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Abstract
Recursive AI, the prospect of AI taking an increasingly complete role in building and improving AI,
is a crown jewel of AI for AI. Although recursive self-development has become practical for small
models, bounded tasks, and fixed time budgets, a more consequential realization of this ambition,
i.e., developing a release-ready, frontier-competitive model, remains far more challenging. In
this work, we ask how little human involvement is sufficient for an agent to develop a frontier
model. We concentrate human input into a high-density, low-frequency interface: experts encode
objectives, stage scaffolds, permission boundaries, and operating procedures as reusable research
skills, while the agent instantiates these priors, selects experiments, diagnoses outcomes, and
revises the training strategy. In the challenging domain of industrial coding, the agent evolves
data and coordinates SFT, on-policy self-distillation, and reinforcement learning with verifiable
rewards, ultimately producing iCoder, a 27B model for RTL design and GPU kernel optimization.
Across seven benchmarks, iCoder leads RTLLM, outperforming GPT-5.5 and Claude-Opus-4.8;
ranks second on CVDP and KernelBench L2, exceeding GPT-5.5 by 16 points; and ties Claude-Opus-
4.8 for the best TritonBench result. Exploratory case studies further show iCoder’s competitive
iterative RTL and GPU-kernel optimization with substantially fewer tokens. These results chart
an engineering path toward recursive self-improvement, in which humans distill the principles of
model building, agents operationalize them through evidence-driven experimentation, and each
generation of AI becomes a more capable architect of the next.

§ GitHub: https://github.com/bingreeky/iCoder
Hugging Face: https://huggingface.co/i-Coder

Figure 1: Industrial coding performance across kernel and RTL benchmarks. We compare iCoder against
leading open and proprietary models on TritonBench-G, KernelBench L2 Fast, RTLLM, and CVDP. Bars are ordered
independently within each benchmark, and higher scores are better. Despite its compact 27B scale, iCoder ranks
second on KernelBench L2 Fast and CVDP, leads on RTLLM, and ties the best result on TritonBench-G.
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Figure 2: Overview of our human-guided self-evolving training framework. Research skills are distilled into
model-training SOPs, resource permissions, and module-level operations, providing low-frequency human guidance
at high-leverage decisions. The agent then autonomously iterates through data evolution, SFT, OPSD, and RLVR to
close remaining capability gaps and produce the frontier model, iCoder-27B.

1 Introduction

AI agents are moving from assisting isolated research tasks to executing increasingly complete scientific
workflows (Yamada et al., 2026; Zhao et al., 2026a). Recent systems can carry an AI project from
hypothesis formation through experimentation and manuscript production (Yamada et al., 2026),
search executable solution spaces under quantitative feedback (Lin et al., 2026), and sustain long-
horizon investigation through persistent state and adaptive compute allocation (Zhao et al., 2026a).
These advances have renewed interest in recursive self-improvement (RSI), yet the strongest evidence
still comes from bounded loops grounded by externally supplied evaluators (Chen et al., 2026; Ding
et al., 2026). The following question remains challenging:

Research Question

Can AI coordinate the development of a genuinely competitive frontier model?

Frontier-model development sets a qualitatively higher bar than improving one program, harness,
or benchmark score. Recent RSI systems iterate within sealed sandboxes whose data, evaluator, and
action space are fixed (Guo et al., 2026), or refine prompt-level harnesses over synthetic research
tasks (Lee et al., 2026). Even a long-running study spanning roughly one hundred experiments
remains confined to a single architecture problem and relies on human-declared phase transitions
(Safdar and Saadeldin, 2026). Developing a release-ready foundation model, by contrast, requires a
tightly coupled stack: choices made while constructing data reshape distributed training, post-training,
evaluation, and ultimately the next round of decisions (Qwen Team, 2026; DeepSeek-AI, 2026; Li
et al., 2026). The experiments are expensive, failures propagate across stages, and their causes are
rarely localized. The central question is thus not simply whether an agent can optimize, but what
expert knowledge it must receive, at what granularity, and how often humans must re-enter the loop.
We do not claim to leap directly to fully closed RSI. Instead, we study a practical intermediate target:
how little human involvement is sufficient for an agent to lead the development of a release-ready,
frontier-competitive model? Our answer is high-density prior, low-frequency intervention. We encode
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expert model-development experience once as human-authored Research Skills: concise operational
procedures, backed by reusable code, that make established practice executable on a GPU cluster.
These skills turn experience in data preparation and distributed SFT, OPSD, and RLVR into usable
starting conditions without prescribing the experiments that follow. From that point onward, the
agent chooses how to instantiate the skills, allocates resources, runs and diagnoses experiments, and
decides what to try next. The resulting model is therefore jointly contributed by humans and the agent,
but with a deliberate boundary: humans supply the initial executable expertise, whereas concrete
model-development decisions and execution belong to the agent. We study this division of labor in
industrial coding, spanning RTL design and GPU kernel optimization, where success demands both
exact functional reasoning and performance-aware systems optimization under executable verification.
With the research skills in place, we handed the development loop to Codex GPT-5.6-Sol operating
at xhigh reasoning effort. Starting from the base checkpoint and available compute, the agent ❶

constructed an executable task pool and ❷ cold-started Qwen3.6-27B on verified capability-gap
trajectories before using OPSD as a bridge to RLVR. During ❸ OPSD, evaluation changed which data
entered training, controlled ablations changed what evidence the self-teacher could access, and a
collapsing objective forced the agent to redesign the learning rule around verifier-anchored credit.
During ❹ RLVR, reward exploits, false verdicts, and length-dependent degeneration successively
changed reward eligibility, optimization, and trajectory budgeting. Rather than executing a fixed
human-authored recipe, the agent arrived at the final recipe through these failures and revisions. The
process ultimately produced a 27B industrial coding model, which we call iCoder-27B (iCoder).
As summarized in Figure 1, despite its compact size, iCoder is highly competitive with both much
larger open models and frontier proprietary systems. Against the same-size Qwen3.6-27B (Qwen
Team, 2026), it gains 18.4 points on RTLLM (68.0 vs. 49.6), 16.2 points on VerilogEval Spec-to-RTL
(86.3 vs. 70.1), and achieves 2.64× the KernelBench L2 correctness (74 vs. 28). It also surpasses the
1.6T-total/49B-active DeepSeek-V4-Pro (DeepSeek-AI, 2026) on RTLLM (68.0 vs. 67.5) and nearly
doubles its KernelBench L1 correctness (61 vs. 32). More strikingly, iCoder outperforms GPT-5.5
(OpenAI, 2026), Claude Opus 4.8 (Anthropic, 2026), and Gemini 3.5 Flash (Google DeepMind, 2026)
on both RTLLM (68.0 vs. 66.0/64.7/63.5) and KernelBench L1 correctness (61 vs. 43/55/45). On
TritonBench-G, it matches Claude Opus 4.8 at 20.1 while exceeding GPT-5.5 and Gemini 3.5 Flash at
19.5 and 14.9, respectively. Beyond one-shot generation, evaluation-driven case studies show that
iCoder comes within 1.1 and 4.5 points of HY3 and DeepSeek-V4-Pro on eight RTL designs while
using 51% and 33% as many reported output tokens, respectively, and reaches the strongest archived
endpoint on two of eight selected GPU operators.
Our contributions are threefold:

• We formulate frontier-model development as a real-world test of agentic self-improvement and pro-
vide an explicit attribution boundary between initial human expertise and agent-led development.

• We operationalize expert knowledge as research skills and document an auditable experimentation
trajectory in which data, objectives, reward semantics, and resource constraints are revised in
response to evidence.

• We deliver iCoder-27B, a compact 27B model that rivals or exceeds substantially larger open and
proprietary models across industrial coding benchmarks.

2 Related Work

Recursive and self-improving AI. Recent self-improving AI systems are best distinguished by what is
revised across iterations: an external solution, the agent machinery surrounding a model, or the model
itself (Chen et al., 2026; Ding et al., 2026; Yamada et al., 2026; Zhao et al., 2026a; Luo, 2026). At the
first level, a fixed model repeatedly proposes and tests candidate solutions under evaluator feedback;
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improvement accumulates in the resulting artifact rather than in the model that produced it (Novikov
et al., 2025; Assumpção et al., 2025; Du et al., 2026; Guo et al., 2026; Lin et al., 2026). The recursion
can instead move into the agent harness, allowing execution traces to change how a frozen model acts
on subsequent tasks (Lee et al., 2026; Wang et al., 2026b; Zhou, 2026; Alzubi et al., 2026). This raises
system-level performance but remains bounded by the capabilities of the underlying model (Lee et al.,
2026; Wang et al., 2026b; Zhou, 2026; Alzubi et al., 2026). A stronger form writes the experience back
into the model parameters by training on self-generated trajectories and verifiable outcomes (Acikgoz
et al., 2025; Zhao et al., 2026b; Hübotter et al., 2026; Yang et al., 2026; Rank et al., 2026). Only this
last form makes the acquired capability persist independently of the particular harness and therefore
most directly approaches autonomous model development (Chen et al., 2026; Yamada et al., 2026;
Acikgoz et al., 2025; Rank et al., 2026). Evidence at this level, however, remains tightly bounded
by fixed task interfaces, short budgets, or limited problem scales (Rank et al., 2026; Du et al., 2026;
Safdar and Saadeldin, 2026; Guo et al., 2026): direct agentic post-training has largely been studied
on 4B-class models, with each run limited to ten hours on a single H100 and optimized against one
target benchmark (Rank et al., 2026). Our work investigates the same model-level objective at a
different operating scale, asking an agent to coordinate a multi-stage process whose final artifact is a
release-ready 27B model.

Industrial code intelligence. We use industrial coding to denote code-generation problems whose
acceptance is determined by specialized executable toolchains and deployment quality, rather than by
surface similarity alone (Pinckney et al., 2025; Fu et al., 2026; Ouyang et al., 2025; Li et al., 2025; Zang
et al., 2026; Huang et al., 2026). Within hardware design, RTL generation is a code-intensive stage
of the broader EDA workflow: a behavioral specification must become a clocked circuit description
that elaborates, synthesizes, and satisfies its intended behavior (Liu et al., 2023; Lu et al., 2023;
Pinckney et al., 2025; Fu et al., 2026; Deng et al., 2026). Accordingly, evaluation has progressed
from short, isolated modules toward realistic specifications, hierarchical IP designs, and simulation-,
formal-, and synthesis-grounded validation (Liu et al., 2023; Lu et al., 2023; Pinckney et al., 2025;
Jin et al., 2025; Purini et al., 2025; Fu et al., 2026; Wang et al., 2026a). GPU kernel generation
forms a parallel systems-coding regime rather than another stage of EDA (Ouyang et al., 2025; Li
et al., 2025; Jaber and Jaber, 2026; Brodsky et al., 2026). Here, a program must compile, preserve
numerical semantics, exploit the target machine efficiently, and deliver measured speedup (Ouyang
et al., 2025; Li et al., 2025; Jaber and Jaber, 2026; Brodsky et al., 2026; Zang et al., 2026; Huang
et al., 2026). Recent evaluations have consequently expanded beyond isolated operator translation to
diverse workloads, hardware portability, and integration into real software frameworks (Ouyang et al.,
2025; Li et al., 2025; Jaber and Jaber, 2026; Brodsky et al., 2026; Zang et al., 2026; Huang et al.,
2026). These two regimes test complementary capabilities: RTL stresses temporal and hierarchical
reasoning under exact behavioral constraints, whereas kernels stress parallelization and performance
reasoning under numerical constraints (Jin et al., 2025; Purini et al., 2025; Fu et al., 2026; Ouyang
et al., 2025; Zang et al., 2026; Huang et al., 2026). Most prior systems study one regime in isolation
(Deng et al., 2026; Jaber and Jaber, 2026; Brodsky et al., 2026); we use both to assess whether a
single model can support a broader notion of industrial code intelligence.

