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Abstract
Recursive AI, the prospect of artificial intelligence taking an increasingly complete role in

building and improving artificial intelligence, has so far been demonstrated mostly on small
models, bounded tasks, and fixed time budgets. A recent technical report by Yang and colleagues
[1] asks a more demanding question: how little human involvement is sufficient for an agent to
lead the development of a release-ready, frontier-competitive model? Their answer is an agent-
led pipeline that produced iCoder-27B, a 27-billion-parameter model for register-transfer-level
(RTL) hardware design and GPU kernel optimization. This paper is an independent technical
review and analysis of that report; it does not present new training results. We reconstruct the
design principle of high-density human priors with low-frequency intervention, the executable
research skills that carry those priors, and the four-stage pipeline of data evolution, supervised
fine-tuning, on-policy self-distillation, and reinforcement learning with verifiable rewards. We
summarize the reported evidence, including a score of 68.0 on RTLLM, 61% correctness on the
first level of Kernel Bench, a tie for the best Triton Bench-G result at 20.1, and exploratory search
case studies that approach larger models at a fraction of the output tokens. We then analyze
what the evidence does and does not establish, discuss how the verifier-contract idea may
extend to other industrial software such as process monitoring, illustrated with two anomaly
detection examples, and identify open questions about attribution of human and agent
contributions, controls, and statistical reporting.

Keywords: Recursive AI, Agentic Model Development, Industrial Coding, RTL Generation, GPU
Kernel Optimization, Reinforcement Learning with Verifiable Rewards, On-Policy Self-
Distillation, Anomaly Detection.

1. Introduction
Artificial intelligence agents are moving from assisting isolated research tasks to carrying out

increasingly complete scientific workflows. Recent systems can take a project from hypothesis
through experiment to manuscript [26], search executable solution spaces under quantitative
feedback, and sustain long investigations through persistent memory. Yet the strongest evidence
to date comes from bounded loops in which the data, the evaluator, and the action space are
fixed in advance, and in which success is measured on a single target.

A technical report by Yang et al., posted in August 2026 as arXiv:2609.29626, pushes on this
boundary [1]. It asks whether an AI agent can coordinate the development of a genuinely
competitive frontier model, and it frames the practical version of that question as follows: how
little human involvement is sufficient for an agent to lead the development of a release-ready
model? The authors do not claim fully autonomous recursive self-improvement. Instead they
concentrate human input into what they call a high-density, low-frequency interface. Experts
write down objectives, stage scaffolds, permission boundaries, and operating procedures once,
as reusable research skills, and a coding agent then chooses experiments, diagnoses failures, and
revises the training strategy. The domain is industrial coding, meaning code whose acceptance is
decided by specialized executable toolchains: RTL design for hardware, and GPU kernel
optimization for accelerators. The resulting model, iCoder-27B, is built on a 27-billion-
parameter base model and, according to the report, matches or exceeds much larger open and
proprietary models on several benchmarks.
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This paper provides an independent technical review of that report. It reconstructs the
method, collects the reported evidence in one place, and analyzes strengths, limitations, and
implications. It reports no new experiments, and all numerical results in Sections V and VI are
those reported by Yang et al. [1]. We add three elements of our own. We read the reported
search trajectories for GPU operators, shown in Fig. 1, and relate them to the claims made about
cost and quality. We discuss how the central design idea, trusted executable verifiers wrapped in
explicit contracts, might carry over to other kinds of industrial software, using two examples of
anomaly detection in process monitoring shown in Fig. 2 and Fig. 3. Those two figures are not
part of the iCoder report; they are included only as illustrations of the kind of oracle a
monitoring application can provide. Finally, we collect open questions that future work should
address.

The contributions of this review are as follows:
 A structured reconstruction of the iCoder development pipeline, including the human prior,

the shared executable task pool, and the four training stages.
 A consolidated summary of the reported benchmark results, ablations, training dynamics,

and case studies, with attention to what each experiment can support.
 A reading of the kernel search trajectories in Fig. 1, showing where the compact model

leads, where it trails, and why the reported cost comparison must be interpreted
cautiously.

 A discussion of how verifier contracts could generalize to industrial monitoring software,
illustrated by Fig. 2 and Fig. 3, and an inventory of openmethodological questions.

The remainder of the paper is organized as follows. Section II reviews background literature.
Section III discusses related work. Section IV describes the methodology of the reviewed report.
Section V describes its experimental setup. Section VI summarizes results. Section VII discusses
implications, limitations, and extensions, and Section VIII concludes.

