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ABSTRACT

As the production of software passes into the hands of software itself, coding
agents are increasingly commissioned to build agents fitted to their users’ own
workflows. This delegation carries a quiet assumption, that the delivered agent will
faithfully serve the requirement it was built for, rather than merely appear to. No
existing benchmark tests that assumption. We introduce AgentSWE, a benchmark
for agent software engineering spanning three stages of the agent development
lifecycle: Creation of a complete agent from a natural-language requirement,
Editing of production agent codebases, and Optimization toward a measurable
target. Each of its 25 tasks is framed as a commission rather than an exam: the
builder iterates against a handful of illustrative cases, while acceptance exercises
the frozen submission on held-out cases designed to span the full requirement,
grading behavior against requirement-derived rubrics under hard pass/fail gates
or, for Optimization, against the source benchmark’s own objective. Evaluating
a range of coding agents across models and harnesses, we find that none comes
close to delivering what a requirement asks for: the gap between what a builder
demonstrates and what it delivers is the norm, not the corner case. An accompany-
ing empirical analysis of the failure trajectories identifies recurring failure modes,
among them overfitting to the visible cases, hollow runtimes behind code that looks
complete, and unsupported claims of completion, each a signal by which coding
agents can learn to build the agents they are asked for.

1 INTRODUCTION

Coding agents such as Claude Code (Anthropic, 2026) and Codex (OpenAl, 2026a) now carry
substantial engineering workloads (Chen et al., 2021; Yang et al., 2024b; Wang et al., 2025b), and
many of their users are not engineers: they describe what they need and delegate the rest (Hitzig
et al., 2026). Increasingly, what they delegate is the building of an agent, a program that wraps a
model, tools, and state around one recurring job so that the job runs on a fixed runtime, at a fixed
cost, without a coding agent attending each run. Delegation of this kind rests on trust: that a coding
agent, handed a requirement in natural language, will deliver the agent its user intends rather than
one that merely appears to comply. Whether that trust is warranted is what this paper measures.

Agent development spans three stages. It begins with creation, where a natural-language requirement
must become a working system; continues through editing, where new capabilities join a living
codebase without unsettling what already works; and matures into optimization, where the agent
is pushed toward an explicit target, be it a public leaderboard or a production workload. Handing
this lifecycle to coding agents invites failures subtler than broken code: an agent that passes visible
examples yet misses the intent behind them (Liu et al., 2023; Zhao et al., 2026a; Lodkaew et al.,
2026); a tool registered but never invoked (Soni, 2026; Fan et al., 2026); a goal that drifts over a long
horizon (Arike et al., 2025; Menon et al., 2026); a report citing evidence no source contains (Onweller
et al., 2026; Rao et al., 2026). Such failures are not hypothetical; they are the present condition of
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Figure 1: AgentSWE at a glance. (a) Existing benchmarks grade the patch a coding agent writes,
or the performance of an agent someone else built; neither asks whether a coding agent delivers
the agent a requirement describes. (b) AgentSWE commissions an agent from a natural-language
requirement and grades what the delivered agent does on held-out cases, over creation, editing and
optimization. (c) Mean held-out Result (S for Optimization) of five builders in the Codex harness
(Table 1).

agent-built agents (Raj et al., 2026; Naik et al., 2026). The questions are how far coding agents
compromise the requirements they are handed, on which capabilities, and for what reasons.

These questions outrun the instruments we have. SWE-bench and its descendants grade the repair
of conventional software against a reference patch or test suite (Jimenez et al., 2024; Chan et al.,
2024); NL2Repo-Bench commissions whole repositories from requirement documents (Ding et al.,
2025); Paper2Code and PaperBench rebuild research implementations checked against the papers
they reproduce (Seo et al., 2025; Starace et al., 2025). Each judges ordinary code against an answer
known in advance. A commissioned agent wraps a stochastic policy around tools, answers to a
requirement that has no reference solution, and keeps changing after delivery. Benchmarks that do
evaluate agents, from AgentBench onward (Liu et al., 2024), examine a finished agent and ask how
well it performs; none asks whether a coding agent could have built it. Work on agents that design
or improve other agents (Hu et al., 2025; Mishra et al., 2026) comes closest, but it measures how
far a search procedure or a meta-agent can raise a benchmark score, not whether a general coding
agent delivers the agent a requirement describes (Section 2). Between judging built software and
judging finished agents lies a step that current suites leave unmeasured: building the agent that
a requirement asks for.

We introduce AgentSWE, a benchmark that turns faithful delegation from anecdote into measurement
(Figure 1) through three commitments. The first is to measure the whole lifecycle, through twenty-five
tasks spanning all three stages. Ten Creation tasks commission a complete agent from a natural-
language requirement, over workloads from GUI automation to formal theorem proving, each scoped
against a mature open-source system; ten Editing tasks ask for new capabilities in the pinned codebase
of a production agent such as OpenHands or Aider, capabilities that cut through crash recovery,
permission fencing, and transactional state; and five Optimization tasks set a working agent against a
measurable target. The second commitment is that evaluation should mirror the delegation it studies.
Each task is framed as a commission: the builder sees only what a customer could provide, while
acceptance also tests the stated clauses its examples leave out. The builder develops against the
requirement and a few illustrative cases; held-out cases then test the frozen delivery in isolation. The
third commitment follows from the absence of a prescribed reference implementation: every Creation
and Editing execution is graded against a rubric derived from the requirement itself, and hard gates
assign zero to invalid executions and inapplicable patches.

We put this instrument to work on five models as builders in the Codex harness, together with further
pairings of harness and model. The verdict is sobering. The strongest builders average 19.1 on
Creation and 31.6 on Editing, and in Optimization no builder closes more than 5 % of the remaining
gap to the target on average, and only 13 of the 25 runs score above their starter. Creation runs that
end development at 90 or above deliver agents averaging 9.9 on held-out cases. The gap between
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what a builder demonstrates and what it delivers is not the corner case of agent software
engineering; it is the norm. The builders’ trajectories reveal recurring failures. Builders overfit to
the visible development cases, and the delivery fails on the clauses those cases leave out; they ship
hollow runtimes, code that reads as complete but does no work when run; and both builders and the
agents they deliver claim completions that their own records contradict. Each of these modes names
a habit that the next generation of coding agents can be built and trained to avoid. More development
cases, a prescribed design, an instruction to test, and a longer case budget shift the scores but leave
held-out Result low under every condition.

In sum, this paper makes three contributions. First, we formalize agent software engineering as a
measurable problem, in which a builder must satisfy a requirement it can probe only through limited
development feedback. Second, we deliver AgentSWE, twenty-five commissions whose acceptance
executes the delivered agent on held-out cases and grades each run with a requirement-derived rubric
or a native objective, and we evaluate various harness—model pairings against it. Third, we contribute
an empirical analysis of the failure trajectories, which identifies recurring failure modes of coding
agents and turns each into a direction for the next generation of coding agents.

2 RELATED WORK

Agents that build and optimize agents. Research on automated agent development has expanded
both the scope of what can be designed and the stage at which adaptation occurs. Early approaches gen-
erate task-specific roles, tools, and collaboration patterns from task descriptions or seed agents (Chen
et al., 2024; Yuan et al., 2025; Tang et al., 2026). Subsequent work formulates agent development
as optimization, first over textual components such as instructions and demonstrations (Yang et al.,
2024a; Khattab et al., 2023; Agrawal et al., 2025), and then over broader design spaces containing
agent modules, communication structures, and executable workflows (Zhuge et al., 2024; Shang et al.,
2025; Zhang et al., 2025¢;a; Zhou et al., 2025). This paradigm has further expanded to searching over
complete code-defined agents and multi-agent scaffolds (Hu et al., 2025; Rosser & Foerster, 2025).

A related line relaxes the assumption that the improvement procedure itself remains fixed. Initial
systems support self-referential modification of an improver or agent logic (Zelikman et al., 2023;
Yin et al., 2025), while later approaches expose complete implementations, harnesses, and meta-level
improvement mechanisms to revision (Robeyns et al., 2025; Zhang et al., 2025b; Wang et al., 2025a;
Zhang et al., 2026b; Lee et al., 2026; Hebbar et al., 2026). Arbor (Jin et al., 2026) carries hypotheses
and evidence across long-horizon artifact optimization, whereas JIT-Agent (Zhang et al., 2026a)
synthesizes task-conditioned executable harnesses at inference time. Together, these developments
establish agent construction and optimization as a capability in its own right. AgentSWE makes this
capability the object of evaluation, measuring whether general-purpose coding agents can create,
modify, and optimize agents from heterogeneous user requirements.

Benchmarks for agent construction. Most agent benchmarks hold the agent implementation fixed
and evaluate its performance within a given environment. Recent benchmarks move beyond task com-
pletion by asking agents to construct or iteratively improve more complex artifacts. WorFBench (Qiao
et al., 2025) evaluates generated workflow structures, while benchmarks for machine-learning experi-
mentation and research engineering evaluate improvement of executable research artifacts (Huang
etal., 2024; Nathani et al., 2025; Wijk et al., 2025). AI4Al-Bench (Chi et al., 2026) extends this setting
to the redesign of model-training algorithms. Other evaluations isolate specific improvement mecha-
nisms: SE-Bench (Yuan et al., 2026) studies knowledge internalization, whereas OPT-BENCH (Li
et al., 2026) measures feedback-driven solution refinement. These benchmarks evaluate workflows,
research artifacts, or optimized solutions rather than deployable agents.

Closest to our setting, AIE-Bench (Mishra et al., 2026) evaluates whether a meta-agent can improve
a pinned target-agent scaffold under controlled mutation boundaries and trial budgets. AgentSWE
extends this setting to the full agent-development lifecycle: creating agents from natural-language
commissions, modifying existing agent codebases without regression and optimizing working agents
toward measurable objectives. By freezing submissions and evaluating their behavior on held-out
cases, AgentSWE measures whether coding agents can deliver the agents users actually request.
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3  PROBLEM FORMULATION

A commission prescribes no reference implementation, so we define the requirement, the delivered
agent, the builder, and the fidelity of a delivery through observable behavior alone.

3.1 PRELIMINARIES

Requirements. A commission begins with a natural-language requirement ¢ = (g,Z,C, R), which
every AgentSWE task publishes in four parts: the goal g, which states what the agent is for and what
counts as serving its user; the interface contract Z, which fixes how the agent is launched and which
artifacts it must deliver; the constraints C, which bound what may be edited, installed, or invoked; and
the resources R, such as data, repositories, and access to models and search. A case x is one concrete
instance of the commission. The requirement comes with a small set D of public development cases,
while the cases that matter, the ones the delivered agent will face in use, remain unwritten; we write
X, for the space of cases the requirement implies.

