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Abstract

Large language models are increasingly being
used to assess and forecast research ideas, yet
we lack scalable ways to evaluate the qual-
ity of models’ judgments about these scien-
tific ideas. Towards this goal, we introduce
Proof of Time (PoT), a semi-verifiable bench-
marking framework that links scientific idea
judgments to downstream signals that become
observable later (e.g., citations and shifts in re-
searchers’ agendas). PoT freezes a pre-cutoff
snapshot of evidence in an offline sandbox
and asks models to forecast post-cutoff out-
comes, enabling verifiable evaluation when
ground truth arrives, scalable benchmarking
without exhaustive expert annotation, and anal-
ysis of human—model misalignment against sig-
nals such as peer-review awards. In addition,
PoT provides a controlled testbed for agent-
based research judgments that evaluate scien-
tific ideas, comparing tool-using agents to non-
agent baselines under prompt ablations and bud-
get scaling. Across 30K+ instances spanning
four benchmark domains, we find that, com-
pared with non-agent baselines, higher interac-
tion budgets generally improve agentic perfor-
mance, while the benefit of tool use is strongly
task dependent. By combining time-partitioned,
future-verifiable targets with an offline sandbox
for tool use, PoT supports scalable evaluation
of agents on future-facing scientific idea judg-
ment tasks. !

1 Introduction

The research community invests enormous effort
into producing, sharing, and debating ideas, yet the
infrastructure used to evaluate scientific ideas still
largely emphasizes immediate judgments: peer re-
view at submission time, short-horizon leaderboard
comparisons, and static benchmark evaluations that
are necessarily time-constrained and often idiosyn-
cratic. These mechanisms are indispensable, but
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what often matters most is whether an idea stands
the test of time. Meanwhile, “idea quality” is hard
to define and expensive to label: human judgments
are costly, sometimes inconsistent, and inevitably
limited by what is known at decision time. This
motivates a complementary paradigm: alongside
expert judgment, we ask models to make forecasts
that can later be verified against naturally arriving
signals. Many consequential scientific questions
are intrinsically time-indexed: which contempo-
raneous papers will accrue more citations, which
submissions will be recognized by award commit-
tees, how benchmark metrics will evolve, or which
directions a scholar will pursue next.

At the same time, “Al for Science” has acceler-
ated rapidly: beyond post-hoc analysis, machine
learning systems are increasingly embedded di-
rectly in discovery pipelines across domains (e.g.,
hypothesis generation, candidate design, and ex-
periment steering) (Wang et al., 2023a; Karpatne
et al., 2025). High-accuracy protein structure pre-
diction is a canonical example (Jumper et al., 2021).
This progress has renewed interest in metascience
(Munafo et al., 2017; Ioannidis et al., 2015), which
aims to understand how science evolves, and in
tools that can forecast scientific trajectories such
as topic growth and emerging areas (Ofer et al.,
2023; Wang et al., 2013; Chen, 2006; Kleinberg,
2002). As Al systems become increasingly capable
of multi-step reasoning and tool use (Yao et al.,
2023; Schick et al., 2023; Wang et al., 2023b), a
natural question emerges: can models judge which
ideas will ultimate prove impactful and durable,
and can we evaluate such forecasts at scale in a
way that is both principled and reproducible?

We introduce Proof of Time (PoT), a semi-
verifiable benchmarking framework for evaluating
models/agents’ scientific idea assessment and fore-
casting ability through time. PoT operationalizes
a simple principle: freeze the evidence available
before a cutoff time, require models to forecast out-



comes after the cutoff, and score predictions when
the world reveals the answer. Concretely, PoT pack-
ages each instance with a pre-cutoff snapshot of
evidence placed in an offline sandbox, then evalu-
ates predictions against post-cutoff signals such as
citation counts, award tiers, benchmark trajectories,
and shifts in researchers’ agendas. This design has
three practical advantages. First, it supports verifia-
bility: gold labels are not subjective annotations but
outcomes that can be checked later. Second, it sup-
ports scalability: instances can be generated pro-
grammatically from public metadata and refreshed
over time without requiring exhaustive expert la-
beling. Third, it supports misalignment analysis:
because some outcomes reflect human judgment
(e.g., peer-review awards), PoT enables systematic
study of where model-based assessments diverge
from human processes.

PoT is also motivated by a pragmatic concern
in modern scientific workflows: when and why
do agentic systems help? Tool-using agents are
increasingly proposed as assistants for literature
review, data analysis, and scientific writing (Boiko
et al., 2023; Lala et al., 2023; Mitchener et al.,
2025), yet improvements are often reported in ways
that conflate task difficulty, tool access, and test-
time budget (Schaeffer et al., 2023; Huang et al.,
2023). In PoT, we study a narrower but central,
cross-cutting scope: tool-using agents acting as
idea judges, where tool use supports evidence ex-
ploration and aggregation in an offline sandbox.
PoT provides a controlled environment to study
these trade-offs because tasks can be run with and
without tools, under fixed offline constraints, and
with explicit limits on interaction steps. In doing so,
PoT does not assume that agents are always better
(Kim et al., 2025; He et al., 2025). Instead, it quan-
tifies how much gain agents provide, which task
types benefit most from evidence exploration, and
where agent overhead yields diminishing returns.

In this paper, we formalize PoT as a time-
partitioned benchmark design and instantiate it
across four domains spanning impact predic-
tion (citations), scientific value assessment (peer-
review awards), research evolution (faculty re-
search directions), and technological frontier fore-
casting (SOTA benchmark trajectories). We evalu-
ate a range of models under both direct-generation
and tool-using agent pipelines, and we conduct con-
trolled ablations over tool access, offline prompting,
and message-budget scaling. Finally, we analyze
recurrent failure modes that reveal where models

struggle to translate pre-cutoff evidence into reli-
able forecasts and where agentic reasoning breaks
down. These results position PoT as a step toward
evaluating models’ scientific idea judgement; that
is, how well models anticipate which research di-
rections will be most impactful in the future.

Our contributions are threefold: (1) Benchmark
design: we propose PoT, a time-partitioned, semi-
verifiable framework that links idea-level judg-
ments to downstream signals that become observ-
able later; (2) Agent-native evaluation: we intro-
duce an offline sandbox protocol that makes tool
use measurable and supports controlled ablations
over tool access, structured offline prompting, and
message-budget (test-time) scaling; and (3) Em-
pirical findings: across 30K+ instances spanning
four domains, we show that agents demonstrate
large gains on tasks that require evidence explo-
ration and aggregation, but smaller or inconsistent
improvements on structured prediction tasks.

