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Abstract

Markets are a promising way to coordinate AI agent activity for similar reasons
to those used to justify markets more broadly. In order to effectively participate
in markets, agents need to have informative signals of their own ability to suc-
cessfully complete a task and the cost of doing so. We propose MarketBench, a
benchmark for assessing whether AI agents have these capabilities. We use a 93-
task subset of SWE-bench Lite, a software engineering benchmark, with six re-
cently released LLMs as a demonstration. These LLMs are miscalibrated on both
success probability and token usage, and auctions built from these self-reports di-
verge from a full-information allocation. A follow-up intervention where we add
information about capabilities from prior experiments to the context improves cal-
ibration, but only modestly narrows the gap to a full-information benchmark. We
also document the performance of a market-based scaffolding with these LLMs.
Our results point to self-assessment as a key bottleneck for market-style coordina-
tion of AI agents.

1 Introduction

Agent benchmarks mostly ask whether a model can finish a task. Under market-style rules, agents
typically name a price and convey how likely they are to succeed before a task is assigned, so allo-
cation turns on self-reported odds and expected cost, not only on whether a run ultimately succeeds.
We propose MarketBench, a benchmark for this self-assessment on realistic software-engineering
tasks. Our initial instantiation uses 93 SWE-bench Lite tasks and six recently released LLMs. Mod-
els have weak self-assessment: current models are poor at forecasting both their success probability
and their token usage, and those errors carry over into auction outcomes built from the same self-
reports.

Why focus on this capability? Multi-agent systems are quickly becoming the standard way to do
complex work through tools such as Claude Code and OpenClaw. However, these systems are
complex and have ad-hoc rules for determining when and which types of agents are used across sit-
uations. In contrast, markets simplify complexity through the price mechanism. They are attractive
for coordinating heterogeneous agents when task-specific fit, cost, or speed are local to the worker
rather than visible to a central planner. But this logic only works if workers can say something
informative about their own likely performance. Without calibrated self-assessment, bids are noisy
from the start and downstream allocation suffers.2 Even when the base model is public, the mapping
from a task to success probability and token use is not predictable ex ante, and operator-side context
(scaffolding, tools, state) makes private information genuinely decentralized.

∗Andrey Fradkin: Boston University and the MIT Initiative on the Digital Economy. Rohit Krishnan: Independent
Researcher.

2This difficulty is compounded by what Dell’Acqua et al. (2023) call the “jagged technological frontier”: AI capability
boundaries are irregular and unpredictable, with models excelling at some tasks while failing at others of seemingly similar
difficulty.
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MarketBench is based on SWE-bench Lite software-engineering tasks, and we intend to extend it to
other tasks. In its current form, MarketBench consists of two task families:

1. MarketBench Calibration: We ask agents to forecast whether they can complete a task
in one attempt and the total token usage they expect that attempt to consume. We then
compare those reports to realized model runs and map the token forecasts into expected
dollar costs using model-specific pricing.

2. MarketBench Auction: We use the previously elicited success and token estimates to derive
bids for a reserve-price procurement simulation and measure the resulting payoffs relative
to full information about capabilities and costs.

Separately, we present an illustrative scaffold experiment that elicits beliefs to route work across
agents. We find that the scaffold benefits from using a diversity of agents, but is limited by the
weak self-assessment of these agents. We treat this scaffold as a prototype of a system that can be
improved in the future when agents improve their self-assessment capabilities.

The rest of this paper proceeds as follows. Section 2 reviews related work on multi-agent coordina-
tion, LLM self-evaluation, and market mechanisms for computational resource allocation. Section 3
presents a simple model of market-based task allocation among heterogeneous AI agents and derives
the conditions under which market coordination outperforms fixed non-market routing rules. Sec-
tion 4 introduces MarketBench, describing the task sets, bidding protocols, evaluation metrics, and
benchmark results. Section 5 then presents our illustrative live scaffold experiment together with
its empirical results. Section 6 discusses the implications for AI agent design, hybrid market–AI
coordination, and the path toward market-ready agents.

2 Related Work

A growing literature proposes multi-agent LLM systems that decompose work across role-
specialized agents and coordinate through explicit prompting, message passing, and hand-designed
workflows (Wu et al., 2023; Hong et al., 2023; Li et al., 2023). Commercial coding agents simi-
larly rely on centralized scaffolds that route subtasks, manage tool use, and implement retry logic
(Anthropic, 2025; OpenAI, 2025). More dynamic orchestrators replace static chains with planner–
scheduler architectures, but the core paradigm remains hierarchical: a central controller must decide
decomposition, assignment, and failure recovery (Song et al., 2025; Tomašev, Franklin, and Osin-
dero, 2026). Related work also explores market-inspired routing rules. For example, Alazraki et al.
(2026) uses “strategy auctions” to score agent plans and route work among heterogeneous models,
but this is not a literal market mechanism in our sense because bids do not arise from agents pricing
their own expected success and cost under an incentive-compatible allocation rule. Our focus differs
in asking whether coordination can be decentralized through market mechanisms, taking inspiration
from how markets have been used at scale in society, and what agent capabilities such mechanisms
presuppose.