Agents. The deliverable is itself an agent a = (h, m): a harness h, the orchestration code that
plans, routes, and retries (Raj et al., 2026; Lee et al., 2026), around a backbone model m reached
through a fixed gateway. Executing a on a case x in environment E' yields observable outcomes
y ~ a(z; E). Because m samples, the same delivery may satisfy a requirement on one execution and
betray it on the next, so acceptance executes the agent and grades what it does.

Builders. A coding agent, or builder, is an agent 8 whose actions are software engineering: reading
a requirement, exploring and editing a workspace, running what it wrote, and deciding what to try
next (Yang et al., 2024b; Wang et al., 2025b). Handed a commission, the builder produces an artifact
a ~ B(q, ag, D; B), where ay is the initial artifact, possibly empty, D the development cases it may
probe freely, and B a budget on time and compute.

3.2 THE AGENT-FOR-AGENT PROBLEM

The customer cares about how faithfully a serves the requirement on cases it has not seen. Let
tq(x,y) € [0,1] be the graded satisfaction of requirement ¢ on case = with outcome y, and let
V(a) € {0, 1} be a validity gate on the non-negotiables of Z and C: the agent launches, its deliverables
parse, its changes respect the authorized surface. The fidelity of a delivered agent is
F(a; = V() E E x, . 1
(@ q) @-E E. [1q(2.9) ] M
Definition 3.1 (Agent software engineering). Given a requirement ¢, an initial artifact aq, develop-

ment cases D, and a budget B, a builder S must deliver an agent @ ~ [3(q, ag, D; B) maximizing
fidelity F'(; q).

We estimate fidelity on a held-out set D C X, disjoint from D and designed to exercise the promises
in g, graded by a rubric that realizes 11,. Writing Fp and F'5 for the estimates on the development
and held-out cases, the gap between demonstrated and delivered fidelity, F'p — F5, measures how
much better the delivered agent does on the cases the builder saw than on the cases it did not.

3.3 TASK FAMILIES

The three lifecycle stages are instances of Definition 3.1 that differ in the initial artifact ay and in the
shape of 144.

Creation (ag = (). The builder starts from an empty workspace and must deliver a complete agent
under the interface contract Z; fidelity is estimated on held-out cases as in Equation (1).

Editing (ay = a production system). The initial artifact is the pinned codebase of a working agent
product, and the requirement commissions new capabilities. The constraints C confine the builder’s
changes to an authorized region, and satisfaction has two parts,

Hg = Hnew A Hreg, )
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Figure 2: AgentSWE task families and benchmark construction. (a) Task objectives and construction
processes. (b) Builder-visible inputs, evaluator-owned scoring contracts and held-out cases, supported
by Harbor environments.

the commissioned behavior finew and the preservation fi.ee of everything the product already did,
checked by its public suite and published contracts (Jimenez et al., 2024).

Optimization (¢) = a working agent). The initial artifact already satisfies the interface, and the
requirement names a measurable objective J on a 0—100 scale, whose ceiling J* = 100 is the target.
Delivery is judged by the fraction of the remaining gap to the target that the builder closes (cf. Wijk

et al., 2025), @ (a0)
J(a) — J(ag }

7+~ J(ao) ®

2 (@) = mm{l,

on held-out instances of the objective.

4 THE AGENTSWE BENCHMARK

AgentSWE turns Definition 3.1 into 25 commissions: ten Creation, ten Editing, and five Optimization
tasks. Each task hands a coding agent, the builder, a requirement ¢, an initial artifact ag, and
development cases D, and grades the agent it delivers on held-out cases. Figures 2 and 3 show how
tasks are built and evaluated; Section B walks through one task per family.

4.1 TASK CONSTRUCTION

Each family fixes the requirement ¢ and the initial artifact a in its own way (Figure 2a). In every
family, GPT-5.6 Sol (OpenAl, 2026c¢) drafts the task materials from the analyzed source system,
and the authors verify and refine each draft. Creation tasks come from open-source domain agents
on GitHub, in domains from desktop automation and scientific PDF translation to formal theorem
proving. Each repository is reverse-engineered into a self-contained goal and a set of functional
requirements, extended with capabilities that broaden its purpose and raise the compositional difficulty,
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and published as input Markdown files that state the goal, interface contract, constraints, and resources
of ¢; the initial artifact is empty.

Editing tasks extend a pinned repository snapshot a( of five general-purpose coding agents and
five domain agents, among them Claude Code (Anthropic, 2026), Aider (Gauthier, 2026), Open-
Hands (Wang et al., 2025b), and OpenClaw (OpenClaw Contributors, 2026). The commissioned
capabilities come from design brainstorming or from unresolved issues in the repository; we keep
proposals with a consequential user need, a bounded implementation surface, and behavior that
execution can verify, and write each as a feature specification with an acceptance boundary and the
regression obligations that ag already carries.

Optimization tasks build on BrowseComp (Wei et al., 2025), 72 (Yao et al., 2024; Barres et al., 2025),
TerminalBench (Merrill et al., 2026), PinchBench (Kilo Al, 2026), and OSWorld (Xie et al., 2024)
and keep their native task definitions. Each ships a starter agent as ag (Table 6), and the requirement
names the objective, the files the builder may edit, and the runtime resources it may not change.

4.2 TASK PACKAGE

Each task separates what the builder sees, namely ¢, ag, and the development cases D, from what
evaluation reserves (Figure 2b). Every Creation and Editing task publishes two development cases,
which demonstrate the entry point, the delivery contract, and a small part of the required functionality;
Optimization draws a development split from the instance pool of its source benchmark.

Evaluation reserves the held-out cases and the scoring contract. Each Creation and Editing task
holds out six cases. Each case exercises one or more requirement clauses, among them clauses and
capability interactions that the requirement states but the development cases leave out, and together
the six cover diverse inputs, state, and data. Optimization holds out a disjoint split of the same pool.
In total the suite has 150 development and 365 held-out cases. The scoring contract of a Creation
or Editing task is a task-specific Result rubric whose weighted items derive from the functional
requirements, with gates and ceilings for violations of the interface contract and the constraints
(Section C); Optimization keeps the native evaluator of its source benchmark. Held-out inputs,
evaluator state, scoring contracts, credentials, and model routing never enter the builder’s workspace,
and the builder receives feedback only on its development cases.

4.3 EVALUATION PROTOCOL

Development and freezing. Harbor (Harbor Framework Team, 2026), a container framework for
agent evaluation, runs the builder in one persistent session (Figure 3, left). The builder works in a
private writable workspace and may submit a snapshot of its delivery at any time. Each snapshot
runs on the development cases in isolated jobs, and the scores and summarized feedback return to
the same session, within fixed time and submission budgets (Section E). Development ends when
the builder exits or exhausts its submissions or its time budget. Creation then freezes the workspace;
Editing freezes the last accepted submission, so a builder whose submissions were never accepted
delivers nothing; Optimization freezes the accepted snapshot with the highest development objective.
Freezing records the delivery and its software environment, and the held-out evaluation verifies that
neither has changed.

Held-out execution. Each held-out case runs the frozen delivery through its fixed entry point in an
isolated, pinned runtime (Figure 3, right; Section D). Every model call the delivered agent makes
goes through a benchmark-owned gateway to one runtime model, shared by all deliveries in a task
family, so that the score reflects what the builder contributes: prompts, tool orchestration, context and
state management, and output validation.

Scoring. For Creation and Editing, deterministic gates first assign zero to an execution that does
not launch, exceeds its time budget, or produces no parseable deliverable. A frontier reasoning model
at its highest effort then applies the Result rubric (Zheng et al., 2023; Arora et al., 2025) (GPT-5.6 Sol
for Creation, DeepSeek-V4.1-Flash (DeepSeek-Al, 2026b) for Editing; Table 9). The judge grades
what the agent produced on one concrete case, its artifacts, execution trace, and resulting state, rather
than the quality of its code, and ceilings bind the score to the violations the evaluator records. The
task score is the mean partial-credit score over its held-out cases on a 0-100 scale, and family scores
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Figure 3: AgentSWE evaluation workflow: development with public feedback, delivery selection and
freezing, and held-out evaluation using task-specific Result rubrics or native benchmark objectives.

are macro-averages over tasks. Optimization instead scores the selected candidate and the starter with
the native evaluator on the same held-out instances, a signal independent of the Result judge, and
reports the gap closure of Equation (3).

5 EXPERIMENTS

Section 5.2 measures held-out performance, Section 5.3 analyzes the trajectories of these runs and the
failure modes they reveal, and Section 5.4 examines how held-out Result and these failures respond
when the conditions of the build change or the build is repeated.

5.1 SETUP

The main comparison evaluates five builders that pair the Codex harness with GPT-5.6 Sol, GPT-
5.5 (OpenAl, 2026b), DeepSeek-V4-Pro, DeepSeek-V4-Flash (DeepSeek-Al, 2026a), and Qwen3.6-
35B-A3B (Qwen Team, 2026); we refer to each builder by its model. A run is one builder developing
one task, from the commission to the frozen delivery. Creation and Editing report the mean Result
over the six held-out cases of each task. Optimization reports gap closure S = 100~ (Equation (3)),
computed from the change A = J(a) — J(aop) in the native objective on the held-out split; .S is
negative when the candidate scores below its starter. Section E gives the settings for each task family;
Section J discusses the limitations of the evaluation.

5.2 HELD-OUT PERFORMANCE

Creation success is rare and task-specific. The 50 Creation runs in Table 1 average a Result
of 11.2 (median 3.4), and 20 of them score zero. The highest-scoring builder, DeepSeek-V4-Pro,
averages 19.1 yet scores below 20 on eight of ten tasks. Only three runs exceed 50, all on formal
theorem proving or repository bug repair, and no builder exceeds 30 on more than one task. Success
on one commission does not carry over to the next, and none of the evaluated builders reliably builds
the agents that AgentSWE specifies.

Editing yields partial capabilities, or no delivery at all. The builders that deliver on nearly
every task, DeepSeek-V4-Pro, GPT-5.5, and GPT-5.6 Sol, still realize only part of the commissioned
capabilities: their means lie between 20 and 35, and only one run, GPT-5.5 on the Codex task, reaches
70. Qwen3.6 fails earlier: it submits no candidate on any task, typically ending its session right after
announcing a plan. DeepSeek-V4-Flash delivers on four tasks; on most of the others it works until
the budget runs out without ever submitting a candidate. Adding capabilities to a working product
thus fails in two ways: the patch covers only part of the requirement, or the builder never finishes one.

Optimization gains are inconsistent across tasks. No builder closes more than 5 % of the remain-
ing gap to the target on average. Of the 25 runs, 13 score above the starter, nine below it, and three
match it; under a per-run sign test, five runs differ from their starter: three BrowseComp gains and
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Table 1: Held-out performance across the three lifecycle stages. Creation and Editing report mean
Result (0-100); Optimization reports gap closure S = 100~. Section G.3 gives per-run Optimization
results. DS denotes DeepSeek.