2. LITERATURE REVIEW

A. Levels of Recursive Self-Improvement
Self-improving AI systems are best distinguished by what is revised across iterations. At the first

level, a fixed model proposes candidate solutions that are tested against an evaluator, and
improvement accumulates in the resulting artifact rather than in the model that produced it.
Evolutionary coding agents for algorithmic discovery are of this kind [18], [19]. At the second level,
the recursion moves into the agent harness, so that execution traces change how a frozen model
behaves on later tasks, for example through evolving prompts, skills, or tools [20]. At the third level,
experience is written back into the model parameters by training on self-generated trajectories and
verifiable outcomes. Only this level makes the acquired capability persist independently of any
harness, and it is the level most directly related to autonomous model development.

B. Industrial Coding: RTL Design and GPU Kernels
The term industrial coding in the reviewed report denotes code generation problems whose

acceptance is determined by specialized executable toolchains and deployment quality rather than
by surface similarity. Two regimes are covered. In hardware design, RTL generation turns a
behavioral specification into a clocked circuit description that must elaborate, synthesize, and
behave as intended. Benchmarks have progressed from short isolated modules, as in VerilogEval and
RTLLM [7], [8], toward realistic specifications and hierarchical designs with simulation-based
validation, as in CVDP, ArchXBench, and RealBench [9], [10], [11]. In accelerator programming, a
kernel must compile, preserve numerical semantics, use the machine efficiently, and deliver
measured speedup, as assessed by KernelBench and TritonBench [5], [6].

C. Post-Training with Verifiable Signals
Modern post-training of language models for reasoning combines several techniques. Supervised

fine-tuning on verified teacher trajectories provides a cold start. On-policy distillation evaluates
teacher supervision on student-generated trajectories, which reduces the mismatch between training
and inference distributions [14]. A related idea, self-distillation, uses the same model as both teacher
and student, with the teacher given additional context such as feedback or a plan [21], [22].
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Reinforcement learning with verifiable rewards then lets the policy explore and receive rewards
computed from executable outcomes. Group-relative policy optimization estimates advantages by
comparing responses to the same prompt [12], and sequence-level variants adjust the importance
ratio and clipping for stability [13], building on the clipped policy gradient family [15].

D. Human Oversight in Agentic Research
Delegating research to agents raises questions of governance, and the report frames its approach

through the bitter lesson that general methods scale with computation [16]; one benchmark of
agentic post-training studies the same ambition on small models with short runs [17]. Which
decisions must remain with humans, how often must humans intervene, and how can the
contribution of each be attributed? The reviewed report answers with a deliberate boundary:
humans supply the objective, permissions, verifier semantics, and the process prior, while the agent
makes the empirical choices.

3. RELATEDWORK
Related work relevant to the reviewed report can be grouped into bounded solution-search

systems, harness-level self-improvement, agentic post-training benchmarks, and domain-
specific coding models.
Bounded solution search. Systems such as AlphaEvolve and open-source evolutionary coding

agents use a fixed model to propose programs and an automatic evaluator to select among them
[18], [19].
Harness-level self-improvement. Recent work refines prompts, skills, and tools from execution

traces, which can raise system performance without changing weights [20].
Agentic post-training. PostTrainBench evaluates whether language model agents can

automate post-training of small models under tight budgets [17]. The reviewed report operates
at a different scale: a multi-stage process on a 27-billion-parameter model with substantial
compute, whose outcome is a release-ready checkpoint.
Domain coding models and search frameworks. For hardware, RTLScout studies joint

optimization of code and synthesis results [23], and for broader scientific discovery, SimpleTES
provides a propose–evaluate–refine interface that the report adopts for its case studies [24].

TABLE I. Positioning of the Reviewed Report Relative to Related Approaches
Approach What is revised Evaluator Scale Release-

ready model

Evolutionary coding
agents [19]

Program artifacts External, fixed Single problems No

Harness refinement
[20]

Prompts, skills,
tools

External, fixed Task suites No

Agentic post-
training benchmark
[17]

Small model
weights

Single target
benchmark

Small models,
short runs

No

Search frameworks
[23], [24]

Candidate designs
or kernels

Testbench or
latency

Per design or
operator

No

iCoder report [1] Data, objectives,
rewards, weights

Task-native
verifiers

27B model,
multi-stage

Yes (claimed)

Table I shows the niche the report occupies: it is the only entry that revises model weights
through a multi-stage pipeline at 27-billion-parameter scale with a release-oriented outcome.