The idea of bid-based allocation in multi-agent systems predates LLMs. Classical distributed AI
introduced contracting and bidding protocols for task allocation, and the computer-systems liter-
ature developed market-based approaches to allocate fungible computational resources. Market-
oriented programming, for example, computes allocations via competitive-equilibrium prices in ar-
tificial economies (Wellman, 1993). Those mechanisms work when agents can price their own costs
and constraints accurately. In our setting, the traded object is heterogeneous cognitive labor whose
quality and cost depend on model, context, and tools, so meaningful bids require metacognitive
self-assessment.

A second, related, literature evaluates frontier agents on complex tasks. METR characterizes the
time horizon over which an agent can sustain autonomous work (Kwa et al., 2025); GDPval mea-
sures performance on economically meaningful occupational tasks (Patwardhan et al., 2025); and
the Holistic Agent Leaderboard standardizes comparisons across models and scaffolds and uses roll-
out logs to surface behavioral failure modes (Kapoor et al., 2025). Our closest reference is Rabanser
et al. (2026), which argues that single success metrics obscure important dimensions of agent perfor-
mance and elicits the model’s confidence that its answer is correct, evaluating those forecasts using
the Brier score, as we do. Our elicitation target differs: we ask for ex ante beliefs about task-level
success and expected cost, rather than confidence in the correctness of a realized answer.
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This connects naturally to work on LLM confidence elicitation and calibration. Numerous papers
document miscalibration and elicitation sensitivity (Xiong et al., 2024; Geng et al., 2024; Zhang
et al., 2024). We extend this agenda from answer-level confidence to agentic production: market
participation requires calibrated beliefs about task completion and expected cost, beyond correct-
ness alone. Finally, our motivation is grounded in classic arguments for decentralized coordination.
Hayek emphasizes that prices aggregate dispersed local knowledge (Hayek, 1945).

3 Conceptual Framework

In this section, we walk through a stylized model in which the value of a market mechanism for a
principal looking to complete a task comes from task-specific private information. We consider this
framework an intuition pump, rather than a full model of a market-based scaffolding.

A principal receives value v > 0 if a task is completed. There are two agents, H and L. Agent H is
the “better” agent on average but is also more expensive: it has higher baseline capability aH > aL
and higher cost cH > cL > 0. Each task has difficulty d. For agent i ∈ {H,L}, realized task fit
is ai + εi, where εi is an idiosyncratic draw. The agent succeeds if ai + εi ≥ d. If F denotes the
cumulative distribution function of εi, then the ex ante completion probability of agent i on a task
of difficulty d is

pi(d) = 1− F (d− ai),

so pH(d) ≥ pL(d) for every d.

Three non-market baselines ignore the task-specific draw εi: assign only the better agent, only the
worse agent, or both in parallel. Their expected welfare is WH(d) = vpH(d) − cH , WL(d) =
vpL(d)− cL, and WP (d) = vQP (d)− cH − cL with QP (d) = 1− (1− pH(d))(1− pL(d)). The
better agent dominates the worse one when v[pH(d) − pL(d)] > cH − cL, and parallel execution
beats either single-agent rule only when its incremental success probability covers the redundant
cost.

Now suppose that before bidding each agent observes its own task-specific draw εi and hence learns
whether the task lies within its current capability frontier. To keep the algebra transparent, assume
that after observing εi the agent knows whether it can complete the task, so its realized completion
probability is

πi(d, εi) = 1{ai + εi ≥ d}.
Consider a success-contingent procurement contract that pays bi only if the task is successfully
completed. Agent i’s expected payoff from such a contract is πi(d, εi)bi − ci, so a zero-profit bid is
bi = ci/πi(d, εi). The principal therefore awards the task to the cheapest agent among those who
know they can solve it, provided the implied payment is below v.

Under independence, this yields a simple expression for expected value. Let pi(d) denote the ex
ante probability that agent i declares itself able to solve the task. Since the worse agent is cheaper,
it wins whenever it is capable; the better agent is used only when the worse agent cannot solve the
task and the better one can. Hence the market allocation has expected value

WM (d) = pL(d)(v − cL) + (1− pL(d)) pH(d)(v − cH),

expected cost
CM (d) = pL(d)cL + (1− pL(d)) pH(d)cH ,

and completion probability

QM (d) = pL(d) + (1− pL(d)) pH(d).

The market allocation is valuable because it conditions on private, task-specific information rather
than on average success rates alone.