3 Human Prior: Executable Research Skills

Design Principle: The Bitter Lesson for Model Development

Sutton’s Bitter Lesson argues that general methods scale when computation supports search and
learning rather than manually crafted decisions (Sutton, 2019). We apply this principle to model
development: humans encode objectives, trusted verifiers, permissions, and reproducibility as an
executable process prior. Within that boundary, the agent itself uses evidence to choose data, objectives,
rewards, and stage transitions.
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3.1 From Expert Experience to an Executable Prior

We represent the human prior as a versioned collection of Research Skills: operational knowledge
that turns a broad model-development objective into an executable, but deliberately under-specified,
research program. The Skills encode procedures that an experienced team would otherwise communi-
cate through repeated intervention, including how to access approved resources, construct auditable
training artifacts, launch distributed jobs, diagnose failures, and consume executable verification. They
also define invariants that must not be learned by trial and error, such as held-out-data separation,
verifier integrity, permission boundaries, and the requirement that every reported checkpoint be
traceable to its data, code, configuration, and parent model. Table 1 summarizes this prior.
The prior fixes the objective, stage scaffold, admissible action space, and run-time bindings for
models, repositories, data sources, launchers, verifier profiles, and resource quotas. The agent selects
data transformations, privileged context, optimization objectives, reward adapters, and checkpoints.
Experimental findings enter the experiment record and inform subsequent decisions.

Table 1: Scope of the human prior. Research Skills specify reusable procedures and non-negotiable boundaries while
leaving empirical choices to the agent. Run-specific identities and measured findings are recorded separately in the
project state.

Prior layer Human-specified content Boundary on agent action

◎ Objective and
scaffold

Target capability, completion criteria, and the
Data–SFT–OPSD–RLVR stage roles

May select experiments and transitions,
but may not silently redefine the
deliverable.

Skill excerpt — stage controller
data −→ SFT −→ OPSD −→ RLVR
←↪ returning to data is normal

õ Resource access Approved repositories, models, data,
launchers, compute, storage, and
external-side-effect permissions

May use registered capabilities within
budget; new identities or permissions
require a human gate.

¥ Verification Task-contract schema, official-harness
requirement, integrity checks, and
pass/fail/unjudged semantics

May integrate and audit a verifier
profile; may not weaken or replace the
approved correctness criterion.

e Research method Controlled pilots, explicit baselines, artifact
lineage, stop rules, and regression-aware
checkpoint selection

May formulate hypotheses and choose
the next discriminating test; conclusions
must cite registered evidence.

Á Governance and
memory

Task Queue, experiment log, decision records,
and approval boundaries

May write run-scoped findings and
negative results; the released Human
Prior remains immutable during the run.

Condensed executable rule — decision memory
observe → conclude → act → expect
return → record what actually happened

3.2 A Staged Prior for Post-Training

The scaffold separates executable data construction from three parameter-update stages. Data con-
struction first produces task–oracle pairs whose correctness can be tested, because every later stage
requires a trustworthy signal about the generated code. SFT then provides a reasoning cold start from
verified teacher trajectories on tasks that expose a model-relative capability gap. OPSD occupies the
intermediate regime in which the current model can solve a task only after receiving task-specific
guidance or feedback. Its intended role is to convert this observed self-correction into a persistent
capability while keeping the deployed policy conditioned on the original task. RLVR finally moves
supervision online: the policy explores its own responses and receives task-conditioned rewards
derived from executable outcomes. These roles motivate the order Data→ SFT→ OPSD→ RLVR.
The agent determines the concrete interventions within each stage.
The stage sequence remains revisable. SFT can reveal missing task families and return the loop to

5



data construction. OPSD is entered only after evaluation identifies a named, recoverable weakness
and may return upstream when suitable failure experience cannot be constructed. RLVR requires
both a trustworthy verifier and rollout groups with informative reward variation; otherwise the agent
revises the verification, reward, or data design. A stage transition is accepted only after the originating
checkpoint and its regressions have been evaluated under a fixed protocol.

3.3 Shared Resources, Governance, and Memory

The Skills expose repositories, model and data interfaces, task-native verifiers, cluster launchers,
storage, monitoring, and documentation procedures through an approved project profile. Resource
access is capability-based: the agent may compose and execute registered components inside the
declared compute and permission envelope. New datasets, teachers, correctness rules, external side
effects, and boundary changes require human authorization. Data policy, evaluation semantics, and
release authority remain human-owned.
Within that envelope, an Agent Task Queue makes the prior actionable. Each item registers a research
question or build objective, its dependencies, executable action, budget, expected artifacts, acceptance
rule, and the decision enabled by the result. The agent repeatedly observes the current evidence,
diagnoses a limitation, proposes the smallest discriminating experiment, executes it, verifies its
artifacts, and either retains, revises, or rejects the hypothesis. The resulting decisions and negative
results form run-scoped research memory. This memory changes which task is attempted next and
preserves an auditable boundary between the original human prior and knowledge acquired by the
loop.

4 Agentic Experimentation Trajectory

4.1 Data: Verifier-Guided Evolution of a Shared Executable Task Pool

Research prior and decision space. The Data Research Skill supplied a common executable item
contract, a library of evolution operators, and the admission invariants summarized in Table 2. Human
experts registered the seed sources and task-native verifiers. Pilot evidence guided the agent’s route
selection, validation-gate order, retry budget, and final pool composition.

RTL
specification ·

interface
behavioral

oracle

GPU Kernel
signature ·

shapes
numerical
semantics

heterogeneous
seed sources

Executable
Item

instruction +
reference +
verifier

interface
reference status
artifact boundary
task-native verifier

Admitted
Tasks

Deduplicate

Lineage caps

Balance
family · route
difficulty · cost

Contract-
State

Router

Solution-first
implementation →
specification

Instruction-first
change specification
→ regenerate

Contract-bound
mutation
reference mutation →
instruction + test

item
Task-native
Verifier

Format &
interface

1

Compile &
execute

2

Behavioral
consistency

3

Admit

SFT OPSD RLVR

stage-specific
rescreening

failure record → revise route / retry

Seed Pool Task Contract Evolution Routes Verifier-Guided
Admission Shared Task

Pool

Figure 3: Verifier-guided construction of the shared executable task pool. The agent normalizes RTL and
GPU-kernel seeds into a common item contract, selects among three evolution routes to form candidate task–oracle
pairs, and applies ordered task-native validation gates. Failures update routing and retry decisions; admitted items
are deduplicated and balanced before stage-specific rescreening for SFT, OPSD, and RLVR.
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Table 2: Data Research Skill exposed to the agent. The Skill supplies executable primitives and admission invariants,
while transformation and corpus-composition choices remain evidence-driven.

Skill component Exposed primitives and invariants Agent decision space

E Task contract Specification, generated-artifact boundary,
interface, reference status, and task-native
harness

Normalize each seed and determine
whether its current oracle is usable.

Condensed executable rule — item contract
item := instruction + reference solution + verifier
require all three parts to agree

¶ Evolution
operators

Behavior-preserving rewriting and
reconstruction; contract-bound behavioral
mutation

Select an operator per seed and revise the
operator library from pilot failures.

Skill excerpt — solution-first evolution
mutate reference solution → derive instruction
→ generate verifier from the same mutation

³ Generation roles Separate proposal, implementation,
specification, and audit roles

Decide when a teacher-generated
candidate can become a verified reference.

Z Admission gates Interface preservation, leakage checks,
semantic-change tests, solvability,
compilation, and execution

Order cheap and expensive gates, classify
failures, and allocate retries.

Condensed executable rule — rejection pipeline
static gates → verifier strength → contract audit
→ dedup → difficulty → compose

	 Pool composition Ancestor-level split, lineage, deduplication,
difficulty measurement, and coverage
accounting

Set per-lineage caps and balance coverage,
difficulty, and cost.

Normalizing heterogeneous seeds. The agent represented every seed by its natural-language
specification, generated-artifact boundary, interface, reference status, and trusted verifier. For RTL
tasks, this contract records module ports, clock and reset behavior, timing requirements, and the
behavioral oracle. For GPU kernels, it records the model interface, argument shapes, numerical
semantics, and permitted implementation boundary. This representation allowed the two domains to
share planning, provenance, and composition logic while retaining task-native execution.

Routing evolution by contract state. The agent routed seeds among three evolution families accord-
ing to reference availability and the contract surfaces affected by the transformation. Solution-first
reconstruction derived a new specification from a verified implementation while preserving its be-
havior and verifier. Instruction-first evolution changed the specification and regenerated the affected
executable components before validation. Contract-bound mutation applied a declared behavioral
operator to the reference, then derived a matching instruction and test from the same change. For the
third route, the evolved reference had to pass the evolved test and the original reference had to fail
it. Pilot results determined scale allocation from verified yield, behavioral distance from the parent,
rejection causes, and cost per surviving item.

Failure-driven domain adaptation. RTL pilots showed that compressed specifications often dropped
reset, timing, or state-transition rules. The retained pipeline therefore extracted interfaces mechan-
ically, preserved explicit clock and reset contracts, and used structure-aware operators for stateful
designs. Kernel pilots exposed a different pattern: some transformations left the computation un-
changed, some produced ordinary PyTorch instead of Triton, and others drifted in signatures or
tensor shapes. The retained kernel path pinned the model interface and input contract, checked
implementation feasibility, and executed candidates against the trusted reference. Both paths ordered
inexpensive format and interface checks before compilation and task-native execution. Rejection
stages remained part of the record and guided the next operator, retry policy, and sampling allocation.
Appendix A.4 describes the corresponding verifier contracts.
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Composing and handing off the shared task pool. After executable validation, the agent dedu-
plicated candidates and composed the pool in two passes. It selected one valid candidate per seed
lineage, then filled the remaining budget under per-seed caps while balancing family, route, difficulty,
and verification cost. Each stage rescreened the resulting shared task pool against its checkpoint and
supervision objective; Appendix A.1 reports its composition.

