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One state, two actions, measured search value
Leonard Nathan's birthplace is in what county? Score both targets Price the decision

Same public
history

THINK
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Repeated outcomes

1/4
correct

4/4
correct

Retrieved chain

Leonard Nathan El Monte Los Angeles County

Action success
Both continuations

Search gain
Their difference

Probe + execution cost

Reward and cost

Answer Search

Evaluate across token prices
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Figure 1: One saved question illustrates paired search-value measurement. For Leonard Nathan’s birthplace, reference-equivalent answers occur
in one of four THINK executions and all four SEARCH executions. Both branches feed success and gain evaluation. The decision stage separately
charges probes and continuation costs. The fractions describe this selected illustration.

ABSTRACT
AI agents must decide when another search is worth its cost.

Answer-success probabilities capture question difficulty, while

this decision requires estimating the additional benefit of search.

We introduce SearchHorizonBench, a benchmark for learning and

evaluating search value from execution experience. Paired continu-

ations and repeated executions separate expected search gain from

generation noise and connect prediction quality to decision utility.

The resource contains 45,632 executions across 3,168 questions.

On 1,632 held-out questions, historical calibration reduces Brier

error by 16.2%, with the improvement concentrated in success-level

information. Search gains have a standard deviation of 21.4 per-

centage points, and tested historical estimators explain less than 2%

of this variance in point estimates. Matched-configuration learning

curves probe this distinction across training scales. At the reference

token price, free selection observations yield a 2.49-point utility

opportunity over the best constant action, driven primarily by gain

information. Reusable histories, frozen splits, strong baselines and

scoring tools provide a common foundation for developing and

evaluating value-aware search agents.
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1 INTRODUCTION
Large-scale agentic search logs document iterative query refor-

mulation and lexical links to earlier retrieved context [25]. Each

additional search can resolve a missing relation or entity while con-

suming time and money. In Test-400, permitting search increases

reference-equivalent answer success from 69.38% to 73.56% and

mean actor tokens from 1,069 to 6,829. Search-value prediction

identifies which questions justify that additional information cost.

SearchHorizonBench defines search value as the expected reward
difference between continuing with search and answering from

the same public history. The actor completes a chosen continua-

tion; the forecaster estimates its outcome. Three measurements

describe their behavior. Action-success prediction measures cor-

rectness under each continuation. Gain prediction measures their

difference. Decision utility combines the selected reward with the

cost of acquiring its information. Calibration captures question dif-

ficulty; paired gain and cost measurements identify the information

relevant to choosing further search.

The benchmark connects these measurements through native

paired executions. Every saved state supports both continuations,
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repeated outcomes, fixed reference answers and recorded resource

costs. Historical action means and task priors establish strong ref-

erences. Repeated executions separate expected-gain error from

generation noise. Matched-configuration learning curves measure

the effect of additional training data. A decision-information facto-

rial independently varies access to query-specific gains and query-

specific costs. These controls give search-value estimators a com-

mon test of prediction accuracy and decision utility.

Paired evaluation identifies which information calibration im-

proves. On Test-1632, a historical correction reduces Brier from

0.2145 to 0.1797. Task priors account for 88.9% of that change, and

success-level prediction accounts for 99.9%. Search gains vary sub-

stantially across questions, with a standard deviation of 21.4 percent-

age points. The calibrated historical predictors explain less than 2%

of this variation in point estimates. The evaluated regressors remain

near zero gain skill across same-actor, same-backend training sets

of 20 to 1,100 questions. These results establish question-specific

gain prediction as a distinct benchmark target.

Gain information identifies opportunities for cost-aware search.

At a token price of 0.005 per thousand tokens, a sample-informed

selector gains 2.49 utility percentage points over the best constant

action. Holding cost information fixed and varying gain information

retains 2.48 points; varying cost alone gives 0.68 points. A deploy-

able two-answer consistency rule pays for its probes, making signal

acquisition part of evaluation. SearchHorizonBench contributes the

paired-execution resource, a controlled account of difficulty and

gain information, and an evaluation connecting that information

to decisions. Its 45,632 executions and 8,880 forecasts cover 3,168

questions across actors, retrieval backends, budgets and rewards.

2 RELATEDWORK
Retrieval decisions and agent control. Self-RAG, FLARE, DRAGIN

and Adaptive-RAG develop retrieval triggers or strategy selection

[2, 15, 16, 36]. Search-R1 and R
2
-Searcher train search policies with

reinforcement learning [17, 47]. Stop-RAG, HALT, TASR and Agen-

tic Abstention study stopping through values, verification, stability

or confidence [18, 22, 30, 34]. SearchJev scores legal search decisions

[4]. SearchHorizonBench supplies aligned executions for measuring

future action value and the experience needed to estimate it.

Execution-derived utility. Calibration Is Not Control studies in-

tervention value through matched-prefix execution and evaluates

learned controllers [46]. CoBRA learns tool-use boundaries from

paired internal and external trajectories [50]. Search-G1 trains

intervention-calibrated readouts of retrieval necessity and evidence

reliance [5]. Tian et al. predict answer quality and changes across ob-

served retrieval iterations [37], and Wu et al. model tool necessity,

utility, and affordability [42]. Bridge Evidence measures a docu-

ment’s contribution to later agent actions [24]; reader-specific util-

ity research examines how evidence preferences and intervention

effects transfer [49]. Matched revision studies separate re-solving,

scaffolding and draft content [28]; repeat-aware QA audits separate

source-induced answer changes from within-source variation [26].

SkillLearnBench evaluates experience-derived agent skills at con-

tent, trajectory and task-outcome levels [48]. SearchHorizonBench

measures prospective action-value prediction and historical reuse

with repeated outcomes and matched historical baselines.

