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Reliable quantum engineering is essential for turning quantum phenomena into practical tech-
nologies. As quantum platforms grow in scale and complexity, their characterization and operation
require increasing human effort and coordination. Scientific artificial intelligence agents, which can
plan experiments, operate instruments, and analyze observations, offer a promising route towards
autonomous quantum engineering. Yet whether current agents can perform reliably in this setting
has not been systematically established. To fill this gap, we developed Quantum-Harbor, a virtual
laboratory that provides a controlled execution environment for agents to interact with quantum
systems. This design enables direct verification of both the actions taken and the conclusions drawn.
Building on this framework, we introduce QIQCBench, a benchmark of 49 expert-authored tasks
spanning multiple layers including calibration and control, error correction and compilation, sensing
and networking. Across 17 frontier agentic systems, QIQCBench reveals wide variation in veri-
fied performance. These results expose a substantial gap between demonstrating capability and
achieving reliable operation, and establish Quantum-Harbor as a foundation for measuring progress
towards verified autonomy in quantum engineering.

INTRODUCTION

Quantum technologies, spanning computing, simula-
tion, communication, and sensing [1–4], are moving from
proof-of-principle demonstrations toward practical appli-
cations [5–16]. Quantum engineering enables this transi-
tion by integrating quantum platforms and control meth-
ods as well as software into reliable systems. Building
and operating quantum platforms has traditionally relied
heavily on human experts, who assess device information,
interpret experimental results, and make the necessary
adjustments [17]. As these platforms scale, the number
of components, parameters, and workflows that must be
coordinated and optimized grows, making manual diag-
nosis increasingly impractical [18, 19]. Several individual
engineering tasks have therefore been automated [20–22].
Scientific artificial intelligence (AI) agents offer a way
to extend this automation to longer workflows [17, 23].
These agents can plan actions, use experimental and
computational tools, and adapt their strategies in re-
sponse to feedback [24]. Recent efforts have begun to
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apply such agents to quantum experiments and software
workflows [25–33]. Yet whether current agents can reli-
ably carry out complete quantum engineering workflows
remains unclear.

Evaluating this capability requires more than check-
ing whether an agent produces the correct answer or
completes a predefined task. In practical quantum engi-
neering, critical information often becomes available only
during operation [34, 35]. Because device information
may be only partially known, an agent must choose and
execute experiments or computations, interpret the re-
sulting observations, and decide how to proceed [36, 37].
Even with the relevant scientific knowledge, an agent may
rely on information it did not measure, misinterpret ex-
perimental data, or produce a result that fails on fresh
data [38]. We therefore focus on verified autonomy, the
ability of an agent to complete an engineering task and
support its conclusions with evidence generated during
execution. Outputs that cannot be verified directly from
recorded data, such as calibrations or designs, must in-
stead be tested under fresh hidden conditions. Existing
benchmarks typically assess final outputs without sys-
tematically checking whether those results are supported
by the agent’s execution record [39, 40].

To make verified autonomy measurable, we de-
velop Quantum-Harbor, a virtual quantum laboratory
that provides experimental and computational interfaces
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FIG. 1. AI agents for quantum engineering and representative workflows. a. Agent-operated quantum engineering. The agent
iterates planning, execution, analysis, and adaptation while interacting with quantum laboratories. The workflow operates
across the layers shown on the right, with individual tasks typically engaging multiple layers, and its outputs are submitted for
independent verification. b. Decoder calibration for a lattice-surgery logical CNOT gate. The agent measures error correlations
across the merge seam between surface-code patches and submits a retuned decoder, verified on fresh syndrome records. The
public acceptance criteria require a distance-5 logical-memory error below 10−3 per cycle and, for eight logical-CNOT test
circuits spanning both measurement bases, a mean error below 0.175 with each circuit-specific error below 0.185. c. Surrogate
modeling of a hidden 60-qubit parameterized quantum circuit. The agent collects measurement data and constructs a surrogate
model. Once the measurement record is fixed, 40 held-out inputs are revealed, for which the agent predicts 1,770 two-qubit
correlations for each input. The predictions are compared with hidden reference correlations, with accuracy evaluated by the
root mean square error.

