Write failing
tests covering normal and edge cases. (3) Write minimal implementation to make tests pass. (4)
Refactor code while keeping tests green. (5) Check test coverage >80%.

V (evidence-driven): (a) Test output from each stage serves as evidence. (b) Existing tests are not
broken. (c) Test coverage for new functionality >80%.

I: input = functional requirements + project test framework info, output = test files + implementation
files.

E: Writing implementation code directly without writing tests first—Ileading to missed edge cases
and difficulty in verification.

D.2 Component-by-Component Comparison of Auto Skills and Human Skills

Table [§] provides a component-by-component comparison of the automatically trained TDD skill and
the human-designed TDD skill.

Table 8: Component-by-component comparison of automatically trained and human-designed TDD
skills. All four components show high correspondence.

Component Auto Skill (automatically trained) Human Skill (manually designed)
C Task requires adding/modifying Triggered when implementing fea-
functionality + testing infrastructure  tures or fixing bugs
P 5 steps: analyze — write tests — 4 stages: RED — GREEN —
minimal impl. — refactor — cover- REFACTOR — COVERAGE,
age mandatory commit per stage

\%4 Tests pass + no regressions + cover-  Git commit evidence per stage + test
age >80% output + coverage >80%

1 Input: functional req. + test frame- planner — tdd — reviewer sequen-

work; Output: test + impl. files

tial handoff

Key differences: (1) The human-designed P is more concise (4 stages vs. 5 steps) and includes IDE-
specific operations (mandatory git commit); (2) The human-designed V' employs a stricter evidence-
driven strategy (does not trust the model’s claim of completion, requires executable evidence), while
the automatically trained V" is similar but does not enforce commits; (3) The human-designed I is
embedded in a five-tier architecture, while the automatically trained [ is a standalone input/output
specification. The core structures are highly consistent, demonstrating that automatic training can
arrive at skill structures similar to those designed manually.
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E Catastrophic Forgetting Analysis

Table 9: Catastrophic forgetting summary during progressive distillation. Of 30 skills, 22 were
internalized with an average forgetting of only 1.4pp.

Metric Value
Total skills distilled 30
Successfully internalized 22

Final retention rate of earliest internalized skill  88.1%
Initial retention rate of earliest internalized skill 91.2%
Maximum forgetting magnitude 3.1pp
Average forgetting across 22 internalized skills  1.4pp

The overall forgetting magnitude is small (average 1.4pp, maximum 3.1pp), attributable to five
mechanisms: (1) self-distillation introduces less distribution shift than standard SFT; (2) bottom-up
distillation causes lower-level skills to be implicitly replayed in subsequent rounds; (3) mixing
50% pretraining data per round prevents distribution shift; (4) the KL divergence constraint (3 =
0.01) prevents parameters from deviating too far; (5) per-round retention rate checks ensure that
underperforming skills are retained as external scaffolds rather than forcibly internalized. Lower-level
skills (distilled first) are repeatedly implicitly replayed in subsequent rounds, continuously reinforced,
achieving the best internalization.

F Fine-Grained Analysis by Task Complexity

Table 10: Passed rate stratified by number of files involved. Skills yield the largest improvement on
medium-complexity tasks.

Task Complexity  # Tasks Baseline + Auto Skills Improvement

Easy (1-2 files) 58 40.3% 47.8% +7.5
Medium (3-5 files) 85 22.5% 32.5% +10.0
Hard (6+ files) 57 11.0% 17.0% +6.0

Skills yield the most significant improvement on medium-complexity tasks (+10.0pp). The smaller
improvement on easy tasks (+7.5pp) is because the baseline already has a relatively high passed rate;
the limited improvement on hard tasks (+6.0pp) is because even with skill guidance, highly complex
tasks still exceed the current model’s capabilities.

G Seed Data Details

The 2000 seed tasks were batch-generated using the FeatureBench data pipeline on additional
repositories, sourced from open-source projects including django, flask, requests, celery, tornado,
etc., with no overlap with the 24 repositories in the FeatureBench evaluation set, avoiding data
leakage. Selection criteria: (1) involving modifications to at least 3 files; (2) containing identifiable
strategic steps; (3) covering at least 8 development patterns. 200 validation tasks were used for skill
quality evaluation. Evaluation was conducted on the FeatureBench standard Full set (200 tasks, 24
repositories), with no overlap with seed data or training data.