4.2 SFT: Cold-Starting Reasoning from Verified Teacher Trajectories

Research prior and decision space. The SFT Research Skill defined a verified cold-start family. It
supplied a stable prompt–response format, task-native trajectory verification, loss-mask and length
audits, a production-path smoke test, and composition-aware checkpoint evaluation (Table 3). Within
the human-defined capability-gap family, the agent selected the sampling budget, the student and
teacher success predicates, the retained passing trajectory, the distributed layout, and the saturation
point. These decisions were recorded against the current model, data pool, and compute profile. The
intended outcome was a minimal reasoning cold start on tasks where the base model showed no
verified success.
Table 3: SFT Research Skill exposed to the agent. The prior fixes data and training integrity requirements but leaves
the model-relative curriculum, scale, and stopping decision to experiment.

Skill component Exposed primitives and invariants Agent decision space

Ð Format contract Prompt template, response boundary,
extraction, tokenizer, and loss mask

Audit compatibility and reject format
changes that invalidate comparison.

Z Capability-gap
filter

Repeated student and teacher sampling
with task-native verification

Choose sampling budgets and the
failure/success predicate defining the
subset.

Condensed executable rule — model-relative filtering
student trials ← sample(student, task)
subset ← select(gap-predicate(student trials))

¦ Verified target Complete teacher trajectory retained only
after an executable pass

Select among passing trajectories and
record uncovered tasks.

Condensed executable rule — target admission
candidates ← sample(teacher, task)
retain 𝑦 only if verifier(𝑦) = pass; log uncovered tasks

è Training integrity Length audit, no-truncation rule,
production-path smoke test, checkpoint and
telemetry requirements

Choose sequence budget, parallel layout,
batch configuration, and save cadence.

Condensed executable rule — length integrity
𝐵← empirical length distribution of training pairs
length > 𝐵 ⇒ drop; never truncate

È Evaluation and
routing

Fixed protocol, composition-aware metrics,
and failure taxonomy

Select the checkpoint, diagnose saturation,
and return to Data or enter OPSD.

Selecting verified teacher trajectories. The agent selected tasks with Qwen3.6-27B pass@4 equal
to zero and at least one verified success among four DeepSeek-V4-Pro trajectories. One complete
passing trajectory was retained per task. Full-parameter SFT on this corpus produced the cold-start
reasoning checkpoint.

4.3 OPSD: Recursive Discovery of Verifier-Anchored Self-Distillation

Research prior and decision space. On-policy distillation evaluates teacher supervision on student-
generated trajectories, reducing the train–inference distribution mismatch of off-policy distillation
(Agarwal et al., 2024). OPSD specializes this idea to a single model whose teacher and student views
differ only in the context they receive (Zhao et al., 2026b). The human-provided Skill exposed this
same-weight, dual-context family as a candidate bridge between supervised cold start and online
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RLVR. Runtime errors and judge feedback can condition the current model into a feedback-informed
self-teacher (Hübotter et al., 2026); the Skill therefore admitted plans, failed attempts, and verifier
diagnostics as candidate evidence, subject to a strict no-solution boundary.
Table 4 makes the attribution boundary explicit. The human prior required a named measured
weakness, same-weight teacher and student views, executable outcome evidence, leakage controls,
and instrumentation that could distinguish a productive update from a merely decreasing loss. The
agent selected the recoverability criterion, the contents and granularity of the privileged view, the
role of contextual preference in update direction and token credit, and the checkpoint to advance.
Controlled ablations and failure-driven redesign resolved these coupled decisions.

Table 4: OPSD Research Skill exposed to the agent. The prior defines a verifier-anchored self-distillation family;
data eligibility, privileged evidence, and the learning rule are selected through controlled tests.

Skill component Exposed primitives and invariants Agent decision space

î Target and data Named measured weakness, repeated
sampling, execution-feedback loop, and
recoverability evidence

Define the eligibility predicate and
rescreen it under the current checkpoint.

Condensed executable rule — entry contract
require named weakness + baseline measurement
require teacher advantage relevant to that weakness

4 Privileged view Plan, failed responses, verifier diagnostics,
and matched control contexts

Select components, ordering, granularity,
and stopping point for 𝑐★.

� Information
boundary

No reference answer, code-overlap scan,
independent audit, and context integrity

Reject leaking plans and decide whether a
component remains admissible.

ó Learning signal Frozen privileged scoring, executable
outcome, group baseline, and clipped
update family

Decide what determines update direction
and how teacher evidence assigns token
credit.

Skill excerpt — offline OPSD phases
roll out → score → weight → train
generation and teacher scoring remain outside the update phase

T Instrumentation Loss, parameter movement, trajectory
behavior, regression matrix, and stop
conditions

Diagnose ineffective or collapsing
objectives and revise or reject the
intervention.

Condensed executable rule — update validity
track(relative parameter update, mean log-ratio, clipped-token fraction)
assert first-step ratio ≈ 1; re-roll when drift exceeds tolerance

Selecting a recoverable capability frontier. The agent first used repeated sampling to identify tasks
with pass@4 equal to zero under the current SFT checkpoint. It then ran an execution-feedback loop
and retained tasks that failed on the initial bare-prompt attempt but were solved in a later round.
This round-0-fail and loop-solved criterion distinguished recoverable failures from examples that were
already mastered and from failures for which repeated interaction supplied no usable correction.
Applying this criterion produced a pool of 1,874 tasks. These tasks defined a capability frontier at
which the model’s own unsuccessful attempts and verifier feedback were sufficient to reach a solution.

Constructing privileged context through controlled ablations. The agent treated context construc-
tion as a design problem with three separate questions: whether guidance should be task-specific, how
much verifier detail should be exposed, and whether the resulting signal remained useful after answer
leakage was removed. Panel (a) of Table 5 enumerates every tested context view; panel (b) reports
only matched contrasts. Each contrast uses its own evaluation set and primary endpoint; cross-row
effect comparisons are invalid. Here avg@5 averages five binary correctness outcomes per task and
differs from pass@5; pp denotes percentage points.
On the same 194 tasks and sampling budget, a task-specific plan improved avg@5 by 6.1 percentage
points; the gain was 8.5 points on round-0 failures and 4.0 points on initially solved tasks. A separate
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Table 5: Privileged-context construction and matched ablations. Panel (a) summarizes all context variants considered
by the agent and the resulting composition of 𝑐★. Panel (b) reports controlled comparisons for plan guidance, verifier
diagnostics, feedback granularity, and task–context matching. Each comparison uses its own matched evaluation set
and should be interpreted within the corresponding row.

(a) Candidate contexts and final composition
Context view Information beyond the task prompt Disposition

Bare context 𝑐∅ None; the model receives only the task prompt. Reference
Direction-only plan
𝑐plan

A task-specific repair direction; code, assignments,
constants, and answer-specific mappings are prohibited.

Include plan

Generic domain hint Task-independent domain advice without evidence from
the current attempt.

Exclude

Error-conditioned
experience

A failed response paired with its diagnostic verifier output. Include signal

Coarse experience
𝑐coarse

Failed responses plus verifier stage or mismatch rate and a
general repair checklist.

Include

Fine experience 𝑐fine 𝑐coarse plus at most three input-level
expected-versus-observed counterexamples.

Exclude detail

Final 𝑐★ Audited 𝑐plan plus every failed response and its coarse
verifier feedback before the first successful round.

Selected

(b) Matched comparisons
Question Treatment / control Evaluation protocol Primary result

Plan value 𝑐plan vs. 𝑐∅ Same 194 tasks; five
samples per condition

avg@5: 47.4% vs. 41.3%
(+6.1 pp)

Diagnostic
value

Failure history with diagnostics
vs. the same history without
them

92 round-0-failure
tasks

Additional solved tasks:
6/92 (+6.5 pp)

Feedback
detail

𝑐fine vs. 𝑐coarse Reported 58-task
paired contingency

Final coverage: 49/58 in
both conditions (exact
McNemar 𝑝 = 1.00)

Task match Matched 𝑐★ vs. shuffled 𝑐★ Within-domain
shuffle; same
responses rescored

Mean response
log-likelihood:
approximately +0.18 nats

in-distribution pilot found a net negative effect from task-independent domain hints, which were
therefore excluded from the default context. The feedback experiments then separated diagnostic
value from diagnostic granularity. On the 92-task round-0-failure pool, removing verifier diagnostics
reduced solved-task coverage by six tasks. In the granularity comparison, fine and coarse feedback
each solved 49 of the 58 tasks represented in the reported paired contingency; the five fine-only and
five coarse-only successes yield an exact McNemar 𝑝-value of 1.00. Fine feedback produced four more
intermediate loop rescues (23 versus 19) but did not expand final coverage. The agent therefore
selected the smallest context supported by these interventions:

𝑐★𝑖 = 𝑐plan,𝑖 ⊕
{
(𝑦𝑖,𝑞, 𝑓𝑖,𝑞)

}
𝑞<𝑞★

𝑖

, (1)

Here 𝑦𝑖,𝑞 and 𝑓𝑖,𝑞 are the response and coarse verifier feedback at failed round 𝑞, 𝑞★𝑖 is the first successful
round, and ⊕ concatenates context in order; the successful response is omitted.
The plan component passed three leakage controls before entering 𝑐★: an instruction-level prohibition
on solution content, a rule-based scan for code and answer-specific overlap, and an audit by a model
different from the plan generator. A plan that repeatedly failed these checks was removed, leaving
only the audited failure experience. The final no-training signal audit compared four views of the
same response: the bare prompt 𝑐∅, its matched 𝑐★, a within-domain shuffled 𝑐★, and a length-matched
neutral context. The matched context exceeded the shuffled control by approximately 0.18 nats.
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Formatting accounted for only 12–22% of the largest token-level differences, while the remaining
differences concentrated on code tokens. This control ruled out context length and formatting as
sufficient explanations for the observed teacher advantage.

Failure of gap-directed optimization. The first implementation used the token-level likelihood
gap between the privileged and bare views as the direction of an online policy update. Because the
privileged view was scored by the current actor, its distribution moved with the student and created a
self-reinforcing feedback path. Early checkpoints improved several shorter-horizon tasks, but the same
intervention regressed harder tasks. Matched ArchXBench trajectories became approximately 2.9
times longer, and some generations repeatedly reproduced an intermediate reasoning segment without
emitting executable code. Continued training eventually collapsed into degenerate repetition. The
agent interpreted this failure as evidence that contextual preference and environmental correctness
were being conflated. A likelihood difference identified tokens favored under 𝑐★; executable outcomes
determined whether a response should be reinforced.

Agent-Discovered Lesson: Privilege Can Allocate Credit, Not Authority

The privileged view revealed which tokens became more plausible under useful experience, but not
whether the resulting behavior was correct. The failed online objective exposed a clean separation:
executable outcomes must determine the direction of learning, while privileged context should only
redistribute token-level credit. In self-distillation, information advantage is not optimization authority.