2 Related Work

PoT intersects three pillars of research: (i) fore-
casting scientific impact and idea quality, (ii) time-
partitioned evaluation under contamination risk,
and (iii) tool-using agents and their evaluation in
realistic workflows.

2.1 Forecasting scientific impact and idea
quality

Scientometrics has long studied how papers ac-
crue impact over time, typically modeling cita-
tions or related proxies using bibliometric features,
topic signals, and network structure (Price, 1965;
Barabaési and Albert, 1999; Griffiths and Steyvers,
2004; Wang et al., 2013; Acuna et al., 2012). More
recently, work has explored whether LLMs them-
selves can serve as predictive models for impact sig-
nals such as citation counts, framing citation fore-
casting as a text-understanding or judgment task
(de Winter, 2024; Singla et al., 2023). At the same
time, there is growing interest in the broader ques-
tion of evaluating research quality (and the limits
of doing so with automated systems), including per-
spectives that emphasize how “quality” is socially
mediated and difficult to reduce to a single met-
ric (Thelwall, 2025; Hicks et al., 2015). Relatedly,
studies of LLM-assisted scholarly writing suggest
that models may reproduce—and in some cases am-
plify—existing citation patterns and biases, raising
concerns about feedback loops if model judgments



become part of the scientific pipeline (Algaba et al.,
2025). PoT differs from prior forecasting work by
emphasizing benchmarking: we provide standard-
ized, time-partitioned tasks with frozen evidence
and later-arriving labels, enabling controlled com-
parisons across models, agents, and budget/tool
configurations.

2.2 Temporal generalization, live evaluation,
and contamination

Web-scale pretraining makes static benchmarks in-
creasingly vulnerable to benchmark data contam-
ination (BDC), which can inflate scores and re-
duce the meaningfulness of comparisons (Xu et al.,
2024). A complementary line of work argues for
time-aware or continuously refreshed evaluation
to preserve measurement validity as model capa-
bilities and training corpora evolve. Recent “live”
benchmarks operationalize this idea by collecting
new questions over time and scoring them objec-
tively, limiting both leakage and judge bias (White
et al., 2025; Jain et al., 2024). Other approaches ex-
plicitly construct contamination-resistant variants
of classic test sets, including counterfactual or re-
freshed versions designed to reduce memorization
effects (Zhao et al., 2024), and interactive evalu-
ation frameworks that probe whether a response
reflects recall versus grounded understanding (Yu
etal.,2024). PoT adopts the same spirit as the “live”
benchmark—prioritizing temporal partitioning and
frozen evidence—but targets a distinct object of eval-
uation: scientific research-idea assessments tied to
downstream signals (citations, awards, benchmark
trajectories, and research-agenda shifts) that be-
come observable post-cutoff.

2.3 Agents, tool use, and evaluation in
realistic workflows

Tool-using agents are increasingly evaluated in
settings where success depends on multi-step in-
teraction, state tracking, and adherence to con-
straints. Recent benchmarks emphasize realis-
tic, time-consuming tasks and dynamic interaction
loops for agents (e.g., web tasks and conversational
tool use) (Yoran et al., 2024; Yao et al., 2024; Lu
et al., 2025), while surveys highlight a trend to-
ward more realistic evaluations that measure not
only success rates but also cost-efficiency, robust-
ness, and safety (Yehudai et al., 2025). In parallel,
evidence accumulates that LLM-based judging can
be inconsistent or unfair across groups or styles,
motivating evaluation designs that avoid subjective

judges when possible (Wang et al., 2024). PoT
treats agentic capability as a central evaluation di-
mension: we compare direct generation against
tool-using agents under controlled ablations (tool
access, offline constraints, and message-budget
scaling), using tasks whose labels are externally
verifiable rather than judge-dependent.

3 Benchmark Design

PoT is built around a simple, semi-verifiable prin-
ciple:

Freeze evidence at time t,; ask the model
to predict signals observed at t1 > to;
score once the world reveals t;.

Here, “evidence” refers to the pre-cutoff artifacts
and metadata available at time t, (e.g., paper meta-
data, historical counts, leaderboards) that may be
informative for evaluating scientific ideas, but do
not contain post-cutoff outcomes. We call PoT
semi-verifiable because the benchmark uses verifi-
able downstream outcomes as imperfect proxies for
idea quality. The signal is verifiable, but the target
construct is not directly observable. Unlike static
knowledge benchmarks, PoT treats many research-
relevant judgments as inherently time-indexed, e.g.,
whether an idea becomes influential, whether a pa-
per receives an award, whether a benchmark trajec-
tory accelerates, or whether a researcher’s agenda
shifts. These outcomes are not always knowable
at prediction time, but they become observable
later. PoT operationalizes this by (i) constraining
solvers to a pre-cutoff snapshot of evidence inside a
network-isolated sandbox, and (ii) defining targets
that are prospectively verifiable as time passes.

3.1 Formal Setup: Time-Partitioned
Evaluation Under Evidence Constraints

Each PoT instance is defined by a tuple
(E<tos @5 Yty )» where E<y, is the evidence snapshot
available up to cutoff g, q is a query over candidate
items (papers, researchers, benchmarks), and y,
is a label derived from a signal observed at ¢;. A
solver receives (€<, q) and outputs y; evaluation
compares § against y;, once it becomes available.
Crucially, PoT separates frozen evidence, i.e., what
the model may use, from post-cutoff outcomes, i.e.,
what defines correctness, thereby enabling semi-
verifiable evaluation of future-facing judgments
and automatic future updates.



Data Collection & Generation

The dual-snapshot approach utilizes the same data
pipeline at ty to generate inputs and at t; to define
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Figure 1: Overall Proof-of-Time benchmark workflow. The left panel describes our dataset creation pipeline; the
middle panel emphasizes the four task families and their verifiable post-cutoff signals; the right panel illustrates
offline sandbox execution with optional tool-using agents and automatic scoring.

3.2 Offline Sandbox as a Benchmark
Primitive

To minimize leakage through opportunistic re-
trieval and to make tool use measurable, PoT runs
solvers in a sandboxed, offline environment. Net-
working is disabled, and each task instance mounts
a manifested set of read-only artifacts. This forces
agents to rely on (i) the evidence we explicitly pro-
vide and (ii) their own reasoning and analysis rou-
tines, rather than web search. When run in agentic
mode, solvers may use only a restricted tool set, in-
cluding local file operations, Python analysis, and
a text editor, to explore the snapshot, compute fea-
tures, and justify decisions. This design makes
agent improvements interpretable: any gain must
come from better use of the same frozen evidence,
not from hidden access to fresher information.