while keeping device properties and grading ground truth
hidden. For each task, the agent receives only a high-level
objective and a finite action budget. The agent must
decide how to interact with the environment, conduct
experiments or computations, and submit a final result.
Quantum-Harbor records the agent’s actions and the re-
sulting data and uses this record to verify the submitted
result. The grader verifies numerical results by recom-
puting them from raw experimental data, while for cal-
ibration and design outputs, it retests them under fresh
hidden conditions. Building on this environment, we con-
struct a benchmark comprising 49 expert-designed quan-
tum engineering tasks covering hardware and software
workflows at multiple architectural layers. We use this
benchmark to systematically evaluate verified autonomy
in frontier agentic AI systems.

RESULTS

Representative quantum research tasks

Agent-operated quantum engineering places the AI
agent in direct interaction with quantum laborato-
ries, closing the loop between experiments and analy-
sis (Fig. 1a). The laboratory may host quantum sim-
ulators or quantum platforms such as superconducting
circuits, trapped ions, neutral atoms and photonic sys-
tems. During execution, the agent chooses experimental
or computational actions, interprets the resulting data,
and revises its plan as new information is acquired. The
workflow therefore evolves adaptively as execution pro-
gresses. A single workflow may span multiple layers of
quantum engineering, from device characterization and
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gate calibration to error correction, compilation, and ap-
plications. The resulting execution record provides the
evidence needed to assess and verify the agent’s outputs.
We now examine two representative quantum research
tasks that require distinct agent capabilities (Fig. 1b,c).

The first task focuses on the logical CNOT gate which
is a basic building block of fault-tolerant quantum com-
putation. Lattice surgery realizes this gate by merging
and splitting error-correcting code patches [41, 42]. Re-
cent experiments have demonstrated this approach in
trapped-ion [43] and superconducting processors [44, 45].
However, tuning the decoder to account for correlated
noise not captured by hardware datasheets remains an
expert-driven process [5, 46]. In this task, the agent op-
erates a simulated 114-qubit transmon grid containing
three distance-3 surface-code patches, a routing region
used to fuse them during surgery, and a distance-5 mem-
ory patch. It submits decoder configurations that the
hidden grader replays on fresh syndrome data. A success-
ful configuration must clear two criteria that bound the
per-cycle error of the distance-5 memory and the logical-
CNOT error across test circuits in both measurement
bases, as shown in Fig. 1b. Both criteria follow from a
hidden noise model that is set at the physical error rates
of current below-threshold processors [5]. The task also
embeds a failure mode taken from real laboratories. The
lab notebook records earlier memory measurements on
separate patches and recommends reusing the resulting
decoder calibration for the logical operation. Merging the
patches introduces correlated errors along their shared
boundary, which are not visible in those earlier measure-
ments, so the calibrated decoder can fail during surgery.
The strongest agents instead measure the merged con-
figuration directly and clear both criteria, with the best
run reaching a memory error of 6.65×10−4 per cycle and
a mean logical-CNOT error of 0.131 on fresh syndrome
records.

The surrogate model task [47–49] requires the agent
to design informative measurement protocols and con-
struct a predictive model of an unknown quantum sys-
tem (Fig. 1c). The agent interacts with a 60-qubit circuit
U(θ) containing Clifford and non-Clifford gates, with 18
non-Clifford rotation gates controlled by six independent
parameters. Within a fixed experimental budget, it de-
termines how to sample the parameter space and allocate
shots across measurement bases. After the measurement
phase ends, 40 previously hidden inputs are revealed, for
which the agent must predict 1,770 pairwise correlations
without further measurements. The predictions are com-
pared with reference values generated from the same cir-
cuit and readout noise model. Success therefore requires
learning from limited measurements and generalizing to
unseen parameter settings. Failed runs often expend sub-
stantial experimental resources but fall short because of
uninformative sampling, unreliable validation or incom-
plete execution. Many of these runs progress through

much of the workflow, while consistent end-to-end com-
pletion remains challenging.
These examples illustrate both the emerging capabili-

ties and current limitations of agentic quantum engineer-
ing. The lattice surgery task requires identifying noise
that emerges only in the merged configuration, whereas
the surrogate model task requires learning from limited
measurements to predict unseen inputs. In both cases,
success depends on information acquired during execu-
tion. Evaluating such workflows therefore requires pre-
serving the interaction record and, where conclusions
cannot be checked directly, testing them on fresh data
or unseen inputs. These requirements motivate a con-
trolled environment for systematic evaluation.