Separating update direction from token credit. The agent autonomously replaced the online loop
with an offline five-stage pipeline: bare-prompt rollout, teacher-forcing scores under 𝑐★, executable
verification, signed-advantage construction, and a clipped importance-weighted update. Freezing and
precomputing the teacher scores broke the moving-teacher feedback path. For response 𝑖, the verifier
first produced a raw hierarchical advantage 𝐴OPSD

𝑖,raw = 𝐴valid
𝑖
+ 𝐴perf

𝑖
. For kernel tasks, compilation failures

received −1 and executable but incorrect responses received −0.5; other verifier failures received −0.5.
Correct responses received zero validity penalty. Among correct responses, the performance term used
robustly normalized log speedup for kernel tasks and centered assertion coverage for ArchXBench; it
was zero when no graded performance signal existed. Following the group-relative baseline used by
GRPO (Shao et al., 2024), group centering then yielded 𝐴OPSD

𝑖
= 𝐴OPSD

𝑖,raw −
1
|𝐺𝑖 |

∑
𝑗∈𝐺𝑖

𝐴OPSD
𝑗,raw . Here 𝐺𝑖 is

the same-prompt rollout group containing response 𝑖; candidates that were relatively better within
the group received positive credit.
Let ℓ𝑇

𝑖𝑡
denote the frozen teacher log-likelihood of token 𝑡 under 𝑐★

𝑖
, ℓold

𝑖𝑡
the rollout-policy log-likelihood,

and ℓ𝜃
𝑖𝑡
the current student log-likelihood; sg denotes stop-gradient. The three arms supplied different

effective advantages to the same clipped PPO-style update (Schulman et al., 2017; Shao et al., 2024):

𝑎B0𝑖𝑡 = ℓ𝑇𝑖𝑡 − ℓold𝑖𝑡 ,

𝑎B1𝑖𝑡 = 𝐴OPSD𝑖 ,

𝑎B2𝑖𝑡 = 𝐴OPSD𝑖

(
(1 − 𝜆) + 𝜆𝑤𝑖𝑡

)
,

𝑤𝑖𝑡 = clip
(
exp

(
sign(𝐴OPSD𝑖 ) (ℓ𝑇𝑖𝑡 − sg[ℓ𝜃𝑖𝑡])

)
, 1 − 𝜖𝑤, 1 + 𝜖𝑤

)
.

(2)

All three arms shared the same implementation atop the verl/HybridFlow training framework (Sheng
et al., 2024), isolating the learning signal. B0 asks whether contextual preference can determine the
update direction. B1 replaces that direction with executable outcome and assigns uniform token credit.
B2 keeps the B1 direction fixed while using the teacher gap only as a positive, bounded token-level
multiplier. This sign-preserving multiplicative form adapts RLSD (Yang et al., 2026), which anchors
update direction to verifiable outcomes and uses the positive teacher–student evidence ratio only to
redistribute token-level credit. Comparing B2 with B1 therefore isolates the incremental contribution
of privileged-context credit.
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Table 6: Controlled comparison of OPSD objectives from the same SFT checkpoint under matched data and training
budget. B0 uses the teacher gap as the update direction, B1 uses verifier outcome alone, and B2 augments the B1
outcome direction with bounded teacher-based token credit. Higher is better. The best result in each row is bold
and the second-best distinct result is underlined. N/A denotes an unavailable SFT measurement.

Benchmark Metric SFT B0 B1 B2

VerilogEval Spec-to-RTL avg@4 73.88 57.37 79.33 84.70
Code-complete avg@4 81.73 56.09 79.97 81.90

RTLLM Functional avg@4 60.50 40.50 59.00 61.20
Syntax avg@4 83.50 61.50 79.50 92.50

ArchXBench Functional pass@1 22.54 11.27 23.94 36.60
Syntax pass@1 59.15 29.58 60.56 67.61

RealBench Functional pass@1 9.00 4.67 6.00 26.70
Syntax pass@1 13.67 10.67 14.00 50.00

KernelBench
L1 correct (%) 40 29 44 40
L2 correct (%) 53 43 56 60
L3 correct (%) 8 4 9 14

The agent selected B2 on an internal validation set assigned by itself before the benchmark evaluation
reported in Table 6. B0 scored below the SFT checkpoint on every metric with an available baseline
and below both outcome-directed arms on every row, rejecting gap-directed optimization. Relative to
B1, B2 improved 10 of the 11 reported metrics: both VerilogEval, RTLLM, ArchXBench, and RealBench
metrics, together with KernelBench L2–L3. The largest gains appeared on RealBench syntax and
functional correctness, which increased by 36.0 and 20.7 points, respectively; ArchXBench functional
pass@1 rose by 12.66 points. KernelBench L1 was the sole regression, falling from 44% to 40%. These
results corroborate the validation-based selection of B2 and demonstrate that bounded teacher-based
token credit transfers across RTL and kernel objectives.

Research Bet: OPSD as the Sweet Spot Between SFT and RL

OPSD has drawn broad skepticism in the community because its gains can be unstable, yet our team
maintained a long-standing research bet: with well-designed privileged context, OPSD can occupy
a practical sweet spot between SFT and RL, rapidly repairing capability gaps and laying a stronger
foundation for subsequent RL optimization. This role has rarely entered the core training pipelines of
frontier models. In this experiment, this judgment was supplied to the agent as a research prior, and the
agent-led RSI loop turned our bet into an effective training recipe, yielding satisfactory performance
gains and practical solutions that we believe can inform future model training.

4.4 RLVR: Recursive Refinement under Execution-Grounded Rewards

Research prior and decision space. The RLVR stage initialized the policy from the OPSD checkpoint
and optimized responses against rewards obtained by compiling and executing generated code. The
human-provided Skill specified the executable-reward family, task-property verifier contracts, an
immutable raw pass/fail/unjudged verdict, the available training substrate, and the compute envelope.
It required judged correctness to occupy a separate state from infrastructure failure and preserved the
underlying evidence behind each stage-specific reward scalar.
Within these invariants, the agent controlled the decisions summarized in Table 7: which behaviors
constituted reward exploitation for each task family, where hard eligibility gates applied, whether
the available evidence supported binary or graded reward, which failure classes were retryable or
unjudgeable, how missing supervision entered the group-relative estimator, and how trajectory length
and task mixture were budgeted. Successive pilots and training runs revised both reward validity and
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optimization.
Table 7: RLVR Research Skill exposed to the agent. Raw executable verdicts remain stable, while eligibility, reward
adaptation, and optimization are revised only through registered experiments.

Skill component Exposed primitives and invariants Agent decision space

u Executable verdict Task-property contract, official harness
profile, positive-pass evidence, and
pass/fail/unjudged record

Integrate profiles and decide when
integrity is sufficient for online use.

è Reward eligibility Candidate-independent failure attribution
and task-scoped exploit detectors

Identify reward exploits and determine
where each hard gate applies.

Condensed executable rule — exploit gate
if exploit detected: reward ← 0
else: reward ← task adapter(raw verdict)

� Reward adapter Versioned mapping from judged evidence
to binary or graded scalar rewards

Decide whether meaningful partial or
performance ordering exists for a task
family.

® Missing
supervision

Closed infrastructure taxonomy, bounded
retry, sentinel, and masking contract

Classify failures, set stop thresholds, and
prevent system faults from becoming
gradients.

Condensed executable rule — unjudged contract
unjudged → sentinel outside the legitimate reward range
exclude from group statistics; set 𝐴 = 0; normalize by valid count

Ô Learning and
resources

Per-task success rates, four policy-relative
strata, reward-variance diagnostics,
trajectory-length telemetry, and production
smoke tests

Refresh strata, schedule sampling across
difficulty levels, and select the estimator,
joint trajectory budget, and checkpoint.

Condensed executable rule — resource and routing checks
budget ← |prompt | + |response |
policy refresh ⇒ re-estimate verified success ⇒ update sampler; excessive unjudged rate ⇒ halt

Constructing a policy-aligned task curriculum. The agent first ran the OPSD checkpoint over the
shared executable task pool and estimated each task’s success rate as the fraction of rollouts receiving
its verified success reward. It then partitioned the pool into four policy-relative strata: frontier (0–25%
success), exploration (25–50%), near-mastery (50–75%), and exploitation (75–100%). Early training
emphasized near-mastery and exploitation tasks to maintain a reliable reward signal. As success
rates increased, the sampler shifted toward exploration and frontier tasks. During RLVR, the latest
policy periodically repeated this evaluation; the agent refreshed the strata and adjusted the sampling
distribution. This automatic curriculum aligned the training data with the current policy and kept
RLVR near the moving capability boundary of real-world executable tasks (Zhou et al., 2025).

4.4.1 Kernel Domain: Task-Conditioned Reward Eligibility

Failure of naive execution-based reward. The initial kernel pilot accepted numerical correctness
together with the presence of a Triton kernel. The policy found cheaper paths to reward: some
responses delegated computation to the reference framework behind a nominal Triton wrapper, while
others launched an identity kernel that copied loaded values to the output. Both reproduced the
expected output without performing the requested computation. A graded penalty would retain a
positive direction toward these exploits. The loop therefore made task-specific eligibility a precondition
for assigning reward from the executable outcome.

Scoping eligibility to the task definition. Runtime launch evidence, identity-computation detection,
and framework-delegation detection became hard eligibility gates. A detected exploit received zero
reward regardless of numerical output. Uniform scoping, however, failed. Triton-only tasks require
computation inside generated kernels, whereas KernelBench permits partial operator replacement and
evaluates correctness and speedup. A global delegation gate consequently rejected valid KernelBench
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solutions with genuine speedups. The retained rule restricts the delegation gate to task definitions
that prohibit delegation.
Judged and eligible kernel trajectories received the following reward:

𝑟K𝑖 =



1.0, correct with speedup > 1.05×,
0.5, correct,
0.2, compiled but incorrect,
0.05, failed to compile,
0, failed an exploit-eligibility gate.

(3)

Intermediate reward levels represented policy progress. The eligibility gate prevented a successful
exploit from outranking a genuine implementation.

4.4.2 RTL Domain: Fail-Closed Behavioral Supervision

Replacing graded progress with behavioral validity. RTL tasks exposed a different reward-design
problem. Their official harnesses define success through compilation, simulation, and task-specific
functional checks, but provide no calibrated analogue of kernel speedup. Compilation alone provides
no evidence of partial progress toward behavioral equivalence. The loop therefore retained a binary
outcome for every judged RTL trajectory and reserved an out-of-range value for a missing verdict:

𝑟RTL𝑖 =


1, the official harness explicitly validates behavior,
0, the candidate is judged and fails,
−1, no verdict remains after an infrastructure retry.

(4)

Diagnosing false verdicts in RTL execution. Integration of the RTL backends revealed two ways in
which a simulator outcome could be mistaken for supervision. First, a self-checking testbench could
exit without producing its explicit positive verdict. Treating the absence of a failure message as success
rewarded executions that terminated before completing their checks. The retained rule is fail-closed:
unless an event is classified as an infrastructure failure, only an explicit positive verdict receives reward
one. Second, malformed payloads and mismatched toolchains could fail before the generated design
was evaluated. In one ArchXBench integration, the testbench attempted to open a missing input before
reaching the candidate; in CVDP, simulator-version mismatch changed the supported SystemVerilog
constructs. These events carried no evidence about policy quality and entered the unjudgeable path.
Appendix A.2 reports the harness, payload, and toolchain controls that implement this distinction.