3.3 Four Benchmark Domains and Their Task
Structure

PoT instantiates four task families, each probing a
distinct notion of future-facing research judgment
and a distinct reasoning profile. In all cases, we
emphasize discrete, automatically scorable outputs
(MCQ choice, ranking, or bucket), while allow-
ing agentic solvers to use free-form intermediate
reasoning internally.

Impact prediction. Citations provides a quan-
titative proxy for paper influence. We construct
instances by time-partitioning the literature: the
solver is given pre-cutoff evidence from papers
published in top NLP venues during 2021-2024
(ACL, NAACL, EMNLP) with titles, abstracts and
author information provided, together with citation

counts as of October 2025, and is asked to forecast
the citation counts of a candidate set of four post-
cutoff papers (titles, abstracts and authors provided)
published in ACL or NAACL 2025. PoT supports
three output formats. In MCQ instances, the solver
selects which candidate will have the most cita-
tions by the target horizon. In Ranking instances,
the solver orders all candidates by predicted cita-
tions. In Bucket instances, the solver maps each
paper to a coarse citation range to reduce sensitivity
to minor fluctuations; we use buckets such as 0-10,
10-50, 50-200, and 2004. To reduce temporal
and venue confounds, each instance in MCQ and
Ranking uses a matched candidate set of four pa-
pers drawn from the same venue—year combination,
so comparisons are not driven by natural exposure
effects such as earlier publication or venue-wide
visibility.

Scientific value assessment. Awards provide an
externally published, human-judgment signal of
research excellence and novelty. We construct in-
stances by time-partitioning the literature within
the same three venues (ACL, NAACL, EMNLP).
The solver is given a pre-cutoff evidence pool of
accepted papers from 2021-2024 with their titles,
abstracts, and authors provided. Post-cutoff eval-
uation papers are drawn from 2025 in the same
venues, and the task is to predict the paper’s award
tier. For Awards only, we additionally include
a diagnostic pre-cutoff evaluation split that asks
the same award-tier prediction question for papers
within the evidence window, primarily to probe
reliance on memorized or training-exposed infor-
mation rather than evidence-grounded inference.



Family What it evaluates Instance setup Outputs Verifiable signal
(candidates & evidence)
Forecasting paper influ-  Candidates: 4 papers MCQ (most cited) Post-cutoff citation
Impact prediction ence from limited pre- from top AI confer- Ranking counts  (Google
(Citations) cutoff cues. ences. Bucket Scholar).

Peer-review
Awards
(Awards)

Research evolution
(Faculty)

Technological
Frontier
(SOTA)

Alignment with peer-
review judgments and
ability to predict award-
tier outcomes.

Longitudinal reasoning
about research trajecto-
ries and author/topic iden-
tification.

Extrapolating benchmark
progress and model per-
formance under uncer-
tainty.

Evidence: titles, ab-
stracts, authors, and cita-
tion counts of historical
papers (2021-2024).

Candidates: 4 papers
from top Al confer-
ences.

Evidence: titles, ab-
stracts, authors, and
award tiers of historical
papers (2021-2024).

Candidates: professor
post-cutoff publication
titles/abstracts with au-
thors removed.

Evidence: professors’
pre-cutoff publications.

Candidates:  leader-
board descriptions and
metrics.

Evidence: historical
model performances.

Tier MCQ: Findings
/ Main / Outstanding
/ Best

Professor — field
MCQ)

Paper — author (4 +
None)

Field focus (MCQ /
open)

Bucket MCQ: 0-20/
20-40 / 40-60 / 60—
80/ 80-100

Official conference
award lists.

Post-cutoff publi-
cations and/or cu-
rated author-field
labels.

Post-cutoff leader-
board/benchmark
updates.

Table 1: PoT task families. Each family is instantiated with automatically scorable outputs (MCQ/ranking/buckets)
under an offline pre-cutoff evidence snapshot; gold labels are derived from post-cutoff, externally verifiable signals.

Research evolution.

The Faculty task family

mark progress. PoT compiles normalized snap-

evaluates whether solvers can extrapolate from a
researcher’s publication history to infer their near-
future focus, capturing continuity and drift in a
researcher’s agenda. Evidence is restricted to each
professor’s publications from 2021-2024, and tar-
gets are defined using 2025 publications. We in-
clude (i) professor — field prediction (choose from
a fixed taxonomy), (ii) professor — article identi-
fication (select which anonymized 2025 candidate
paper belongs to the professor, with authors re-
moved and a “None” option), and (iii) papers —
field classification for sets of recent papers. To
support these tasks under offline constraints, the
sandbox provides per-professor publication histo-
ries and auxiliary summaries such as LLM-derived
keywords and area descriptors computed from pre-
cutoff publications only. This allows us to study
whether agents can benefit from structured inter-
mediate artifacts, and where such summarization
introduces errors or bias.

Technological frontier forecasting. The SOTA
task measures whether solvers can reason about
frontier model performance and the pace of bench-

shots of popular benchmarks and leaderboards as
of October 2025 and asks solvers to predict per-
formance in coarse buckets. We use buckets to
improve robustness to prompt sensitivity and evalu-
ation variance; for example, a five-level scale may
represent performance ranges from weak to near-
ceiling (e.g., 0-20, 20-40, 40-60, 60-80, 80-100).
Variants include single model-benchmark bucket
prediction and pairwise model comparison. We
include next-year SOTA forecasting as a forward-
compatible PoT task. It is not scored in this snap-
shot, but it becomes automatically verifiable as new
leaderboard results are published.

4 Experiments

4.1 Task suite and scoring

We evaluate a suite of tasks spanning citations,
peer-review awards, faculty research evolution, and
SOTA trajectory prediction. Tasks are designed
to be automatically scorable via discrete outputs,
while allowing free-form intermediate reasoning in-
side the sandbox. We report exact-match accuracy
for all tasks.
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Figure 2: Core results. (A) Test-time compute scaling: accuracy vs. message limit (15/30/50) for each model. (B)
Task-family comparison of zero-shot vs. agentic performance at message limit 50, shown as average accuracy across
models; error bars indicate variability across task-model combinations. (C) Effect of adding a structured prompt on
top of the same agent loop at message limit 50; points above the diagonal indicate the prompt helps.

4.2 Solvers: direct generation vs. tool-using
agents

We compare three solver configurations to quantify
when agentic systems help, and how much gain
they provide beyond naive assumptions that agents
are always better.