To compare the welfare of the different allocation rules more transparently, it is useful to work
directly with ex post capability states. Let λℓh(d) = Pr(πL = ℓ, πH = h) for ℓ, h ∈ {0, 1}, where
the first index refers to L and the second to H . Thus λ10 is the probability that only L can solve the
task, λ01 is the probability that only H can solve it, λ11 is the probability that both can solve it, and
λ00 is the probability that neither can solve it. The expected welfare of the market mechanism can
then be written as

WM (d) = λ10(v − cL) + λ01(v − cH) + λ11(v − cL),
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since the market picks the cheapest capable agent in each state and does not allocate the task when
neither agent can solve it.
Proposition 1. Suppose v > cH > cL > 0. Then the market allocation weakly dominates each
non-market alternative. Moreover, the dominance is strict whenever there is positive probability of
a state in which the alternative either allocates the task to the wrong agent, pays a redundant agent,
or pays for an attempt when no agent can solve the task.

Relative to fixed assignment, the market preserves the good states while correcting the bad ones: it
uses L when only L can solve, uses H when only H can solve, uses the cheaper agent when both
can solve, and avoids wasting cost when neither can solve. Relative to parallel execution, the market
achieves the same completion outcome in every state but avoids paying redundant costs. The proof
is in Appendix B.

The assumption that agents perfectly observe εi is stronger than what practice requires. In realistic
systems, agents only need a signal about likely success or cost that is more informative, or at least
not fully redundant, relative to the principal’s own signal. If an agent’s self-assessment is just a noisy
restatement of what the principal already knows, bidding adds little. But if self-assessment contains
even modest incremental information about task-specific fit, then bidding can improve allocation
and reduce unnecessary parallelism.

4 MarketBench

MarketBench is a benchmark for AI agents’ readiness for market participation. Our initial instanti-
ation uses SWE-bench Lite tasks (Jimenez et al., 2024): real GitHub issue-fix pairs with executable
test suites and a binary notion of success, drawn from a small set of mature open-source Python
repositories so that per-repository performance priors are well-defined. The novelty of Market-
Bench lies in what we ask agents to reveal about those tasks before allocation. We study whether
models can forecast their own success probabilities and expected resource use well enough to sup-
port decentralized routing.

4.1 Calibration

The calibration task asks a model to inspect a software-engineering task and forecast whether it can
solve that task in one attempt, together with the total token budget it expects to consume. Before the
solve attempt, the model is prompted as follows:

Estimate the probability that you could complete this task correctly in one attempt. Return
JSON only with fields p_success (0..1), estimated_tokens_total (total model tokens
for one full solve attempt), rationale (optional).

We compare the reported p_success to realized pass/fail outcomes and map token forecasts into
expected dollar costs using model-specific blended pricing. Phase I uses 93 SWE-bench Lite tasks
and six frontier models, yielding 558 model-task rows. The elicitation prompt exposes the task ID,
title, full problem statement, and acceptance commands, and responses are collected as strict JSON
at temperature 0. Realized success labels come from strong-scaffold external SWE-bench runs. By
“external scaffold,” we mean a stronger SWE-bench execution environment with interactive shell
access, direct test execution and feedback, structured file editing, and multi-turn revision.

4.2 Auction

The second task family asks whether those self-assessments are good enough to support bidding.
We study a simple reserve-price procurement simulation in which each model’s bid is mechanically
derived from its previously elicited success probability and token-cost estimate rather than from a
separate bidding prompt. A given auction only includes one model as a participant, but is incentive-
compatible given that it is a second-price auction with an independently drawn reserve.

The model-specific breakeven bid is

b∗ =
token cost + penalty × (1− psuccess)

psuccess
.
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Table 1: Calibration on 93 SWE-bench Lite tasks. The pass-rate spread is much narrower than the
confidence spread. Only Claude Opus 4.5 and Claude Sonnet 4.5 achieve positive Brier skill relative
to a naive base-rate forecast. The final two columns summarize the magnitude of token-estimation
error: estimated tokens are the model’s forecast, and realized tokens are the actual usage implied by
dollar cost and model-specific pricing.

Model Mean p Pass rate Skill Est. toks Realized toks

Claude Opus 4.5 76.5% 80.6% +0.060 14,774 35,820
Gemini 3 Pro Preview 92.9% 80.6% -0.111 1,801 55,969
GPT-5.2 63.2% 80.6% -0.195 2,909 25,036
GPT-5.2-pro 66.3% 79.6% -0.111 2,647 3,970
Claude Sonnet 4.5 75.8% 77.4% +0.018 18,333 53,085
GPT-5-mini 61.4% 75.3% -0.305 2,595 28,276

The simulation uses model-specific blended token pricing,3 a failure penalty of $2, and reserve
prices drawn independently from a Uniform[0, 1] distribution, with 100 reserve draws per row and
deterministic seeds. Expected profit uses the model’s reported p_success; realized profit evaluates
the same mechanically derived bid against the observed pass indicator.

4.3 Calibration Results

We begin by evaluating whether models can predict their own task success on 93 SWE-bench Lite
tasks. Table 1 reports mean stated success probability, realized pass rate, Brier skill relative to a
base-rate benchmark, and two summary statistics for token forecasting.