4.4.3 Cross-Domain Learning: Masked GRPO and Trajectory Budgeting

Separating policy failure from infrastructure failure. The distinction exposed most clearly by RTL
applies to both domains. Compiler crashes, simulation timeouts, GPU failures, dropped service requests,
and malformed payloads can all prevent a verdict. Scoring every such event as zero systematically
penalizes the affected task family and makes a broken backend indistinguishable from a persistent
model capability gap. The loop introduced a closed-set infrastructure-error taxonomy: only explicitly
enumerated system failures entered a retry path, while other execution failures remained attributable
to the generated response. A trajectory that could not be judged after retry received the sentinel
𝑟𝑖 = −1, outside the legitimate reward interval [0, 1] and denotes missing supervision.

Masking unjudgeable trajectories in group-relative learning. The sentinel required a corresponding
change inside the trainer. Replacing an unjudgeable reward with the group mean would preserve the
mean but reduce the estimated variance, thereby inflating the normalized advantages of valid siblings.
Retaining −1 as an ordinary reward would create a spurious negative gradient. The agent excluded

14



Table 8: Failure-driven refinement of RLVR across kernel and RTL tasks. Each row links an observation available to
the agent to its diagnosis and the intervention retained for the final training run. Absolute rewards are compared
only within rollout groups for the same task. Verifier implementation details are reported separately in Appendix A.2.

Observed signal Diagnosis Retained intervention Role in RLVR

Kernel-specific reward validity

Correct output without
genuine kernel
computation

Surface correctness could be
achieved without performing
the specified task.

Converted launch, identity,
and scoped delegation checks
into hard eligibility gates.

Prevent reward
exploitation.

Genuine KernelBench
speedups rejected

A uniform delegation rule
contradicted the benchmark’s
task definition.

Restricted delegation gating
to backends that prohibit
framework computation.

Preserve valid partial
replacements.

RTL-specific behavioral validity

Testbench exited
without an explicit
positive verdict

Absence of a failure message
was being interpreted as
functional correctness.

Required an explicit pass
signal and otherwise failed
closed.

Prevent false-positive
RTL rewards.

Harness failed before
evaluating the
candidate

Missing payloads or
mismatched toolchains
contained no evidence about
policy quality.

Routed enumerated
pre-candidate failures to
retry and the unjudgeable
sentinel.

Prevent verifier faults
from becoming RTL
supervision.

Cross-domain optimization

Persistent zero rewards
caused by system faults

Infrastructure failure was being
learned as policy failure.

Added retry, an out-of-range
sentinel, and masked group
statistics and loss.

Remove spurious
gradients.

Most RealBench
validation tasks
disappeared under the
prompt cap

Length filtering changed the
evaluated RTL distribution
without invalidating the run.

Raised prompt coverage from
the measured distribution
before setting the joint
budget.

Preserve the intended
task distribution.

Long responses
approached zero
reward and triggered
actor OOM

Repetition consumed
generation time, while
per-sequence length set peak
memory.

Bounded prompt and
response jointly for every
trajectory.

Remove an
unproductive tail and
stabilize training.

unjudgeable samples from both group statistics and loss normalization. For rollout group 𝐺, let 𝑟𝑖
denote the applicable kernel or RTL reward, 𝑚𝑖 = 1[𝑟𝑖 ∈ [0, 1]], and 𝑁𝐺 =

∑
𝑖∈𝐺 𝑚𝑖. When 𝑁𝐺 > 1, the

masked statistics and advantages, with stabilizer 𝜖std > 0, are

𝜇𝐺 =
1
𝑁𝐺

∑︁
𝑖∈𝐺

𝑚𝑖𝑟𝑖,

𝜎2𝐺 =
1

𝑁𝐺 − 1
∑︁
𝑖∈𝐺

𝑚𝑖 (𝑟𝑖 − 𝜇𝐺)2,

𝐴RLVR𝑖 = 𝑚𝑖

𝑟𝑖 − 𝜇𝐺

𝜎𝐺 + 𝜖std
.

(5)

The policy loss was divided by the number of valid trajectories. Groups with 𝑁𝐺 ≤ 1 produced zero
advantages. Because each rollout group contains responses to the same prompt, the graded kernel
reward and binary RTL reward define within-task orderings; their absolute values are never compared
across domains. The resulting estimator applies the GRPO group-relative update to trajectories with
executable supervision (Shao et al., 2024).
Table 8 distinguishes domain-specific reward validity from shared optimization decisions.

Diagnosing the trajectory-length failure mode. The next experiments showed that context length
affected both the task distribution and training stability. At the initial prompt budget, the training
filter removed only a small number of examples but silently discarded more than two thirds of the
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RealBench validation split. The reported score therefore described only the shortest residual RTL tasks.
Raising the prompt allowance recovered the missing tasks. Independently increasing the response
cap yielded no additional useful training signal. Across tens of thousands of rollouts, mean reward
decreased monotonically from approximately 0.27 in the shortest length bucket to about 0.03 in the
middle and 0.02 near the cap. The longest tail contained no full-reward responses and repeated
intermediate reasoning or code fragments.
The same tail caused an actor-backward out-of-memory failure. The micro-batch already contained
one sequence per GPU, so reducing batch size could not remove a peak created by a single trajectory.
Prompt and response caps were controlling one physical object through independent limits. The agent
replaced them with a whole-trajectory constraint

|𝑥𝑖 | + |𝑦𝑖 | ≤ 𝐵traj, (6)

where 𝑥𝑖 and 𝑦𝑖 denote the prompt and response. This allocation admits long RTL prompts without
silently changing their evaluation distribution, gives short prompts more response capacity when
useful, and preserves a per-trajectory memory bound for both domains. It also removes generation
after empirical reward has approached zero.

Closing the recursive RLVR loop. Together, these failure-driven revisions formed the RLVR loop.

Research Outlook: Internalizing Research Taste

The agent taught us that research skills and research ability are different layers. Research Skills made
hypotheses testable, reproducible, and safe, but the strongest starting bets still came from humans;
once a promising axis was exposed, the agent was remarkably effective at following failures into new
designs. The next frontier is to internalize research taste itself into the base model, so agents can not
only explore a human-specified research program, but also invent the hypotheses that expand it.

5 Methodology

The preceding section records the agent’s full development trajectory, including alternative hypotheses,
failed trials, and evidence-driven revisions across data, SFT, OPSD, and RLVR. This section distills
that trajectory into the retained recipe and presents the end-to-end training pipeline that ultimately
delivered the iCoder checkpoint.
Our final recipe operates on the shared executable task pool constructed from RTL-design and GPU-
kernel tasks. A task-native verifier couples three successive parameter-update stages:

𝜃0
SFT−−−→ 𝜃SFT

OPSD−−−−→ 𝜃OPSD
RLVR−−−−→ 𝜃RLVR.

During SFT, verifier decisions define corpus membership. For each task 𝑥𝑖, we draw four responses 𝑦𝐵𝑖,𝑘
from the Qwen3.6-27B base model. Tasks with four failed samples proceed to teacher rollout, where
DeepSeek-V4-Pro produces four trajectories 𝑦𝑇

𝑖,𝑘
. The first verified teacher trajectory is retained in full,

including its reasoning and executable answer. Writing 𝑣𝑖 (𝑦) ∈ {0, 1} for the task-native verdict, the
capability-gap corpus and full-parameter SFT objective are

ISFT =
{
𝑖 :

4∑︁
𝑘=1

𝑣𝑖 (𝑦𝐵𝑖,𝑘) = 0,
4∑︁

𝑘=1
𝑣𝑖 (𝑦𝑇𝑖,𝑘) ≥ 1

}
,

𝑘★𝑖 =min{𝑘 : 𝑣𝑖 (𝑦𝑇𝑖,𝑘) = 1}, DSFT = {(𝑥𝑖, 𝑦𝑇𝑖,𝑘★
𝑖
) : 𝑖 ∈ ISFT},

𝜃SFT = argmin
𝜃
−𝔼(𝑥,𝑦)∼DSFT

| 𝑦 |∑︁
𝑡=1
log𝜋𝜃(𝑦𝑡 | 𝑥, 𝑦<𝑡), 𝜃 initialized from 𝜃0.

(7)
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Figure 4: Overview of training pipeline. The shared executable task pool supports three successive parameter-
update stages. SFT builds a capability-gap corpus from the first verified teacher trajectory; OPSD transfers privileged
experimental context to a bare-context student through verifier-signed token credit; and RLVR converts online
execution outcomes into domain-aware rewards while masking unresolved trajectories. The task-native verifier
changes roles across stages, from correctness checking, to feedback construction, to failure diagnosis and reward
assignment, yielding iCoder-27B.

This model-relative filter concentrates cold-start training on base-model pass@4 failures paired with a
verified teacher trajectory (Qwen Team, 2026; DeepSeek-AI, 2026).
OPSD rescreens under 𝜃SFT and retains 1,874 tasks that are unsolved at pass@4, fail the first bare-
prompt attempt, and recover in a later execution-feedback round. For each task, 𝑐★

𝑖
comprises

the audited direction-only plan followed by every failed response and its coarse verifier feedback,
terminating before the successful answer (Eq. (1)). A frozen copy of 𝜃SFT scores each bare-prompt
rollout under (𝑥𝑖, 𝑐★𝑖 ). The trainable student conditions on 𝑥𝑖. Let ℓ𝑇𝑖𝑡 , ℓold𝑖𝑡

, and ℓ𝜃
𝑖𝑡
be the token log-

likelihoods of the frozen privileged teacher, bare-context rollout policy, and current bare-context
student, and let 𝐴OPSD

𝑖
be the group-centered executable-outcome advantage.

𝑤𝑖𝑡 = clip
(
exp[sign(𝐴OPSD𝑖 )

(
ℓ𝑇𝑖𝑡 − sg[ℓ𝜃𝑖𝑡]

) ]
, 1 − 𝜖𝑤, 1 + 𝜖𝑤

)
,

𝑎B2𝑖𝑡 = 𝐴OPSD𝑖

(
(1 − 𝜆) + 𝜆𝑤𝑖𝑡

)
, 𝜌𝑖𝑡 (𝜃) = exp

(
ℓ𝜃𝑖𝑡 − ℓold𝑖𝑡

)
,

LOPSD(𝜃) = −𝔼𝑖,𝑡

[
min

(
𝜌𝑖𝑡𝑎

B2
𝑖𝑡 , clip(𝜌𝑖𝑡, 1 − 𝜖𝜋, 1 + 𝜖𝜋)𝑎B2𝑖𝑡

)]
.