The Quantum-Harbor framework

Quantum-Harbor provides the large language model
(LLM) agent with a sandbox environment to interact
with quantum hardware and complete quantum research
tasks (Fig. 2). It builds on Harbor [50], a general
framework for sandboxed agent tasks such as terminal
shell use and software development [51, 52]. Quantum-
Harbor adds three features to Harbor: a laboratory in-
terface for quantum experiments, interchangeable quan-
tum hardware backends, and evidence-bound grading.
Each Quantum-Harbor run launches two isolated envi-
ronments, namely the agent environment and the sidecar.
The agent environment (Fig. 2a) runs the language model
harness such as Codex and Claude Code, and stores the
workfiles used by the agent. The agent reads the working
files and writes code to interact with the public surface
exposed in the agent environment. The public surface is
a set of tools exposed via the Model Context Protocol
(MCP) [53], a published standard that lets a language
model call an external service the way a program calls
a function. Through them the agent can read the hard-
ware spec, write the lab notebook whose calibration en-
tries may be outdated, and submit experiment jobs, and
its final answer. The agent can also carry out the exper-
iment through the Qiskit [54] or QCoDeS [55] libraries
that a human experimentalist would use. Every experi-
ment submission returns a job handle to the agent and
completes asynchronously, and the job results are raw
records, such as readout points or per-shot bitstrings.
Behind the public surface is the sidecar (Fig. 2b,c).

The agent can only access and interact with the public
surface, and the sidecar is hidden and isolated from the
agent. The sidecar hosts the detailed implementation of
the quantum hardware or simulated hardware. To sup-
port a variety of quantum platforms, the sidecar contains
different quantum hardware types called qtypes (Fig. 2b)
to accommodate the variety among different quantum
hardware. A qtype abstracts the physics of one class of
experimental platform, such as a multilevel transmon un-
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FIG. 2. Architecture and evidence-bound grading in Quantum-Harbor. a. The agent environment contains the language model,
work files, and agent-written code. Through the public interfaces, the agent consults hardware specifications and lab notebooks,
submits experiment jobs, retrieves raw measurement records (bitstrings shown), and submits its final answer. Experiment jobs
execute asynchronously. b. The hardware layer provides quantum hardware abstractions (qtypes) for transmons, neutral
atoms, trapped ions, and other platforms. Experiments run on simulators governed by hidden device and noise parameters,
or on replay and live-device backends where supported. An evidence log records experimental requests and outcomes for
subsequent verification. c. The grader recomputes relevant quantities, binds submitted claims to the recorded experiments,
and applies task-specific scoring criteria (pass/fail shown). For calibration tasks, submitted configurations can be evaluated on
fresh simulated data. The shaded region and dashed boundary indicate components inaccessible to the agent, including hidden
parameters, the private evidence log, and grading logic.

der pulse control, a trapped-ion chain, or a neutral-atom
array. Qtypes can simulate quantum hardware, with pre-
defined hidden parameters such as the coherence times,
anharmonicities, readout confusion matrices, noise corre-
lations, and random seeds (see Supplementary Material
for details about the implementation of simulation). It
also allows live connection to real quantum hardware,
such as superconducting systems from IBM, Rigetti, and
ion trap systems from IonQ and Quantinuum. The re-
play backend is the dry-run mode for the live quantum
hardware and runs on recorded data. The simulator, real
quantum hardware, and the replay backend are inter-
changeable. Switching among them within one qtype

does not require any change to task definitions or public
surfaces.

The evidence log inside the sidecar records every exper-
iment job executed on either simulator or real quantum
hardware. An LLM might report a number it never mea-
sured [56, 57]. Therefore, the grader (Fig. 2c) is used to
evaluate LLMs’ performance on quantum research tasks
and is bound to the evidence log. The grader verifies the
task result by recomputing it from the raw data in the
evidence log. When the submission is a calibration and
not a number, the grader replays it against fresh draws
from the hidden parameters. This prevents the agent
from being rewarded for submitting false results.