4.METHODOLOGYOF THE REVIEWEDREPORT

A. Design Principle: High-Density Prior, Low-Frequency Intervention
The central design principle of the report is to encode expert model-development experience

once and then step back. Humans write a versioned collection of research skills: concise
operational procedures backed by reusable code that make established practice executable on a
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GPU cluster. These skills describe how to access approved resources, construct auditable
training artifacts, launch distributed jobs, diagnose failures, and consume executable verification.
They also fix invariants that should not be discovered by trial and error, such as separation of
held-out data, verifier integrity, permission boundaries, and the requirement that every
reported checkpoint be traceable to its data, code, configuration, and parent model. The agent is
then free to choose data transformations, privileged context, optimization objectives, reward
adapters, and checkpoints.

The agent that carried out the development was a commercial coding agent, reported as
Codex GPT-5.6-Sol operating at its highest reasoning effort. Starting from the base checkpoint
and the available compute, it constructed an executable task pool, cold-started the base model
with verified trajectories, used on-policy self-distillation as a bridge, and finished with
reinforcement learning. The report stresses that the final recipe was not a fixed human-authored
procedure but the result of failures and revisions along the way.

B. Executable Research Skills and the Attribution Boundary
Table II summarizes the layers of the human prior as described in the report. Each layer

pairs human-specified content with an explicit limit on what the agent may do. The agent may
select experiments and transitions but may not silently redefine the deliverable; it may use
registered capabilities within budget, but new identities or permissions require a human gate; it
may integrate and audit verifiers but not weaken the approved correctness criterion; and it may
formulate hypotheses but must cite registered evidence for conclusions. A task queue and an
experiment log record research questions, budgets, expected artifacts, and decisions, and the
released human prior stays immutable during a run. This structure is what allows the authors to
claim an attribution boundary between initial human expertise and agent-led development.

TABLE II. Layers of the Human Prior and Boundaries on Agent Action
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; may not silently
redefine the deliverable

Resource access Approved repositories, models,
data, launchers, compute, storage,

side-effect permissions

May use registered capabilities
within budget; new permissions

need a human gate

Verification Task-contract schema, official
harness, integrity checks, pass, fail,

and unjudged semantics

May integrate and audit
verifiers; may not weaken the
approved correctness criterion

Research
method

Controlled pilots, explicit baselines,
artifact lineage, stop rules,
regression-aware selection

May formulate hypotheses;
conclusions must cite registered

evidence

Governance and
memory

Task queue, experiment log,
decision records, approval

boundaries

May record findings and
negative results; the released

prior stays immutable

C. Shared Executable Task Pool
Every later stage requires a trustworthy signal about the correctness of generated code, so the

pipeline begins with data construction. The agent normalized heterogeneous seeds from the two
domains into a common contract consisting of a natural-language specification, a boundary for
the generated artifact, an interface, a reference status, and a trusted verifier. For RTL this
records ports, clock and reset behavior, timing requirements, and the behavioral oracle. For
kernels it records the model interface, argument shapes, numerical semantics, and the permitted
implementation boundary.
Seeds were routed among three evolution families according to which contract elements a

transformation affects. Solution-first reconstruction derives a new specification from a verified
implementation while preserving its behavior and verifier. Instruction-first evolution changes
the specification and regenerates the affected executable components before validation.
Contract-bound mutation applies a declared behavioral change to the reference and then derives
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a matching instruction and test; the evolved reference must pass the evolved test while the
original reference must fail it. Candidates then pass ordered admission gates covering interface
preservation, leakage checks, semantic-change tests, solvability, compilation, and execution,
with cheap checks first. The resulting shared pool contains 55,462 verifier-backed tasks, of
which 34,972 (63.1%) are RTL and 20,490 (36.9%) are kernels.

D. Supervised Fine-Tuning from Verified Teacher Trajectories
Supervised fine-tuning provides a reasoning cold start on tasks where the base model has no

verified success. The agent selected tasks for which the base model failed all four sampled
attempts and at least one of four trajectories from a stronger teacher passed the verifier. The
teacher in this stage was DeepSeek-V4-Pro, and one complete passing trajectory, including its
reasoning and final answer, was retained per task. Training integrity rules required that training
pairs never be truncated and that length distributions be audited. The resulting corpus contains
28,952 trajectories, 63.0% RTL and 37.0% kernel, and full-parameter fine-tuning on it produced
the cold-start checkpoint.