Task GPT-5.6 Sol GPT-5.5 DS-V4-Pro DS-V4-Flash Qwen3.6
Creation
Authorized vulnerability validation 0.0 0.0 14.0 14.0 0.0
Database analytics 3.0 9.8 14.3 0.0 0.0
Desktop GUI automation 18.0 32 17.5 12.0 0.0
Document-to-editable PPTX 0.0 9.8 18.7 16.8 21.7
Evidence-grounded document QA 33 12.2 0.0 35 0.0
Formal theorem proving 66.7 0.0 16.5 63.0 0.0
Repository bug repair 27.7 0.0 60.0 0.0 0.0
Schema-guided web extraction 0.0 0.0 6.7 0.0 0.0
Scientific PDF translation 18.3 21.8 253 26.0 0.0
Web research report 0.0 0.8 18.0 15.3 1.7
Mean 13.7 5.8 19.1 15.1 23
Editing
Claude policy provenance 24.0 43.7 28.3 0.0 0.0
Aider worktree transaction 21.5 20.0 47.3 0.0 0.0
OpenHands effect recovery 4.0 20.5 243 0.0 0.0
OpenClaw channel handoft 38.5 12.3 19.5 0.0 0.0
Codex execution residual 11.7 70.0 35.0 0.0 0.0
Al-Scientist reproducibility gate 48.5 67.3 61.7 543 0.0
DeepCode claim traceability 26.5 41.3 32.7 47.0 0.0
DeepTutor adaptive remediation 54.2 14.3 31.0 25.7 0.0
Dyad acceptance-driven workflow 9.8 18.0 22.5 0.0 0.0
OpenWiki change-impact documentation 0.0 8.5 14.0 12.8 0.0
Mean 23.9 31.6 31.6 14.0 0.0
Optimization
BrowseComp 323 18.4 —-1.0 34.1 8.5
° 43 0.0 15.8 -50.0  —238
TerminalBench —10.0 7.7 0.0 2.8 7.7
PinchBench —14.9 —11.1 —38.7 —-344 12.1
OSWorld 12.0 —9.1 4.0 12.0 0.0
Mean 4.7 1.2 —4.0 -7.1 0.9

two losses, on 73 and PinchBench (Section G.3). Gains depend on the task: on BrowseComp four of
five builders score above the starter, whereas on PinchBench four of five score below it.

5.3 TRAJECTORY ANALYSIS AND FAILURE MODES

Analyzing the builders’ trajectories, the frozen artifacts, and the delivered agents’ execution traces in
the main runs, we find three recurring failure modes (Section H gives the protocol).

Overfitting to the visible cases. Development scores overstate what a delivery does on the rest of
the requirement, so the gap F'p — F'5 of Section 3.2 is wide. Eleven Creation runs end development
with a score of at least 90, yet their held-out Result averages 9.9; one of them hard-codes its two
development cases (Section I). A DeepSeek-V4-Pro Editing delivery scores 100 on development cases
and 28.3 on held-out cases. In Optimization, the selected candidate gains 13.1 points on development
cases but only 1.8 on held-out cases (Section G.4), although both splits come from one instance pool;
on four of the five benchmarks the gains shrink or reverse (Figure 4).

Trajectories and artifacts reveal case-specific implementations: builders fit their agents to the visible
cases in 14 of 25 Optimization runs and 13 of the 33 Editing runs that deliver. On PinchBench,
DeepSeek-V4-Flash and DeepSeek-V4-Pro route tasks by keyword to playbooks for visible task
categories, gaining 8.1 and 59.4 points on development cases and losing 15.2 and 15.1 on held-out
cases (Section I). Even explicit feedback leaves such defects unresolved: in eight of ten DeepSeek-
V4-Pro Editing runs, development feedback names a violated requirement that the delivery still
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Figure 4: Optimization: gain Figure 5: Outcomes of held-out Figure 6: Code score against
over the starter on development Creation executions by builder. held-out Result score for the 50
(open) and held-out (filled) Only graded executions reach Creation runs.

cases, averaged over five the Result rubric.

builders per benchmark.

violates on held-out cases (Section H.3). The requirement states what the held-out cases test; what
fails is translating a requirement with interacting capabilities into an agent that generalizes beyond
the visible cases.

Hollow runtimes. Code that reads as complete often does not work when run. In Creation the
failure is loud: 157 of the 270 traced held-out executions (58.1 %) fail a validity gate, nearly all by
exiting with an error or timing out (Figure 5). Yet a static review of every frozen Creation source, by
the same judge as Result on an eight-dimension rubric (Section G.1), does not separate deliveries
with zero Result from the rest (Figure 6): apart from Qwen3.6, lowest on both, deliveries with zero
Result score 44.2 and those with nonzero Result 45.8.

In Editing, 28 of the 33 runs that deliver leave some added capabilities absent, uninvoked, or
incompletely executed (Sections H.3 and I). These failures can be silent: an OpenWiki delivery passes
every validity gate yet leaves four of its five required output categories empty on every held-out case.

Unsupported claims of completion. Reports of success are unreliable at both levels of the delega-
tion. Checked against the builder’s own trajectory, artifact, and feedback, 6 of the 42 final Creation
reports and 3 of the 19 Optimization reports claim completions that these records contradict (Table 13;
Section I). All nine assert completion; no report that admits partial failure is contradicted. Delivered
Editing agents overclaim at run time too: in 13 of the 33 runs that deliver, they report outcomes that
their own effect logs or state contradict, and the OpenWiki delivery above declares its run complete.

5.4 DISCUSSION

The failure modes of Section 5.3 come from single builds under one set of conditions. We change
these conditions one at a time, namely the number of development cases, a prompt prior on how to
build, the case budget, and the harness, and we also repeat the build under fixed conditions, to see
how held-out Result and the failure modes respond (Section E.2).

Scores rise from zero to two development cases, not beyond. Development cases are what
builders overfit to (Section 5.3). On two Creation tasks, with three builder runs per condition, we
give the builder zero, one, two, or four of them. Going from zero to two development cases raises
mean Result by 34.3 points on PDF translation and by 29.3 on PPTX generation (Table 2); without
any case, all three PDF deliveries score zero. Two further cases add nothing on PDF and lower PPTX
from 33.5 to 15.2 (Figure 7).

A prescribed design lowers PPTX; self-testing narrows its spread. We also append one of two
prompt priors to the builder instruction (Section D.1). Strategy A prescribes a design, the components
and how they connect; Strategy B asks the builder to write additional cases and run its agent end
to end, aiming at the hollow runtimes and unsupported claims of Section 5.3. Strategy A leaves
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Table 2: Development cases: mean (sd) Re- Table 4: Pairings of harness and model, one run
sult over three builder runs per condition on each. Creation columns are held-out Result; Op-
the four held-out cases shared by all condi- timization columns are S. Codex rows repeat Ta-
tions. Builder: Codex with DeepSeek-V4.1- ble 1; dashes mark pairings outside the study. Sources:
Flash. DSH (DeepSeek Harness) (DeepSeek-Al, 2026), Open-
Code (Anomaly, 2026), Pi (Earendil Works, 2026), and

Task 0 cases 1 case 2 cases 4 cases GLM-5.3 (GLM-5-Team et al., 2026).

PDF  0.0(0.0) 21.7(18.2) 34.3(6.0) 33.2(28.8)

PPTX 4.2(72) 150(28) 33.5(15.0) 152(1.8) Creation  Optimization
. H Model GUI PDF 2 PinchB.

Table 3: Prompt priors: mean (sd) Result arness oce T
over three builder runs on six held-out cases, Codex GPT:5.6Sol 180 183 4.3 —149
. . Codex GPT-5.5 32 218 00 —IL1
with the builder of Table 2. Codex DS-V4-Pro 175 253 158 —387
Codex DS-V4-Flash 120 260 —500 —34.4
Task No prior Strategy A Strategy B DSH DS-V4-Pro 19.7 203 —-28.6 —39.7
DSH DS-V4-Flash 187 305 48  —1.7

PDF  39.2(142) 40.4(9.3) 489 (12.6)

V4 2 153 - -
PPTX 29.6(12.6) 7.4(69) 31.2(45) Claude Code DS-V4-Pro 162 15

Claude Code DS-V4-Flash 12.7 5.8 - -
Claude Code GLM-5.3 00 192 —-19.0 13.0

OpenCode GPT-5.6 Sol 0.0 26.7 - -
OpenCode  GPT-5.5 0.0 4238 - -
Pi GPT-5.6 Sol 00 183 —48 33.8
Pi GPT-5.5 0.0 00 - -

Table 5: AgentSWE-Lite: mean over three builds per pairing in Codex, held-out Result for Creation
and Editing and .S for Optimization; Figure 8 shows each build. DS-V4.1-Flash (DeepSeek-V4.1-
Flash) is the runtime model and the judge in all three families (Section E.2), so Creation and
Optimization levels are not comparable to Table 1.

Task GPT-5.6 Sol DS-V4.1-Flash Qwen3.6

Creation

Scientific PDF translation 18.9 31.9 0.0

Database analytics 7.4 38.7 0.0

Repository bug repair 429 30.0 0.0
Mean 23.1 335 0.0

Editing

DeepTutor adaptive remediation 522 27.6 0.0

Aider worktree transaction 13.0 393 6.0

OpenWiki change-impact documentation 22.8 21.0 0.0
Mean 29.3 29.3 2.0

Optimization

7 10.1 13.0 4.3

PinchBench 19.4 24.3 24
Mean 14.8 18.7 34

PDF unchanged and lowers PPTX from 29.6 to 7.4; Strategy B raises PDF from 39.2 to 48.9, within
run-to-run variation, and leaves the PPTX mean unchanged while narrowing its spread (Table 3).

The gap remains with 2.5 times the case budget. Only 15 of the 270 held-out Creation executions
in the main runs reach the 600 s limit (Figure 11). Rebuilding all ten Creation tasks with 1,500 s per
case and a requirement for a traced runtime agent (Section E.2) leaves both failure modes in place:
no execution reaches the limit, the last development score exceeds held-out Result on every task, 70.3
against 31.5 on average (Table 10), and a third of the held-out executions produce no valid result.