Budgets, configuration selection, and calibration. Budget-aware
control and active-retrieval evaluation account for information

costs [11, 23, 32, 43]. Evaluation-budget studies allocate questions,

trajectories and repeated answers to improve precision [27]. DRAG

selects retriever–generator configurations [1]. Pandora’s Router

and stage-aware pruning price value estimation and context use

[12, 19]. Search as Computation Allocation formalizes costly in-

formation acquisition [40]. THERMOMETER and CALIBFORMER

transfer probability calibration across tasks and models [10, 35].

Our statistical tools build on treatment-effect estimation, query-

performance prediction, calibration and U-statistics [3, 6, 14, 20].

3 LEARNING FROM AGENT EXECUTIONS
3.1 A shared state and two executable actions
A state 𝑥 is the complete public interaction history available to

the agent, including tool responses and returned reasoning text.

A checkpoint is a saved state at a legal action boundary. At each

checkpoint, Think reasons with existing evidence and returns an

answer. Search may retrieve further evidence before answering.

The actor, action instructions, retrieval interface, and remaining

budget define the execution being predicted.

For answer correctness𝑌𝑎 ∈ {0, 1} under action 𝑎, the prediction
targets are

𝑝𝑎 (𝑥) = E[𝑌𝑎 | 𝑥], Δ(𝑥) = 𝑝𝑆 (𝑥) − 𝑝𝑇 (𝑥). (1)

The first quantities are action success probabilities. Their difference

is the expected gain from further search. This gain includes the com-

plete continuation, including query planning, returned evidence,

and final answer generation.

The main actor uses enabled reasoning, an 8,192-token comple-

tion budget, and at most three additional searches. Both branches

start from the same history. Exact queries and retrieval parame-

ters identify cached responses, so repeated executions measure

actor variation under a shared evidence response. The two actor

identifiers are deepseek-flash and deepseek-v4-pro; the local
cross-family extension uses Qwen3-4B [44]. Pro and Qwen continu-

ations from Flash-generated histories measure transfer conditional

on those histories.

A forecaster receives the public history, actor identity, tools, and

continuation instructions. It returns success probabilities 𝑞𝑇 and

𝑞𝑆 before seeing the future outcomes. The main elicitation uses a

structured response, disabled reasoning, and a 2,048-token output

cap. Malformed forecasts use the fixed pair (0.5, 0.5). Transport
errors remain incomplete until recovered. Reference answers and

future retrieval results belong to the evaluation data.

3.2 Interpretable probability corrections
Four independent executions of each branch provide the develop-

ment success rates𝑌𝑇 and𝑌𝑆 . We fit an affine probability correction

𝒑̃(𝑥) = clip[0,1] {𝒃 + 𝒛 (𝒒(𝑥))𝐵}, Δ̃ = 𝑝𝑆 − 𝑝𝑇 . (2)

Here 𝒛 standardizes the two raw probabilities using develop-

ment statistics. Both corrected probabilities use both inputs.

Four development-only folds choose a ridge penalty from

{0.01, 0.1, 1, 10, 100}. The resulting parameters remain fixed

during test execution.
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Separate level and gain in expected Brier error

qT qS

Success level
ℓ = (qT + qS)/2

Search gain
f = qS − qT

Level error Gain error Outcome noise
(ℓ − ℓ * )2 + 1

4 (f − Δ)2 + Vx
shared across predictors

Figure 2: One forecast pair supports two targets. Expected Brier error
combines success-level error, one quarter of gain error, and shared
outcome variance. Paired comparisons cancel the shared variance.

The historical-mean baseline predicts each action’s development

success rate. Task-prior and metadata controls use evaluator-side

task categories. Public-prefix ridge uses forecasts and observable

history features; text heads use frozen or fine-tuned MiniLM repre-

sentations. Independent affine calibration uses each action’s own

probability; shared-input maps use both. Logistic, beta, isotonic,

direct-gain and residual models provide additional controls. Two-

probe consistency selects a continuation from agreement between

independent THINK answers and pays for both probes. Appendix B

specifies the features and fitting rules.

Figure 2 separates two kinds of predictive information. The suc-
cess level ℓ = (𝑞𝑇 +𝑞𝑆 )/2 describes how likely the actor is to succeed

on the question overall. The predicted gain 𝑓 = 𝑞𝑆 −𝑞𝑇 describes the

action difference. For the corresponding true level ℓ∗ = (𝑝𝑇 +𝑝𝑆 )/2,

average binary Brier error decomposes as

E[Brier | 𝑥] = (ℓ − ℓ∗)2 + 1

4
(𝑓 − Δ)2 +𝑉𝑥 , (3)

where 𝑉𝑥 = 1

2

∑
𝑎 𝑝𝑎 (1 − 𝑝𝑎) is the binary-outcome variance for

the fixed continuation. Brier is the average squared error of pre-

dicted success probabilities against binary correctness. A learned-

level/mean-gain control retains question-dependent success levels

and uses the historical mean gain. Subtracting this decomposition

for two predictors cancels 𝑉𝑥 exactly. The resulting paired differ-

ence attributes Brier improvement to success-level error and one

quarter of gain error. A constant-gain control and an exact zero-gain

control give matched tests of additional gain information.