The main fact from Phase I is miscalibration. All six models cluster between 75.3% and 80.6%
realized pass rates, yet their average stated success probabilities range from 61.4% to 92.9%. Gemini
3 Pro Preview is sharply overconfident, while GPT-5.2 and GPT-5-mini are underconfident relative
to their realized pass rates. To support the scaffold case study below, we select a common subset of
50 tasks that all six models attempted; on that slice, GPT-5.2 is the strongest single-model baseline
on the external scaffold at 37/50 tasks, while a simple oracle that always picks the best model reaches
42/50. Token self-estimates are also severely understated: the median estimated-to-actual token ratio
is 0.2.

We also assessed whether prompt modification can partially address this bottleneck. For a given
task, we computed performance on the other SWE-bench tasks and prepended it to the prompt.
The performance metrics we included were pass rate, average stated confidence, and typical token
underestimation; Appendix A shows a representative example, and Table A1 reports the aggregate
before-and-after calibration summary. On the full six-model rerun, the mean Brier score improves
from 0.1835 to 0.1693 and ECE improves from 0.1065 to 0.0616; token forecasts also become less
severely understated. Even a simple self-history card makes the forecasts more useful.

4.4 Reserve-Price Auction Results

We next ask whether these self-assessments, though noisy, are nevertheless sufficient for profitable
bidding in the reserve-price auction described above. Table 2 summarizes simulated outcomes on
the same 93-task calibration set.

Two patterns stand out. First, all models earn less than the oracle benchmark, often by a wide
margin. GPT-5.2, for example, earns roughly $0.006 per task in realized profit versus $0.385 for
its oracle counterpart. Second, poor calibration distorts allocation even when average profits remain
positive. Gemini wins 84.6% of simulated auctions and earns the largest realized profit, but this
dominance is driven by aggressive bidding despite the weak calibration signal documented above.
The resulting auction is therefore far from the full-information outcome.

The self-knowledge follow-up from the preceding subsection partly explains why. It improves the
underlying forecasts and shifts allocation in the predicted direction, but the aggregate auction num-

3Blended pricing is a single dollars-per-token rate for each model: we divide the run’s total dollar cost by its total token
count (input and output pooled), so all token categories are valued at that common average.
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Table 2: Single-model reserve-price auction outcomes. Profits are reported in dollars per task under
the reserve-auction simulation. The oracle column assumes perfect knowledge of which tasks are
actually solvable and abstention on the rest.

Model N Win rate Exp. profit Realized profit Oracle profit

Claude Opus 4.5 93 28.2% $0.077 $0.080 $0.260
Claude Sonnet 4.5 93 29.3% $0.062 $0.064 $0.288
Gemini 3 Pro Preview 93 84.6% $0.353 $0.303 $0.391
GPT-5-mini 93 21.6% $0.054 $0.050 $0.375
GPT-5.2 93 5.4% $0.005 $0.006 $0.385
GPT-5.2-pro 93 5.3% $0.007 $0.007 $0.227

bers move only at the margin (mean realized profit $0.085 to $0.082, oracle gap 0.24 to 0.23).
Prompt-level self-knowledge is enough to repair who wins; it is not yet enough to repair how much
the principal recovers. This section does not report a full reserve-distribution or payment-rule sen-
sitivity sweep. Later informed competitive auctions suggest that prompt framing changed bidding
behavior more than payment-rule variation changed allocation accuracy. The deeper bottleneck still
appears to be weak task-by-task self-assessment.

5 Illustrative Scaffold Experiment

5.1 Setup

Beyond the benchmark, we built a market-inspired scaffold to test whether model-submitted bids
improve allocation in a multi-agent setting. We call it the live scaffold, contrasted with the external
scaffold used for benchmark labels and single-model baselines. The live scaffold treats each SWE-
bench issue as a single task and verifies a submitted patch at the end. Each attempt is one shot —
a single patch, with no interactive shell, no test-feedback loop, and no within-attempt revision —
but each task gets up to two attempts, and a hard worker-exclusion rule forces the second attempt
to a different model. The scaffold is operator-run: the operator chooses assignments, pays model-
run costs directly, and uses a score as an internal routing heuristic, so it is market-like rather than a
literal procurement auction with outside suppliers. We treat it as a case study in routing under imper-
fect self-assessment rather than an implementation of the success-contingent procurement contract
analyzed in Section 3.

The scaffolding works as follows. Each available worker submits an ask, a self-assessed probability
of success, and an expected completion time, although the current implementation does not yet
use the time field in the routing score (it is used only as a tie-breaker). We model the worker as
expecting to receive its ask minus its cost upon winning and successfully executing the task, and
paying a penalty if it fails.