1. Zero-shot (direct generation). The model
answers from the prompt only, without tools
or local data access. This tests parametric-
only forecasting ability.

2. Agentic. A single tool-using agent runs in a
Docker sandbox with access to bash, python,
and a text editor, iteratively gathering evi-
dence from the offline snapshot.

3. Agentic + structured prompt. Same agent
loop as (2), but with an additional structured
preamble that emphasizes offline-only oper-
ation and prescribes a more explicit tool-use
protocol. This isolates prompt-policy effects
under a fixed agent loop.

4.3 Test-time compute via message limits

To study inference-time scaling in an agentic set-
ting, we vary a message limit: the maximum num-
ber of environment interaction turns before the
agent must finalize an answer. We evaluate budgets
of 15, 30, and 50 messages, corresponding to low,
medium, and high test-time compute.

4.4 Models

Table 2 summarizes the model suite evaluated in
our experiments, covering the latest frontier models

Provider Models

Anthropic ~ Claude Opus 4.5; Claude Sonnet 4.5;
Claude Haiku 4.5

Google Gemini 3 Pro Preview; Gemini 3 Flash
Preview; Gemini 2.5 Pro; Gemini 2.5 Flash

OpenAl GPT-5.2; GPT-5.1; GPT-5 Mini; GPT-5

Nano

Table 2: Model suite used in our experiments. We eval-
uate representative frontier models across three major
providers.

from Anthropic, Google, and OpenAl. All models
are run under identical task definitions and scor-
ing. For agentic runs, the environment and tool
interfaces are held constant across models.

4.5 Implementation details

All agentic runs use a single-agent ReAct loop in
a sandboxed environment. We log full interaction
traces, tool calls, and termination status, includ-
ing runs that hit the message limit. This enables
downstream analysis of failure modes such as non-
convergence and redundant exploration.

5 Results

We organize results around four questions: (i) how
performance scales with test-time compute, (ii)
whether tool-using agents outperform direct gener-
ation, (iii) whether a structured agent prompt helps
beyond vanilla ReAct, and (iv) whether conclusions
change under post-cutoff (contamination-resistant)
evaluation. Unless otherwise specified, we report
sample-weighted exact-match accuracy.



5.1 RQ1: Test-time compute scaling

Figure 2A shows accuracy as a function of message
limit (15/30/50) for each model in the agentic +
structured prompt setting. Across most models,
increasing the budget yields large improvements,
indicating that performance is often limited by the
amount of evidence-gathering and verification the
agent can perform at test time.

Scaling behavior varies across model families.
Claude models show the steepest gains, suggest-
ing they convert additional interaction into more
effective retrieval and verification. Gemini models
show strong initial performance but more moderate
marginal gains. GPT models improve with budget
but tend to plateau earlier, yielding smaller gains at
higher limits. We include the full numerical scaling
table in Appendix Table 7.

5.2 RQ2: Agentic vs. zero-shot performance

RQ2 asks when tool use helps under PoT’s evi-
dence constraints. Because the frozen snapshot
&<, contains only pre-cutoff context (not post-
cutoff labels), any gains from agentic evaluation
must come from better use of the same snapshot.

Figure 2B compares zero-shot and agentic per-
formance at message limit 50, aggregated by task
family. The effect is highly task-dependent. Fac-
ulty shows the largest improvement, with agen-
tic accuracy rising from near-zero in zero-shot to
roughly two-thirds when tools are enabled. Ci-
tations shows a moderate gain (about +10pp),
whereas Awards changes little on average. SOTA
remains near ceiling in both settings, indicating lim-
ited headroom for tool use on this coarse bucketed
variant. Overall, tool use yields its largest benefits
on families where additional snapshot exploration
appears most valuable, while improvements are
smaller or muted when tasks are already easy or
offer limited headroom.

5.3 RQ3: Structured agent prompt effects

Figure 2C shows that the structured agent prompt
has family-dependent effects. Overall, Claude
models tend to benefit from the added behav-
ioral constraints, GPT models are often neutral
or slightly worse, suggesting the prompt may be
over-prescriptive, and Gemini models show mixed
outcomes. These results indicate that prompt poli-
cies are not a universal “agent upgrade” and that
model-specific prompt tuning can matter.

Model Pre-cutoff  Post-cutoff A
Claude Haiku 4.5 2.0% 12.3%  +10.3pp
Claude Opus 4.5 1.5% 23.1% +21.6pp
Claude Sonnet 4.5 0.0% 2.5% +2.5pp
Gemini 2.5 flash 47.2% 29.5%  -17.7pp
Gemini 2.5 pro 26.4% 33.6% +7.2pp
Gemini 3 flash 0.0% 0.0% +0.0pp
Gemini 3 pro 21.8% 18.8% -3.0pp
GPT-5 mini 8.6% 32.0% +23.3pp
GPT-5 nano 35.5% 254%  -10.1pp
GPT-5.1 16.8% 32.0% +15.2pp
GPT-5.2 3.5% 28.7%  +25.1pp

Table 3: Pre-cutoff vs. post-cutoff award-tier prediction
accuracy in agentic + structured prompt setting at mes-
sage limit 50.

5.4 RQ4: Post-cutoff evaluation

Post-cutoff evaluation can materially change con-
clusions about model performance on the same
capability. Table 3 summarizes shifts on Awards
from pre- to post-cutoff in the agentic + structured
prompt setting with a message limit of 50. Impor-
tantly, pre-cutoff performance may reflect both (i)
potential exposure to historically available targets
and (ii) differences in difficulty or data composition
between splits; post-cutoff evaluation removes the
former but does not control away the latter. The
shifts are highly model-dependent: for example,
Gemini 2.5 Flash drops (-17.7pp), whereas sev-
eral GPT and Gemini variants increase by double
digits. Overall, these results show that moving eval-
uation beyond training cutoffs can substantially
alter rankings, motivating post-cutoff splits as a
standard component of Proof of Time.

6 What Goes Wrong in Agentic Runs?

To understand why additional interaction budget
does not always translate into correct forecasts, we
analyze 1,759 single-agent execution traces using
an LLM-as-judge protocol (Gemini 3 pro) with
stratum-specific rubrics (Appendix Fig. 13). The
judge inspects each interaction log and assigns
each run to one of three strata: complete-correct,
complete-wrong, or incomplete (terminated by hit-
ting the interaction budget). Overall, 630 runs are
complete-correct (35.8%), 625 are complete-wrong
(35.5%), and 504 are incomplete (28.7%).