Scores vary across harness—-model pairings. With the model held fixed, scores differ across
harnesses (Table 4): on scientific PDF translation, GPT-5.5 scores 21.8 under Codex and 42.8 under
OpenCode, and DeepSeek-V4-Flash 5.8 under Claude Code and 30.5 under DSH. No harness leads
for every model, so we evaluate pairings of harness and model, not models alone.
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The same pairing delivers very different agents across builds. The main comparison and harness
studies build each pairing once. On eight tasks from the three families, we build each of three builders
three times under fixed conditions (Table 5; Section E.2). Builds of one pairing can lie far apart
(Figure 8): GPT-5.6 Sol scores 32.8, 33.3, and 90.5 on DeepTutor, and DeepSeek-V4.1-Flash 0.0,
33.3, and 56.8 on repository bug repair. No builder leads on every task, and Qwen3.6 averages at
most 6.0 on any task. Overfitting recurs: two GPT-5.6 Sol builds of database analytics reach 99 on
the development cases and 11.0 and 6.5 on held-out cases (Section 5.3). The repository provides
these eight tasks and this configuration as AgentSWE-Lite, a lower-cost entry point for evaluation.

6 CONCLUSION

We introduced AgentSWE to measure whether coding agents deliver agents that serve their require-
ment on cases they have not seen. Current builders rarely do: in the main comparison, the strongest
average 19.1 on Creation and 31.6 on Editing, and in Optimization none closes more than 5 % of
the remaining gap to the target on average. The trajectories reveal recurring failures: builders fit the
visible cases, ship runtimes that read as complete but do not work, and, like the agents they deliver,
claim completions their own records contradict. These failure modes chart where coding agents
need to improve; our future work will pursue harnesses that test against the requirement and verify
completion claims, and training that rewards behavior on unseen cases.

AT USE STATEMENT

We used generative Al tools for three tasks. First, to construct the benchmark, we used Codex
with GPT-5.6 Sol to synthesize task materials from the analyzed source systems (Section 4.1): the
requirement documents, the development and held-out cases, and the task-specific Result rubrics.
The authors designed each commission and reviewed and revised the generated materials. Second,
Al agents assisted the trajectory analysis (Sections 5.3 and H) by labeling failure modes from builder
trajectories, execution traces, and evaluator records; the authors reviewed the labels and the resulting
counts. Third, we used Al assistants to aid and polish the writing of this paper. Coding agents
and language models are also the object of study, acting as builders, runtime models, and judges
(Sections E and 5.1); this use is part of the method rather than assistance to the authors. We have
reviewed all Al-assisted content and take full responsibility for the paper.

ETHICS STATEMENT

AgentSWE asks coding agents to build agents that execute code, access the web, and, in one Creation
task, validate software vulnerabilities. All builder sessions and candidate executions run in isolated
containers with pinned fixtures, and every model call passes through a benchmark-owned gateway
(Section D). The benchmark involves no human subjects. Its tasks derive from public repositories and
public benchmarks, used under their licenses and terms. Our analysis documents how coding agents
misreport their own work, which we regard as a safety-relevant property of delegating software to
them.

REPRODUCIBILITY STATEMENT

Section 4 and Sections B and C describe the tasks, cases, and scoring. Sections D and E give the
evaluation infrastructure, builder instructions, model versions, effort settings, and budgets. Section F
reports repeated runs and the variation of repeated evaluation, Section G lists per-run results, and
Sections H and I describe the analysis protocol and the traced cases. The benchmark, comprising
the task packages, the development and held-out cases, the Creation and Editing rubrics and judge
prompts, the evaluators, and the evaluation harness, is available at https://github.com/
VectorSpacelLab/Agent SWE. Where an upstream license does not permit redistribution, the
repository fetches the pinned upstream commit instead of including it. The repository also provides
the eight tasks and the configuration of Table 5 as AgentSWE-Lite.
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A  TASK SOURCES AND STATISTICS

Table 6 lists the 25 tasks with the system each one derives from and its numbers of development
and held-out cases. Creation tasks reverse-engineer the listed domain agent into a requirement,
Editing tasks extend the pinned codebase of the listed product, and Optimization tasks keep the native
evaluator of the listed benchmark and start from the listed agent.

Table 6: AgentSWE tasks, their source systems, and their development and held-out cases.

Family Task Source system Dev / held-out
Creation Authorized vulnerability validation Strix (usestrix, 2026) 2/6
Database analytics Vanna (vanna-ai, 2026) 2/6
Desktop GUI automation UI-TARS-desktop (Qin et al., 2025) 2/6
Document-to-editable PPTX PPT Master (He, 2026) 2/6
Evidence-grounded document QA PaperQA (Ldla et al., 2023; Skarlinski 2/6
et al., 2024)
Formal theorem proving LeanCopilot (Song et al., 2025) 2/6
Repository bug repair SWE-agent (Yang et al., 2024b) 2/6
Schema-guided web extraction ScrapeGraphAlI (Perini et al., 2024) 2/6
Scientific PDF translation PDFMathTranslate (Ouyang et al., 2/6
2025)
Web research report MiroFlow (Su et al., 2026) 2/6
Editing Claude policy provenance Claude Code plugins (Anthropic, 2/6
2026)
Aider worktree transaction Aider (Gauthier, 2026) 2/6
OpenHands effect recovery OpenHands (Wang et al., 2025b) 2/6
OpenClaw channel handoff OpenClaw (OpenClaw Contributors, 2/6
2026)
Codex execution residual Codex CLI (OpenAl, 2026a) 2/6
Al-Scientist reproducibility gate Al-Scientist-v2 (Yamada et al., 2025) 2/6
DeepCode claim traceability DeepCode (Li et al., 2025) 2/6
DeepTutor adaptive remediation DeepTutor (Zhao et al., 2026b) 2/6
Dyad acceptance-driven workflow Dyad (dyad-sh, 2026) 2/6
OpenWiki change-impact OpenWiki (Sproul, 2026) 2/6
documentation
Optimization BrowseComp (Wei et al., 2025) Search ReAct agent (Yao et al., 2023) 50/100
73 (Yao et al., 2024; Barres et al., Policy-aware ReAct agent (Yao et al., 20/40
2025) 2023)
TerminalBench (Merrill et al., 2026)  Terminus-2 agent (Merrill et al., 2026) 10/40
PinchBench (Kilo Al, 2026) OpenClaw productivity agent 20740
OSWorld (Xie et al., 2024) Screenshot ReAct policy (Yao et al., 10/25
2023)
Total 25 tasks 150/ 365

B REPRESENTATIVE TASKS AND CASE COVERAGE

Each card below shows, for one representative task per family, what the builder receives: the section
structure of the four requirement documents with excerpts, one public development case, and a
summary of the scoring. Excerpts are abridged, with omissions marked [...]; the builder never sees
the held-out cases. Table 7 contrasts the requirements that development and held-out cases exercise.

B.1 CREATION: SCIENTIFIC PDF TRANSLATION

The builder starts from an empty workspace and must deliver a reusable translator with an offline
viewer that reads in both directions.
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Requirement | four Markdown documents

01_task_goal.md Background - Agent to Create - Target Users - Core Value - Final Objective -
Non-Goals

“You must create an Interactive Scientific PDF Translation Agent. It receives one Markdown request that
identifies one or more local scientific PDFs, source and target languages, a translated-PDF display mode,
and optional terminology assets. It produces a faithful translated PDF plus a self-contained local reading
viewer that displays the source and translation side by side with geometry-based paragraph correspondence.”

02_interface_and delivery.md Environment Preparation - Uniform Run Command - Input
Contract - Output Directory and Repeated Runs - Required Successful Output - PDF Contract - Alignment
Artifact - Viewer Interaction Contract - run_report . json - Exit Codes and Failure Reports

“Every case is invoked exactly as python run_agent.py —-input <input.md> -output
<output_dir> [...] A successful run must contain all of these paths:” translated.pdf,
alignment. json, run_report.json, viewer/index.html, styles.css, app.]js,
documents/source.pdf, documents/translated.pdf, and vendor/. “The browser must
make no external network request after the output directory has been generated.”

03_requirements_and_constraints.md nine functional requirements: interpret the complete
request - inspect every page and recover reading order - translate faithfully - preserve scientific objects and
associations - produce a readable translated PDF - build geometry-grounded alignment - build the local
viewer - validate before success - degrade honestly; implementation constraints; observable evaluation
boundary

04_resources.md Evaluator-owned model transport - Environment Ownership - Runtime Envelope
- Credentials - Multimodal Responses API - API and Retrieval Budgets - Serper-Compatible Search -
Search/Scrape Tool Layer - Network and Filesystem

“Wall-clock limit: 600 seconds per case, including translation and validation. Memory limit: 4 GiB per
case. Generation is non-interactive.”

Development case dev_002 | Thermal Barrier Imaging Note

Translate source_mixed.pdf from English to Simplified Chinese for materials-science researchers.
Apply glossary.csv as authoritative and create the complete interactive reading bundle.

Source condition. The four-page PDF is mixed: pages 1, 2, and 4 contain native selectable text, while page
3 is an embedded scan with mild skew, faint type, a plot, and the printed batch mark TB-17. Page 4 is
landscape. Recover page 3 by OCR or visual analysis without inventing illegible characters.

Translated PDF. Produce a bilingual English-Simplified Chinese PDF with exactly four pages and the
same portrait/portrait/portrait/landscape sequence. Within each prose region, place the English source first
and its Chinese translation directly below. [...] Follow every glossary target exactly. Preserve TB-17,
coating code YSZ-8, instrument ITRX—4, citation markers, signs, decimal precision, units, « = k/(pcp),
Fo = at/ L? and equation numbers (1) and (2).

Alignment and viewer. Align source paragraphs to the Chinese part of each bilingual target region, not to the
duplicated English. Include OCR-derived page-3 paragraphs with honest confidence. Visibly distinguish
low-confidence links in the viewer. Bidirectional activation must work on native page 2, scanned page 3,
and rotated landscape page 4. The supplied assets are the complete authority. Make zero search or retrieval
calls and add no scan disclaimer page.

Result rubric with six dimensions: semantic completeness and terminology 35, fidelity of scientific objects
and data 35, page and reading structure 12, alignment auditability 8, offline viewer 8, delivery integrity and
accessibility 2; gates and ceilings as described in Section C. The frozen source is also graded once on the
shared static rubric (Section G.1).

The difficulty is compositional: a correct translation still fails part of the commission if its alignment
points to the duplicated English, or if the viewer cannot find the rendered region.

B.2 EDITING: OPENHANDS EFFECT RECOVERY

The builder receives a pinned OpenHands product and must add durable recovery through its
production services, delivering a patch with edit and run reports.
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Requirement | four Markdown documents and a checkpoint schema

01_task_goal.md Task goal: cross-instance transactional effect delivery

“Extend the supplied OpenHands Agent Canvas repository with a backend-scoped, versioned recovery
ledger for conversation effects. The product must stay honest when two service instances or browser tabs
share storage, a process stops after any delivery stage, a lease expires and moves to a new runtime, or
pause/resume/cancel races an old callback. The ledger is a transactional outbox, not merely a history
snapshot.”

