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Abstract

The growing use of LLM agents raises a reproducibility problem:
given the same task specification, different agents may follow dif-
ferent workflows, consume different resources, and produce vary-
ing artifacts and outcomes. We introduce the concept of One-Shot
Prompt Reproducibility (1SPR): the consistency of one-shot execu-
tion across different agents given a fixed specification, without itera-
tive human guidance. To operationalize this, we present 1ShotBench,
a toolkit that repeatedly executes the same product requirement
document (PRD) across isolated agent workspaces, capturing full
traces, artifacts, and metadata, along with an LLM judge to evaluate
results. We demonstrate a case study using software engineering
tasks built around the Anserini information retrieval toolkit, though
our system itself supports arbitrary tasks. 1ShotBench allows users
to compare runs side by side, inspect how execution and implemen-
tation paths diverge despite a shared specification, and analyze how
workflow differences relate to cost, latency, and correctness. Our
central contribution is a reproducibility-oriented lens for examining
agentic software development.
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1 Introduction

Autonomous coding agents powered by large language models
(LLMs) are increasingly used to build software from natural lan-
guage specifications such as issue reports and product requirement
documents (PRDs). In practice, two one-shot runs of the same speci-
fication can both succeed while differing substantially in tool usage,
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implementation strategy, runtime, token consumption, and pro-
duced artifacts. Standard end-state metrics such as task completion,
passing tests, or benchmark accuracy are necessary but do not
expose this variation.

This paper argues that such variation should be treated as an im-
portant evaluation target. We call this perspective One-Shot Prompt
Reproducibility (1SPR): given a fixed specification and no iterative
human steering, how consistently do agents reproduce workflows,
resource profiles, artifacts, and outcomes? The one-shot setting
matters for two reasons: it isolates coding-agent behavior from
operator intervention, since repeated re-prompting makes it hard
to attribute an outcome to the agent versus the operator; and it
reflects the long-term goal of delegating well-scoped tasks to agents
with minimal supervision.

To support this line of inquiry, we present 1ShotBench,! a toolkit
for repeated, controlled execution of software tasks by coding
agents. 1ShotBench runs the same PRD across isolated workspaces
using different underlying LLMs, capturing the resulting agent
traces, resource usage, and artifacts for side-by-side inspection
and judge-based evaluation. Agent workspaces can also be provi-
sioned with reusable skills [1] that encode task-specific operational
knowledge; our case study uses this mechanism with the popular
information retrieval (IR) research toolkit Anserini [9, 13].

This paper makes three primary contributions. First, it formu-
lates 1SPR as a reproducibility problem specific to autonomous
coding agents. Second, it presents 1ShotBench as an execution and
inspection toolkit for repeated PRD-driven software tasks, provid-
ing an open, extensible playground for studying 1SPR. Third, it
demonstrates the 1SPR approach with 1ShotBench on Anserini-
based IR development tasks.

2 Related Work

1ShotBench is not intended as a replacement for established agent
benchmarks. Instead, it demonstrates a gap left by systems whose
primary objective is final-task evaluation:

General agent benchmarks. AgentBench evaluates reasoning and
decision making across eight interactive environments, including
operating systems, databases, knowledge graphs, and games [10].
7-bench emulates dynamic conversations between a user and a
tool-using agent in policy-constrained domains, and its pass® met-
ric measures outcome reliability across repeated trials [14]; 1SPR
(Section 3) instead decomposes consistency into four dimensions,
so that behavior beyond simple task success remains visible. These
benchmarks also pose fixed, curated interactive tasks; 1ShotBench

!https://github.com/castorini/1shotbench


https://orcid.org/0009-0009-7246-3163
https://orcid.org/0009-0002-2684-0692
https://orcid.org/0000-0003-3430-4910
https://orcid.org/0000-0002-0661-7189
https://doi.org/10.1145/3799682.3840271
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3799682.3840271
https://github.com/castorini/1shotbench

CIKM °26, November 07-11, 2026, Rome, Italy

supports running user-provided PRDs, letting researchers and prac-
titioners choose an open-ended task and vary how much imple-
mentation detail the specification provides.