(8)

Equation (8) gives the selected B2 update, where sg denotes stop-gradient. The verifier advantage
sets the update sign, and the teacher–student gap defines a positive clipped weight that redistributes
token-level credit across the trajectory (Schulman et al., 2017; Shao et al., 2024; Yang et al., 2026).
RLVR continues from 𝜃OPSD and converts executable evidence into online, task-conditioned rewards.
Eligible kernel responses receive the tiered correctness-and-performance reward in Eq. (3). RTL
responses receive the binary behavioral reward in Eq. (4). Group-relative advantages are computed
within each task’s rollout group. Trajectories with unresolved verification after retry receive the
sentinel −1. The masking rule in Eq. (5) removes them from the group mean, standard deviation,
gradient, and loss normalization. Let V denote the verified trajectories retained by masking and
𝐴RLVR
𝑖

the group-relative advantages computed over V. RLVR uses the GSPO sequence ratio and
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asymmetrically clipped objective (Zheng et al., 2025):

𝑠𝑖 (𝜃) = exp
[
1
|𝑦𝑖 |

| 𝑦𝑖 |∑︁
𝑡=1
log 𝜋𝜃(𝑦𝑖,𝑡 | 𝑥𝑖, 𝑦𝑖,<𝑡)

𝜋𝜃old (𝑦𝑖,𝑡 | 𝑥𝑖, 𝑦𝑖,<𝑡)

]
,

LGSPO(𝜃) = −
1
|V|

∑︁
𝑖∈V
min

(
𝑠𝑖 (𝜃)𝐴RLVR𝑖 , clip(𝑠𝑖 (𝜃), 1 − 𝜖lo, 1 + 𝜖hi) 𝐴RLVR𝑖

)
.

(9)

The implementation broadcasts each sequence advantage across its response tokens and applies
sequence-mean/token-mean aggregation. Entropy weight is zero, and KL regularization is disabled.
All-invalid groups contribute zero gradient. Every rollout obeys the whole-trajectory budget in Eq. (6).
RLVR yields the final iCoder checkpoint 𝜃RLVR.

6 Evaluation

6.1 Experimental Setup

Model and post-training data. We use Qwen3.6-27B as the base model (Qwen Team, 2026). Table 9
summarizes the training data used at each stage.

Table 9: Post-training data by stage. SFT counts complete verified teacher trajectories, OPSD counts recoverable
executable tasks, and RLVR counts stratified verified tasks.

Stage Training unit Total RTL Kernel

SFT Verified teacher trajectory 28,952 18,256 (63.0%) 10,696 (37.0%)
OPSD Recoverable executable task 1,874 1,349 (72.0%) 525 (28.0%)
RLVR Stratified verified task 13,212 6,058 (45.8%) 7,154 (54.2%)

Benchmarks and metrics. We evaluate RTL generation on VerilogEval, RTLLM, CVDP, ArchXBench,
and RealBench-Module (Liu et al., 2023; Lu et al., 2023; Pinckney et al., 2025; Purini et al., 2025; Jin
et al., 2025), and GPU-kernel generation on KernelBench and TritonBench-G (Ouyang et al., 2025; Li
et al., 2025). The RTL suite ranges from single-module completion and generation to architecture-
level and project-integrated module tasks; the kernel suite spans single operators, operator fusion,
network-level workloads, and repository-derived Triton kernels. We follow each benchmark’s official
task definition and executable harness, reporting avg@𝑘 or pass@𝑘 for RTL, compiled/correct/fast
rates for KernelBench, and correctness pass@1 for TritonBench-G. Task counts, sampling budgets, and
verifier settings are provided in Appendix A.2 (Table 11).

6.2 Main Results

RTL Performance Comparison Table 10 shows that iCoder is consistently competitive across the RTL
suite, placing among the top three systems on four of the seven reported metrics. It achieves the best
RTLLM functional avg@4 at 68.0, ranks second on VerilogEval code-completion avg@4 at 86.0 and
CVDP functional avg@5 at 44.1, and ranks third on VerilogEval spec-to-RTL avg@4 at 86.3. On the
more complex benchmarks where it does not lead, its 61.7 RealBench syntax pass@5 exceeds both
InCoder variants, DeepSeek V4-Pro, GLM 5.2, Kimi K2.6, and Hy3, while its 49.3 ArchXBench pass@1
remains above both InCoder variants, Kimi K2.6, and Hy3. The clearest gain over the Qwen3.6-27B
base model appears on RTLLM, where post-training raises performance from 49.6 to 68.0, an absolute
improvement of 18.4 points.

Kernel Performance Comparison iCoder likewise ranks among the top three systems on seven
of the nine KernelBench metrics and shares the best TritonBench-G correctness pass@1 of 20.1.
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Table 10: Performance comparison on industrial coding benchmarks. The best result in each row is shown in bold,
and the second-best distinct result is underlined; ties receive the same formatting.

Benchmark Metric iCoder
27B

Qwen3.6
27B

InCoder
32B

InCoder-32B
Thinking

DeepSeek
V4-Pro

GLM
5.2

Kimi
K2.6

GPT
5.5

Claude
Opus-4.8

Hy3 Gemini
3.5-Flash

VerilogEval Spec-to-RTL avg@4 86.3 70.1 62.5 65.9 69.9 66.0 72.4 90.1 82.7 83.8 89.1
Code-complete avg@4 86.0 70.8 58.2 54.2 79.8 74.8 78.5 91.4 81.9 81.6 83.8

RTLLM Functional avg@4 68.0 49.6 48.0 44.2 67.5 64.0 59.0 66.0 64.7 53.5 63.5
CVDP Functional avg@5 (%) 44.1 33.9 36.9 30.3 38.5 39.5 42.1 39.5 47.7 39.7 29.7

RealBench Syntax pass@5 (%) 61.7 38.3 60.0 55.0 36.7 43.3 58.3 80.0 83.3 41.7 68.3
Functional pass@5 (%) 26.7 16.7 46.7 36.7 16.7 25.0 25.0 28.3 36.7 16.7 26.7

ArchXBench Functional pass@1 (%) 49.3 35.2 36.6 29.6 50.7 50.7 42.3 56.3 54.9 47.9 50.7

KernelBench

L1
Compiled (%) 95 87 88 85 93 96 93 98 95 94 94
Correct (%) 61 32 51 47 32 50 32 43 55 42 45
Fast (%) 25 12 18 18 13 26 5 22 30 21 23

L2
Compiled (%) 97 89 90 93 91 98 84 100 97 98 99
Correct (%) 74 28 65 63 40 40 17 41 70 56 78
Fast (%) 40 17 14 15 25 30 7 24 37 29 47

L3
Compiled (%) 90 86 60 60 86 90 82 100 84 98 100
Correct (%) 34 12 30 20 4 30 18 38 40 18 58
Fast (%) 10 4 14 12 2 0 0 6 8 2 14

TritonBench-G Correctness pass@1 (%) 20.1 11.4 17.9 18.5 19.0 19.0 19.0 19.5 20.1 19.5 14.9

KernelBench reports compiled, correct, and fast results at pass@1. L1 and L2 each contain 100 tasks; L3 contains 50
tasks, so its counts are converted to percentages (e.g., 45/17/5 becomes 90/34/10).

On KernelBench, it attains the highest L1 correctness rate at 61%, then ranks second on both L2
correctness and fast rates at 74% and 40%, respectively. Its advantages remain visible on L3 despite
the harder setting: 34% correctness exceeds InCoder-32B, DeepSeek V4-Pro, GLM 5.2, Kimi K2.6,
and Hy3, while the 10% fast rate exceeds GPT 5.5 and Claude Opus-4.8. Together, these results place
iCoder at or near the front of both operator-level and repository-derived kernel generation while
retaining competitive performance on full-network workloads.

6.3 RLVR Training Dynamics

From reward to accuracy. The left and centre panels of Figure 5 report validation pass@1 and mean
reward per rollout over the run. Both rise together throughout: reward from 0.295 at step 20 to
0.446 at step 160, and the unweighted mean of the six rates from 45.8% to 54.3%. The movement is
concentrated early, with roughly the first hundred steps accounting for 59% of the aggregate gain,
three quarters of the gain on KernelBench, and all of the gain on ArchXBench. Mean reward continues
to 0.473 at step 200 with no inflection toward saturation. Execution reward is therefore converted
into pass@1 within roughly one epoch.

Gains on complex designs. The right panel shows that gain varies across benchmarks, and it is
largest on those with the most complex designs. KernelBench, which asks for a complete optimised
implementation and spans single operators, operator fusion, and whole network architectures, rises
26.0 points, and ArchXBench, which covers architectural hardware designs, rises 12.7. VerilogEval
and RTLLM, whose problems are shorter and simpler and on which the model already scored 82.7%
and 64.0%, gain 2.9 and 4.0. The largest RLVR gains therefore occur on demanding designs with
greater improvement headroom.

Cross-domain compatibility. All six backends improve under a single reward interface and a kernel-
to-RTL ratio near one. Gains are largest on kernels, and every RTL backend also improves, indicating
cross-domain compatibility under shared execution reward.
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Figure 5: RLVR training dynamics and outcome. All is the unweighted mean of the six verification backends, and
Kernel and RTL the means within each domain; the bold reward curve is an exponential moving average of the
per-step values. Shaded bands mark the first epoch and the dashed line the reported checkpoint.

6.4 Case study.

Before v.s. After RLVR Figure 6 pairs two validation problems with the model’s own reasoning before
and after RLVR: a Frobenius-norm normalisation from KernelBench, and a 32-bit pipelined ripple-carry
adder from level 2 of ArchXBench. On the kernel task both versions reach the same dead end, and
the difference is what follows it. Before RLVR the model restates that dead end until its budget is
gone; after RLVR it accepts the conclusion and routes around it with a second kernel. On the RTL task
the version before RLVR gets every stage of the arithmetic right and the pipeline skew wrong, while
the version after RLVR states the alignment rule and builds the delay chain it implies. These failures
concern recovery from a dead end and alignment across pipeline stages. Both require coordination
across operations, consistent with the larger RLVR gains on complex designs.

Kernel
Before RLVR

“. . . then the same kernel does the division after a global
sync? Not possible. . . . then the same kernel does the
division after a global sync? Not possible. . . . then the
same kernel does the division after a global sync? Not
possible. . . . ”

After RLVR

“. . .we need to wait for all blocks to finish before division.
But Triton kernels don’t have a global sync. So we can’t
do the division in the same kernel after the atomic adds
. . .We could launch a second kernel.”

The same dead end is reached in both; only after RLVR does the model leave it. Restated 971 times with no kernel
emitted→ 63% shorter, and correct.
RTL

Before RLVR

“. . . the partial sums . . . can be computed and then
just passed through pipeline registers to the output
. . .We can design a shift-register-like pipeline . . . reg
[7:0] sum_low2 . . . reg [15:0] sum_low3 . . . reg [23:0]
sum_low4”

After RLVR

“. . . the carry-in is delayed by one cycle per stage, so
the A and B slices for that stage must also be de-
layed by the same number of cycles . . .we can just as-
sign sum = {sum4_reg, sum3_delay1, sum2_delay2,
sum1_delay3}”

Both state the pass-through idea; only after RLVR is a cycle count attached to it. Results one cycle late, 2 of 50 tests→
50 of 50.
Figure 6: Matched trajectories on two validation problems, sampled from the same checkpoints before and after
RLVR. The excerpts reproduce model reasoning verbatim, and RTL verdicts come from the benchmark testbench.