02_interface_and delivery.md Submission - Frozen TypeScript adapter - Recovery-aware con-
versation event dispatcher - Durable cross-tab recovery sync coordinator - Transactional workspace recovery
reconciler - Persistence, integrity, and migration - Delivery and crash semantics - Lease, ABA, event, and
compaction semantics - Least-privilege inspection and production seams - Error contract for deterministic
crash injection

“Submit exactly these top-level files: solution.patch: a non-empty UTF-8 unified Git patch relative
to the supplied repository that applies with git apply exactly once. edit_report. json [...]
run_report. json [...] Reports are evidence, not assertions of correctness.”

03_requirements_and_constraints.md functional requirements - constraints - verifiable hard
requirements

“Implement the durable outbox state machine: queued -> claimed -> applied —->
completed, with uncertain, blocked, and cancelled recovery outcomes. Persist every
stage before continuing, and never infer callback success from a callback return digest alone.” [...]
“Modify only src/api/conversation-service/*x, src/api/runtime-service/xx,
src/api/recovery/x*, src/stores/+* [...] Do not modify lockfiles, package/build configu-
ration, benchmark cases, generated output, authentication, network policy, or unrelated product code.”

04_resources.md Pinned runtime - Prewarm and install - Runtime and memory envelope - Filesystem

Development case dev_001 | Converge an interrupted workspace and a lossy history stream

Resume this public practice conversation. A chunk write response and a transport pull response were both

lost after the far side had already acted on them, the history channel echoes its own notices back, and the

workspace has a local-only and a remote-only path to reconcile. Five outcomes are required, and they are
scored independently.

1. Upload exactly the missing chunk, once, after re-probing what the remote side genuinely lacks.

2. Converge exactly once on the union of the local-only and remote-only paths: one durable remote
commit, one local apply.

3. Retry the lost transport response from the same durable cursor, not from the advisory remote
CUrsOor.

4. Complete, bounded projection; no duplicate effect. No side effect runs twice, and the public
workspace projection carries every published stage field and no path, digest, chunk identifier, tab or
incarnation identity, or token. An empty projection is not a safe projection.

5. Keep runtime-event discipline. A delivery that carries the current owner, lease epoch, fencing token,
run generation and expected revision is genuine: accept it [...] A delivery whose fencing token or lease
epoch does not match the live authority must be suppressed [...] Suppressing everything is not a safe
answer.

Report what actually happened. Claiming an outcome the product did not reach scores worse than reporting

it honestly as unmet.

A patch that does not apply scores zero. Otherwise the Result rubric scores task completion 35, recovery
quality 25, durable consistency 20, honest reporting 10, and privacy and scope 10, from numbered outcomes
with observed facts, satisfaction flags, and safety flags; unmet outcomes impose ceilings (Section C
reconstructs one recorded score).

The commission pairs a positive obligation to resume legitimate work with a negative obligation to
reject stale work; an agent that refuses every action fails both.
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B.3 OPTIMIZATION: PINCHBENCH PRODUCTIVITY AGENT

The builder receives a runnable OpenClaw productivity agent and improves it against the native
PinchBench objective. The requirement is short enough to show almost in full.

Requirement | four Markdown documents and a task contract

01_task_goal.md Goal - Non-goals

“You are optimizing the runnable OpenClaw Basic Productivity Agent already installed in the submission
workspace. [...] Build a reusable tool-using productivity agent that completes file, calendar, analysis,
browser, research, and codebase tasks in a controlled workspace, including recovery and cross-step
planning.” Non-goals: hard-coding the development cases or hidden answers, self-reported rewards, and
copying a complete third-party agent or evaluator.

02_interface_and delivery.md one executable harness that emits an OpenClaw agent specifi-
cation per input row

python run_harness.py ——-input <input.jsonl> \
——output <predictions.jsonl> —--run-dir <run_dir>

{"id": "dev_001",

"agent": {"kind": "openclaw",
"instructions": "reusable system-level working policy",
"planning_guidance": "optional task planning policy",
"recovery_guidance": "optional failure recovery policy",

"verification_guidance":
"optional artifact verification policy",
"tool_profile": "coding"}}

“The evaluator locks the OpenClaw/model/provider versions, task prompt, workspace fixtures, timeout,
model-call/token budget, transcript collection, official grader and hybrid judge. It ignores self-reported
success or rewards.”

03_requirements_and_constraints.md functional requirements - implementation constraints
“The supplied run_harness.py and productivity_policy.py are the only editable paths.” [...]
“Never access hidden cases, evaluator gold, reference trajectories, or other submissions.”
04_resources.md pinned runtime and budgets

“The evaluator runs the submitted specification with pinned OpenClaw 2026.7.1-2 [...] Budget per
row: at most 20 model calls, 600 seconds, and 200,000 model tokens. [...] Automated and hybrid scoring
use the pinned PinchBench grade_task () implementation.”

Development case dev_007 | task_log_apache_top_errors

Optimization Task task_log_apache_top_errors. This task is executed by the pinned evaluator-
owned OpenClaw runtime. Optimize a reusable productivity-agent policy; the official task prompt, fixtures,
workspace, transcript and grade_task () remain evaluator-owned.

The pinned native grader scores each PinchBench task, automatically or with the benchmark’s hybrid judge.
The starter and the selected candidate run on the same 40 held-out tasks, and the task reports gap closure S
(Equation (3)); the 20 development tasks provide feedback during the five accepted rounds.

The builder edits a reusable policy; the objective measures the work the runtime completes under it.

C RESULT RUBRICS AND A WORKED SCORE

Each Result rubric scores the observable outcomes of its task. We describe two of them and reconstruct
one recorded score.

PDF translation: content dominates presentation. The six Result dimensions allocate 35 points
to semantic completeness and terminology, 35 to fidelity of scientific objects and data, 12 to page and
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Table 7: Requirement coverage in development and held-out cases, with examples. The held-out split
changes inputs and interactions within the commission.

Requirement  Public development example Held-out example

PDF content Mixed native and scanned pages, bilingual English-to-Japanese translation of a two-

and geometry  Chinese output, a landscape page (dev 002). column paper with a paragraph split across
pages 2 and 3 (test 002); Traditional Chinese
with dense figure labels and preferred glossary
terms (test 006).

OpenHands re- Lost responses, convergence applied exactly Pause, resume, and cancel followed by stale

covery once, discipline for runtime events (dev 001); callbacks and a terminal burst (test 003);
fencing of the replaced owner and scoped ac- durable recovery across three workspace crash
cess (dev 002). boundaries (test 002).

PinchBench Stock trend analysis (dev 006) and Apache Stock volatility analysis (test 004), Apache

transfer top error analysis (dev 007). critical errors and timelines (tests 013 and

014), under the same fixed runtime and na-
tive grader.

Table 8: Worked OpenHands Result score. Ceilings for unmet outcomes and ceilings for safety
failures apply together; their minimum per dimension sums to 10, and the recorded score is 4.

Dimension Max. Partial cap Safety cap Effective cap Score
Task completion 35 4 3 3 0
Recovery quality 25 3 2 2 0
Durable consistency 20 2 2 2 1
Honest reporting 10 2 3 2 2
Privacy and scope 10 1 2 1 1

reading structure, 8 to alignment auditability, 8 to the offline viewer, and 2 to delivery integrity and
accessibility, so 70 points concern the translated content. The evaluator checks the final bundle, the
rendered pages and their geometry, and the viewer in a browser; source architecture earns no Result
credit. A run that does not launch, exceeds a resource limit, or produces no parseable translated PDF
scores zero. A valid but incomplete translation is still scored, under ceilings: omitting or leaving
untranslated at least 25 % of the substantive units caps the total at 35, a material reversal of meaning
caps it at 45, and repeated corruption of formulas or values caps it at 40. The lowest applicable
ceiling bounds the sum of the dimension scores. A valid PDF without alignment and viewer artifacts
is capped at 75, which separates missing functionality from execution failure.

OpenHands: outcomes, ceilings, and earned credit. The dimensions are task completion (35),
recovery quality (25), durable consistency (20), honest reporting (10), and privacy and scope (10).
Each case lists numbered outcomes with observed facts, satisfaction flags, and safety flags. Unmet
outcomes and safety failures impose ceilings on each dimension, and all applicable ceilings apply
together.

Table 8 reconstructs the recorded score of GPT-5.6 Sol’s OpenHands delivery on test_002. None
of the five outcomes is satisfied: no missing chunk is uploaded, none of the three crash boundaries is
reached, there are no remote commits and no local applies, no restart demonstrates durability, and
the genuine event is not accepted. Four outcomes are safety requirements. The agent reports that it
is blocked and acknowledges the unmet outcomes, which keeps some honesty credit. The score is
0+ 0+ 142+ 1 =4, although checkpoint and lease setup succeed.

D EVALUATION INFRASTRUCTURE AND BUILDER INSTRUCTIONS

Builder development and candidate evaluation run as separate Harbor tasks. The builder’s writable
workspace holds the delivery and its permitted dependencies. The public package exposes the re-
quirement and the development cases; the hidden cases and the evaluator stay outside it. Candidate
snapshots execute in an environment built for the task, with pinned fixtures, services, and resource
limits, and route model requests through the evaluator. Optimization also keeps the source bench-
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mark’s native executor and grader. OpenHands runs record both the product’s own observations and a
separate outcome ledger, so an audit can compare what the agent reports with the state it changed.

Base instruction and prompt priors. The PDF builder instruction specifies one continuous
development loop:

“Your entire build/dev/repair loop occurs in this one native session and this one writable
workspace; no fresh repair conversation will be created.”

“The returned feedback is the only authoritative dev feedback. Diagnose it, edit the same
/workspace/submission, and submit again in this same conversation.”

The prompt priors of Table 3 are appended to the base builder instruction; their full texts are in
Section D.1. The feedback the builders received appears in Section I; runtime settings are in Section E.

D.1 PROMPT PRIORS

In the prompt-prior conditions of Table 3, one of the texts below is appended to the base builder
instruction. They are reproduced verbatim; the private environment path is abbreviated and omissions
aremarked [...].

Strategy A | Scientific PDF translatio

## Strategy A prior: architecture for scientific PDF translation

Treat the created system as a geometry-preserving document translation pipeline, not
as page-level text replacement. Preserve freedom in libraries and models, but make
these architectural responsibilities explicit:

1. Analyze each page before translation. Render and parse it, identify native versus
scanned content, recover reading order and layout regions, and classify prose,
formulas, code, tables, figures, captions, footnotes, references, headers, and
protected identifiers. Use OCR or visual recovery only where native extraction is
inadequate, with confidence attached to recovered units.

2. Maintain an intermediate document model whose units carry source page, reading
order, text, geometry, type, protection policy, and confidence. Translation should
operate on coherent prose units while scientific objects and their associations
remain explicitly protected.