The QIQCBench benchmark

Building on the Quantum-Harbor framework, we next
introduce QIQCBench, which comprises 49 tasks built
on 36 qtypes, all contributed and reviewed by domain
experts. Their expertise spans the working breadth
of quantum engineering. Fig. 3a shows the composi-
tion of the suite, with tasks organized into six cate-
gories. Representative measurement and characteriza-
tion tasks include estimating the relaxation time of a
drifted transmon and reconstructing correlated gate er-
rors [34, 59], while quantum control tasks range from
pulse design to Hamiltonian engineering [37, 60]. Er-
ror correction and mitigation tasks include problems
such as decoder calibration and logical-memory protec-
tion [5, 46], and compilation and resource-optimization
tasks map target computations to trapped-ion, neutral-
atom, and superconducting architectures [18, 21]. Tasks
in simulation and many-body physics include inferring
hidden Hamiltonians and open-system dynamics [22, 61],
while communication and sensing covers, for example,
entanglement purification across repeater arrays [62] and
GHZ-assisted frequency estimation under non-Markovian
noise [63]. The tasks also cover the full quantum comput-
ing stack [58], as shown in the five layers in Fig. 3b. In
our benchmark, the agent needs to reason across different
layers.

As shown in Fig. 3, the tasks run on simulated hard-
ware. Several tasks require no specific device and are
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FIG. 3. Task composition and quantum computing stack coverage of QIQCBench. a. The 49 tasks grouped into six scientific
categories. Each column represents one task. Colors identify the hardware platform, with separate labels for platform-agnostic
and device-less tasks. Evaluation types are indicated by filled squares for the 39 tasks assessed by a binary pass–fail evaluation,
orange diamonds for the 7 racing tasks ranked by Elo rating, and open squares for the 3 infrastructure test cases excluded
from science scores. b. Mapping of each task to five layers of the quantum computing stack, adapted from Ref. [58]: physical
device, gates and calibration, error correction, logical and compilation, and application and algorithms. Dark blue cells mark
the layers engaged by each task. Pale cells indicate unmapped layers. Columns share the task indices and category boundaries
of panel a, showing how individual tasks connect multiple layers of quantum engineering.

marked device-less. Orthogonally, each task is rated in
one of two modes: i) pass–fail, where a hidden verifier
returns a Boolean pass or fail, or ii) racing, where sub-
missions are ranked by a Bradley–Terry Elo fit (see Meth-
ods). Finally, three deliberately simple test cases (e.g.,
measuring the T1 of a transmon qubit) stress-test the
benchmark infrastructure and are excluded from all sci-
ence scores. We further note that per-task hidden param-
eters and pass thresholds stay out of all published ma-
terial, so future systems cannot learn the answers from
this paper.

We established three principles during the develop-
ment of this benchmark. First, every task is designed as
an end-to-end laboratory mini-project whose deliverable
is a significant final result, such as a physical quantity, a
calibrated artifact, or an optimized design. Second, we
require that a task’s difficulty come from the physics and
not from obscurity. Each task has an intended solution
path that a competent experimentalist can follow, and a
task is hard only when that path turns on a nonobvious
inference. Third, to increase the difficulty and mimic the
laboratory setting, contributors tend to design traps (or
tricks) that can mislead the model. However, we require
that every trap be honest, of a kind that arises in realis-
tic experimental environments. For example, stale note-
books are labeled as notebooks and budgets are stated
explicitly. The agent is not punished for missing infor-
mation due to our infrastructure.

Benchmark results

We evaluated seventeen agentic systems from eight
vendors, three from OpenAI (GPT-5.6-sol, GPT-
5.6-terra, and GPT-5.6-luna), three from DeepSeek
(DeepSeek-V4.1-Flash, V4-Pro, and V4-Flash, hereafter
DS-V4.1-Flash and so on), three from Z.ai (GLM-5.3, 5.3-
Flash, and 5.2), two from Anthropic (Claude Opus 4.8
and Haiku 4.5), two from Alibaba (Qwen3.8-Max, 3.8-
Flash), two from Tencent (Hunyuan T3 and 4 preview,
denoted by Hunyuan T4*), one from Moonshot (Kimi
K3), and one from ByteDance (Seed 2.1 Pro). The two
Anthropic systems ran under the Claude Code agent har-
ness and the three OpenAI systems under the Codex CLI
harness. The remaining twelve systems ran under the
OpenCode harness. Every system ran at its extra high
(xhigh) or higher reasoning-effort setting and attempted
each task three times independently.