6.1 Why runs succeed

Based on the LLM-as-judge annotations, complete-
correct runs typically follow a concise “retrieve—
verify—commit” pattern: the agent identifies the
relevant artifact in the offline evidence (e.g., the



Category Count  Share Category Count  Share
Reasoning error 232 37.7% Looping / thrashing 183 36.5%
Retrieval/tooling 223 36.3% Budget exhaustion 145 28.9%
Stopping too early 53 8.6% Budget exhaustion via looping 100  19.9%
Format/constraint violation 46 7.5% Other 45 9.0%
Task misunderstanding 32 5.2% Tooling / environment errors 22 4.4%
Evidence misread 29 4.7% Missing resource / data 6 1.2%

Unresolved ambiguity 1 0.2%

Table 4: Failure taxonomy for complete-wrong runs
(primary category from the judge).

correct row, paper identifier, or leaderboard en-
try), extracts the instance-specific signal, and com-
mits only after the instance-local evidence is in
hand. However, the LLM judge frequently notes
process-level fragility even among correct answers,
including redundant steps and occasional “lucky”
correctness (Appendix Table 11). This suggests
that outcome correctness alone can mask brittle
reasoning paths, motivating trace-level analysis.

6.2 Why runs fail

For complete-wrong runs, the dominant failure
modes are reasoning errors (37.7%) and re-
trieval/tooling failures (36.3%), followed by stop-
ping too early (8.6%) and format/constraint vi-
olations (7.5%). Table 4 summarizes these cate-
gories. Qualitatively, failures often arise when the
agent retrieves broadly relevant materials but mis-
attributes them to the target instance, or when it
commits based on partial evidence without a final
verification step.

6.3 Why runs are incomplete

Incomplete runs are primarily characterized by
looping/thrashing and budget exhaustion. Ta-
ble 5 shows that looping behaviors account for the
largest share of incompletions, either directly or by
consuming the budget through repeated retrieval
and debugging cycles. In many traces, the judge
identifies a clear information bottleneck (most com-
monly retrieval/search formulation or parsing), but
the agent fails to reach a decisive “last-mile” step
before the message limit.

7 When Do Agents Pay Off?

Tool-using agents can improve PoT performance,
but the gains are rarely free: in our runs, agen-
tic execution often increases token consumption
by one to two orders of magnitude relative to a
zeroshot baseline, and the resulting accuracy im-
provements are highly model- and task-dependent.

Table 5: Non-convergence categories for incomplete
runs.

We summarize these trade-offs using efficiency
frontiers that show accuracy gain over zeroshot
against token overhead at multiple message bud-
gets. The results show that at low budgets, sev-
eral model configurations yield negligible or even
negative gains despite substantial overhead, while
higher message limits can unlock improvements for
some models but not others. Aggregating by task
family provides a complementary view: evidence-
intensive families such as Faculty and Citations
benefit most from increased interaction/compute
budgets, whereas Awards and SOTA exhibit smaller
or less reliable gains under comparable overhead.
Overall, PoT supports a pragmatic policy: use ze-
roshot or low-budget agents for routine tasks, and
reserve higher-budget agents for cases requiring ex-
tensive evidence gathering, critical verification, or
where errors are costly. Detailed results are shown
in Figure 11 and Figure 12 in Appendix D.3.

8 Conclusion

We introduced PoT, a time-partitioned, semi-
verifiable benchmark framework for evaluating
research-idea judgments through downstream sig-
nals that arrive after a cutoff time. By freezing
pre-cutoff artifacts in an offline sandbox and scor-
ing forecasts against post-cutoff outcomes, PoT
enables scalable, contamination-aware evaluation
without relying on exhaustive expert annotation.
Empirically, across 30K+ instances spanning four
domains, we find that increased interaction budgets
generally improve agentic performance, but gains
vary by model family. Tool use yields the largest
improvements on Faculty and moderate gains on Ci-
tations, while Awards changes little on average and
SOTA remains near ceiling in both zero-shot and
agentic settings. We also observe that structured
prompting is not a universal upgrade and that post-
cutoff evaluation can materially shift conclusions
about model performance, motivating post-cutoff
splits as a standard component of Proof of Time.



Limitations

Proxy targets. PoT evaluates scientific idea judg-
ments against downstream signals such as citation
counts, award tiers, benchmark trajectories, and
shifts in publication topics. These signals are exter-
nally verifiable but imperfect proxies for the under-
lying construct of “idea quality”: these proxies can
be influenced by visibility, community dynamics,
and measurement noise, and may under-represent
important contributions that accrue impact slowly
or outside mainstream venues.

Temporal and collection choices. Labels de-
pend on the choice of cutoff ¢y and horizon ¢, and
on the specific data sources and joining heuristics
used to construct pre- and post-cutoff snapshots.
While the benchmark is designed to be refreshable,
different horizons or collection pipelines may yield
different difficulty profiles and error patterns.

Offline sandbox realism. The offline sandbox
intentionally removes live web access to reduce
leakage and make tool use measurable. This im-
proves experimental control but departs from how
researchers and deployed assistants typically oper-
ate, where up-to-date retrieval is often available.
Results should therefore be interpreted as mea-
suring performance under a constrained evidence
regime rather than full open-world assistance.

Agent loop and compute budget. Our agentic
solvers use a particular single-agent interaction pro-
tocol and a finite message budget. Different agent
architectures, termination policies, or tool inter-
faces may change absolute performance and failure
modes; message-limit scaling in particular may not
translate directly to other interaction designs or cost
regimes.
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Appendix overview. This appendix provides supplementary details on dataset construction (§A), experi-
mental setup (§B), additional experimental results (§C), compute cost (§D), trace-level agent behavior
diagnostics (§E), trace-level LLM-as-judge diagnostics protocol (§F), and examples for the structured
prompt in our agentic workflow (§G).

A Data Collection and Dataset Construction

PoT uses the same data collection and parsing pipelines at two time points. We first collect a snapshot
at cutoff time ¢y and use it to construct the evidence that solvers can access in the offline sandbox. For
all tasks, we define ¢ as January 2025 for all models whose knowledge cutoff precedes that date, which
reduces the risk of data contamination during inference. The only exception is GPT-5.2, whose knowledge
cutoff is August 31, 2025, so for GPT-5.2 we set ¢y to September 1, 2025. We later collect a second
snapshot at time ¢; using the same procedures and use it to define labels and evaluate predictions. This
design keeps formats and join keys consistent across time, while ensuring that correctness is determined
by post-cutoff signals.