H Case analysis

Case 1: Success—multi-file dependency modification. A task involving 5 file modifications; the
Baseline missed 2 dependency files, causing a build failure. After skill injection, “requirements
decomposition” planned subtasks and “multi-file consistency check” modified and verified files in
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topological order, completing the task successfully. After distillation, the model retained dependency
analysis and stepwise verification behavior without skills, indicating the strategy was internalized.

Case 2: Failure—creative decision-making. A task requiring the design of an entirely new data
structure. Skills helped with “how to do it” but offered limited assistance for the creative decision of
“what to do,” revealing that skills primarily improve procedural capabilities rather than creative ones.

Case 3: Configuration file coordination. The task required modifying an application configuration
and ensuring all modules depending on that configuration work correctly. The Baseline model
modified the main configuration file but missed two test environment configuration files. After
injecting the “multi-file consistency check” skill, the model systematically searched for all files
referencing the configuration, updating and verifying each one.

Case 4: SKill composition effect. A task requiring a new REST API. The “requirement decompo-
sition” skill split the task into 5 sub-tasks (routing, validation, logic, formatting, testing), and the
“TDD” skill handled the testing portion. The two skills were automatically chained via I: the output
of requirement decomposition served as input to TDD.

Case 5: SKill false activation. A simple docstring update task was matched by the “requirement
decomposition” skill (because it involved docstrings in multiple files). The skill guided the model
through unnecessary dependency analysis, increasing execution time without affecting correctness.
Such false activations (12% of tasks) suggest room for improvement by raising the 6 threshold or
refining the C' component.

I Verification Mechanism Details

The design practice of 136+ manually authored skills led to a six-stage verification workflow:

1. BUILD: Build passes (exit code 0)

2. TYPES: Type checking passes with no errors

3. LINT: Code style checks pass

4. TEST: Tests pass + coverage >80%

5. SECURITY: Security scan (no sensitive information leakage)

6. DIFF: Change audit (no unexpected file modifications)

Stages are executed in strict order, halting on first failure. This layered verification provides high-
quality filtering signals for distillation: only traces that pass all verifications are retained as training
data.

Verification follows the evidence-driven principle: the model’s claims of completion are not accepted;
executable evidence is required (build exit codes, test execution output, coverage numbers, git commit
records).

J Formal Composition Mechanism

Given two skills s, and s, when I,.out N I,.in # (), the composed skill s is defined as:

Sab = (metagp,, Cq N Cy, P, ®bridge @ Py, Vo, UV, Loy, Eq U Ep)
where I,p.in = I,.in U (I.in \ I,.out), I,,.out = Iy.out U (I,.out \ I,.in), @ denotes sequential
concatenation, and bridge is an automatically generated data-passing instruction. This definition

preserves external inputs and unconsumed outputs. If conflicting checkpoints exist in V, U V},
verification is performed only on the final output, with intermediate V' serving as soft constraints.

18



K Computational Cost Details

Table 11: Computational cost by stage. All experiments were conducted on 512 xH100-80GB.
Skill Discovery and Data Generation involve extensive LLM inference calls and execution-based
verification, constituting the primary computational bottleneck. Distillation is standard fine-tuning
with cost comparable to conventional SFT. Note that the total cost of this framework should not be
directly compared with standard SFT—SFT uses pre-existing data, whereas this framework includes
the data production process (Skill Discovery + Data Generation), which is an additional but necessary
investment.

Stage Primary Cost Relative Cost
Skill Discovery 2000 seeds x LLM extract (once) + ~45 candidates x 1" eval/refine rounds High
Data Generation 2000 tasks x scaffold graph assembly x LLM inference x V verification Highest
Distillation K rounds of full-parameter fine-tuning Medium
Dynamic Recompilation Dependent nodes x LLM rewriting X re-verification Low

Fine-tuning hyperparameters. Full-parameter fine-tuning uses the AdamW optimizer with learning
rate 1 x 1075, cosine decay schedule, warmup ratio 5%, effective batch size 256, weight decay
0.01, 1 epoch per distillation round, and maximum sequence length 160K. Both models use identical
fine-tuning hyperparameters.

Inference hyperparameters. Qwen3-Coder-480B-A35B-Instruct: temperature=0.7, top_p=0.8,
top_k=20, repetition_penalty=1.05. DeepSeek-V3.2: temperature=1.0, top_p=0.95. Both models are
configured with a maximum context length of 160K.