Fig. 4a ranks the seventeen systems by pass rate on
the pass–fail tasks. Pass rates run from 78% down to 3%
with performance decreasing steadily across the ranked
systems and no clear separation into groups. We note
that systems scoring within a narrow band on a frontier
agentic benchmark spread across almost the whole range
of QIQCBench. For example, on AutomationBench-AA,
the independent run of Zapier’s AutomationBench [64]
carried out by Artificial Analysis [65], eight of our sev-
enteen systems score between 54.0% and 62.2%. For



6

a b c
end-to-end tasks all 7 races per task

0 25 50 75 100

GPT-5.6-sol
GPT-5.6-terra

Opus 4.8
GPT-5.6-luna
Hunyuan T4*

DS-V4.1-Flash
Hunyuan T3
DS-V4-Flash

DS-V4-Pro
Kimi K3

Qwen3.8-Flash
GLM-5.3

GLM-5.3-Flash
Haiku 4.5

Qwen3.8-Max
Seed 2.1 Pro

GLM-5.2

pass rate (%)
0 25 50 75 100

GPT-5.6-sol
GPT-5.6-terra

Opus 4.8
GPT-5.6-luna
Hunyuan T4*

DS-V4.1-Flash
Hunyuan T3
DS-V4-Flash

DS-V4-Pro
Kimi K3

Qwen3.8-Flash
GLM-5.3

GLM-5.3-Flash
Haiku 4.5

Qwen3.8-Max
Seed 2.1 Pro

GLM-5.2

trials (%)
500 1000 1500 2000

GPT-5.6-sol
GPT-5.6-terra

Opus 4.8
GPT-5.6-luna

Hunyuan T4*

DS-V4.1-Flash

Hunyuan T3
DS-V4-Flash

DS-V4-Pro
Kimi K3

Qwen3.8-Flash

GLM-5.3

GLM-5.3-Flash
Haiku 4.5

Qwen3.8-Max

Seed 2.1 Pro

GLM-5.2

Elo rating

78
57

51
46

36
21
21

15
15

14
12

9
8
7
7
7

3

d
measurement &
characterization

4 5 6 7 8

quantum
control

9 10 11 12 13 14 15 16 17 18

error correction
& mitigation

19 20 21 22 23 24 27 28 29

compilation &
resource

optimization

33 36 37 38

simulation &
many-body

physics

39 40 41 42 43 44 45

communication
& sensing

46 47 48 49

GPT-5.6-sol

GPT-5.6-terra

Opus 4.8

GPT-5.6-luna

Hunyuan T4*

DS-V4.1-Flash

Hunyuan T3

DS-V4-Flash

DS-V4-Pro

Kimi K3

Qwen3.8-Flash

GLM-5.3

GLM-5.3-Flash

Haiku 4.5

Qwen3.8-Max

Seed 2.1 Pro

GLM-5.2

3

2

1

0

pass science no submission
contract unclassified

passes
(of 3)

FIG. 4. Benchmark results and analysis of failure and pass patterns. a. Pass rate on the pass–fail tasks. Error bars: Wilson
68% intervals. b. Outcome composition of the trials, including passes, science failures, contract failures, and no-submission
trials. c. Bradley–Terry Elo ratings over the 7 racing tasks (filled circles: games-weighted aggregate; open circles: per-task
ratings). d. Per-task passes for every system, grouped by the scientific categories of Fig. 3, easiest to hardest within each group.
Only pass-fail tasks are shown here.

GDPval-AA v2 [66], a widely adopted evaluation, six
of them sit within 31 Elo points of one another. We
conclude that our benchmark can separate systems that
perform alike on other frontier agentic benchmarks.