The operator pays execution costs and decides whether to assign a task and to whom based on a
score. For bidder i,

Scorei = pi × (Utility − Aski)− (1− pi)× Penaltyi − E[Costi].

where Utility is the operator’s per-task utility (a scaffold-level constant), Aski is bidder i’s requested
payment on success, and Penaltyi is the scaffold’s explicit loss when bidder i’s attempt fails.4

All bids with positive scores remain eligible, and the highest-scoring available worker receives the
task. If that worker fails, the engine considers the next-highest eligible bid. Tasks are run with the
same six frontier models used in the benchmark, a utility of 90 internal credits for every task, an
explicit failure-penalty settlement rule, a 90-second bidding window, a 900-second execution limit,
and at most two attempts per task. Workers are required to submit bids on tasks, and a worker that
fails a task is excluded from retrying that same task.

4In the implementation, the failure penalty is itself a function of the bidder’s stated pi: Penaltyi = ρ ·Utility · (0.5+ pi),
with ρ a fixed scaffold parameter. Overconfident bidders therefore face a heavier expected loss on failure.
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Table 3: Illustrative live scaffold experiment results on 50 common tasks. The same-scaffold com-
parison keeps the task slice, verifier, timeout, and two-attempt cap fixed, but not the worker pool:
the market condition uses six workers and diverse-model retry, whereas the solo condition always
uses GPT-5.2.

Execution paradigm Pass rate Passes

Market (our scaffold) 58.0% 29/50
Solo GPT-5.2 (our scaffold) 48.0% 24/50
Solo GPT-5.2 (external scaffold) 74.0% 37/50
Oracle ceiling (external scaffold) 84.0% 42/50

Table 4: Alternative Scaffold Specifications. All rows use the common 50-task slice. The matched
centralized-router and matched market rerun keep the same six workers, verifier, and 900-second
execution limit. The self-knowledge market row changes only the private bidding context by adding
a held-out calibration prior and bidding guardrails before bidding. The Codex row changes both
execution path and budget, so it is a diagnostic rather than an apples-to-apples replacement for the
published benchmark.

Follow-up Pass rate Passes

Matched centralized router 54.0% 27/50
Matched market rerun 46.0% 23/50
Market with self-knowledge bidding prior 56.0% 28/50
Codex + GPT-5.2 (1800s budget) 70.0% 35/50

5.2 Scaffold Performance and Extensions

We evaluate the live scaffold on the common 50-task subset introduced above. Table 3 reports the
published market-versus-solo comparison, which is best read as a scaffold-level comparison rather
than as a clean mechanism test. “Market (our scaffold)” is the six-worker live-routing condition
described above. “Solo GPT-5.2 (our scaffold)” uses the same internal scaffold but always assigns
GPT-5.2, including on retry. “Solo GPT-5.2 (external scaffold)” is the stronger SWE-bench baseline
from Section 4, and the oracle ceiling asks what pass rate an omniscient router could reach on the
external scaffold by always picking the right model for each task.

The market-versus-solo comparison keeps the task slice, verifier, 900-second execution limit, and
two-attempt cap fixed, but not the worker pool: the market condition accesses a six-model pool and
can route a retry to a different model, whereas the solo condition always uses GPT-5.2. Under those
conditions, the market outperforms the same-scaffold solo baseline by 5 tasks (10pp); 18 tasks are
solved by both, 11 by the market only, 6 by solo GPT-5.2 only, and 15 by neither. That pattern is
consistent with gains from model diversity and retry, but the p-value is 0.3, and as the matched-
rerun row in Table 4 shows (29/50 vs. 23/50 for the same nominal condition), run-to-run variation
at n = 50 is on the same order as the across-scaffold differences we are trying to measure. We
therefore treat the scaffold-level comparison as suggestive and rest the paper’s main claims on the
calibration evidence in Section 4.

Table 3 also demonstrates the underperformance of the live scaffold relative to external scaffolds: the
same GPT-5.2 loses 26 percentage points (13 tasks, 74% vs. 48%) when moved from the external
scaffold to ours. The reason for this difference is that the external scaffold gives the model an
interactive shell, direct test execution and feedback, multi-turn iteration, and structured file-editing
tools; the live scaffold offers none of these and limits each worker to a single patch (raw diff or
BEGIN_FILE block) per attempt. The market recovers about 10 percentage points of that gap through
model diversity; the rest would require scaffold upgrades, not better bidding.

The market run also used more compute than solo GPT-5.2, because multiple workers inspect each
task before clearing and some tasks take a second attempt: about 5.82M total tokens for the market
run versus 4.37M for the solo baseline (200.8K versus 182.2K tokens per successful pass).