E. On-Policy Self-Distillation: Discovery of a Verifier-Anchored Objective
On-policy self-distillation is the most distinctive stage. Its purpose is to convert observed

self-correction into persistent capability: tasks that the model can solve only after receiving
guidance or feedback are used to teach it to solve them directly. The agent first identified a
recoverable capability frontier by retaining tasks that failed all four attempts, failed the first
bare-prompt attempt, and were solved in a later round of an execution-feedback loop. This
yielded 1,874 tasks, 72.0% RTL and 28.0% kernel.
For these tasks the agent constructed a privileged context for the teacher view, which is the

same model given more information than the student. Controlled ablations, summarized in
Section VI, led it to include a direction-only repair plan and the failed responses with coarse
verifier feedback, and to exclude generic domain hints and fine-grained counterexamples. The
plan had to pass three leakage controls: 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.
The first objective used the gap between how likely each token was under the privileged view

and under the bare view as the direction of an online update. Because the privileged view was
scored by the current model, its distribution moved with the student, creating a self-reinforcing
loop. Early checkpoints improved some short tasks but regressed harder ones, matched
trajectories on one benchmark became roughly 2.9 times longer, some generations repeated an
intermediate reasoning segment without emitting code, and continued training ended in
degenerate repetition. The agent diagnosed this as a conflation of contextual preference with
environmental correctness, and the report summarizes the lesson as follows: privilege can
allocate credit but not authority.
The replacement is an offline five-stage pipeline: roll out from the bare prompt, score the

rollouts with a frozen privileged teacher, verify them by execution, build signed advantages, and
apply a clipped importance-weighted update. Freezing and precomputing the teacher scores
removed the moving-teacher feedback path. Execution outcomes determine the sign and size of
each response's advantage through a hierarchical scheme in which compilation failures receive
the largest penalty, other incorrect responses a smaller one, and correct responses receive a
performance-based term, after which advantages are centered within the group of rollouts for
the same prompt. The teacher view is used only to modulate token-level credit within bounds,
never to set the direction of learning. Section VI compares this design with two alternatives.

F. Reinforcement Learning with Verifiable Rewards
The final stage starts from the self-distilled checkpoint and optimizes against rewards

obtained by compiling and executing generated code. The agent first measured per-task success
rates under the current policy and divided the pool into four strata: frontier (0 to 25% success),
exploration (25 to 50%), near-mastery (50 to 75%), and exploitation (75 to 100%). Early
training emphasized near-mastery and exploitation tasks to keep the reward signal reliable, and
sampling shifted toward exploration and frontier tasks as success rates rose, with strata
refreshed periodically. The training set contains 13,212 tasks, 45.8% RTL and 54.2% kernel.
Reward design was refined through several failures. In the first kernel pilot, correctness plus
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the presence of a Triton kernel was rewarded, and the policy found cheaper paths: some
responses delegated the computation to the reference framework behind a nominal wrapper,
and others launched an identity kernel that copied inputs to outputs. The agent introduced hard
eligibility gates based on runtime launch evidence, identity-computation detection, and
framework-delegation detection, with a detected exploit receiving zero reward. A uniform gate
proved too strict, because KernelBench legitimately allows partial replacement of operators, so
the delegation gate was restricted to tasks whose definitions prohibit delegation. Eligible kernel
responses are rewarded in tiers: full reward for a correct kernel with a speedup above 1.05
times, half reward for a correct kernel, a small reward for code that compiles but is incorrect, a
smaller one for code that fails to compile, and zero for exploits.
For RTL, no calibrated analogue of speedup exists, so rewards are binary: full reward only

when the official harness explicitly validates behavior, zero when the candidate is judged and
fails. Two false-verdict problems drove a fail-closed rule. A self-checking testbench could exit
without producing its explicit positive verdict, and treating the absence of a failure message as
success rewarded executions that ended before completing their checks. Separately, malformed
payloads and mismatched toolchains could fail before the candidate was evaluated, which says
nothing about policy quality. Such events are routed to a bounded retry and, if unresolved, to a
sentinel value outside the reward range that marks missing supervision.
The sentinel required a change in the learner. Replacing a missing reward with the group

mean would shrink the estimated variance and inflate the advantages of the remaining samples,
while keeping it as an ordinary reward would create a spurious negative gradient. The agent
therefore masked unjudgeable trajectories out of the group statistics and the loss normalization,
so that infrastructure failures cannot become gradients. A final set of experiments exposed
trajectory length as a failure mode: mean reward fell from about 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 one very long sequence caused a memory failure that reducing batch size
could not fix, so the agent replaced separate prompt and response caps with a single whole-
trajectory budget.