Domain-specific agent benchmarks. SWE-bench gives a model
a real GitHub repository and issue description, then evaluates the
resulting patch with repository tests [5]. PaperBench asks agents
to reproduce machine-learning research from papers and grades
the resulting artifacts with detailed rubrics [12]. These benchmarks
substantially broaden the complexity of agent evaluation, but like
AgentBench and 7-bench they ask whether an agent can solve
a given task, scored against benchmark-specific objectives. 1ISPR
asks a different question about the same kinds of tasks: if a fixed
specification is implemented more than once by different agents,
how consistent are their results?

3 One-Shot Prompt Reproducibility

We define 1SPR as the consistency of behavior and outcomes when
different agents independently execute a fixed specification without
iterative human guidance. In the terminology the ACM uses to dis-
tinguish reproducibility from replicability and repeatability [2, 7, 8],
reproducibility is characterized as different team, same experimental
setup: an independent team obtains the same result using the origi-
nal author’s own artifacts. 1SPR fits this pattern if the PRD itself,
rather than a shared codebase or pipeline, is treated as the reused
artifact: different agents (the “independent teams”) each execute
the same fixed PRD and are checked for similar outcomes.

This differs from the traditional sense of reproducibility as re-
peating one identical experiment over time: 1SPR instead holds
the specification fixed and varies the agent. This is motivated by
a practical concern as coding agents become common: different
users’ agents, potentially built on different models or harnesses,
should independently reach compatible outcomes for the same task.
Our reported experiments hold the specification fixed and vary
the model while holding the harness fixed; systematically study-
ing same-model, same-harness run-to-run variation is a narrower
question about LLM determinism rather than 1SPR itself, so we do
not focus on it. Varying the harness as well is future work. This
consistency can be examined along four dimensions:

o Workflow consistency: whether agents follow similar se-
quences of inspection, editing, tool calls, and debugging.

e Resource consistency: whether runtime, token usage, and
cost remain within a predictable range.

o Artifact consistency: whether the generated code and its
design converge or diverge across agents.

e Outcome consistency: whether different agents reach com-
parable functional results.

The idea of 1SPR also aligns with recent calls for reproducible and
explainable evaluation of coding agents used for software engineer-
ing, especially around exposing thought-action-result style traces
and interaction data [6].

4 1ShotBench System

1ShotBench operationalizes 1SPR by providing a toolkit to run
different models on the same task and evaluate results. For workflow
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consistency, we have structured event traces and readable logs to
record exactly how a model executes the task, as well as a web
interface to run and observe what different models are doing side
by side in real time. For resource consistency, we document wall-
clock duration, token usage details, and costs, which are provided
in a summary report generated at the end of each run. For artifact
consistency, all generated code from experiments is available for
inspection and further analysis. For outcome consistency, an agentic
judge evaluates each generated product against the original PRD
via a custom skill, detailed further in Section 4.2.

4.1 Implementation Details

Our system currently supports Pi, an open-source agent harness
covering a range of models, skills, tool integration, and structured
event-stream execution [4]. We add an orchestration layer with
isolated agent workspaces for repeatable experiments, where each
agent can only access its own workspace and a skills directory with
user-specified skills. Users supply a custom PRD or prompt and
select the models to run the task with. Since the initial PRD may
be LLM-generated, there is an optional stage for each model to
rewrite the PRD for itself before implementing to reduce potential
model bias due to prompt style; this stage was disabled for the
results reported in Table 1, so all agents implemented the identical,
unmodified PRD. The toolkit then invokes the Pi CLI command from
each agent workspace and preserves the metadata needed to audit
the run, such as the submitted prompt and command configuration.

Each agent runs in a separate workspace wrapped by a platform
sandbox (sandbox-exec on macOS, Bubblewrap on Linux) that
permits ordinary process activity but denies reads and writes to
sibling agent workspaces, preventing an agent from inspecting or
modifying another agent’s implementation.

Workspace configurations may declare reusable agent skills. Pre-
flight verifies that required skills are available before a run, and the
same skills are visible from each workspace. Our Anserini tasks
provide skills for installing and verifying the Anserini fatjar, using
its command-line interface, and following reproduction workflows.
Skills make task-specific operational knowledge available without
embedding that knowledge into 1ShotBench itself.