L Resolved Rate Supplementary Results

Table[T2]reports the strict Resolved Rate (all fail-to-pass tests must pass for a task to count as resolved).
Resolved Rates on FeatureBench Full are generally low, because end-to-end feature development
tasks typically involve multiple tests and the bar for passing all of them is high. The relative trends
across configurations are consistent with Passed Rate: Auto Skills outperform Baseline, Progressive
Distilled outperforms Direct Fine-tune, confirming the robustness of main-text conclusions.

Table 12: Strict Resolved Rate (%) on FeatureBench Full. Trends are consistent with Passed Rate
(Table[2).

Configuration Qwen3-Coder DeepSeek-V3.2
Baseline 34 54
+ Auto Skills 6.0 8.0
+ Distilled (Progressive) 5.5 7.5
+ Direct Fine-tune 4.0 5.5

M General capability preservation

To verify that progressive distillation does not degrade the base model’s general capabilities, we
evaluate DeepSeek-V3.2 before and after distillation on multiple standard benchmarks. Table
shows that post-distillation performance on general (MMLU-Pro), scientific reasoning (GPQA
Diamond), and mathematics (AIME 2025) remains essentially unchanged.
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Table 13: General capability comparison before and after distillation (DeepSeek-V3.2). All metrics
fluctuate by <0.4pp, confirming no degradation.

Benchmark Before After Change
LiveCodeBench (Pass@1-COT) 83.1% 83.5% +0.4
MMLU-Pro (EM) 84.7% 84.7% +0.0
GPQA Diamond (Pass@1) 82.4% 82.3% —0.1
AIME 2025 (Pass@1) 92.8% 92.9% +0.1
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state four contributions (new paradigm,
new representation, new mechanism, empirical validation) and these are supported by
experiments in Section 5.

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section 7 discusses limitations including domain scope (code generation only),
teacher diversity (same-model self-distillation), and provides concrete transfer directions.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [N/A]

Justification: The paper is primarily empirical. Formal definitions (Definition 1, 2) are
provided for skill and scaffold graph, but no theorems or proofs are claimed.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 4 provides evaluation benchmark (FeatureBench), model specifications,
experimental configurations (Table 2), seed data construction, evaluation metrics, and
statistical methodology (5 random seeds). Algorithms 1-3 in the appendix provide complete
pseudocode. Prompt templates are in Appendix B.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The complete framework will be open-sourced upon acceptance, as stated in
the conclusion. FeatureBench is an existing open-source benchmark.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Sections 3 and 4 specify all hyperparameters: € = 0.05 (Section 3.2), 7 = 0.85,
6 = 0.02, 8 = 0.01 (Section 3.4), 5 random seeds, 200 evaluation tasks (FeatureBench
Full), 2000 seed tasks, full parameter fine-tuning (Section 4). Sensitivity analyses are in
Appendix C.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Table 2 reports mean =+ standard deviation across 5 random seeds. The factor
of variability (model inference randomness) is stated in Section 4.4.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.
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10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Section [.1] specifies model size (35B and 37B activated parameters, full
parameter fine-tuning). The cost appendix provides a breakdown by stage (Discovery
and Data Generation are the main bottlenecks; Distillation is standard fine-tuning), with
hardware specified as 512xH100-80GB.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research uses publicly available benchmarks and open-source models. No
human subjects or private data are involved.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
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Justification: Section 8 (Social Impact) discusses the positive impact: the framework
addresses the data scarcity bottleneck in complex coding tasks, provides a new path to break
through performance plateaus, and lowers the technical barrier for complex programming
by distilling engineering best practices into model parameters.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: The paper proposes a training methodology, not a pre-trained model release.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: FeatureBench (MIT License), Qwen3-Coder (Apache 2.0), and DeepSeek-
V3.2 (MIT License) are properly cited. All are publicly available open-source/open-weight
assets with permissive licenses.

Guidelines:
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15.

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]

Justification: No new datasets or models are released at submission time. The code will be
open-sourced upon acceptance.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The paper does not involve crowdsourcing or human subjects research.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
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Justification: The paper does not involve human subjects research.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research?

Answer: [Yes]

Justification: This paper studies LLM post-training to automatically acquire procedural
strategies. LLM calls are core to skill discovery, data generation, and dynamic recompilation
(Section 3).

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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