TABLE III. Post-Training Data by Stage
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%)

5. EXPERIMENTAL SETUPOF THE REVIEWEDREPORT

A. Model, Hardware, and Software
The base model is Qwen3.6-27B [2]. Training used the open-source reinforcement learning

framework HybridFlow [25]. Evaluation ran on six nodes with eight NVIDIA H20 GPUs per node;
during generation each model occupied one node and evaluation was sharded across 40 GPUs.
Generation used a single-GPU backend in bfloat16 precision with a serving engine configured for
a default maximum model length of 65,536 tokens. Hardware verification used the simulator
version specified by each official harness, because versions differ materially in SystemVerilog
support: Icarus Verilog 11.0 for ArchXBench, 12.0 for VerilogEval and RTLLM, and 13.0 for CVDP,
and Verilator 5.049 for RealBench. Kernel benchmarks ran with PyTorch 2.9.1, Triton 3.5.1, and
CUDA 13.0. A kernel counts as correct when every returned tensor matches the reference in
shape and within a tolerance of one hundredth, and as fast when it is correct and at least 1.05
times faster than the reference.

B. Benchmarks and Metrics
Seven benchmarks were used, summarized in Table IV. Five cover RTL: VerilogEval in two

formulations, RTLLM, CVDP, ArchXBench, and RealBench-Module. Two cover kernels:
KernelBench, whose three levels contain 100 single-operator tasks, 100 operator-fusion tasks,
and 50 full-network tasks, and TritonBench-G, which contains 184 repository-derived Triton
tasks. Average-at-k reports the mean of binary success over k samples, while pass-at-k reports
whether at least one of k samples succeeds. Syntax measures compilation or elaboration success,
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and functional correctness requires every testbench or numerical comparison to pass. All
benchmarks follow their official task definitions and harnesses.

TABLE IV. Benchmarks, Sampling Settings, and Verification Backends
Benchmark Tasks Sampling Reported metric Verification

VerilogEval (two
formulations)

156 4 samples,
temperature 0.8

Average at 4 Icarus Verilog
simulation

RTLLM 50 4 samples,
temperature 0.8

Functional average at
4

Icarus Verilog
simulation

CVDP 78 5 samples,
temperature 0.8

Functional average at
5

Icarus Verilog with
cocotb

ArchXBench v1.5 71 1 sample,
temperature 0

Functional pass at 1 Self-checking
testbenches

RealBench-
Module

60 5 samples,
temperature 0.8

Syntax and functional
pass at 5

Verilator build and
simulation

KernelBench 250 1 sample,
temperature 0

Compiled, correct,
fast

Numerical comparison

TritonBench-G 184 1 sample,
temperature 0

Correctness pass at 1 Numerical comparison

C. Comparison Models and Case-Study Protocols
The main table compares iCoder against its same-size base model, a larger mixture-of-experts

model, DeepSeek-V4-Pro [3], and several proprietary systems including GPT-5.5 [4], Claude
Opus 4.8, and Gemini 3.5 Flash. Two exploratory case studies go beyond single-shot generation.
In the RTL study, eight designs adapted from RTLScout [23] are optimized in a propose–
evaluate–refine loop built on SimpleTES [24], in which a model proposes three revisions per
iteration for twenty iterations. Candidates must pass the design's self-checking testbench and
synthesize successfully, and are ranked by post-synthesis cell count, with lower being better. In
the kernel study, three models are run in the same loop on archived GPU operator tasks, and
each candidate enters the trace only if it compiled, was correct, and had a measured latency. The
report states plainly that these case studies are exploratory and not controlled for token budget;
iCoder used an output cap of 32,768 tokens while the comparison models used 131,072.

6. RESULTS REPORTED IN THE REVIEWEDWORK

A. Main Benchmark Results
Table V reproduces a subset of the main comparison, selecting the base model, DeepSeek-V4-

Pro, and the three proprietary systems named in the report. The headline gains are against the
same-size base: iCoder improves RTLLM functional average from 49.6 to 68.0, VerilogEval spec-
to-RTL from 70.1 to 86.3, and KernelBench level 2 correctness from 28 to 74 percent, a factor of
2.64. It also edges DeepSeek-V4-Pro on RTLLM (68.0 against 67.5) and nearly doubles its
KernelBench level 1 correctness (61 against 32). Against proprietary systems, iCoder leads on
RTLLM, where GPT-5.5, Claude Opus 4.8, and Gemini 3.5 Flash score 66.0, 64.7, and 63.5, and on
KernelBench level 1 correctness, where they score 43, 55, and 45. It ties Claude Opus 4.8 for the
best TritonBench-G correctness at 20.1.
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TABLE V. Selected Benchmark Results (Higher Is Better)
Benchmark and metric iCoder