We classify failures into three categories (Fig. 4b), in-
cluding no submission when no answer arrives, science
failure when the hidden grader rejects the physics, and
contract failure when the answer breaks the submission
protocol. These categories correspond to three require-
ments of autonomous experimentation: completing the
task, reaching a scientifically valid conclusion, and re-

turning that conclusion in a form that can be verified.
No submission is the largest failure category, accounting
for 937 of 1,510 failures. Seven systems exhaust their
budget before submitting an answer in more than 60%
of trials. These trials are, for the most part, neither
crashes nor idle hangs. When timed out, the agents are
often still running experiments. Among the remaining
failures, 54% are science failures and the rest are contract
failures. Across the pool, many failures arise from how
agents conduct experiments, including relying on stale
priors, mismanaging budgets, and discarding in-hand re-
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sults at submission time.
The racing tasks score performance on a continuous

metric, such as required resources or run time (Fig. 4c).
Every trial races pairwise against the trials of every other
system. A trial that clears the task-specific feasibility
gate always ranks above one that does not. Among gate-
passing trials, the ranking is determined by the recom-
puted metric (see Methods). Of the 357 race trials, 125
cleared their gates. A Bradley–Terry fit spreads the field
from 1694 down to 582, with the anchor fixed at 1000.
The ordering on the racing tasks corroborates that on
the pass–fail tasks, with the same top three systems, but
produces wider margins by incorporating design quality
alongside reliability.

We examine the pass pattern in Fig. 4d. Thirty-seven
of the 39 tasks were solved by at least one system. For
the two exceptions, a surrogate modeling on 60 qubits
and a net-zero tunable-coupler CZ gate design, expert re-
viewers confirmed the intended solution paths. Six tasks
were solved only by the three highest-ranked systems.
Per-task ratings, gate outcomes, the failure-category def-
initions, and the audit protocols are tabulated in the Sup-
plementary Material.

We observe several interesting patterns in the bench-
mark result. We can observe from Fig. 4d that simu-
lation and many-body physics is the hardest category
for the pool, with a passing rate of only 15%. The
top three systems pass 64% of its trials and the other
fourteen pass only 4%, also the largest such gap of any
category. We found no significant correlation between
difficulty and stack depth, as the pass rate is uncorre-
lated with the number of layers a task spans (Spearman
ρ = 0.14, p = 0.40, see Supplementary Material) and
both unsolved tasks sit in the bottom two layers, gates
& calibration and physical device. Success is intermit-
tent, with only 34% of the 249 system and task pairs
that pass at least once passing all three attempts.

DISCUSSION

The present benchmark results show that current
agents exhibit meaningful but uneven capability on de-
manding quantum engineering tasks. Large performance
gaps between systems and substantial variability across
repeated attempts indicate that reliable completion re-
mains a central challenge for autonomous quantum en-
gineering. The failure patterns point to experimental
judgment as an important direction for improvement.
Choosing informative measurements, revising stale as-
sumptions, and deciding when to stop are recurring de-
mands when agents must reach supported conclusions un-
der finite resources. These failures are not explained by
limitations in scientific knowledge or laboratory execu-
tion alone, suggesting that improvements to agent har-
nesses could substantially increase reliability.

Quantum-Harbor makes the verified autonomy of AI
agents measurable by evaluating not only their outputs
but also whether those outputs are supported by infor-
mation acquired during execution. By placing agentic
systems in controlled quantum environments, it provides
a framework for examining how agents gather evidence,
revise hypotheses, allocate experimental resources and
arrive at verifiable conclusions. QIQCBench realizes this
framework across a broad range of cross-layer quantum
engineering tasks, revealing differences between agentic
systems that are not apparent from domain-knowledge
and coding benchmarks alone.
Beyond the present benchmark, Quantum-Harbor

could support controlled studies of why agents succeed or
fail. Task conditions, operating instructions and resource
constraints could be varied systematically to disentangle
the effects of model capability, harness design and scien-
tific decision-making. Such studies could track progress
beyond aggregate pass rates and guide improvements in
the reliability and efficiency of autonomous quantum en-
gineering.
We note that the present results are limited to sim-

ulated environments and characterize complete agentic
systems operating through different harnesses under fixed
resource budgets. Future work should determine how
these findings transfer across experimental conditions
and physical devices, and whether increasingly capable
agents can reduce the measurement cost and human ef-
fort required for quantum engineering.