3. Separate extraction, translation, and reconstruction. Batch or cache translation
where useful, enforce glossary/protected-token constraints, and validate numbers,
signs, units, citations, equations, identifiers, negation, and modality before
placing target text back into the document.

4. Reconstruct adaptively within the original page geometry. Choose suitable fonts,
script direction, line breaking, local reflow, and bilingual pairing. Preserve
page count, dimensions, rotations, columns, object associations, and page-local
reading order while avoiding clipping, overlap, and text painted across graphics.

5. Derive alignment from the same intermediate geometry used for reconstruction.

Map meaningful source/target units with real page boxes, multiple anchors when a
unit splits, stable reading-order IDs, digests, status, and calibrated confidence.
Do not invent decorative boxes or align against a detached transcript.

6. Build the viewer as an offline projection of the PDF and alignment artifacts.
Bundle the renderer locally; use the alignment geometry for overlays; support
bidirectional pointer and keyboard activation, active/ARIA synchronization,
counterpart scrolling, page identity, and visible uncertainty.

7. Validate in layers before success: parse and render every PDF page; compare page
count/dimensions/rotation; check glyph coverage and protected-token survival;
validate alignment schema, bounds, order, digests, and visible overlap; then run a
clean-browser offline interaction smoke at both required viewports.

8. Recover honestly. Retry bounded OCR/translation/layout operations, isolate
page-local failures, preserve uncertain visible tokens, lower confidence when
warranted, and never silently omit a page or fabricate an alignment.

The reusable pattern is page analysis -> typed geometry model -> constrained

translation -> adaptive reconstruction -> geometry-derived alignment -> offline
viewer —-> parse/render/browser validation and targeted repair.

Strategy B | Scientific PDF translatio:

## Strategy B prior: self-created development and self-verification

Do not optimize only against ‘dev_001‘ and ‘dev_002‘. During this same Builder
session, create a private synthetic suite under ‘/workspace/self_cases‘, run the
current created agent on it, and judge the complete translation bundles yourself.
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Keep synthetic cases, outputs, renders, and review notes outside
‘/workspace/submission®.

The Builder container provides the same evaluator-owned lower-agent transport used by
official Candidate jobs. [...] Invoke the current agent with the documented
private environment, for example:

<private-env>/bin/python \
/workspace/submission/run_agent.py \
—-—input /workspace/self_cases/<case>/input.md \
--output /workspace/self_results/<case>

Create structurally different PDFs rather than paraphrases of the public examples.
Across the session cover native and scan-only pages, multi-column and landscape
layouts, mixed rotations, monolingual and bilingual output, glossary conflicts,
protected equations/identifiers/units, tables/figures/captions/footnotes/references,
long text expansion, low-confidence OCR, split units, and degraded but recoverable
input. Generate small synthetic PDFs and glossaries locally so expected content and
geometry are known.

Before each run, write expected observable invariants. Then parse and render every
output page; compare count/dimensions/rotation and protected tokens; inspect target
glyphs, clipping, overlap, reading order, scientific associations, and glossary
consistency; validate alignment schema/digests/bounds/visible box overlap/confidence;
serve the viewer offline and exercise bidirectional click and keyboard activation at
both viewports. Record results and mechanism-level causes in
‘/workspace/self_test_log.md‘, then repair general extraction, translation,
reconstruction, alignment, viewer, or validation mechanisms.

Use official submissions as periodic external calibration inside the ten-round
budget: study feedback, update the synthetic coverage matrix, run relevant
self-created cases with the lower agent, self-evaluate, repair, and retain a compact
regression suite. Aim for at least six distinct synthetic cases spanning every major
function. High scores on the two public documents do not prove robustness to new
page structures or languages.

Strategy A | Document-t: table PPTX

## Strategy A prior: architecture for document-to-editable-PPTX generation

Treat the created system as a staged document-understanding and presentation
compiler, not as a case-specific slide template. Preserve freedom in implementation,
but make these architectural responsibilities explicit:

1. Normalize every authorized source into a provenance-bearing content model. Parse
text, headings, lists, tables, figures, captions, links, page/section locations,
and source authority before slide authoring. Keep claims and quantitative values
tied to source records rather than passing around untraceable prose.

2. Separate content strategy from visual execution. First infer audience, purpose,
required slide count, narrative arc, slide roles, key claims, and evidence. Then
create a slide-by-slide plan with one communication objective per slide. Only then
materialize editable PowerPoint objects.

3. Establish a deck-wide design system before individual slides: canvas, margins,
grid, typography hierarchy, palette, recurring components, image treatment, and
density rules. Allow deliberate variation by slide role while preserving visual
continuity; do not generate disconnected pages independently.

4. Use semantic slide objects. Titles, body text, shapes, tables, charts, diagrams,
images, captions, citations, and speaker notes should remain natively editable and
meaningfully grouped. Use native charts/tables when data semantics matter. Do not
use full-slide screenshots or rasterized text as a shortcut.

5. Build an explicit evidence path for factual content. Every sourced claim and
externally obtained asset should appear in a source manifest with stable IDs,
locations, usage, and claim links. Preserve exact numbers, units, labels, and
required tokens through planning and rendering.

6. Validate at three levels: package validity (OOXML relationships, slide count,
notes, editable object structure), semantic validity (coverage, provenance,
quantitative consistency), and visual validity (render every slide, inspect
clipping/overlap/legibility, and compare against the plan). Rendering is a build
gate, not an optional final glance.

7. Use a repair loop driven by validator and render evidence. Fix environment and
dependency failures first, then missing content/provenance, then layout and visual
defects. Re-render all slides after shared-theme changes and the affected slides
after local changes.

8. Keep the pipeline input-driven. Content extraction, narrative planning, design
choices, object generation, and validation must work for new document structures,
topics, audiences, aspect ratios, and slide counts rather than matching the two
public examples.
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The essential pattern is source model -> communication plan -> design system ->
editable slide scene graph —-> OOXML export -> package/semantic/render validation ->
targeted repair.

Strategy B | Document-to-editable PPTX

## Strategy B prior: self-created development and self-verification

Do not optimize only against ‘dev_001‘ and ‘dev_002'. During this same Builder
session, create a private synthetic suite under ‘/workspace/self_cases‘, run the
current created agent on it, and judge the resulting PPTX artifacts yourself. Keep
synthetic inputs, outputs, renders, and notes outside ‘/workspace/submission’.

The Builder container provides the same evaluator-owned lower-agent transport used by
official Candidate jobs. [...] Invoke the current agent with the documented
private environment, for example:

<private-env>/bin/python \
/workspace/submission/run_agent.py \
—--input /workspace/self_cases/<case>/input.md \
--output /workspace/self_results/<case>

Create structurally different cases rather than paraphrases of the public examples.
Across the session cover long and short sources, mixed headings/lists/tables/images,
quantitative claims, conflicting source authority, different audiences and slide
counts, sparse and dense slides, a chart/table-heavy deck, citations/notes, and an
edge case with a missing optional asset. Use only synthetic or openly usable private
fixtures that you create for this purpose.

Before each run, write expected observable invariants. Afterward parse the OOXML,
verify slide count/relationships/editable object types/notes/source manifest, render
every slide, inspect montage and individual slides for clipping/overlap/legibility,
and check claim/source/number consistency. Record results and mechanism-level causes
in ‘/workspace/self_test_log.md‘; repair extraction, planning, design-system,
generation, provenance, or validation mechanisms rather than hard-coding case text.

Use official submissions as periodic external calibration inside the ten-round
budget: study feedback, update a synthetic coverage matrix, run the lower agent on
relevant self-created cases, self-evaluate, repair, and retain a regression subset.
Aim for at least six distinct synthetic cases spanning all major functions. A deck
that merely exists is not a pass; local parse and full-slide render validation are
mandatory self-test gates.

E EXPERIMENTAL DETAILS

E.1 MAIN EVALUATION PROTOCOL

Each builder receives a requirement, a workspace, and access to development evaluation. Held-out
evaluation executes the frozen delivery in the environment owned by the task. Creation starts from an
empty workspace, Editing from a pinned product codebase, and Optimization from a runnable starter.
The main builder harness is Codex 0.144.1. Table 9 lists the settings for each task family.

Each Optimization run evaluates both its starter and its selected candidate on the held-out split
(Table 6 gives the split sizes), and .S uses the starter score measured in that run.

E.2 SUPPLEMENTARY EVALUATION PROTOCOLS

Development cases and prompt priors. These experiments use Codex 0.144.1 with DeepSeek-
V4.1-Flash (DeepSeek-Al, 2026b) (max) as builder, and DeepSeek-V4.1-Flash through the DeepSeek
API as runtime model (high) and judge (max). Each condition has three independent builder runs.
The experiment on development cases gives the builder 0, 1, 2, or 4 visible cases and scores every
condition on the same four held-out cases of each task: cases 3—6 for PDF translation and cases 1,
2, 4, and 6 for PPTX. The experiment on prompt priors gives two visible cases and scores all six
held-out cases; its no-prior condition reuses the three deliveries of the two-case condition, scored on
all six held-out cases.

Extended budget. All ten Creation tasks are rebuilt with Codex and DeepSeek-V4.1-Flash (max).
The runtime and judge are DeepSeek-V4.1-Flash at max effort through the provider API, each case
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Table 9: Main evaluation settings.

Creation Editing Optimization
Tasks 10 10 5
Dev / held-out 2/ 6 per task 2/ 6 per task 10-50/25-100
Builder effort GPT models: xhigh; GPT models: xhigh; GPT-5.5: xhigh; GPT-5.6
DeepSeek and Qwen: max DeepSeek and Qwen: max Sol: xhigh on
BrowseComp, high
otherwise; DeepSeek and
Qwen: high
Development Up to 10 submissions, 8 h 5 accepted submissions, 5h 5 accepted rounds, 16 h
budget
Case budget 600s 600s Native call, token, and time

Runtime model
Result evaluator
Held-out artifact

gpt-5.6-sol / medium
gpt-5.6-sol / xhigh
Frozen delivery

deepseek-v4.1-flash / high
deepseek-v4.1-flash / max
Final accepted submission

caps
gpt-5.6-s0l, fixed by contract
Native benchmark objective
Highest dev mean; earliest

round breaks ties

receives 1,500, and the requirement asks for a runtime agent that emits an execution trace. Table 10
reports the last development score observed in each run.