EDA as long-horizon RTL optimization. We next test whether the trained model can operate inside
an iterative design loop rather than emit a single answer. We adapt eight designs from RTLScout
(Arnold et al., 2026) to the evaluation-driven propose–evaluate–refine interface of SimpleTES (Ye
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Figure 7: Evaluation-driven RTL search on eight designs adapted from RTLScout. Translucent points show every
testbench-valid, successfully synthesized candidate retained by the evaluator; the opaque staircase is the cumulative
best. Both are expressed as cell-count reduction from that task’s recorded seed, and endpoint icons identify the
model. Bold numbers beside the icons give the final synthesized cell counts; each panel reports its baseline cell count
along the bottom. Dotted gold references on the 8-bit ALU and MCM (13, 25, 63) show refreshed iCoder final results
whose candidate indices are unavailable. Their horizontal icon positions are visual anchors rather than candidate
indices. Elsewhere, the horizontal axis counts valid synthesized candidates, not raw attempts or wall-clock rounds;
failures and excluded candidates therefore do not advance it.

et al., 2026). The set comprises two specification-driven synthesis tasks, five RTL-rewriting tasks,
and one wide finite-state machine. Starting from the run-local seed for each task, a model proposes
three revisions per iteration for twenty iterations. Each candidate must pass the task’s self-checking
testbench and synthesize successfully before it is ranked by technology-independent post-synthesis
Yosys cell count. Lower cell count is better; the search score is 1000/𝑁cell. Candidates that evade
accounting through black boxes, hierarchy preservation, or multi-module decomposition are excluded.
The supplied logs do not record formal-equivalence checks, so we describe the retained candidates as
testbench-validated rather than formally equivalent.
Figure 7 shows every retained valid candidate and the cumulative best, normalized to each task’s
seed. Its horizontal axis counts valid synthesized candidates, because the records do not retain a
complete attempt-to-round mapping. The refreshed iCoder export reports final solutions without
the corresponding candidate indices; the two improved final values are therefore shown as dotted
gold references rather than appended to the logged trajectory. With these updated results, iCoder
reaches the common best cell count on the 1011 sequence detector, 9-input registered chain adder,
7-state FSM, and vending FSM with wide discount registers. It ties HY3 on MCM (9, 23, 81) and
improves on HY3 for MCM (13, 25, 63). Relative to HY3, this gives one win, five ties, and two losses.
DeepSeek-V4-Pro obtains a lower cell count on the remaining four tasks and ties on the other four.
Across tasks, we first compute the cell-count reduction relative to each task’s seed and then average
the eight percentages with equal weight. This avoids allowing small-cell designs to dominate the
aggregate. As shown in Figure 8, the mean reductions are 51.1% for iCoder, 52.2% for HY3, and
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iCoder used a 32,768-token output cap, whereas HY3 and DeepSeek-V4-Pro used 131,072.

55.6% for DeepSeek-V4-Pro, leaving gaps of 1.1 and 4.5 percentage points. Their total output-token
counts are 10.03M, 19.75M, and 30.45M, respectively. Thus, iCoder comes within 1.1 points of HY3
while using 51% as many output tokens, and within 4.5 points of DeepSeek-V4-Pro while using 33%
as many.
The comparison is an exploratory case study rather than a controlled token-matched benchmark.
iCoder used a 32,768-token output cap, whereas HY3 and DeepSeek-V4-Pro used 131,072; this
difference may contribute to iCoder’s larger share of incomplete or invalid candidates. The metadata
also omits token usage for generation failures and does not retain complete candidate histories for the
refreshed iCoder final results, the Yosys version, or the complete synthesis command. We therefore
treat output tokens as a reported cost proxy, normalize against the recorded seed within each run,
and make no claim about dollar cost, wall-clock time, or statistical significance.

GPU-kernel optimization under executable feedback. We next evaluate the three models in the
SimpleTES propose–evaluate–refine loop (Ye et al., 2026) for GPU-operator optimization. The archived
suite contains custom tasks with an RTLScout-inspired iterative-search scaffold (Arnold et al., 2026)
and samples from the KernelFactory suite supplied with the archive. Table 12 records every operator,
its computation, and the archive-designated reference implementation. A candidate enters the search
trace only when the archive records successful compilation, correctness, and latency measurement.
The source records mix naive-relative and reference-relative speedups. We recompute every endpoint
as 𝑠ref𝑚,𝑡 = 𝜏ref𝑡 /𝜏𝑚,𝑡, where 𝜏ref𝑡 is the archived reference latency for task 𝑡. For a compact 2 × 4 display,
we use the post-hoc statistic 𝑔𝑚,𝑡 = (𝑠ref𝑚,𝑡 − 1)/𝑇𝑚,𝑡, with 𝑇𝑚,𝑡 = 𝑇𝑚,𝑡/106 denoting millions of reported
output tokens, and rank complete three-model tasks by 𝑟𝑡 = 𝑔iCoder,𝑡/max{𝑔HY3,𝑡, 𝑔DeepSeek,𝑡}. We retain
the eight largest 𝑟𝑡 values. GDNO is omitted because HY3 has no valid endpoint; Histogram and
Softmax receive the two lowest 𝑟𝑡 values among complete tasks. This archive-token proxy is used only
to select and order illustrative panels. Figures 9 and 10 show the retained search records and their
cost–performance endpoints.
iCoder obtains the highest reported speedup on Vector Sum (2.31×) and Cumulative Sum (2.96×).
The best archived iCoder endpoint is within 1.7% of the fastest SwiGLU result, 4.4% on KL Divergence,
4.8% on Grayscale Conversion, and 9.1% on Causal Conv1D. The gaps reach 21.8% on Asymmetric
MatMul and 29.4% on Fused Cross-Entropy. Within this selected subset, the descriptive geometric-
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mean reference-relative speedups are 2.17×, 1.98×, and 2.36× for iCoder, HY3, and DeepSeek-V4-Pro.
Their recorded output-token totals are 4.67M, 12.26M, and 17.75M. By construction, 𝑟𝑡 ranges from
1.74 to 5.65 across the displayed subset; we do not interpret this range as model-level efficiency.
These results do not establish budget-matched or hardware-controlled efficiency. Proposal counts differ,
and tokenizer identities, output limits, the GPU model, and software versions are not recorded in the
supplied kernel archive. The package also omits raw verifier code, timing repetitions, and uncertainty
estimates. The figures report archived endpoints and a token proxy without claims about monetary
cost, GPU time, or statistical significance, and the selected-subset aggregate does not characterize the
full eleven-task archive.

7 Conclusion

Can recursive AI truly close the loop in which AI trains and improves AI? We believe that this
crown jewel remains beyond immediate reach. Rather than claiming fully autonomous recursive
self-improvement, this work presents a practical path in which human experts and an AI agent jointly
develop a frontier-competitive industrial-coding model. Human experts provide executable research
skills that define the objective, stage scaffold, permission boundaries, verifier integrity, and operating
procedures, while leaving empirical choices to the agent. Within this trusted space, the agent evolved
executable data, selected capability gaps for SFT, explored and revised OPSD designs, and iterated
RLVR rewards and training constraints using executable feedback, ultimately producing the 27B
iCoder model. iCoder achieves 68.0 on RTLLM and 61% KernelBench L1 correctness, surpassing much
larger models including DeepSeek-V4-Pro, GLM-5.2, and Kimi-K2.6, as well as GPT-5.5, Claude Opus
4.8, and Gemini 3.5 Flash. It also ties the best result on TritonBench-G at 20.1 and ranks second
on CVDP at 44.1. More broadly, this division of labor offers an auditable path for AI for AI, where
human expertise defines a safe research space and agents accumulate evidence, revise hypotheses,
and improve models. We hope it helps move recursive AI toward systems in which AI can assume an
increasingly complete role in training the next generation of AI.
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A Supplementary Material

A.1 Task-Pool Distribution

The shared executable task pool contains 55,462 verifier-backed tasks and preserves the domain and
functional-family distribution of the SFT corpus. It comprises 34,972 RTL tasks (63.1%) and 20,490
GPU-kernel tasks (36.9%). Figure 11 reports the corresponding functional composition.

RTL
63.1%

Kernel
36.9%

55,462
tasks

Cumulative family coverage
RTL Kernel

Top 1 22.1%
15.4%

Top 3 55.6%
44.4%

Top 5 74.2%
63.1%

0 50 100%

RTL task families 34,972 (63.1%)
Functional family Tasks (share)

Module integration & control 7,724 (22.1%)
Sequential state & counters 6,362 (18.2%)
Combinational logic & coding 5,341 (15.3%)
Processor & pipeline logic 3,339 (9.5%)
Arithmetic & numeric datapaths 3,172 (9.1%)
FSM & control logic 2,186 (6.3%)
Other RTL 1,902 (5.4%)
Timing, clock & reset 1,900 (5.4%)
Memory & buffering 1,433 (4.1%)
Communication & peripherals 805 (2.3%)
Cryptography & error control 536 (1.5%)
DSP & signal processing 272 (0.8%)

Kernel task families 20,490 (36.9%)
Functional family Tasks (share)

Matrix multiplication & linear algebra 3,157 (15.4%)
Elementwise math 3,050 (14.9%)
Convolution & vision operators 2,893 (14.1%)
Indexing, embedding & data movement 1,969 (9.6%)
Normalization 1,870 (9.1%)
Activation functions 1,828 (8.9%)
Reductions & statistics 1,670 (8.2%)
Pooling & resampling 1,521 (7.4%)
Losses & training objectives 1,326 (6.5%)
Tensor creation, casting & layout 395 (1.9%)
Other kernel 377 (1.8%)
Attention & sequence modeling 362 (1.8%)
Spectral & signal transforms 38 (0.2%)
Optimization & parameter updates 21 (0.1%)
Randomization & sampling 11 (0.1%)
Sparse & graph operations 2 (0.0%)

Figure 11: Distribution of the shared executable task pool. The left chart shows the RTL–kernel split and the
functional-family composition within each domain; the bars below compare cumulative coverage by the largest one,
three, and five families. The right tables report the corresponding task counts and within-domain shares.

RTL coverage centers on module integration and controllerization (22.1%), sequential state and
counters (18.2%), and combinational logic and coding (15.3%). The kernel partition is led by matrix
multiplication and linear algebra (15.4%), elementwise mathematics (14.9%), and convolution and
vision operators (14.1%). It also includes losses and training objectives (6.5%) and attention and
sequence modeling (1.8%), alongside normalization, activation, reduction, pooling, indexing, and
data-movement operators.

A.2 Evaluation Infrastructure

Table 11 summarizes the task inventory, generation budget, sampling protocol, reported metrics, and
verification backend used for each benchmark. For any sampling budget 𝑘, avg@𝑘 is the mean binary
success indicator, and pass@𝑘 indicates at least one successful output among the 𝑘 samples. Syntax
measures compilation or elaboration success, whereas functional correctness requires all testbenches
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or numerical comparisons to pass.