27B
Qwen3.6
27B

DeepSeek
V4-Pro

GPT
5.5

Claude
Opus 4.8

Gemi
ni 3.5
Flash

VerilogEval spec-to-RTL 86.3 70.1 69.9 90.1 82.7 89.1

VerilogEval code-
complete

86.0 70.8 79.8 91.4 81.9 83.8

RTLLM functional 68.0 49.6 67.5 66.0 64.7 63.5

CVDP functional 44.1 33.9 38.5 39.5 47.7 29.7

ArchXBench functional 49.3 35.2 50.7 56.3 54.9 50.7

KernelBench L1 correct
(%)

61 32 32 43 55 45

KernelBench L2 correct
(%)

74 28 40 41 70 78

KernelBench L2 fast (%) 40 17 25 24 37 47

KernelBench L3 correct
(%)

34 12 4 38 40 58

TritonBench-G correct
(%)

20.1 11.4 19.0 19.5 20.1 14.9

The table also shows where iCoder does not lead. On VerilogEval, GPT-5.5 and Gemini 3.5
Flash score well above it, on ArchXBench several larger models are ahead, and on KernelBench
level 3 full-network tasks it trails the strongest systems, with Gemini 3.5 Flash reaching 58
percent against its 34.

B. Ablations of the Self-Distillation Stage
Two sets of controlled experiments support the design of the self-distillation stage. Table VI

summarizes the context ablations. A task-specific plan improved average success by 6.1
percentage points over the bare prompt on the same 194 tasks, with larger gains on tasks that
had failed initially. Removing verifier diagnostics from the failure history reduced the number of
recovered tasks by six of 92. Fine-grained counterexamples did not improve on coarse feedback:
both solved 49 of 58 paired tasks, and the difference was not statistically distinguishable. A
shuffled-context control showed that the matched context raised the likelihood of the responses
by about 0.18 nats, ruling out context length and formatting as sufficient explanations for the
teacher advantage.

TABLE VI. Context Ablations for the Privileged View
Question Comparison Evaluation Primary result

Plan value Plan versus bare prompt Same 194 tasks, five
samples

Average at 5: 47.4%
versus 41.3% (+6.1

points)

Diagnostic value History with versus
without diagnostics

92 round-0 failures Six additional tasks
solved (+6.5 points)

Feedback detail Fine versus coarse
feedback

58 paired tasks 49 of 58 solved in both
conditions

Task match Matched versus shuffled
context

Same responses
rescored

Mean log-likelihood
about +0.18 nats

Table VII compares three objectives from the same fine-tuned checkpoint under matched
data and budget: the failed gap-directed objective, an outcome-only variant, and the final variant
that adds bounded teacher credit. The gap-directed objective falls below the fine-tuned starting
point on every metric with an available baseline, which confirms the collapse described in
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Section IV. The final variant improves on the outcome-only variant on ten of eleven reported
metrics. The largest gains are on RealBench, where functional correctness rises from 6.00 to
26.70 and syntax from 14.00 to 50.00, and on ArchXBench functional pass at 1, which rises from
23.94 to 36.60. KernelBench level 1 is the one regression, from 44 to 40 percent. The authors
selected the final variant on an internal validation set before these benchmark numbers were
produced.

TABLE VII. Comparison of Self-Distillation Objectives from the Same Checkpoint
Benchmark and metric SFT start Gap-directed Outcome-only Outcome plus

bounded credit

VerilogEval spec-to-RTL 73.88 57.37 79.33 84.70

RTLLM functional 60.50 40.50 59.00 61.20

ArchXBench functional 22.54 11.27 23.94 36.60

RealBench functional 9.00 4.67 6.00 26.70

KernelBench L1 correct (%) 40 29 44 40

KernelBench L2 correct (%) 53 43 56 60

KernelBench L3 correct (%) 8 4 9 14

C. Reinforcement Learning Dynamics
The report tracks validation performance across the reinforcement learning stage. Mean

reward rises from 0.295 at step 20 to 0.446 at step 160 and 0.473 at step 200, and the
unweighted mean success across six verification backends rises from 45.8 to 54.3 percent
between steps 20 and 160. Roughly the first hundred steps account for 59 percent of the
aggregate gain. Gains are largest on the most complex tasks: KernelBench rises 26.0 points and
ArchXBench 12.7, while VerilogEval and RTLLM, which are shorter and where the model already
scored 82.7 and 64.0 percent, gain 2.9 and 4.0. All six backends improve under a single reward
interface with a kernel-to-RTL ratio near one, which the authors read as evidence of cross-
domain compatibility.