The execution interface supports cross-model comparisons: users
can select multiple agent workspaces for a single invocation. As
described in Section 3, our reported experiments vary the model
across agent workspaces while holding the harness fixed; the same
CLI can also be invoked repeatedly with an identical model selec-
tion, but we do not study that run-to-run variation systematically.
Each completed run retains a structured summary, the generated
workspace, resource usage, and judge outputs when available.

4.2 Agentic Judge

1ShotBench includes a judge system to evaluate applications pro-
duced by agent runs, with a Pi-harness-based judge that performs
setup, collects browser evidence, and returns evidence-grounded
verdicts. Evaluations begin by using the PRD to generate task-
specific functional checks: concrete behaviors the generated ap-
plication should exhibit, such as exposing a required index list or
returning a retrieval metric. Separately, before testing, the same
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Table 1: Available run-level results for the three Anserini case studies. Correctness is the evidence-grounded evaluation score

described in Section 4.2.

Task Provider Model Duration (s) Input tokens Output tokens Cost Correctness
frontend OpenAl GPT-5.5 383.7 705,589 13,914 $1.06 100%
Anthropic Claude Opus 4.7 367.4 737,970 16,494 $0.99 100%
Google Gemini 3.1 Pro Preview 444.0 922,760 10,287 $0.68 100%
DeepSeek DeepSeek V4 Pro 250.8 519,645 10,832 $0.02 100%
Z.ai GLM-5.1 500.7 1,157,424 10,255 $0.38 100%
Moonshot AI  Kimi K2.6 460.3 1,232,255 13,604 $0.33 100%
MiniMax MiniMax-M3 933.1 2,401,901 23,793  $0.37 100%
Xiaomi MiMo V2.5 Pro 404.9 377,623 5,810 $0.11 100%
evaluator OpenAl GPT-5.5 4114 883,731 17,083 $1.17 100%
Anthropic Claude Opus 4.7 523.5 1,717,292 36,688 $2.16 100%
Google Gemini 3.1 Pro Preview 440.4 2,831,291 16,012 $1.10 100%
DeepSeek DeepSeek V4 Pro 856.3 627,235 14,410 $0.03 100%
Z.ai GLM-5.1 1005.5 3,273,449 27,712 $1.06 100%
Moonshot AI  Kimi K2.6 488.9 1,267,864 16,621 $0.35 100%
MiniMax MiniMax-M3 1800.1% 6,276,850 44,184 $0.92 100%
Xiaomi MiMo V2.5 Pro 627.5 3,196,794 18,718  $0.79 100%
nfcorpus-repro  OpenAl GPT-5.5 748.9 1,648,167 20,975 $2.00 100%
Anthropic Claude Opus 4.7 1228.6 2,458,774 40,953 $2.78 100%
Google Gemini 3.1 Pro Preview 312.6 1,644,082 16,979 $0.84 100%
DeepSeek DeepSeek V4 Pro 1382.3 3,331,344 43,719  $0.07 100%
Z.ai GLM-5.1 743.8 3,286,118 23,700 $1.10 100%
Moonshot AI  Kimi K2.6 1222.8 2,927,119 28,215 $0.69 100%
MiniMax MiniMax-M3 1800.17 1,642,573 29,024 $0.34 80%
Xiaomi MiMo V2.5 Pro 1800.27 1,803,530 24,474 $0.49 60%

 Run reached the 1800-second timeout. Despite the timeout, agents could still produce partially correct or fully correct implementations.

judge model runs setup commands to get the application running
based on the PRD, README files, and referenced skills.

For each functional check, the judge agent plans and executes
browser actions live through a Playwright-based tool, guided by the
check’s description and the app’s observed interface rather than a
fixed script, taking a bounded follow-up pass if the initial evidence
proves insufficient. It captures visible text, accessibility-tree snap-
shots, screenshots, interactive elements, and console and network
errors as evidence. Finally, the judge assigns pass, fail, or uncertain
using only this evidence. The reported correctness percentage is
the fraction of functional checks judged pass; uncertain judgments
count as not passed. Evidence packets, judgments, screenshots,
setup results, and summary reports remain available for inspection,
letting a human reviewer audit the verdict.