A.1 Paper metadata

We use OpenReview as the primary structured source for paper metadata. For each paper, we parse the
title, abstract, author list, venue, and year, and we retain additional fields when available such as keywords
and subject areas. Because different venues expose slightly different schemas, we normalize records into
a common representation and construct stable paper identifiers. The ¢g snapshot provides the paper pools
and evidence artifacts used in the sandbox. The ¢; snapshot is collected in the same way and is used to
finalize post-cutoff paper sets and to support evaluation joins.

A.2 Citations data

For Citations, we collect citation counts from Google Scholar. We define ¢ as January 2025. Pre-cutoff
papers are those from ACL, NAACL, and EMNLP published before ¢(, while post-cutoff papers are ACL
2025 and NAACL 2025 papers published after ¢5. We run the same collection pipeline at ¢; and store
counts with retrieval timestamps, treating the ¢; snapshot as the gold label source for forecasting across
all included papers. We set ¢; to November 2025. Because EMNLP 2025 is too close to ¢ for citation
counts to meaningfully reflect longer-term impact, we exclude EMNLP 2025 papers from the citation
forecasting evaluation.

A.3 Awards data

We parse papers from OpenReview for ACL, NAACL, and EMNLP from 2021 to 2025, along with their
metadata such as title, authors, abstract, and venue. Labels are the realized award tiers, including Findings,
Main, Outstanding, and Best. We define ¢y as January 2025, so papers from 2021 to 2024 constitute
pre-cutoff data and are eligible to serve as sandbox evidence. We define ¢; as November 2025, so the
post-cutoff data consist of 2025 papers from the three conferences together with their award tiers, which
we use for evaluation. For ablation studies, we additionally sample 200 papers from 2021 to 2024 across
ACL, NAACL, and EMNLP. These sampled papers are excluded from the historical evidence pool to
avoid leakage between evidence and evaluation splits.

A.4 SOTA benchmark snapshots

For SOTA forecasting, we compile snapshots from mainstream benchmarks and popular public leader-
boards. We normalize each snapshot into a structured schema that records the benchmark name, the metric
definition, the snapshot date, and the reported score. We collect snapshots at ¢y and ¢; using the same
schema. We define ¢; as October 2025, corresponding to the time this paper is written.

A.5 Professor tasks

For professor tasks, publication histories are assembled from OpenReview paper metadata using canon-
icalized author names and disambiguation heuristics, and we reuse the same paper fields as above. To
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Task Description N Samples Temporal Status

Citation MCQ Select the most-cited paper 200 Post-cutoff
Citation Rank Rank papers by predicted citations 200 Post-cutoff
Citation Bucket Citation bucket prediction 200 Post-cutoff
Award (Pre-cutoff) Award tier classification 197 Pre-cutoff

Award (Post-cutoff) Award tier classification 122 Post-cutoff
Prof. Field Professor field prediction 73 Post-cutoff
Prof. Article Professor article attribution 76 Post-cutoff
Field Focus Field focus classification 9 Post-cutoff
SOTA Bucket SOTA benchmark forecasting 45 Post-cutoff

Table 6: Task statistics for PoT benchmark.

represent research areas in a way that is usable for prediction and offline evidence, we generate per-
professor field descriptors using an LLM applied to pre-cutoff publications only. These descriptors include
keywords and an area label from a fixed taxonomy, are computed once, and are stored as static artifacts in
the tg sandbox. Post-cutoff updates are collected in October 2025 in the same way and are used only to
define labels for evaluation, not as solver evidence.

A.6 Task instances and sandbox manifests

All tasks are rendered as JSONL instances with a unified schema that includes the user-facing prompt,
a discrete target label or ranking, and metadata describing the task family, cutoff time, and sampling
variant. Each instance also includes a manifest listing the exact read-only artifacts mounted in the sandbox
at runtime. This makes evidence access explicit, supports reproducible offline evaluation, and enables
post-hoc analysis grounded in the exact inputs visible to the solver.

A.7 Task suite statistics

Table 6 summarizes the number of instances per task in our evaluation suite and indicates whether labels
are derived from pre-cutoff or post-cutoff signals.

A.8 Standardized Instance Format

All PoT tasks are represented in a common JSONL schema to support unified evaluation and cross-task
comparisons. Each record stores the prompt, the discrete target label, the solver interaction trace (for
agentic runs), and metadata such as task family, variant, and message limit. This standardization enables
consistent scoring, stratified analysis by task/variant, and post-hoc error analysis grounded in the exact
evidence and tool traces available to the solver at runtime.

B Additional Experiment Setup

All models were evaluated using their default API sampling parameters (temperature, top_p, etc.) without
task-specific tuning. This ensures results reflect out-of-the-box model performance and avoids hyperpa-
rameter optimization bias. The only modified parameters were infrastructure settings: max retries (3),
timeout budgets (10 min for agent tasks, 3 min for zero-shot), and concurrent connection limits (10).

C Supplementary Results

C.1 Test-time compute scaling (details)

Numerical scaling summary. Table 7 reports the exact sample-weighted accuracies at message limits
15, 30, and 50, along with the corresponding 15— 50 gains for each model. While the main text emphasizes
overall trends via Figure 2A, the table makes clear that scaling behavior is heterogeneous: models vary
both in their low-budget starting point and in how much they benefit from additional interaction.
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Model Acc@15 Acc@30 Acc@50 A(15—50)

Claude Haiku 4.5 8.4% 26.1% 35.1% +26.7pp
Claude Opus 4.5 16.7% 28.2% 41.2% +24.5pp
Claude Sonnet 4.5 2.9% 25.9% 31.0% +28.1pp
Gemini 3 Pro 27.2% 44.8% 55.8% +28.6pp
GPT-5.2 17.9% 39.3% 40.1% +22.2pp
Gemini 2.5 pro 26.7% 55.6% 53.6% +26.9pp
GPT-5.1 26.7% 44.3% 45.0% +18.4pp
Gemini 3 Flash 20.3% 32.0% 39.2% +18.8pp
Gemini 2.5 Flash 17.2% 37.0% 37.5% +20.4pp
GPT-5 nano 21.7% 35.1% 33.9% +12.1pp
GPT-5 mini 22.3% 38.7% 37.7% +15.4pp

Table 7: Full test-time scaling summary (sample-weighted accuracy).

Gains from additional interaction budget. Figure 3 visualizes these 15—50 improvements as a
waterfall plot, making it easy to see which models convert additional message budget into the largest
accuracy gains. Together with Table 7, it shows that improvements are not uniform: some models exhibit
strong test-time scaling, while others plateau earlier and realize smaller marginal benefits.