METHODS

Task construction and review. Each task follows a com-
mon construction and review pipeline. A domain expert
prepares a task-design brief specifying the scientific ob-
jective, the intended solution approach, and the task-
specific pitfalls. A maintainer then builds the task on
the Quantum-Harbor runtime, implementing the public
materials, the hidden configuration, and the grader as
separate artifacts, with the runtime enforcing the public–
hidden boundary (Supplemental Material). Before the
task is included in the suite, a second expert reviews the
package. We verify the task end-to-end on Quantum-
Harbor and use coding agents (Claude Code or Open-
Code with Fable and Opus 5) to audit selected agents’
outcomes as a sanity check.
Evaluation protocol. Each trial runs the agent con-

tainer and the hardware-sidecar container. After the
agent’s session ends, the sidecar container grades the run.
The per-task time budget is 3 hours for all tasks. The
agent container has internet access, allowing the system
to consult public sources during the run. All tasks ran
against the simulation backend. We used coding agents
to audit every trial’s complete action record. Trials af-
fected by confirmed infrastructure faults were quaran-
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tined and rerun afterward.

Failure categories. We distinguish three failure cat-
egories for pass-fail tasks, as stated in the main text.
The science failure occurs when an admissible submis-
sion fails the task’s scientific checks. Depending on the
grading contract, the hidden grader checks the submis-
sion against hidden ground truth, recomputes reported
results from logged evidence, or evaluates the submission
in a replay on fresh data. The contract failure occurs
when a submission is rejected at an admissibility gate be-
fore its scientific content is scored, owing to a schema vi-
olation, missing mandatory evidence, or delivery outside
the published submission channel. The no-submission
trial ends without a final answer being delivered. Cat-
egories were assigned from each failing trial’s complete
action record, by expert transcript audit or directly from
the trial’s scorer and termination records, with the source
recorded per trial.

Rating of racing tasks. Each racing task runs on
a fixed instance, so the grader-recomputed race met-
rics of different systems’ submissions are directly com-
parable. Every trial is compared pairwise against ev-
ery trial of every other system on the task. A trial
that passes the task’s feasibility gate beats a gate-failing
trial. Two gate-passing trials are ordered by the recom-
puted race metric. Exact ties and pairs of gate fail-
ures are excluded from the fit. Thus, a gate-failing trial
contributes a loss against each gate-passing trial of an-
other system, but gate failures are not ranked among
themselves. For the retained comparisons, the Bradley–
Terry model assigns each system i a latent strength θi
and models the probability that system i beats system
j as σ(θi − θj), where σ(x) = 1/(1 + e−x) is the lo-
gistic function. Let wij denote the number of retained
comparisons won by system i against system j. For
each task, we fit a Bradley–Terry model by maximizing∑

i,j wij lnσ(θi − θj) − λ
2 ∥θ∥

2. The ridge penalty, with
λ = 0.5, keeps the fitted strengths finite even for systems
with only wins or only losses. We report strengths on
the Elo scale, Eloi = 1000 + (400/ ln 10)(θi − θ̄), where
θ̄ is the mean fitted strength across systems rated on
that task. This scaling gives each task a mean rating
of 1000. A 400-point rating advantage corresponds to
model-implied win odds of 10 : 1. A system’s aggregate
rating is the weighted mean of its per-task ratings, with
each task weighted by that system’s number of retained
comparisons (wins plus losses). Tasks on which the sys-
tem has no retained comparisons are excluded from its
aggregate. The rating combines how often a system pro-
duces a feasible design with the quality of its feasible
designs.

Statistics. A system’s pass rate in Fig. 4a is k/n, the
number k of passing trials over its n = 117 pass–fail
trials (39 tasks, three repetitions each). The error bars

are Wilson score intervals,

k + z2/2

n+ z2
± z

n+ z2

√
k(n− k)

n
+

z2

4
,

with z = 1, corresponding to a nominal confidence level
of approximately 68%. These intervals use a pooled bi-
nomial approximation and do not quantify uncertainty
due to the choice of tasks.
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C. Crebolder, J. F. Gonthier, M. Ghazi Vakili, Y. Naka-
mura, K. Panicker, M. Ramprasad, A. Yin, et al., El
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