Harnesses. Both harness studies use DSH (DeepSeek Harness) (DeepSeek-Al, 2026) 0.1.1-rc.2,
Claude Code (Anthropic, 2026) 2.1.251, OpenCode (Anomaly, 2026) 1.18.25, and Pi (Earendil
Works, 2026) 0.84.3, with effort xhigh for the GPT models, high for DeepSeek-V4-Flash, and
max for DeepSeek-V4-Pro and GLM-5.3 (GLM-5-Team et al., 2026). The Creation study adds nine
pairings of harness and model on two tasks (18 runs); Table 4 shows them with the Codex rows
of the main comparison. The Optimization study adds four pairings on 73 and PinchBench (eight
runs): Pi with GPT-5.6 Sol, DSH with DeepSeek-V4-Flash or DeepSeek-V4-Pro, and Claude Code
with GLM-5.3. Three of these Optimization entries evaluate the starter and the candidate in separate
sessions: DSH with DeepSeek-V4-Pro on PinchBench and with DeepSeek-V4-Flash on 73, and Pi
with GPT-5.6 Sol on PinchBench.

AgentSWE-Lite (repeated builds). The eight-task study of Table 5 uses Codex 0.144.1 with GPT-
5.6 Sol (xhigh), DeepSeek-V4.1-Flash (max), and Qwen3.6-35B-A3B (max) as builders. DeepSeek-
V4.1-Flash is the runtime model (high) and the judge (max) in all three families, including the 73
user simulator and the PinchBench judge. Budgets, development and held-out cases, and the held-out
artifact follow the main protocol of each family (Table 9), and each pairing has three independent
builds.

F REPEATED RUNS

Two kinds of repetition appear in the paper: independent builder runs under one condition, and
repeated evaluation of one artifact. In the Creation studies of Tables 2 and 3, each condition has three
independently built deliveries, and in the eight-task study of Table 5, each pairing of builder and
task has three independent builds. Figures 7 and 8 show the score of each run and the mean of each
condition.

Optimization evaluates the starter afresh in every builder run, which measures how much a native
objective varies when the same agent is evaluated again. Across the independent measurements of
each benchmark (four on BrowseComp, five elsewhere), the starter score has a standard deviation of
10.4 on BrowseComp, 4.5 on 73, 14.5 on TerminalBench, 20.8 on PinchBench, and 7.8 on OSWorld.
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Figure 7: Independent Creation runs behind Tables 2 and 3, three per condition: held-out Result of
each run (dots) and the condition mean (line or bar) for (a) the number of development cases and (b)
the prompt priors.
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Figure 8: Independent builds of the eight-task study (Table 5), three per pairing: (a) held-out Result
on the Creation and Editing tasks and (b) .S on the Optimization tasks, for each build (dots) and the
mean of each pairing (bars). PDF, DB, and Repo denote scientific PDF translation, database analytics,
and repository bug repair.

G ADDITIONAL RESULTS

G.1 CREATION: STATIC SOURCE ASSESSMENT

The static assessment of Section 5.3 applies only to Creation, where the builder writes the entire
agent. It grades each frozen Creation source once, without executing it, as in model-based code
evaluation (Zhuo, 2024; Tong & Zhang, 2024; Seo et al., 2025), with the judge configuration used
for Result (Table 9). Its shared rubric assigns 20 points to how well the mechanisms cover the
requirements; 15 each to interface and lifecycle, to analysis and evidence integrity, and to safety,
privacy, and side effects; 10 each to recovery and honest failure, to testability and observability, and
to maintainability and generalization; and 5 to resource discipline. Figure 9 shows the total next to
held-out Result. The mean static score across the 50 runs is 41.8.

G.2 CREATION: EXTENDED BUDGET

Table 10 reports each task in the extended-budget setting (Section E.2). The last development score
exceeds held-out Result on all ten tasks, by more than 30 points on seven. Formal theorem proving
reaches 100 on development cases and 16.7 on held-out cases, where one of six cases succeeds;
repository repair likewise succeeds on one held-out case.
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Static source assessment Held-out Result
Authorized vulnerability validation 39 45 36 41 30 0.0 0.0 14.0 14.0 0.0
Database analytics 60 47 47 50 38 3.0 9.8 14.3 0.0 0.0
Desktop GUI automation 39 42 42 41 22 18.0 32 17.5 12.0 0.0
Document-to-editable PPTX 53 42 47 45 34 0.0 9.8 18.7 16.8 21.7
Evidence-grounded document QA 53 40 44 48 24 33 122 0.0 3.5 0.0
Formal theorem proving 59 40 43 44 14 66.7 0.0 16.5 63.0 0.0
Repository bug repair 40 50 50 36 31 27.7 0.0 60.0 0.0 0.0
Schema-guided web extraction 42 43 36 43 29 0.0 0.0 6.7 0.0 0.0
Scientific PDF translation 61 55 46 50 29 183 21.8 253 26.0 0.0
Web research report 40 35 44 49 26 0.0 0.8 18.0 15.3 1.7
Mean 48.6 43.9 43.5 45.2 27.7 13.7 5.8 19.1 15.1 2.3
£ 6 %0\ «Q’(’S ® N (B © ,Q\Q&\\ & 6 06 & AQ’(‘S 5 S <° ,Q\Q‘%\\ e S
&’ ¢ & ¢ et

Figure 9: Static assessment of Creation deliveries (left): score of the frozen source on the shared
rubric of eight dimensions (0-100), graded once per delivery without execution. Held-out Result
from Table 1 (right), on the same color scale.

Table 10: Creation under the extended-budget setting, with DeepSeek-V4.1-Flash as builder (in
Codex), runtime model, and judge. Held-out is the held-out Result; Last dev is the last development
score observed in the run.

Task Held-out Last dev
Authorized vulnerability validation 0.0 40.0
Database analytics 70.0 94.0
Desktop GUI automation 28.5 63.0
Document-to-editable PPTX 10.2 46.5
Evidence-grounded document QA 81.2 98.8
Formal theorem proving 16.7 100.0
Repository bug repair 15.8 50.0
Schema-guided web extraction 11.7 79.5
Scientific PDF translation 61.0 96.0
Web research report 20.2 35.5

Mean 31.5 70.3

Of the 60 extended-budget traces, 20 deliver no valid result: six reject the input before any model
call, five repository cases end in repair loops, five formal proving cases end without a completed
proof, three web research cases never write the requested report, and one schema extraction case
exits normally with an invalid delivery. None reaches the 1,500 s limit: these agents stop without
converging.

G.3 OPTIMIZATION: PER-RUN RESULTS

Table 11 lists the native held-out scores behind the main Optimization block. W/L/T counts the cases
on which the candidate scores higher than, lower than, or equal to the starter; over all 1,225 paired
instances the counts are 175/125/925. A two-sided sign test on the W and L counts of each run rejects
equal performance at the 5 % level (no multiple-testing correction) in five runs: the BrowseComp
gains of GPT-5.6 Sol, GPT-5.5, and DeepSeek-V4-Flash, and the losses of DeepSeek-V4-Flash on 73
and DeepSeek-V4-Pro on PinchBench.
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Table 11: Optimization held-out results. Jy and .J; are starter and candidate scores. Round is the
selected round.

ID  Builder Benchmark Jo J1 A S W/L/T Round
MO1 GPT-5.6 Sol  BrowseC. 4.000 35.000 +31.00 32.3 32/1/67 3
M02 GPT-5.6Sol 72 42.500 45.000 +2.50 4.3 3/2/35 5
MO3 GPT-5.6 Sol TerminalB. 25.000 17.500 —7.50 —10.0 4/7/29 5
MO04 GPT-5.6 Sol PinchB. 27.625 16.825 —10.80 —14.9 4/11/25 1
MO5 GPT-5.6 Sol OSWorld 0.000 12.000 +12.00 12.0 3/0/22 1
MO06 DS-V4-Flash BrowseC. 18.000 46.000 +28.00 34.1 30/2/68 2
MO7 DS-V4-Flash 7° 50.000 25.000 —25.00 —50.0 1/11/28 2
MO8 DS-V4-Flash TerminalB. 10.000 12.500 +2.50 2.8 2/1/37 5
M09 DS-V4-Flash PinchB. 55.825 40.625 —15.20 —34.4 7/17/16 2
MI10 DS-V4-Flash OSWorld 0.000 12.000 +12.00 12.0 3/0/22 1
MI1 DS-V4-Pro  BrowseC. 4.000 3.000 —1.00 —1.0 2/3/95 4
MI12 DS-V4-Pro 73 52.500 60.000 +7.50 15.8 5/2/33 1
MI13 DS-V4-Pro  TerminalB. 2.500 2.500 +0.00 0.0 0/0/40 2
Ml14 DS-V4-Pro  PinchB. 60.975 45875 —15.10 —38.7 6/20/14 5
M15 DS-V4-Pro  OSWorld 0.000 4.000 +4.00 4.0 1/0/24 1
M16 GPT-5.5 BrowseC. 13.000 29.000 +16.00 18.4 19/3/78 2
M17 GPT-5.5 73 42,500 42.500 +0.00 0.0 5/5/30 4
MI18 GPT-5.5 TerminalB. 2.500 10.000 +7.50 7.7 3/0/37 1
MI19 GPT-5.5 PinchB. 67.675 64.075 —3.60 —11.1 12/13/15 1
M20 GPT-5.5 OSWorld 12.000 4.000 —8.00 —9.1 0/2/23 3
M21 Qwen3.6 BrowseC. 29.000 35.000 +6.00 8.5 13/7/80 5
M22 Qwen3.6 73 47.500 35.000 —12.50 —23.8 3/8/29 2
M23 Qwen3.6 TerminalB.  35.000 40.000 +5.00 7.7 4/2/34 4
M24 Qwen3.6 PinchB. 21.275 30.825 +9.55 12.1 12/7/21 1
M25 Qwen3.6 OSWorld 16.000 16.000 +0.00 0.0 1/1/23 1

O Development gain @ Held-out gain>0 @ Held-out gain <0
3

BrowseComp T TerminalBench PinchBench OSWorld
GPT-5.6 Sol Oe *O o0 o O °
GPT-5.5 o—O o—O oe (o) ° O
DS-V4-Pro ® oe O o O [Ye)
DS-V4-Flash (] [} O *—O ° O O °
Qwen3.6 O o—O0 o) T‘)o

-25 0 25 50 25 0 25 50 25 O 25 50 25 O 25 50 25 O 25 50

Gain over the starter (native objective points)

Figure 10: Optimization development and held-out gains per run, in native objective points. Devel-
opment gain (open) is the selected candidate’s development score minus the starter’s; held-out gain
(filled) is A from Table 11.

G.4 OPTIMIZATION: DEVELOPMENT AND CANDIDATE SELECTION

Figure 10 separates the development gain of the selected candidate from its held-out gain A. The
25 runs average 13.1 and 1.8 points. Development gain exceeds held-out gain in 17 runs, and nine
runs combine a development gain with a held-out loss. The behavioral analysis finds candidates
specialized to the visible task categories in 14 runs; the four runs in which this is the primary cause
account for 56 of the 125 held-out instances on which a candidate scores below its starter.