3.3 Repeated outcomes measure gain error
Stochastic answers make the difference of two observed success

rates noisy. We use independent outcome pairs to estimate the

squared expected gain. With𝑚𝑎 executions of each action,

𝜃𝑥 =

∑
𝑖≠𝑗 𝑌

𝑆
𝑖
𝑌𝑆
𝑗

𝑚𝑆 (𝑚𝑆 − 1) +
∑
𝑖≠𝑗 𝑌

𝑇
𝑖
𝑌𝑇
𝑗

𝑚𝑇 (𝑚𝑇 − 1) − 2𝑌𝑆𝑌𝑇 . (4)

This U-statistic has conditional expectation Δ(𝑥)2
[14]. A fixed

prediction 𝑓𝑥 therefore receives the unbiased gain-risk estimate

𝐿̂𝑥 (𝑓 ) = 𝑓 2

𝑥 − 2𝑓𝑥 (𝑌𝑆 − 𝑌𝑇 ) + 𝜃𝑥 . (5)

Paired comparisons use the same executions, and the common fi-

nal term cancels. We retain finite-sample estimates as computed.

The same construction applies to a bounded reward in [0, 1], en-
abling the collection-completion experiment. Appendix B gives the

uncertainty and shared-answer calculations.

4 BENCHMARK AND EVALUATION
4.1 Questions, histories, and transfer settings
Test-400 contains 120 development and 400 test questions, balanced

across HotpotQA bridge and comparison questions and MuSiQue

questions requiring two, three, or four reasoning hops [38, 45]. Sup-

portingWikipedia pages are disjoint between development and test.

We save the initial state and states reached after the first and second

actual search. Test counts at these checkpoints are 400, 377, and 171.

Later checkpoints describe the population of agents that reaches

them; repeated-question comparisons preserve that dependence.

Test-1632 contains 1,632 questions with reference-support

screening before execution. It includes 400 questions in each of the

first four strata and all 32 eligible four-hop questions. Each stratum

receives weight 0.2. The frozen source map uses the original 120

Tavily-search questions; target execution uses DeepSeek search. A

separate 40/400 development/test study covers Natural Questions

queries [21]. The benchmark also varies completion budgets of

8,192 or 16,384 tokens and search limits of three or six.

The component study uses 128 development and 320 test ques-

tions at a real pending query. Flash and Pro each execute STOP,

DeepSeek search, and Serper search. STOP cancels the pending call

and answers; the two search actions execute its query and then

answer. Four repetitions produce 10,752 executions. A shared STOP

execution supports both backend comparisons. ClueWeb22 and

FineWeb supply two additional indexed-source conditions on 32

development and 64 test states [7, 29, 31]. These comparisons pre-

serve the query and limit each returned packet to five documents

with at most 1,500 characters each.

A collection study uses 32 development and 96 test tasks from

DeepSearchQA [13]. The actor must return a set of requested items.

We compare stopping, executing the pending query on the same

source, and switching the query to another source. The reward is

set F1, the harmonic mean of precision and recall against curated

reference items. Four repetitions of three actions yield 1,536 out-

comes. The resource contains 45,632 distinct executions and 8,880

forecasts across 3,168 distinct questions; shared executions count

once. Appendix A provides the inventory.

4.2 Scoring and comparison costs
The common evaluation target is correctness equivalent to the

frozen reference answer, scored by the fixed Flash reference-

equivalence rule. Normalized exact matches, explicit abstentions

and terminal failures receive automatic scores; the remaining dis-

tinct question–answer pairs receive semantic judgments. Identical

answers share a label. In the actor–retriever audit, two context-

isolated AI panels reviewed 812 distinct answers and achieved

agreement 95.4%, with 𝜅 = 0.918. Their source-support and

answer-equivalence assessments remain separate. A deterministic

containment check and exact match evaluate alternative lexical

targets in Appendix C.
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Task priors

88.9%

Success level

99.9%

Two distinct attributions
of the same improvement

Attributing Brier reduction

−0.5 0.0 0.5
Per-question Brier change

Hotpot bridge

Hotpot comparison

MuSiQue · 2 hops

MuSiQue · 3 hops

MuSiQue · 4 hops

n=400 per task; four-hop n=32

Observed changes within each task

−.08 −.04 0 .04
Map minus prior · Brier

Map improves Prior improves

Points and 95% component intervals

Mean change and uncertainty

Figure 3: Task information and within-task prediction. Left gives two separate attributions of the same Brier reduction. Middle shows observed
per-question map-minus-prior Brier changes with density curves. Right shows means and 95% component intervals. Each stratum has 400
questions except four-hop MuSiQue with 32. Fits use development outcomes alone.

The stored forecasts and historical corrections are fixed before

target execution. Learning curves use separate training and evalua-

tion components within the completed same-configuration bank.

Each held-out question receives a prediction from models fitted to

other support components. Training subsets, model-selection folds,

fitted predictions and original comparison definitions accompany

the released records.

Intervals use 10,000 resamples of support components, groups
of questions linked by a shared supporting page. This grouping

preserves source dependence. Equal-stratum analyses normalize the

stratumweights within each resample. Reported intervals condition

on the fitted predictor. A 0.01 gain-risk difference with the historical

paired standard deviation 0.0651 requires about 333 independent

questions for 80% normal-approximation power; Test-400 retains

the observed source dependence.

A router is a rule that selects a continuation from its forecast.

Router utility is 𝑈 = 𝑌 − 𝜆𝑇 /1000, where 𝑇 includes actor and

prediction API tokens and 𝜆 prices each thousand tokens. We eval-

uate 𝜆 ∈ {0, 0.001, 0.005, 0.01, 0.02}; the focal token valuation is

0.005. If a deployment pays 𝑐 dollars per thousand total tokens and

values an additional correct answer at 𝑣 dollars, then 𝜆 = 𝑐/𝑣 . For
example, a blended cost of $1 per million tokens and a $0.20 value

per additional correct answer give 𝜆 = 0.005. These are explicit

decision-maker valuations; deployment costs depend on the ac-

tual token mix. Historical supervision costs, test prediction costs,

and shared question-qualification costs are recorded separately.