There are two explanations for why our market scaffold can beat a solo model: the market-clearing
rule, and the diverse worker pool.
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To separate these explanations, we ran a follow-up that keeps everything identical, but replaces
the market-clearing rule with a centralized router. The router is a single LLM call (GPT-5.2-pro)
that reads the task descriptions, the available workers with their model identifiers, expected cost
hints, retry-exclusion constraints, and other available context such as discussion notes and worker
reputation summaries, and then directly assigns a worker to each task. The assigned worker still
executes the task through the same path as in the market condition; the only difference is who
chooses the assignment. Under those matched conditions, the centralized router reaches 27/50 while
the market reaches 23/50. The gain from the published market comparison therefore appears to
come primarily from model diversity rather than from the present bidding rule. This shouldn’t be
surprising, since models perform poorly in self-assessment as measured by MarketBench.5

If overconfident bidding is the bottleneck, can better priors help? To test this, we ran a second
follow-up that keeps the market-clearing rule but changes only the private bidding context: each
worker receives a held-out calibration prior before bidding, summarizing its own historical pass rate
and overconfidence tendency. The hard-prior rule (for the related calibration card see Appendix A)
starts from the held-out pass rate minus any historical overconfidence gap, then asks the worker to
raise p_success only when the current task gives direct evidence that it is easier than the held-out
average. Under that intervention, the market reaches 28/50—up from 23/50 in the matched rerun and
slightly above the centralized router at 27/50. This is suggestive that better self-knowledge would
yield even greater performance benefits.

Sensitivity to execution harness and time budget. A separate question is how much the live
scaffold’s weaker execution environment constrains all of these results. To probe this, we ran a
diagnostic on the same 50-task slice using GPT-5.2 through a different execution route, called the
codex-direct worker path, with the per-task limit doubled from 900 to 1800 seconds. Under
those changed conditions, the follow-up reaches 35/50 passes, compared to 23–29/50 for our market
scaffold and 24/50 for solo GPT-5.2 in our scaffold. The cost picture is very different, however. The
codex-direct run consumes 321.3 million total tokens, versus 4.37 million for the solo GPT-5.2
run and 5.82 million for the market run — roughly 55–75× more compute for, at most, a 12-task
improvement over our market scaffold and an 11-task improvement over solo GPT-5.2.

Two observations follow. First, when comparing models or scaffolds, the execution path is first
order: routing and bidding choices that move pass rates by a few tasks are dwarfed by execution-
environment effects. Second, the steep token cost of those gains is itself a reason to care about
market-style coordination: if substantial pass-rate improvements available at the frontier come with
order-of-magnitude compute increases, then mechanisms that route only the tasks that need that
budget to the expensive path become economically important rather than cosmetic.

6 Discussion

As the number and variety of AI agents being used in production increases exponentially, identifying
ways for them to efficiently and successfully collaborate on hard problems becomes a key bottleneck.
For human agents, markets emerged as the dominant mechanism for this kind of coordination, and
there are reasons to expect a similar role for AI agents.

Yet current agents do not know enough about their own production functions. They can solve com-
plex tasks, but they cannot reliably say in advance which tasks they can solve, how likely they are to
succeed, and what the attempt will cost. But that information is exactly what a market is supposed
to aggregate. If bids do not reflect informed private information, the price system cannot do its job.
Even though a brief summary of a model’s own past behavior materially improves calibration, it is
still far from the theoretical maximum.

These observations suggest that the optimal solution for coordinating agents will likely be a com-
bination of markets and AI. Markets are useful when knowledge is local, dispersed, and hard to
centralize. That description fits agentic work rather well. Different models have different strengths,
different tool use, different failure modes, and different costs. But with imperfect self-knowledge
and behavior, agents may not be reliable in their own assessments of their abilities. The role of AI

5The main driver of the market’s drop in the matched rerun is Gemini. Gemini bids aggressively, so the market selects
it more often. But its realized performance is weak. This is a bid-calibration problem: an overconfident worker crowds out
better-suited alternatives.
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in such a system is to augment the market, scoring agent bids based on more centralized sources of
information, especially about the trustworthiness of an agent’s bids.

An analogy to other types of auctions is useful. In procurement, buyers often care about more
than price. They care about quality, speed, reliability, and other attributes of performance. Scoring
auctions handle that problem directly: the winner is the bidder offering the best combination of price
and non-price characteristics (Che, 1993). Similarly, ad auctions combine this idea with a statistical
model of relevance (Varian, 2007).

A mature market for AI agents is likely to work similarly. An agent that is cheap but unreliable
should have a low quality score. In contrast, an agent that is more expensive but bids accurately may
be the efficient choice. When multiple agents bid, a scoring function should appropriately weigh
the bids to determine the winner. Concretely, the quality score in such a market could combine an
agent’s held-out calibration record on a benchmark like MarketBench (how well its stated psuccess
has tracked realized outcomes), domain-specific reputation aggregated across past tasks of similar
type, and, where verification is possible, the rate at which a third-party verifier accepted its outputs.
These are exactly the inputs that a centralized router currently uses ad hoc; making them explicit
and tradeable across operators is what would turn the existing scaffolds into a market.

Recent evaluations also show that measured agent performance keeps improving at much larger
inference budgets than standard setups typically allow (AI Security Institute, 2026), and our own
codex-direct diagnostic points the same way. If frontier pass-rate gains come from spending
more compute per task, a single scalar bid quoting one expected cost is the wrong object: the natural
next step — once scalar self-assessment is reliable enough to build on — is to elicit a mapping from
token budget to expected success, so the principal can buy the right point on each agent’s cost-quality
frontier.