Table 11: Evaluation infrastructure and benchmark-specific settings.

Benchmark Tasks Max
tokens Sampling (𝑛) Reported metrics Verification

VerilogEval
Spec-to-RTL

156 49,152 𝑛 = 4, temp. 0.8 Spec-to-RTL avg@4 Icarus Verilog
simulation

VerilogEval
Code-complete

156 49,152 𝑛 = 4, temp. 0.8 Code-complete avg@4 Icarus Verilog
simulation

RTLLM 50 49,152 𝑛 = 4, temp. 0.8 Functional avg@4 Icarus Verilog
simulation

CVDP (cid003) 78 49,152 𝑛 = 5, temp. 0.8 Functional avg@5 Icarus Verilog +
cocotb

ArchXBench v1.5 71 49,152 𝑛 = 1, temp. 0 Functional pass@1 Self-checking
testbenches

RealBench-
Module

60 49,152 𝑛 = 5, temp. 0.8 Syntax/functional
pass@5

Verilator build and
simulation

KernelBench 250 58,000 𝑛 = 1, temp. 0 Compiled/correct/fast
at pass@1

Numerical
comparison

TritonBench-G 184 58,000 𝑛 = 1, temp. 0,
zero-shot

Correctness pass@1 Numerical
comparison

Generation uses a single-GPU backend with tensor parallelism one, bfloat16 precision, and a GPU-
memory utilization target of 0.85. We use vLLM V1 with VLLM_USE_DEEP_GEMM=0, the FlashInfer GDN
prefill backend, and a default maximum model length of 65,536 tokens. Experiments run on six nodes
with eight NVIDIA H20 GPUs per node. During generation, each model occupies one node; evaluation
is sharded across 40 GPUs. KernelBench uses Triton and CUDA backends. Its L1, L2, and L3 subsets
contain 100 single-operator tasks, 100 operator-fusion tasks, and 50 full-network tasks, respectively.
The fast metric counts correct kernels that also satisfy the configured speedup threshold (1.05×).
Verification uses the simulator version each official harness specifies: Icarus Verilog 11.0 for
ArchXBench, 12.0 for VerilogEval and RTLLM, and 13.0 for CVDP, since the versions differ materially
in SystemVerilog support. RealBench-Module uses Verilator 5.049; syntax requires the build to
complete without emitting any warning and functional requires a mismatch-free simulation transcript,
so a build that warns scores zero on both. ArchXBench levels 0–3 are judged by their self-checking
testbenches, while levels 4–6 compare against Makefile-driven golden models. Kernel benchmarks
execute under PyTorch 2.9.1 with Triton 3.5.1 and CUDA 13.0. A candidate is run on the same
inputs as the reference implementation and counts as correct when every returned tensor matches the
reference in shape and within a tolerance of 10−2.
The GPU and software configuration above applies to the seven main benchmarks. The separately
supplied iterative kernel case-study archive does not record its GPU model or software versions, so we
do not transfer this configuration to that analysis.

A.3 Kernel Case-Study Operators

The full archive contains eleven operators: seven in-house tasks organized under an RTLScout-
inspired iterative-search scaffold (Arnold et al., 2026) and four KernelFactory samples. The main-
text visualization retains eight of them—five in-house tasks and three KernelFactory samples. This
provenance describes the task scaffolds; none of the in-house operators is presented as an original
RTLScout benchmark item. Each task’s reference.py designates a trusted implementation through
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baseline() or ref_kernel(). The latency values in Table 12 are session measurements supplied with
the operator manifest, not hardware-independent constants.

Table 12: Operator definitions, task provenance, and archive-designated reference implementations for the full
eleven-task case-study archive. The main-text display retains eight tasks under its stated post-hoc rule.

Operator Computation Task origin Reference implementation
(archived latency)

Main display

Vector Sum Full reduction over all
vector elements

In-house torch.sum (135.8 𝜇s) Yes

Cumulative
Sum

Row-wise prefix sum
along dimension 1

In-house torch.cumsum (333.6 𝜇s) Yes

Causal Conv1D Left-padded
convolution for
sequence modeling

In-house PyTorch conv1d with left
padding (142.9 𝜇s)

Yes

Asymmetric
MatMul

Irregular-shape matrix
multiplication

In-house PyTorch matmul / cuBLAS
(1225.0 𝜇s)

Yes

Grayscale
Conversion

Weighted
RGB-to-luminance
transform

In-house PyTorch weighted tensor
sum (474.1 𝜇s)

Yes

GDNO Gated Delta-Net block
recurrence for linear
attention

In-house PyTorch chunked recurrence
(198.4 𝜇s)

No: HY3
missing

Histogram Binned counting with
write contention

In-house torch.histc/bincount
(217.5 𝜇s)

No: lower 𝑟𝑡

Softmax Numerically stable
row-wise softmax

KernelFactory
S03

ATen F.softmax, FP32
accumulation (903.8 𝜇s)

No: lower 𝑟𝑡

SwiGLU SiLU(gate) ⊙ up
activation

KernelFactory
S04

torch.compile fused
expression (132.0 𝜇s)

Yes

KL Divergence Temperature-scaled
student–teacher
distillation loss

KernelFactory
S12

torch.compile
token-blocked loss
(997.0 𝜇s)

Yes

Fused
Cross-Entropy

Logits-to-loss fusion
with
backward-gradient
readout

KernelFactory
S11

Liger fused cross-entropy,
with PyTorch fallback
(1338.0 𝜇s)

Yes
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A.4 Executable Verification Across Post-Training

Scope-ordered contracts behind a common evidence model. SFT, OPSD, and RLVR reuse task-
native execution contracts through stage-specific adapters. For a generated artifact and its trusted task
context, the adapter returns an evidence record with four named fields: status (pass/fail/unjudged),
failure stage, task-grounded measurements such as mismatch rate, assertion coverage, or speedup,
and provenance such as verifier versions and payload digests. The admissible oracle remains local to
the artifact and its trusted harness.
Tables 13 and 14 organize the implemented contracts by generated-artifact boundary. The RTL
contracts form a partial scope order from module-local completion, through a standalone module,
to a module inserted into a protected project hierarchy. Oracle choice is orthogonal to this order:
at the standalone-module scope, correctness may be established by differential traces, an explicit
self-checking verdict, programmatic assertions, or a generated-golden pipeline. The largest generated
RTL artifact in the current implementation is a module. Project-integrated verification tests that
module in a larger dependency context.

Table 13: Implemented RTL verification contracts, ordered by the boundary of the generated artifact. The oracle
variants at the standalone-module scope are alternatives selected by the task specification; they do not represent
successively larger design scales.

Verification scope Candidate and trusted
context

Native oracle Required execution evidence

Module-local
completion

Candidate completion joined to
a trusted module prefix and
executed by a fixed harness

Pinned Icarus transcript Exactly one target module compiles
and executes; the transcript matches
its trusted profile.
Mismatch-reporting tasks
additionally require zero
mismatches, a positive sample count,
and no timeout.

Standalone
module

Complete candidate module
evaluated beside trusted
reference RTL

Reference–candidate
trace comparison

Both designs compile under the
same generated stimulus, and their
output traces agree exactly.

Complete candidate module
with a trusted self-checking
harness

Explicit testbench
verdict

Simulation reaches a positive verdict
and reports no failure; missing
positive evidence fails closed.

Complete candidate module
embedded in an allowlisted
Icarus/cocotb/pytest harness

Programmatic
assertions

Every task-defined assertion
completes and the test process exits
successfully.

Complete candidate module
with task stimuli,
reference-generation scripts,
and an output comparator

Task-native golden
pipeline

The Makefile-driven generation,
compilation, execution, and
comparison pipeline completes
successfully.

Project-integrated
module

Complete candidate module
inserted into a protected
dependency hierarchy with a
trusted reference instance and
stimulus generator

Differential project
simulation

The Verilator project builds and
runs; its normalized transcript
matches the pinned trusted profile.
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Table 14: Implemented GPU verification contracts. Both compare generated code with trusted reference execution
under task-defined inputs, while the admissible implementation boundary and efficiency supervision differ.

Artifact boundary Candidate and trusted context Native oracle Accepted evidence and
measurement

Operator
implementation

Candidate device-level operator
and a trusted executable
reference, run with matched
deterministic seeds

Structured numerical
equivalence

Output structures and shapes
agree and tensor values satisfy
the task tolerance. A completed
device launch is required;
prohibited framework
delegation and identity stores
invalidate the result.

Reference-model
replacement

Candidate replacement module,
trusted reference model, and
task-defined initialization and
input generators

Repeated output
equivalence under
matched inputs

Correctness is checked across
repeated trials. Matched timing
against the reference supplies a
separate speedup measurement;
unchanged framework
operators outside the
replacement remain admissible.

Stage-specific use of executable evidence. The three post-training stages apply these contracts to
different decisions. SFT uses the correctness verdict as an admission gate. OPSD preserves execution
stages and task-native measurements as feedback and failure-conditioned experience. RLVR maps
verified outcomes and eligibility signals to scalar rewards.

Trusted harnesses and candidate isolation. Verifier inputs are divided into trusted task material
and untrusted model output. Serialized payloads are size bounded, schema checked, and restricted
to relative paths. Depending on the backend, trusted task material is bound by SHA-256 allowlists,
task tokens, or verdict profiles; the profiles pin a dataset revision, toolchain version, and expected
transcript digest. The online service also fingerprints its verifier modules, GPU evaluator, and trusted
task source tree at startup. A missing dependency, profile mismatch, or source-tree change therefore
returns an unverified status. RTL candidates are extracted separately, screened for protected-module
collisions and unsafe runtime constructs, and compiled or executed in a temporary directory under
time, memory, file, and process limits. GPU requests receive a fresh process group and CUDA context;
their results cross a bounded JSON channel whose fields and types are canonicalized before the service
accepts them.

Execution evidence and anti-exploitation checks. For GPU code, a runtime launch-exit hook counts
completed Triton launches; compilation, warm-up, and kernel-object indexing do not satisfy the
execution requirement. Static checks additionally flag stores that return loaded values unchanged and
framework operations that retain prohibited computation outside Triton. These checks are scoped by
the generated-artifact contract. Operator-only contracts forbid framework delegation of the requested
computation, whereas replacement contracts permit unchanged framework operators outside the
replaced computation and measure efficiency against the reference execution. The verifier exports
these signals separately from correctness, and the reward adapter applies the relevant signals as
eligibility gates before assigning the kernel reward in Eq. (3).

Failure attribution and RLVR reward construction. Only allowlisted failures from a trusted control-
plane channel are marked unverified; candidate output cannot trigger this state. After bounded retries,
an unresolved RLVR sample receives the sentinel −1 and is removed from group statistics and policy
updates (Eq. (5)). SFT and OPSD retain their original verdict and diagnostic semantics. RTL rewards
follow Eq. (4). GRPO compares responses to the same prompt, and the domain sampling mixture
controls each task family’s update frequency.
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