Confidence, entropy, and novelty routers use public inputs and

development-selected thresholds. Their feature definitions specify

the implemented comparisons.

5 RESULTS
5.1 Calibration captures task structure
Execution history provides a strong reference for success prediction.

On Test-1632, the frozen map improves Brier from global means’

Table 1: Forecasts on Test-1632 under reference-equivalent correct-
ness. Fits use 120 historical development questions. Public-prefix
ridge is the deployable reference; task and metadata priors use evalu-
ator information. Gain 𝑅2 is in percent.

Estimator Brier Gain MSE Gain 𝑅2

Raw forecast 0.2374 0.0772 -68.56
Global prior 0.2145 0.0460 -0.50
Public-prefix ridge 0.1796 0.0457 +0.10
Calibrated map 0.1797 0.0459 -0.17
Task prior 0.1836 0.0454 +0.73
Metadata ridge 0.1846 0.0451 +1.51
Zero gain + level 0.1805 0.0490 -7.03

0.2145 to 0.1797, with paired interval [−0.0530,−0.0169]. Task-
stratum means score 0.1836 and recover 88.9% of that observed im-

provement. The public-prefix ridge baseline scores 0.1796 using ob-

servable features. We use it as the deployable reference; stratum and

metadata controls explain the contribution of known task structure.

Table 1 reports the matched forecasts and their gain errors.

Within-task results specify where finer information helps. On

two-hop MuSiQue, the map scores Brier 0.2239 against stratum

means’ 0.2457, with difference interval [−0.0356,−0.0075]. Hotpot
comparison questions have success above 95%, making their 0.0387

task-prior Brier a strong reference; the map scores 0.0579. Figure 3

gives all five strata and their intervals. The aggregate map-minus-

stratum difference is −0.0039 with interval [−0.0197, 0.0078]. These
comparisons assign performance credit separately to task-level

regularities and within-task prediction information.

The exact decomposition identifies which target improves. Rela-

tive to global means, success-level error contributes −0.034763 of

the map’s −0.034800 Brier difference, or 99.9%. The gain term con-

tributes −0.000037. The level term further separates into −0.000293

from the mean-level shift and −0.034470 from variation across

4
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21.4 pp

Bootstrap sampling distribution
Reference-equivalent correctness

Gain varies across questions
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Public-feature ridge
Text + mean guard

−3 0 3
Gain R² (%)

Mean

Score ridge

Public

Text guard

Points and 95% component intervals

1,100 training questions per fit

Figure 4: Gain prediction under the same actor and search backend. Left gives the sampling distribution of gain standard deviation under
reference-equivalent correctness. Middle varies training size using four support-disjoint outer folds and ten nested training samples. The band is
the observed range across fitted samples. Right gives 95% component intervals at 1,100 training questions, conditional on fitted predictors. All
model selection uses training components alone.

questions. Figure 3 shows the attribution beside the within-task ev-

idence. Together with historical priors, these components identify

the information captured by each forecast.

5.2 Search gains vary widely across questions
Repeated executions establish a substantial query-specific gain sig-

nal. Let 𝜇 = EΔ(𝑥) and 𝑉Δ = EΔ(𝑥)2 − 𝜇2
. Reference-equivalent

correctness gives 𝜇̂ = 0.05675, 𝜃 = 0.0490 and gain variance 0.0458,

with interval [0.0364, 0.0560]. Its standard deviation is 21.4 percent-

age points. This variation defines a question-specific prediction tar-

get, evaluated directly through gain error and explained variance.

Gain skill is 𝑅2

Δ = 1 − 𝐿̂/𝑉Δ, where 𝐿̂ is generation-noise-

corrected gain risk. The historical map achieves −0.17% with

interval [−1.64, 0.87]%; public-prefix ridge achieves +0.10% with

interval [−1.36, 1.17]%. Table 1 reports all historical estimators.

Separate success and gain scores identify the predictive information

captured by each estimator.

5.3 The gain-prediction gap persists with more
training

The same-configuration experiment controls training scale and

backend mismatch. It predicts held-out Test-1632 initial states us-

ing 20–1,100 training questions from the same Flash actor and

DeepSeek search configuration. Raw-score polynomial ridge, public-

feature ridge and frozen MiniLM text ridge directly regress the

observed gain. Three training-only folds choose regularization; a

mean guard also evaluates selecting a constant predictor. Four outer

component folds and ten nested samples produce separate fits at

every training budget.

Public-feature ridge improves from −1.67% gain 𝑅2
at 120

questions to +0.72% at 1,100, with final interval [−1.78, 3.09]%.
Raw-score ridge reaches +0.27%, and the guarded text model

selects the mean at the largest budget. Figure 4 shows the full

curves. The tested families remain near the constant-gain refer-

ence across these matched-configuration training budgets. The

curves establish a common learning-scale reference for evaluating

richer decision signals.

5.4 Gain information drives price-sensitive
opportunity

The decision factorial separates the information needed for price-

sensitive search. Its four rules use fixed or query-specific gain esti-

mates, crossed with fixed or query-specific token estimates. Query-

specific values use two selection draws per action; the other two

draws evaluate the choice. Fixed values come from forty separate

same-configuration development questions. All four rules use the

same held-out reward and cost, so their comparison identifies the

value of the information supplied for selection.

At 𝜆 = 0.005, gain information with fixed costs gives +2.48

utility points over the best constant, with interval [1.28, 3.52].
Cost information with fixed gain gives +0.68 points, with inter-

val [−0.64, 1.73]. Both together give +2.49 points; adding cost

information to gain information changes utility by +0.012 points,

with interval [−0.025, 0.051]. Adding gain information to cost-

only selection yields +1.81 points, with interval [1.10, 2.65]. Gain
information identifies low-value searches whose cost can be

saved. Figure 5 keeps the five valuations visible and evaluates

gain and decision skill separately.