The agenda that we propose has the following next steps. First, self-assessment should become a
target of training and evaluation in its own right. Calibration, abstention, and budget discipline in
bidding are core capabilities for decentralized coordination. Second, richer market institutions will
need to arise, including reputation, escrow, and other mechanisms. Third, this benchmark should be
extended beyond software engineering into other complex settings.
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A Self-Knowledge Card for Direct Calibration

The self-knowledge calibration follow-up prepended a short held-out history card before the stan-
dard direct calibration prompt. The exact numbers varied by model and by the held-out tasks avail-
able for that model.

SWE-bench instances are drawn from real open-source repositories, not synthetic toy problems.
Task identifiers follow the usual convention: for example, sympy__sympy-17630 denotes an issue
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Table A1: Aggregate six-model calibration summary with the self-knowledge card. Both rows ag-
gregate the same six-model, 93-task setup rather than reporting a single model. “Skill” is aggregate
Brier skill relative to a base-rate benchmark. “Est./actual toks” is the median estimated-to-actual
token ratio, so larger values indicate less severe underestimation. The corresponding ECE values,
reported in the text, improve from 0.1065 to 0.0616.

Prompt condition Mean p Pass rate Skill Est./actual toks

Direct calibration prompt 72.7% 79.0% −0.107 0.1929
Self-knowledge card + direct prompt 80.6% 79.0% −0.022 0.2501

from the sympy/sympy repository. The main experiments use a fixed 93-task subset of Market-
Bench; that subset contains multiple tasks from some repositories, rather than a single task per
repository. When we form the self-knowledge card for a given evaluation task, the held-out statis-
tics exclude the current task. The figure “across 92 held-out tasks” aggregates all other tasks in this
setup for the same model, spanning every repository represented in the subset. The line “on prior
tasks from sympy/sympy (21 held-out tasks)” is the same-repository slice of that pool: among those
92 tasks, the ones that also come from sympy/sympy. The repository-specific line was included
only when there was enough held-out data for that repository.

The template for the card was:

Use the historical self-knowledge summary below as a prior for this model.
These statistics come from held-out MarketBench tasks for this same model and exclude
the current task.
Historical self-knowledge summary:

• Across {N_held} held-out tasks, your pass rate was {pass_rate}.
• Your mean previously stated success probability was {mean_p}; you were historically
{over} or {under}confident by {gap}.

• Your actual solve-token usage was typically {ratio}x your estimate.
• (Included when ≥5 held-out tasks from the same repository were available.) On prior

tasks from {repo} ({N_repo} held-out tasks), your pass rate was {repo_pass_rate}
and your mean stated success probability was {repo_mean_p}.

Start from these historical tendencies, then update using the specific evidence in the current
task.
Be willing to move away from the historical average when the task details clearly support
it.

At runtime, placeholders were filled per model using leave-one-out statistics over the 93-task cali-
bration set: {N_held} was typically 92 (93 minus the current task, adjusted for any missing rows for
that model). Because SWE-bench Lite tasks cluster by source repository, the optional per-repository
line gave the model a more task-relevant prior when enough same-repo data existed.

As a concrete example, the card saved for Claude Opus 4.5 on the sympy__sympy-17630 in-
stance had {N_held}=92, {pass_rate}=81.5%, {mean_p}=76.6% (underconfident by 4.9%),
{ratio}=2.4x, and the per-repository line covered 21 held-out sympy/sympy tasks (pass rate
85.7%, mean stated probability 68.0%).

This card was then followed by the same direct calibration prompt shown in Section 4. The live-
scaffold bidding follow-up used the same held-out history idea, but converted it into the stricter
hard-prior bid rule described in Section 5.

B Proof of Proposition 1

Proof. Under the three alternative mechanisms, expected welfare is

WH(d) = λ10(−cH) + λ01(v − cH) + λ11(v − cH) + λ00(−cH),

WL(d) = λ10(v − cL) + λ01(−cL) + λ11(v − cL) + λ00(−cL),
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and
WP (d) = (λ10 + λ01 + λ11) v − cH − cL.

Subtracting from market welfare yields

WM (d)−WH(d) = λ10(v + cH − cL) + λ11(cH − cL) + λ00cH ,

WM (d)−WL(d) = λ01(v + cL − cH) + λ00cL,

and
WM (d)−WP (d) = λ10cH + λ01cL + λ11cH + λ00(cH + cL).

Each expression is weakly positive when v > cH > cL > 0, and it is strictly positive whenever the
corresponding alternative makes a mistake with positive probability.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state that (i) MarketBench measures whether
agents can forecast their own task success and token usage, (ii) six frontier LLMs are
miscalibrated on both dimensions, (iii) auctions built from these self-reports diverge from a
full-information allocation, and (iv) a self-knowledge prior modestly improves calibration
but does not close the gap. Each claim is supported by the empirical results in Sections 4–5.