In nine runs no later round beats the first, and in 19 the selected round leads the runner-up by at most
one solved development case, including eight ties broken toward the earliest round. Selection on
development splits of 10 to 50 cases therefore contributes to the development gain of the selected
candidate, alongside the case-specific candidates above; the held-out split measures the gain that the
delivery carries.
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Figure 11: Execution time of each held-out Creation execution by builder, colored by its immediate
outcome, with the categories of Figure 5: graded 113 (41.9 %), error exit 139 (51.5 %), 600 s timeout
15 (5.6 %), and other gates 3 (1.1 %). Categories are mutually exclusive; gate failures total 157
(58.1 %).

H BEHAVIORAL AUDIT

H.1 COVERAGE AND COUNTING RULES

The audit reads three kinds of evidence: the builder trajectory with the feedback it received, the frozen
source or candidate diff, and the delivered agent’s held-out execution trace. A run is one builder on
one task, as in Section 5.1; a case is one held-out input. A mode is present in a run if it appears
in at least one case or in the builder trajectory, and modes can co-occur. Labels proposed with Al
assistance were reviewed by the authors against these records. Where a report names a primary cause,
it is the failure that cost the run the most points.

Creation covers the 270 held-out executions that record an execution trace (the desktop GUI task
records none) and the final reports of the 42 builder runs that write one; the ten extended-budget runs
are analyzed separately. Optimization covers the 25 development logs, the frozen candidates, and the
builder trajectories. Editing covers the 33 runs that deliver a candidate (Section H.3).

H.2 CREATION: VALIDITY GATES

Figure 11 gives the immediate outcome and execution time of each held-out execution. An error exit
(nonzero exit code) can follow an implementation error, a failed self check, a rejected model response,
or an external tool failure; a missing artifact follows from an earlier failure and is counted once.

Nearly half of the gate failures crash within one second, most of them from Qwen3.6 and the rest
from the two GPT builders; neither DeepSeek builder crashes this way. Typical causes are input
parsing and attempts to install dependencies into the submission directory, which the requirements
forbid and the evaluator mounts read only. The other gate failures come after substantial execution,
most often when the agent’s own check rejects its output and the agent reports the failure.

Executions that pass the gate can still miss the requirement. Of the 113 graded executions, 33 trigger
at least one rubric ceiling, and in 15 the ceiling sets the final score. Document QA agents, for example,
violate the output contract with repeated DOM target identifiers or unsupported CSS references. An
agent that launches can still fall short of what it was asked to do.

H.3 EDITING: RUNS WITH A DELIVERY

The Editing analysis covers the 33 runs that deliver a candidate: DeepSeek-V4-Pro and GPT-5.5 on
all ten tasks, GPT-5.6 Sol on nine, and DeepSeek-V4-Flash on four, with 198 held-out executions.
The other runs deliver nothing to execute (Section 5.2). Table 12 reports how many runs show each
mode.
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Table 12: Editing modes in the runs that deliver a candidate. Rows can overlap; the third row is the
union of two submodes.

Observed mode DS-V4-Pro (10) GPT (19) DS-V4-Flash (4) Total (33)
Fitting the visible cases 4 7 2 13
Gate failure or rejection of legal input 3 9 2 14
Capability absent, uninvoked, or incomplete 6 18 4 28
execution

Runtime completion claim contradicted by 6 5 2 13
records

Mutation that should have been refused 3 7 4 14
Budget spent without convergence 3 9 1 13

Table 13: Audit of builders’ final reports.

Creation Optimization

All runs 50 25
Runs with a final report 42 19
Reports asserting completion 23 17
Reports contradicted by the record 6 3
Reports acknowledging partial completion or failure 19 2
Contradictions among the latter reports 0 0

Capabilities of the third row can fail without any visible error: on one held-out case, an OpenClaw
delivery issues 53 calls through its new handoff client and the product refuses every one, yet the
execution passes the validity gates.

Development feedback names defects that survive freezing. Eight DeepSeek-V4-Pro runs receive
feedback naming a violated cap identifier, and each of the eight still violates the same identifier on
held-out cases. Nine of the ten DeepSeek-V4-Pro runs use all five submissions, so these defects
survive with the submission budget spent.

Preservation failures differ from missing behavior. In 14 runs the delivered product permits a mutation
it should refuse, such as repeating an operation that must run once or overwriting state it must preserve.
These violations concern the regression obligation in Equation (2).

H.4 COMPLETION CLAIMS

For Creation and Optimization the unit is the builder’s final report, including any completion summary
written into the frozen artifact. We compare it with the actions the trajectory records, the files and
capabilities the delivery contains, and the development feedback the builder received, and count a
report as unsupported only when those records contradict it. A held-out failure by itself does not
count against a report about development testing.

All nine unsupported reports assert completion. None of the 21 reports that admit partial completion
or failure is contradicted by the record. Four of the six unsupported Creation reports assert that code
works or was verified, while the trajectory shows that the code, or the path the report vouches for,
never ran in its final form. GPT-5.6 Sol, for example, reports that its final repository-repair entrypoint
emits the required reports for both development cases, yet the frozen file differs from every version
the builder ran. The other two contradict feedback or audits the builder had already seen: Qwen3.6
calls its web-research agent complete and validated, with all citations resolving, one round after
the judge scored both development cases 5 and reported no matching citations. In Optimization,
DeepSeek-V4-Flash reports that two PinchBench tasks stayed at zero in every round, while its own
development record shows one of them at 36 and 22, and it omits the four regressions it had recorded
for the delivered round.

In Editing the speaker is the delivered agent, and its runtime claim is checked against effect logs,
state, and output artifacts on each held-out case; a run counts if any case contains a contradiction,
and 13 of the 33 runs that deliver do. On OpenHands test 006, for example, the agent describes a
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workspace commit as applied exactly once, while the world records zero local applies and the local
manifest still lacks the file that exists only remotely. A completed entry in the effect log does not
show that the workspace converged.

I EXECUTION CASE STUDIES

Cases 1-4 each trace one failure from feedback or runtime actions to the frozen artifact or the
observed state; case 5 traces a repair that reaches the delivered agent. Quoted text is verbatim with
omissions marked; structured records are condensed to the relevant fields.

1. A development score built on two hard-coded cases. Qwen3.6’s Database analytics delivery is
a single script of 2,073 lines that describes itself as “pure Python stdlib, no external dependencies” and
never calls the runtime model. It classifies each request by phrases taken from the two development
cases and dispatches to queries written for them:

Case type: "commerce" if the request contains “recognized net sales”, “decline by mar-
ket”, [...]; "adoption™ if it contains “adoption”, “active_organization”, [... ]; otherwise
none.

Queries: _build_commerce_qgl_sqgl [...] _build_adoption_g3_sqgl, with
the quarter bounds and the refund cutoff written in as constants.

Its development means climb from 38 to 99 over ten rounds and end at 96. The final feedback already
points at the hard-coding:

Round 10, dev 001 (92/100): “dashboard.html switches between literal Harbor/Mesa
panels instead of deriving the selected rows, total, and largest negative category from
submitted result data” [...]

The held-out requests ask for other analyses over other databases. Five of them exit after 0.01 s with
“Unknown case type: None”, the sixth with “no such table: organizations”, and all six fail the validity
gate.

2. A higher development mean hides displaced failures. DeepSeek-V4-Flash’s PinchBench run
M09 adds playbooks for task categories and routes tasks to them by keyword. Its own assessment of
round 2 records the tradeoff:

“Round 2: 76.5 (up from 72.8)” [...] “But regressions: meeting tldr (97—0), spreadsheet
(99—5), contract (100—62), syslog (36—22).”

Later rounds fall to 60.6, 63.7, and 51.65, so round 2 is frozen. Its held-out mean is 40.625 against the
starter’s 55.825, with 7 wins, 17 losses, and 16 ties. The higher development mean already contains
large regressions on other visible tasks, and selection still favors it.

3. Cancellation succeeds, and late work still changes state. GPT-5.6 Sol’s OpenHands delivery
runs pause, resume, and cancel on test_003. The product observations and the burst probe record:

Lifecycle: pause — generation 2; resume — generation 3; cancel — generation 4, cancella-
tion revision 5.

Burst after cancellation: 80 callbacks accepted, 0 rejected; audit length 1 — 81; revision
5 — 85; event cursor 0 — 3320; terminal state remains cancelled.

The commission requires those late callbacks to change nothing. The terminal state is correct, and
the suppression fails: the audit log and the revision counter grow with every accepted callback. The
agent’s report acknowledges the burst.

4. A final report describes a discarded revision. The GPT-5.5 OSWorld run M20 selects round 3
(dev 40) after later rounds score 20 and 30. Its final report nevertheless describes harness changes:

“run_harness.py provides BOM-tolerant input, deterministic JSONL output, atomic
output/report writes, per-row agent mappings, and schema/length validation.”
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The round 4 harness contains the BOM handling and the atomic writes. The frozen round 3
run_harness.py is byte-identical to the starter’s and contains neither; the round changes only
the desktop policy. The report describes development work that the delivery does not contain.

5. A repair that reaches the delivered artifact. For contrast, DeepSeek-V4-Flash’s BrowseComp
run MO06 answers a zero in the first round by finding a concrete protocol mismatch:

“All 50 rows scored 0 with valid contracts” [...] “missing Authorization on mod-
el/search calls (the starter sent it on all calls)”.

The next candidate restores the header, broadens response parsing, and revises the research policy. Its
development score reaches 34 and it stays selected through three further rounds. The frozen source
contains the restored header, and the trajectory records a local check of the whole pipeline against
a mock broker. Held-out performance rises from 18 to 46 (S = 34.1). This repair fixes a fault the
feedback exposed and reaches the delivered agent.

J  LIMITATIONS

Repetition. The main comparison and the harness studies build each pairing of builder and task
once. Native Optimization objectives vary between repeated evaluations of the same agent (Section F),
so individual Optimization results carry that variation. The development-case, prompt-prior, and
eight-task studies use three independent builder runs per condition and report their differences
descriptively.

Model-based judging. Creation and Editing Result scores are assigned by a model judge (Zheng
et al., 2023) that applies the task rubric to the delivered artifacts and execution traces. Validity gates
and rubric ceilings bound the judge’s discretion, but the scores still inherit its errors. The static
source assessment of Section 5.3 uses the same judge. In both judged families, the judge shares a
model family with at least one builder: GPT-5.6 Sol in Creation and DeepSeek-V4.1-Flash, beside
DeepSeek-V4-Pro and DeepSeek-V4-Flash, in Editing.

Evaluation settings. Each task family fixes one runtime model and one judge (Table 9), so absolute
levels are comparable within a family but not across families. The development-case, prompt-prior,
and extended-budget studies use DeepSeek-V4.1-Flash as builder, runtime model, and judge, and the
extended-budget study also changes the case budget and the requirement (Section E.2); each study is
compared only within itself, not with Table 1.
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