4.3 Workflow

A user starts from a single PRD, such as one for an Anserini-based
application, and selects the agent models to implement it with.
1ShotBench executes that PRD across isolated agent workspaces,
and an overview page reports each run’s status, resource usage, and
links to its workspace and artifacts as runs complete. From there,
a user can select an individual run, open its workspace to inspect
the generated code and traces, or invoke the judge to evaluate
and compare outcomes across implementations. This workflow
is intended for researchers and practitioners working on agent
evaluation, as well as those building and maintaining agent-assisted
development pipelines where reproducibility, observability, and
cost predictability are operational concerns.

5 Case Study

We study the four dimensions of 1SPR through a case study of
three IR applications built around Anserini [13], with varying com-
plexity. The simplest is the frontend task, which requests a search
interface over the MS MARCO passage collection [11]. The harder
evaluator task requests a local web interface for browsing prebuilt
Lucene indexes and running reproducible retrieval and TREC eval-
uations. The hardest nfcorpus-repro task requests a Dockerized,
Render-deployable NFCorpus diagnostics workbench [3] with live
Anserini-backed search, BM25 evaluation, observed-vs-expected
metrics, command traces, and artifact paths; screenshots of this
task’s generated artifacts are shown in Figure 1.

Table 1 reports the resources used by each model for each task,
as well as the outcome evaluated by our judge.

Our work focuses on reproducibility rather than ranking: a single
stochastic run per model and task cannot rigorously evaluate model
strength. These values instead show why artifact and resource mea-
surements are informative alongside outcome evaluation. Complete
data and generated artifacts from our experiments are available in
our GitHub repository.

Viewed through the four dimensions of 1SPR, the Anserini re-
sults show high outcome consistency across agents but weaker
resource consistency. On the frontend and evaluator tasks, all eight
agents achieved 100% correctness, yet cost varied by more than
50x and tokens by up to 10x. The hardest nfcorpus-repro task re-
duced outcome consistency: six agents achieved 100% correctness,
while two timeout-limited runs received 80% and 60%, connecting
resource consistency to outcome consistency, since approaching
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Figure 1: Six model-backed agents implementing the same nfcorpus-repro PRD produce different web interfaces and operational
states. Top to bottom: GPT-5.5 and Claude Opus 4.7; Gemini 3.1 Pro Preview and DeepSeek V4 Pro; Kimi K2.6 and GLM-5.1.

the execution budget can prevent an otherwise plausible imple-
mentation from fully satisfying the PRD. More broadly, the table
illustrates why 1SPR treats workflow, resource, artifact, and out-
come behavior as separate but related signals: final correctness can
be reproducible even when cost and latency are not, while harder
tasks can turn resource divergence into observable differences in
final functionality.

6 Conclusion

This paper introduces One-Shot Prompt Reproducibility (1SPR): given
a fixed specification and no iterative human steering, how con-
sistently do coding agents reproduce workflows, resource pro-
files, artifacts, and outcomes? We operationalize 1SPR with 1Shot-
Bench, a toolkit that executes the same PRD across isolated agent
workspaces, captures structured traces and resource usage, and
evaluates the resulting artifacts with an agentic judge.

A natural extension is applying 1ShotBench to non-IR PRDs,
such as web-application or data-pipeline specifications, to test how
the four 1SPR dimensions generalize beyond the Anserini-based

tasks studied here. Outcome-consistency judgments currently rely
solely on an LLM-based judge; we plan a human-validation study
reporting agreement statistics to surface blind spots. Every agent
in our experiments runs through the same Pi harness; we plan a
controlled ablation to separate harness effects from model effects.
Our case study shows why this framing matters: even where
every agent reached full correctness, cost and workflow diverged
sharply, and on the hardest task, resource pressure itself caused
some agents to fall short. 1SPR turns these connections into prop-
erties that can be examined systematically, and 1ShotBench lets
researchers and practitioners observe them directly instead of in-
ferring them from a single pass/fail number. Treating workflow,
resource, artifact, and outcome consistency as separate, inspectable
signals, rather than one score, is the step this paper takes toward
evaluation that tracks agent behavior, not merely success.
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