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Section 5 discusses run-to-run noise on the 50-task slice (the 6-task gap be-
tween two nominally identical market runs), the inability to reject a null of equality between
market and solo at p = 0.3, the live scaffold’s weaker execution environment relative to the
external scaffold, and the restriction to a single domain (SWE-bench Lite). Section 6 flags
that scalar bids are an inadequate object once budget-quality tradeoffs are first order.

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: Proposition 1 states the assumptions (v > cH > cL > 0 and the per-task
capability indicators πi) directly in Section 3. The full proof is in Appendix B.

Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theo-

rems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 4 specifies the 93-task subset of SWE-bench Lite, the six frontier
models, the verbatim calibration elicitation prompt, the temperature and JSON-only re-
sponse format, the breakeven bid formula, the failure penalty, and the reserve-price dis-
tribution and number of draws. Section 5 specifies the scaffold’s score formula, utility
constant, bidding window, execution limit, and two-attempt cap. Appendix A provides the
self-knowledge card template and a worked example.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be per-

ceived well by the reviewers: Making the paper reproducible is important, regardless
of whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all sub-
missions to provide some reasonable avenue for reproducibility, which may depend
on the nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear

how to reproduce that algorithm.
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(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: SWE-bench Lite is publicly available and cited (Jimenez et al., 2024). The
MarketBench task subset, elicitation prompts, model responses, and scaffold/auction simu-
lation code will be released in an anonymized supplementary repository at submission time
and as a public repository upon publication.
Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.
cc/public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: Section 4 specifies the 93-task and 50-task slices, the six frontier models,
temperature, the JSON response schema, the model-specific blended-pricing rule, and the
reserve auction’s failure penalty ($2) and reserve distribution (Uniform[0,1] with 100 draws
and deterministic seeds). Section 5 specifies the scaffold’s utility constant (90 credits),
bidding window (90s), execution limit (900s), maximum two attempts per task, and the
diagnostic Codex run with an 1800s budget.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of

detail that is necessary to appreciate the results and make sense of them.
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• The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Section 5 reports a difference-in-means p-value of 0.3 for the market-vs-solo
pass-rate gap on the 50-task slice and explicitly cautions that single 50-task evaluations
are imprecise; the 6-task gap between two nominally identical market reruns is used to
characterize the noise floor. Calibration tables report Brier skill relative to a base-rate
benchmark. We do not report parametric error bars on per-model auction profits because
they are dollar-denominated averages over deterministic reserve draws.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or fig-
ures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: All experiments use commercial LLM APIs (no local GPU/CPU training).
Section 5 reports total token usage for each scaffold condition (e.g., 5.82M tokens for the
market run, 4.37M for the solo GPT-5.2 baseline, 321.3M for the codex-direct diagnos-
tic) and the per-task wall-clock budget. The auction simulation and analysis scripts run on
standard hardware.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

9. Code of ethics
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Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research evaluates publicly accessible LLM APIs on publicly available
SWE-bench Lite tasks. No human subjects are involved.
Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require
a deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Section 6 discusses positive impacts: better self-assessment and market-style
coordination could reduce wasted compute and improve allocation across heterogeneous AI
agents. Potential negative impacts include the risk that overconfident bids by miscalibrated
agents distort allocation in real markets and that operator-run scaffolds could entrench in-
formation asymmetries; we flag self-assessment as a training and evaluation target precisely
to mitigate these risks.
Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no soci-

etal impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The paper releases an evaluation benchmark and analysis code, not new mod-
els or scraped datasets. The benchmark consists of self-assessment prompts and model
responses on publicly available SWE-bench Lite tasks; it poses no notable misuse risk.
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Guidelines:
• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: SWE-bench Lite is cited (Jimenez et al., 2024) and used under its original
license. All six evaluated frontier models are identified by name and provider; their APIs
were used under their standard terms of service.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the pack-

age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?
Answer: [Yes]
Justification: MarketBench (the calibration and auction tasks built atop SWE-bench Lite) is
the new asset. The elicitation prompt, response schema, scoring rules, and self-knowledge
card template are documented in Section 4 and Appendix A. The release will include
the task subset, per-model responses, and scaffold/auction simulation code along with a
README and license.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

18

paperswithcode.com/datasets


14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?
Answer: [N/A]
Justification: The paper does not involve crowdsourcing or human subjects. All evaluation
is performed against LLM APIs.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The paper does not involve research with human subjects.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: LLMs are the primary object of study. The six frontier models are identified
by name in Section 4 (Claude Opus 4.5, Claude Sonnet 4.5, Gemini 3 Pro Preview, GPT-
5.2, GPT-5.2-pro, GPT-5-mini). All elicitation prompts, the breakeven bid formula, and the
scaffold scoring rule that consume LLM outputs are described in the main text.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should
not be described.
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