Disjoint selection and evaluation draws quantify decision oppor-

tunity with free selection observations. The selector’s four labeled

selection executions are excluded from acquisition cost, and its

expected value is bounded above by the ideal policy with exact

action values. At zero token price, always SEARCH defines the

accuracy reference; the selector’s difference is −0.36 points with

interval [−1.42, 0.55].
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THINK 1 THINK 2
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Figure 5: Gain information and observation cost. Left illustrates two-probe consistency. Middle compares the five token prices against the
best constant, with 95% component bands. Right varies access to query-specific gain and cost at price 0.005; fixed terms use separate same-
configuration development means. Each factorial rule evaluates the same held-out utilities. Its selection draws are free, while consistency pays
for both THINK probes.

5.5 Useful decision signals must cover their
acquisition cost

Two-probe consistency selects THINK when two valid normal-

ized THINK answers agree and SEARCH otherwise. Agreement

occurs in 65.0% of probe pairs. Before charging probes, the selected

continuation saves 3,451 tokens relative to always SEARCH. The

probes consume 2,210, leaving 1,241 net tokens saved at a 1.87-

point success cost. Utility is −1.25 points at 0.005, with interval

[−2.38,−0.35]. The benchmark evaluates signal quality together

with its acquisition cost.

5.6 A common benchmark spans execution
settings

The broader resource tests the same quantities under different agent

configurations. Indexed retrieval yields Brier 0.1417 on ClueWeb

and 0.1498 on FineWeb, against historical means 0.1982 and 0.1981.

Qwen actors and forecasters add a separate model family. Budget

interventions distinguish evidence effects from generation capac-

ity; increasing the search limit from three to six at 8k tokens raises

length failures by 2.5 points, while a 16k budget removes that in-

crease. Collection-completion tasks use bounded set F1 and three

actions. Their selected mean-gain predictor and constant STOP

policy provide reward-specific references. These settings extend

the benchmark’s success, gain and decision measurements while

retaining each execution and reward definition.

6 USING THE BENCHMARK
SearchHorizonBench provides public histories and action defini-

tions for new forecasters. Researchers fit their models on develop-

ment outcomes, then submit action-success probabilities or signed

gain predictions for held-out states. Evaluation uses separate out-

come records and supporting-page groups. The value scorer reports

success error and generation-noise-corrected gain error; the policy

scorer charges prediction and continuation tokens. Saved baselines,

fixed priors and reusable splits support direct method comparisons.

Scoring success, gain and utility on matched executions makes a

forecaster’s contribution to search decisions directly testable.

7 CONCLUSION
SearchHorizonBench establishes a reusable evaluation of when

further Web search is worthwhile. Shared histories, repeated con-

tinuations and explicit costs connect success prediction, generation-

noise-corrected gain estimation and decision utility. The resource

spans 45,632 executions. On 1,632 held-out questions, historical

calibration improves Brier error by 16.2%, with task priors account-

ing for 88.9% of that change. A search-gain standard deviation

of 21.4 percentage points and less than 2% explained variance in

tested historical estimators establish a distinct prediction target.

Matched-configuration learning curves provide controlled compar-

isons across training scales. At the reference token price, factorized

decisions identify a 2.49-point free-observation opportunity driven

primarily by gain information. The benchmark’s public inputs,

frozen splits, historical controls and scoring tools make the contribu-

tion of execution experience to search decisions directly testable.
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A DATA AND EXECUTION SETTINGS
The resource contains 45,632 distinct executions, 8,880 forecasts

and 3,168 questions. Figure 6 counts shared STOP executions once;

questions reused across settings retain their identity.

Public predictor records contain histories, actor identity, and

action definitions. Evaluation records contain reference answers,

observed rewards, support groups, and resource measurements.

Saved queries and retrieval responses fix the evidence available to

repeated executions. The released value scorer evaluates probability

and gain predictions; the policy scorer also charges prediction to-

kens. Complete prediction matrices, per-case judgments, all pricing

settings, and machine-readable manifests accompany the resource.

AI assistance and reproduction. DeepSeek supplies executions,

forecasts and grading; Qwen supplies cross-family controls. AI also

assists auditing, coding, analysis and writing. Scorers and figure

sources reproduce the reported comparisons.

Question populations. The Test-400 strata contain 24 develop-

ment and 80 test questions each. Official source splits contribute 160

HotpotQA validation questions, 212 MuSiQue development ques-

tions, and 28 MuSiQue training questions to the study test cohort.

Its study-development questions and supporting pages are separate.

Flash generates the source histories. Later checkpoints and other

actors therefore evaluate continuations conditional on Flash reach-

ing those states. The initial-state, first-search and second-search

Test-400 populations contain 400, 377 and 171 questions. Their de-

velopment populations contain 120, 114 and 40. The matched Pro

subset contains 80, 74 and 32 reached test states.

Source qualification uses the complete supporting paragraphs.

Flash first solves a question with its reference hidden; Flash and

Pro then assess reference support separately. Fixed ranks select

the eligible cases before actor execution. The Test-1632 campaign

screens 8,000 candidates, of which 3,380 receive independent source

review and 2,325 are supported. The available four-hop pool yields

32 independently supported questions; all enter the 1,632-question

cohort. The five strata receive equal weight, and 1,081 supporting-

page components determine resampling. An additional overlap

sensitivity removes 149 questions sharing a prior method-selection

page and retains 1,483 questions. Its four-hop stratum has one

component, so its equal-stratum analysis reports point estimates.