D. Iterative Search Case Studies
In the RTL search study, mean cell-count reductions relative to each design's seed, averaged

with equal weight over eight designs, are 51.1 percent for iCoder, 52.2 percent for HY3, and 55.6
percent for DeepSeek-V4-Pro. Total reported output tokens are 10.03 million, 19.75 million, and
30.45 million, so iCoder comes within 1.1 points of the first model using 51 percent of its tokens
and within 4.5 points of the second using 33 percent. Against HY3 per design, iCoder records one
win, five ties, and two losses.

The kernel search study is shown in Fig. 1, which plots the cumulative best speedup over the
archive-designated reference implementation against search generation for eight operators.
Several features are visible. For Vector Sum and Cumulative Sum, the iCoder curve ends at the
top of the group, at 2.31 and 2.96 times the reference. On Grayscale Conversion all three models
converge to a speedup close to 3.8 times within a few generations, and on SwiGLU every model
remains near the reference, with the reported best iCoder endpoint within 1.7 percent of the
fastest. On Causal Conv1D, KL Divergence, and Grayscale Conversion the reported gaps are 9.1,
4.4, and 4.8 percent. The two clearest shortfalls are Asymmetric MatMul, where the best iCoder
endpoint trails the fastest by 21.8 percent, and Fused Cross-Entropy, where DeepSeek-V4-Pro
reaches a speedup around 3.3 and iCoder ends well below it, a gap of 29.4 percent.
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Fig. 1. Evaluation-driven search trajectories for eight GPU operators, showing the
cumulative best speedup over the reference implementation against search generation for

iCoder-27B, HY3, and DeepSeek-V4-Pro.

7. DISCUSSION

A. What the Evidence Establishes
The reported results support several conclusions with reasonable confidence. First, a 27-

billion-parameter model post-trained with executable verification can reach or exceed the
performance of much larger systems on specific industrial coding benchmarks, notably RTLLM
and KernelBench level 1, and it improves substantially over its same-size base on every reported
benchmark. Second, the engineering lessons documented in the failure episodes are credible and
valuable regardless of how one assigns credit: an objective that lets privileged context set the
direction of learning can collapse; rewards computed from execution invite exploitation unless
eligibility is scoped to the task definition; a missing verdict must be distinguished from a failed
attempt and masked out of group statistics; and trajectory length should be budgeted as a whole.
Third, the staged recipe, with self-distillation placed between supervised cold start and
reinforcement learning, produces measurable gains in the ablation, especially on complex RTL
benchmarks.

B. Reviewer Observations and Open Questions
Several aspects limit what can be inferred. The most important concerns attribution. The

central question, how little human involvement suffices, is not measured directly: the report
documents what humans supplied but does not vary it, and it does not run a fixed-policy control
on the same scaffold, such as a human-designed recipe or a weaker agent. Without such controls
it is hard to know how much of the final quality is due to the agent's decisions as opposed to the
prior and to the training data. The report is candid that the model is jointly contributed by
humans and the agent, and that the human prior included a research bet that self-distillation
could serve as a bridge to reinforcement learning, so the agent's contribution is better described
as operationalizing and repairing that bet than as inventing it.

A second observation concerns the role of the teacher. The supervised stage relies on
trajectories from DeepSeek-V4-Pro, and on RTLLM iCoder's lead over that teacher is half a point,
68.0 against 67.5. That is a strong result for a compact model but not obviously a surpassing of
the teacher, and it suggests that distillation from a stronger model accounts for a large part of
the headline gains over the base. The ablations isolate later stages but not the supervised stage,
so the relative contributions of data evolution, distillation, self-distillation, and reinforcement
learning to the final scores are not fully separated in the reported experiments.

Third, statistical reporting is limited. Benchmarks such as RTLLM contain only fifty tasks, so a
difference of half a point is well inside plausible sampling noise, and the main results appear to
come from single runs without confidence intervals. The kernel and RTL case studies are, as
acknowledged, not token-matched or hardware-controlled, use a lower output cap for iCoder,
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and use a post hoc selection of operators. They are best read as evidence that the model can
operate within an iterative search loop at modest token cost, not as a controlled efficiency
comparison.

These observations do not diminish the contribution of documenting a full agent-led
trajectory. They indicate what the next round of experiments should provide: ablations that
remove the self-distillation stage and the agent-discovered objective, controlled comparisons
against human-designed recipes of equal compute, repeated runs with uncertainty estimates,
and graded reductions of the human prior to find the point where performance degrades.