Scaling by model family. Figure 4 complements Table 7 and Figure 3 by aggregating the same scaling
curves at the model-family level. This view smooths out model-specific variance and highlights systematic
differences in how families trade off initial accuracy versus marginal returns as the message limit increases,
providing a compact summary of provider-level scaling behavior.

C.2 Task interaction limits

Figure 5 analyzes agentic runs that terminate by exhausting the message budget rather than by reaching
a confident solution. Across models and tasks, limit hits are concentrated in the most difficult settings,
where agents repeatedly search, verify, or backtrack without converging. This highlights non-convergence
as a practical failure mode for agentic evaluation and motivates treating interaction budgets and explicit
stop rules as first-class design choices in future iterations of the benchmark.

C.3 Agentic vs. zero-shot performance

Figure 6 compares agentic accuracy against zeroshot accuracy across models and tasks, with the diagonal
indicating parity. Points above the diagonal correspond to settings where agentic reasoning improves
performance, while points below indicate cases where direct generation is preferable. Across providers,
agentic reasoning frequently outperforms zeroshot in low-baseline regimes, where zeroshot accuracy is
near chance and additional interaction enables recovery from early errors. In contrast, when zeroshot
accuracy is already moderate to high, gains from agentic reasoning become less consistent, and many
configurations fall below the parity line, indicating that additional interaction does not reliably translate
into improved decisions.

Overall, the asymmetry suggests that agentic reasoning is primarily valuable as an error-recovery
mechanism rather than a uniform booster: it helps most when baseline predictions are unreliable, and
offers less consistent benefits when the zero-shot system is already frequently correct.

C.4 Model-task landscape

Figure 7 visualizes the model-task performance landscape at message limit 50, revealing systematic task
clusters and model-family differences that are not visible from aggregate accuracy alone.

C.5 Task difficulty

Figure 8 summarizes task difficulty averaged across models at our primary interaction budget. The award-
tier prediction tasks are consistently among the most challenging, reflecting the noisiness and subjectivity
of peer-review outcomes as supervision signals, whereas more structured tasks such as SOTA bucket
prediction and professor—article attribution are substantially easier. This spread in difficulty supports the
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Gemini 3 Pro Preview +29%
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Gemini 2.5 Pro +27%
Claude Haiku 4.5 +27%
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GPT-5.2 +22%
Gemini 2.5 Flash +20%
Gemini 3 Flash Preview +19%
GPT-5.1 +18%
GPT-5 Mini +15%
GPT-5 Nano +12%

I I I I I I |
0.00 0.05 0.10 0.15 0.20 0.25 0.30
Accuracy Gain (Acc@50 — Acc@15)

Figure 3: Scaling gains from increased test-time compute (Acc@50 — Acc@15) by model.

benchmark design goal of covering both high-uncertainty “idea quality” settings and more mechanistic,
evidence-driven forecasting tasks.

C.6 Overall performance at fixed interaction budgets

Figure 9 and Figure 10 provide aggregate views of model performance at message limit 30 and 50
respectively, our primary interaction budget in the main experiments. This summary complements the
scaling analysis in Figure 2A by showing absolute performance at a fixed budget, and can be used as a
quick reference for cross-model comparison under a high-compute setting.

D Cost-Performance Analysis

D.1 Compute cost

Table 8 reports total API spend for the runs summarized in this paper for all experiments at once. The total
cost of developing our benchmark was $11364.33. For OpenAl models we report input/output components
in addition to the total; for Gemini and Claude we report totals only when token-level breakdowns were
not available in our logs.

D.2 Token usage

To complement dollar-denominated spend, we also summarize compute consumption directly from
evaluation traces as total tokens per run under different agent message budgets in Table 9. This view
makes clear that agentic execution can scale sharply with interaction budget: increasing the message limit
from 15 to 30 (and 50) often yields superlinear growth in tokens due to longer deliberation, tool use, and
repeated context updates. In the main analysis, we therefore normalize token usage by the number of
evaluated instances and include cached tokens when available, reporting “effective tokens per sample” as
a model-agnostic proxy for computational overhead used in our efficiency tradeoff plots.
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Figure 4: Scaling behavior aggregated by model family.

D.3 Agentic cost—performance efficiency

Figure 11 reports model-level efficiency frontiers, plotting accuracy gain over zeroshot against token
overhead (log scale) for three interaction budgets (15/30/50 messages). Figure 12 aggregates the same
analysis by task family (Awards, Citations, Faculty, SOTA), highlighting that evidence-intensive families
tend to benefit more from higher agent budgets.

E Additional Agent Behavior Diagnostics

Bottleneck categories across failures. Table 10 aggregates the bottleneck descriptions flagged by the
judge across complete-wrong and incomplete runs. The largest category is retrieval/search, followed by
parsing/extraction. This suggests that failures are often driven by the agent’s ability to (i) form effective
queries and (ii) correctly extract the instance-specific signal from retrieved artifacts, rather than by a lack
of high-level task understanding alone.

Process-level notes within correct traces. Table 11 summarizes heuristic flags derived from judge
narratives within complete-correct runs. Even when the final answer is correct, the judge frequently
notes redundant steps and occasional lucky correctness, highlighting that interaction traces provide a
complementary signal to outcome accuracy for evaluating agentic systems.

F LLM-as-judge protocol for trace annotation

Figure 13 lists the stratum-specific rubrics and required JSON keys used to annotate traces in the LLM-as-
judge agent behavior analysis.

G Agent Prompt
G.1 Structured Prompt

The structured system prompt used for the agent + structured prompt setting is inspired by the prompt
design of Google’s Antigravity agent. The original Antigravity prompt specifies a general-purpose, agentic
assistant designed to support research and engineering workflows by combining structured instructions,
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Figure 5: Analysis of runs that hit the interaction/message limit.