The Natural Questions extension selects 40 development and

400 test queries after source support, standalone clarity and

temporal-stability checks. Test pages form 398 components and are

development-disjoint. The actor–retriever study selects 128 devel-

opment and 320 test questions after a valid pending query is reached.

Its 848 supporting pages are mutually disjoint and separate from

prior labeled studies. This conditional population excludes source

trajectories that already answer. The indexed extension samples 32

development and 64 test states by fixed family-stratified rank.

Model and retrieval settings. The DeepSeek request identifiers

are deepseek-flash and deepseek-v4-pro; records also retain

served-model identifiers. Main continuations use enabled reasoning

and an 8,192-token total completion budget. The factorial study

crosses 8,192/16,384 tokens with three/six permitted searches.

Tavily uses basic search with five snippets. Component compar-

isons normalize DeepSeek and Serper results to five documents

and 1,500 characters per document. ClueWeb uses configured

shards 0–3 with cw22_a=false, and FineWeb uses seven shards.

Stored responses, timestamps and returned crawl metadata define

these indexed conditions.

DeepSeek requests omit temperature, top-𝑝 and seed. The

provider’s documented thinking mode ignores temperature. Its

current top-𝑝 behavior is model-dependent; Pro thinking fixes

top-𝑝 at 0.95 with tools and 1.0 otherwise, while Flash non-thinking

fixes it at 1.0 [9]. Flash thinking allows top-𝑝 in [0.95, 1]. The
historical responses do not echo an effective sampler configuration.

We therefore distinguish logged request settings from provider

behavior documented on October 25, 2026. Actor requests enable

high-effort reasoning; main forecasts disable reasoning with a 2,048-

token cap. Repetitions are distinct requests with cached evidence.

Conditional generation independence is the statistical assumption;

shared identical answers retain one correctness judgment.

Independent model family. Qwen3-4B Q4_K_M uses the pinned

revision bc640142c66e and llama.cpp b11669. Actor sampling en-

ables reasoning with temperature 0.6, top-𝑝 0.95, top-𝑘 20, a 16,384-

token context and 8,192-token continuation budget. Forecaster sam-

pling disables reasoning with temperature 0.7, top-𝑝 0.8, top-𝑘 20

and a 2,048-token cap. The 120 Qwen forecasts use the same public

inputs as the DeepSeek forecasters. The actor extension fixes 240

DeepSeek forecasts and 3,360 fitted probability pairs before Qwen

test execution. Its 640 test outputs contain 610 valid answers, nine

length failures and 21 malformed outputs; these failure statuses

receive zero reward.

B ESTIMATORS AND INFERENCE
Calibration and input controls. All fits use development labels.

Shared-input maps use both raw probabilities; independent affine

maps use one per action. A shared-input control selects a separate

penalty for each action. Logistic, beta and isotonic controls provide

standard calibration alternatives [20]. Direct-gain models regress

the action difference; residual models adjust a historical map. The

release specifies the inputs and fitting grid for each model.

Historical and public-input controls. Stratum means use 24 devel-

opment questions per category. Metadata ridge uses dataset family,

comparison membership and hop count. Public-prefix features in-

clude both probabilities, log question and tool-text lengths, lexical

evidence gap and query/document novelty. The gap is the fraction

of question terms absent from tool text. Query novelty is one minus

Jaccard overlap with previous queries; document novelty is the

fraction of new identifiers. Both are zero before two searches. Four

development folds select regularization from {0.01, 0.1, 1, 10, 100};
all controls use the original 120 development questions.

Levels and gains. The learned-level control predicts the average
success probability and assigns a historical mean gain. In the com-

ponent study, clipping the two reconstructed probabilities to [0, 1]
can also change their level and intended gain. This occurs on 31 of

320 questions for the reverse Flash mean-gain control. The exact
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Figure 6: Execution coverage and the source/target setting. The nine counts on the left sum to 45,632 unique executions. Reused questions are
counted once in the global question total. Right contrasts historical Tavily questions with Test-1632 DeepSeek questions; they are distinct cohorts.
Target stratum counts are 400, 400, 400, 400 and 32, with 24 historical questions per stratum. Circles mark THINK and squares SEARCH.

zero-gain control assigns the same learned level to both actions.

The own-history mean remains a constant-gain comparator with

exactly matched development outcomes.

For a constant historical level ℓ0, the level-risk contrast de-

composes further into the squared mean-bias difference and the

term Var(ℓ) − 2 Cov(ℓ, ℓ∗). The Test-1632 values are −0.000293 and

−0.034470, respectively. The shared variance of observed rewards

cancels from this contrast. The latter term includes predictive

task differences represented by the stratum controls; the two

decompositions identify overall offsets, variation across questions,

and action differences as separate contributions.

Gain variance and explained variation. For each bootstrap sample,

we compute𝑉Δ =
∑
𝑖 𝑤𝑖𝜃𝑖 − (∑𝑖 𝑤𝑖 Δ̄𝑖 )2

and 𝑅2

Δ = 1− 𝐿̂/𝑉Δ with the

same weights. Variance is a plug-in population estimate; the cross-

draw second moment removes within-question generation noise.

Intervals jointly resample the numerator and denominator and

retain negative skill estimates. The reported full-cohort variance

denominators remain positive across all bootstrap samples. Each

scoring rule defines its own reward and gain population.

Dependence and uncertainty. Equations 4 and 5 use independent

generation draws conditional on the cached evidence. Repeated

identical answers retain a shared judgment. Supporting-page com-

ponents define the bootstrap units. Each resample retains all linked

questions, actions, checkpoints and repeated labels. Fixed-predictor

intervals describe evaluation variation conditional on fitted param-

eters. The supervision-budget study additionally reports variation

over twenty training subsets; its intervals condition on those fits.