C. Generalizing Verifier Contracts: An Industrial Monitoring Illustration
The most transferable idea in the report is the verifier contract: a specification of what a

generated artifact may be, what trusted harness judges it, what counts as positive evidence of
success, and how infrastructure faults are separated from model failures. The report applies the
idea to RTL and kernels, but industrial software spans many other tasks. Process monitoring is
one example. A typical monitoring application tracks a controlled variable, such as a
temperature, against its reference and flags deviations. Fig. 2 and Fig. 3 are provided here as
illustrations of oracles that such applications offer; they are not results of iCoder, they do not
come from the reviewed report, and their original source should be credited by the author of
this review where they are used.

Fig. 2. Illustrative industrial monitoring example: reference and actual temperature over
time with marked anomalous periods, and anomaly scores for several tolerance

settings (not a result of the reviewed report).

Fig. 2 shows a temperature trace in which the actual temperature follows a stepwise
reference between roughly 50 and 110 degrees Celsius over about 17,500 data points. Two
periods are marked as anomalies: one in which the actual temperature stays flat at about 70
degrees while the reference moves, and one in which it oscillates around 60 degrees. The
anomaly score curves on the right axis correspond to different tolerance settings. The curves for
large tolerance values rise sharply to about one during the anomalous periods and stay close to
zero elsewhere, whereas the curves for the zero and very small settings sit near the top of the
axis nearly all the time and therefore do not discriminate, and the largest tolerance suppresses
the signal entirely. The figure thus illustrates that the usefulness of an oracle depends on a
calibrated threshold, which is analogous to the calibration problems the report faces when
deciding whether a verdict is positive evidence or merely the absence of failure.
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Fig. 3. Illustrative reconstruction-based anomaly detection: comparison of a normalized
input with its reconstruction, with out-of-tolerance points marked, and the squared

reconstruction error against a tolerance threshold (not a result of the reviewed report).

Fig. 3 shows a complementary mechanism, reconstruction-based detection. An autoencoder-
style model reconstructs a normalized input signal over about 290 time steps, and points whose
squared reconstruction error exceeds a tolerance threshold, here about 0.004, are marked as
anomalies. The lower panel shows that the error stays near zero for most of the sequence and
spikes at a handful of locations, with the largest peaks, between roughly 0.045 and 0.055, near
time steps 18, 140, and 162. The highlighted regions correspond to sharp dips in the input that
the reconstruction does not follow. Reconstruction models of this kind are a standard approach
to anomaly detection [27], [28]. For a coding model, such an application provides an executable
oracle: a generated detector can be run on labeled traces, and its detection of the known
anomalous windows can be checked mechanically.

If a coding model were asked to generate monitoring code of this kind, a verifier contract in
the spirit of the report would specify the interface of the generated detector, the labeled traces
on which it is run, the precision and recall that count as success, and a separate state for runs
that fail because of data or infrastructure problems. This is a conjecture about transfer rather
than a result, and the report itself does not test it; but it indicates why the contract-and-
eligibility pattern is likely to be useful beyond the two domains studied.

D. Limitations of This Review
This review has its own limitations. It relies on a single report that appeared recently and has

not, to our knowledge, been independently replicated, and its numbers are taken as reported.
The illustrative monitoring figures are not connected to the report's experiments, and any claims
about transfer are conjectural. Readers should consult the original report for full details and
should cite it, rather than this review, for the results.

8. CONCLUSION
This paper reviewed iCoder-27B, an industrial coding model whose development was led by

an AI agent working inside a prior written by human experts. The report's central idea, high-
density priors with low-frequency human intervention, is realized through executable research
skills, a shared pool of verifier-backed RTL and kernel tasks, and a four-stage pipeline of
supervised fine-tuning, on-policy self-distillation, and reinforcement learning with verifiable
rewards. The reported results are strong for a compact model: 68.0 on RTLLM, 61 percent
correctness on KernelBench level 1, a tie for the best TritonBench-G correctness at 20.1, and
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exploratory search studies that approach larger models at a fraction of the output tokens.
The most durable contributions are probably the documented failure episodes and the design

patterns they motivated: keep the direction of learning anchored in executable outcomes, scope
reward eligibility to the task definition, separate failed attempts from missing verdicts, and
budget whole trajectories. The strongest claim, that an agent led the development with minimal
human involvement, remains only partly tested, because the report does not vary human input
or compare against fixed recipes, and because several comparisons are single runs on small
benchmarks or are not budget-matched. Future work should supply those controls, report
uncertainty, and test whether verifier contracts transfer to other industrial software, such as
monitoring and control applications, where executable oracles are available but must be
calibrated with care. If those tests succeed, the path sketched by the report, in which humans
distill the principles of model building and agents operationalize them through evidence-driven
experimentation, will have stronger support.
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