Prov. Model In($) Out($) Tot($)
OpenAl  GPT-5.2 127.565 84.540  212.105
OpenAl  GPT-5.1 71.552 49.064 120.616
OpenAl  GP-5 mini 21.730  24.005 45.735
OpenAl  GPT-5 nano 2.578 11.862 14.440
Google Gemini 2.5 flash - - 91.000
Google Gemini 2.5 pro - - 374.000
Google Gemini 3 flash - - 184.000
Google Gemini 3 pro - - 696.000
Anthropic Claude Haiku 4.5 - - 395.710
Anthropic Claude Sonnet 4.5 - - 899.540
Anthropic Claude Opus 4.5 - - 1781.510

Table 8: API spend by model (USD). OpenAl totals sum input+output charges; Gemini/Claude entries report totals
only.

tool use, and explicit behavioral constraints. Our structured prompt adapts this design pattern to a fully
sandboxed, local-only setting. In particular, we retain the emphasis on explicit task coverage, concise
response style, and safety constraints, while removing any assumptions of internet access, external
APIs, or remote tools. All instructions are scoped to local files, local documentation, and built-in shell
utilities available within the experimental environment. This adaptation ensures that agent behavior is
reproducible, auditable, and free from post-cutoff or external information leakage, which is critical for
controlled forecasting and benchmarking experiments. The resulting prompt serves as a transparent and
minimal agent specification rather than a proprietary system, and is included verbatim in Figure 14 for
completeness.
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Model 15 30 50 15—30 (%) 30—50 (%)

Claude Haiku 4.5 2,311,566 6,599,872 12,882,071 185.52 95.19
Claude Opus 4.5 2,565,028 8,179,188 14,951,570 218.87 82.80
Claude Sonnet 4.5 2,276,708 6,098,161 13,589,968 167.85 122.85
Gemini 3 Pro 2,612,233 5,215,060 8,923,587 99.64 71.11
Gemini 3 Flash 1,060,000 2,050,000 3,450,000 93.40 68.29
Gemini 2.5 Flash 1,973,369 2,881,910 3,373,690 46.04 17.06
Gemini 2.5 Pro 2,124,477 3,129,787 3,188,135 47.32 1.86
GPT-5 mini 1,585,242 1,992,894 2,545,470 25.72 27.73
GPT-5 nano 1,298,123 1,629,868 1,728,580 25.56 6.06
GPT-5.1 1,295,522 1,146,762 1,552,897 -11.48 3542
GPT-5.2 1,514,167 2,074,460 2,048,062 37.00 -1.27

Table 9: Average total token usage per run as a function of agent message limit. Percentage columns report relative
increases between adjacent budgets.

Bottleneck category Count  Share
Retrieval / search 594 52.6%
Parsing / extraction 260  23.0%
Other 136 12.0%
Missing file / path 51 4.5%
Reasoning 35 3.1%
Task understanding 27 2.4%
Environment / dependencies 18 1.6%
Entity disambiguation 8 0.7%

Table 10: Information bottleneck categories flagged by the judge across failed runs (complete-wrong and incom-
plete).

Judge flag Fraction
Verification noted 15.7%
Unsupported claims noted 27.3%
Lucky/guessing noted 43.1%
Redundancy noted 78.6%

Table 11: Heuristic judge flags among complete-correct runs. Fractions are computed over correct runs only.
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Figure 6: Agentic (message limit 50) vs. zero-shot accuracy across task—-model combinations; points above the
diagonal indicate gains from tool use.
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Figure 7: Model-by-task heatmap at message limit 50.
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Figure 8: Task difficulty ranking averaged across models.
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Figure 9: Overall performance at message limit 30 (mid-budget setting).
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Figure 10: Overall performance at message limit 50.
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Accuracy gain vs zeroshot
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Figure 11: Model-level efficiency frontier. Each point compares an agentic configuration (15/30/50 message limit)
to a zeroshot baseline for the same model, plotting accuracy gain vs. token overhead (log scale).
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Figure 12: Task-family efficiency frontier (Awards, Citations, Faculty, SOTA). We aggregate sample-weighted
accuracy within each family and compare agentic budgets against zeroshot.
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Complete-correct rubric
1) Grounding audit:
unsupported claims.

2) Reasoning robustness: weakest step /
luck.

3) Evidence sufficiency: enough
evidence or partial.

4) Efficiency: redundant steps; minimal
steps to succeed.

5) Generalizability: likely to work on
similar instances?

supported vs

JSON keys

{grounding_audit, reasoning_robustness,
evidence_sufficiency,
efficiency_redundancy,
generalizability}

Complete-wrong rubric

1) First error localization: where it
first goes wrong + why.

2) Failure taxonomy: dominant failure
mode + justification.

3) Missing/ignored evidence: what it
should have used.

4) Overconfidence vs uncertainty: where
it should have hedged.

5) Minimal fix: smallest change likely
to flip outcome.

JSON keys
{first_error_localization,
failure_taxonomy,
critical_missing_ignored_evidence,
overconfidence_vs_uncertainty,

Incomplete rubric

1) Non-convergence cause:
ambiguity / over-exploration.
2) Last real progress: last meaningful
step + what changed.

3) Information bottleneck:
piece blocking completion.
4) Earlier commitment: where it could
have answered earlier.

5) Progress signal: measurable progress
or stagnation?

looping /

missing

JSON keys
{non_convergence_cause,
last_real_progress,
information_bottleneck,
earlier_commitment_point,

minimal_fix} progress_signal}

Figure 13: Stratum-specific LLM-as-judge rubrics and required JSON output keys used for trace annotation.

Offline Antigravity Inspired Agent (Local-Only)

You are Antigravity, a powerful agentic Al assistant for all project tasks in this repo (analysis, writing, data prep, debugging,
Inspect Al benchmarks, dashboards, docs). Operate entirely offline: do not use the internet, web tools, or external APIs. Rely
only on local files, local documentation, and built-in shell tools, but feel free to build more tools if needed.

Core Behavior

Collaborate on whatever task the user defines: clarify goals, propose next steps, and execute (code, data analysis,
writing, summarization, planning).

Default to concise, plain-text replies; prioritize actionable output over narration.

Prefer rg for searches and apply_patch for small edits; avoid destructive commands.

» Never revert user changes unless explicitly asked. Do not use networked package installs or web lookups.

When testing or checking work, run the smallest relevant command; if a step would require network access, skip and
note it.

Task Coverage

* Inspect benchmarks: award_react, citation_react, future_work_react, sota_forecast. Assume sandboxed
data only; follow repo scripts/README for runs.

* Dashboards/notebooks: follow existing patterns; keep computations local and reproducible.

* Docs/planning: keep instructions concise and grounded in local project context.

Response Style

* Lead with the outcome or findings, then key file references (use inline paths like path/to/file.py:12).
» Use bullets sparingly for clarity; keep messages tight and useful.
* Offer next-step suggestions only when they are obvious and helpful.

Safety and Limits

* No internet or web browsing. No external tool calls beyond local shell commands.
* Keep edits ASCII unless the file already uses non-ASCII.
* Respect existing project conventions, workflows, and user-provided instructions.

Quick Usage
Start each task by restating the goal and planned steps. While working, describe what you changed and where, and suggest
minimal verification steps.

Figure 14: Structured system prompt for the Agent + Structured Prompt setting used in our experiments.
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