Analysis provenance. The released records retain original com-

parison definitions, source timestamps, fixed historical predictions

and later cross-validation splits. Forecasts used in the held-out exe-

cution studies precede their outcomes. The matched-configuration

learning curves reuse the completed bank with component-disjoint

fitting and evaluation. Their role is measuring training scale under

a common execution configuration.

The original sample-size calculation and every comparison

criterion accompany the released protocols. Actor-matched

family comparisons use a maximum-standardized bootstrap

across the declared methods; other displayed intervals describe

their stated comparisons.

Text and public-signal models. Frozen MiniLM sentence embed-

dings [33, 41] use question text at the initial checkpoint and include

the available assistant/tool history at later checkpoints. Ridge and

200-tree forest heads estimate action probabilities or their difference.

Fine-tuned heads use sigmoid probability outputs or a tanh gain

output, four development folds, encoder learning rates 10
−5

and 3×
10

−5
, head rate 10

−3
, and epochs {1, 3, 5, 10}. Amean guard includes

the constant action means as a candidate during development selec-

tion. Confidence, entropy, query/document novelty and evidence-

gap signals use public observations with development-selected

thresholds. Evaluator-stratum means use the task category as an ex-

planatory control. Initial-checkpoint Brier is 0.1899 for those means,

0.2035 for the global mean and 0.1836 for the shared-input map.

C ANSWER SCORING AND EVIDENCE
Answer scoring. Reference-equivalence scoring uses fixed an-

swer strings and semantic judgments. Empty answers, explicit

UNKNOWN responses, malformed outputs, generation-length fail-

ures and refusals receive zero. Missing transport remains incom-

plete until recovery. The paired-judge rule keeps disagreements

uncertain and records its zero-valued point projection separately

from shared-label bounds. An evidence-support audit instead as-

sesses whether the supplied paragraphs establish the requested

answer and any additional factual claims. This difference in target
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Figure 7: Separate scoring objectives and independent audit evidence. Left contrasts the same Test-1632 executions under reference equivalence,
normalized containment and exact match. Middle shows the 15 containment-positive, exact-match-zero cases selected from the existing
independent AI audit; each panel confirms ten and leaves five unresolved. Right retains the NQ audit comparison on the same 200-execution
sample. These objectives and audit projections are interpreted separately.

explains why a reference-equivalent answer can retain uncertainty

under source-only evaluation.

Deterministic containment. The containment sensitivity analy-

sis marks an answer correct when a nonempty frozen reference

alias occurs as a contiguous token sequence after the benchmark’s

existing normalization. It removes case, punctuation and articles,

normalizes whitespace and assigns zero to failed or UNKNOWN

answers. No aliases are added. Test-1632 has mean gain +0.0486

with interval [0.0331, 0.0664]; Test-400 has +0.0556 with interval

[0.0287, 0.0825]. Literal case-insensitive containment also gives pos-

itive point gains, 0.0505 and 0.0619. These lexical targets measure

answer inclusion; the main evaluation uses reference-equivalent

correctness. Fifteen inclusion-positive, exact-match-zero cases oc-

cur in the existing masked audit. Each independent panel judges

ten equivalent and five unresolved, supporting a concrete wording

sensitivity without changing the original reward labels.

Independent audits. The original 400-question source audit finds

270 supported, 106 insufficient, six ambiguous and eighteen con-

tradicted references. The corresponding question–answer panels

retain inverse-inclusion weights and support-component uncer-

tainty. The Natural Questions audit covers 200 sampled executions,

representing 178 distinct answers and 155 questions. Its panels

agree on 95.5% of sampled executions, with 𝜅 = 0.899, and leave

47 and 44 executions unresolved. Original reward records remain

fixed for all sensitivity analyses.

The supported subset of the original 400 questions uses the

pre-existing source-only audit and contains 270 questions. Its

Brier values are 0.1796 for global means, 0.1637 for stratum means,

and 0.1634 for the map. Gain risks are 0.0571, 0.0555 and 0.0576,

respectively. Conditioning on source support changes the eval-

uated population, so these estimates supplement the original

full-cohort analysis. Test-1632 uses source-support qualification

before actor execution.

The actor-matched audit covers the 83 previously unconfirmed

component-study questions, 32 random questions from the 237 con-

firmed questions, and all other grader-disagreement answers. The

union contains 153 questions and 812 distinct answers. Two inde-

pendent OpenAI/Codex contexts review each batch of at most ten

questions. Source-only answers and quotations are sealed before

references and anonymized candidates are revealed. The service in-

herits its default model; an exact served-model snapshot is unavail-

able. The two panels agree on 775 cases, or 95.4%, with 𝜅 = 0.918.

Inverse-inclusion weighting gives agreement 98.3% and 𝜅 = 0.965.

The agreement measures describe the independent AI panels.

Shared labels and sample weights. A case agreed correct receives

interval [1, 1], a case agreed incorrect receives [0, 0], and each re-

maining case receives [0, 1]. The same variable labels every repeated

occurrence of that question–answer pair across actions. Flagged-

question and original grader-disagreement cases have inclusion

probability one. Other answers inherit their question’s inclusion

probability 32/237. For candidate gain 𝑓𝑖 and comparator 𝑏𝑖 , the

paired contrast is linear in observed rewards,

𝐷𝑖 = 𝑓 2

𝑖 − 𝑏2

𝑖 − 2(𝑓𝑖 − 𝑏𝑖 ) (𝑌𝑖,𝑆 − 𝑌𝑖,𝑇 ) . (6)

We sum each case’s coefficients before varying its uncertain label.

Inverse-inclusion-weighted corrections provide point estimates

of the lower and upper contrast endpoints. A finite-population

variance estimate reports the uncertainty of the sampled corrections

separately from question-bootstrap variability.

Finite-population sampling and component resampling retain

uncertainty outside the reviewed answers. The actor-matched gain-

contrast upper bounds are 0.1583 against the mean-gain comparator

and 0.2054 against zero gain. Sealed reviews, sampling probabilities

and the complete bound calculations accompany the released audit.

The panels support every factual claim in 188 and 191 answers,

compared with 437 and 451 supported target answers. Among 475

sampled answers accepted by both original semantic graders and

scored zero by EM, they support 367 and 373 targets and leave 108
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and 102 unresolved. These observations distinguish matching the

requested answer from validating extra precision. Panel A supports

112 of 153 references and Panel B supports 114; each contradicts

two. Separate contexts remove shared conversational history. Both

panels use the same reviewer family, so their agreement measures

consistency within that family.

For Test-400, allowing all source-flagged answer labels to vary

gives adverse intervals [0.0031, 0.0373] for gain-minus-raw and

[0.0223, 0.0577] for Brier-minus-mean. The source-supported sub-

set retains a negative gain-minus-raw interval. The Natural Ques-

tions panels yield Brier-minus-source-mean point-projection differ-

ences of +0.0333 and +0.0262, with intervals [0.0022, 0.0667] and
[−0.0036, 0.0585]. Their shared-label bounds include both signs.

These sensitivities retain the scoring rule and population associated

with each claim.

D TRANSFER AND SUPERVISION
Source corrections reuse earlier executions on target forecasts. Test-

1632 fixes the map before execution. Component controls compare

same-actor history, direct prediction reuse, historical means and

three-pair composition on fixed target outcomes.

Figure 6 compares distinct question cohorts under a joint ques-

tion/backend change. The component study isolates backend effects

through paired executions on the same questions.

Component composition. Write A/X for actor A and source X.

Backend changes reuse identical STOP outcomes; actor changes ac-

quire the new actor’s STOP outcomes. Three-pair history observes

A/X, A/Y and B/X using 2,560 distinct outcomes over 128 questions

and composes their gains,

𝑝𝐵𝑌,𝑇 = 𝑝𝐵𝑋,𝑇 , (7)

Δ̃𝐵𝑌 = Δ̃𝐵𝑋 + Δ̃𝐴𝑌 − Δ̃𝐴𝑋 , (8)

𝑝𝐵𝑌,𝑆 = clip[0,1] (𝑝𝐵𝑌,𝑇 + Δ̃𝐵𝑌 ) . (9)

Components use their own historical labels. A single-pair map costs

1,024 outcomes. Reverse-Flash acquisition, including outputs, ref-

erence judgments and calibration forecasts, costs 1,590,189 tokens

for same-actor history and 4,712,303 for composition, using 128

and 256 cached search packets. Shared qualification, trajectories

and source audits are separately recorded. Test prediction uses one

versus two joint requests, averaging 1,073.4 and 2,160.0 tokens.

Under reference equivalence, the actor-matched map-minus-

mean gain contrast is −0.0173; under exact match it is +0.0113.

Both corresponding intervals exclude zero. The independent audit’s

shared-label bounds retain both signs. These results describe how

the specified answer objective affects measured gain and remain

separate from the history-acquisition costs.

Target STOP feedback. Four disjoint calibration banks contain

sixteen HotpotQA and sixteen MuSiQue questions each. Nested

budgets contain 8, 16 or 32 target questions. The STOP offset

is the mean difference between observed STOP success and the

historical STOP prediction. Signed-opportunity scaling first sets

𝑝′
𝑇
= clip(𝑝𝑇 + 𝑐), where 𝑐 is the observed STOP residual mean. It

multiplies positive gains by (1 − 𝑝′
𝑇
)/max(1 − 𝑝𝑇 , 0.05) and neg-

ative gains by 𝑝′
𝑇
/max(𝑝𝑇 , 0.05). Paired controls use both action

labels on the same questions and include offset shrinkage, resid-

ual affine fits, newly fitted affine maps and means. The shrink-

age grid is {0, .01, .1, .5, .9, 1}. The fixed STOP16 rule uses 46.9% of

paired16 incremental tokens and has Brier/gain differences +0.0036

and +0.0020 against paired offset. Its Brier difference from the fixed

source map is +0.0153.

Indexed sources and model families. ClueWeb/FineWeb calibra-

tion uses 32 local development states and 64 test states while

retaining the original shared STOP draws. The new SEARCH

executions contain 1,518 valid outputs, sixteen length failures

and two malformed outputs. The matched local mean gives gain

MSE 0.0141/0.0169 for ClueWeb/FineWeb and local affine gives

0.0167/0.0162. Their Brier differences are −0.0565 and −0.0483, with

intervals [−0.0872,−0.0271] and [−0.0703,−0.0274]. The released
Qwen-actor results retain both forecasters and all scoring rules.

The independent Qwen forecaster’s gain risk is 0.0322, compared

with raw 0.2294 and historical mean 0.0315.

Same-configuration gain learning. The additional curves use four
saved support-component outer folds, ten nested training sam-

ples and budgets 20, 40, 80, 120, 240, 480, 800 and 1,100 questions.

The actor, retrieval source and continuation budget remain fixed.

Raw-probability polynomial features, public-prefix features and

frozenMiniLMvectors feed gain ridge regressors. Three component-

grouped training folds choose a penalty from {0.1, 1, 10, 100, 1000}.
Weighted fitting gives equal task-stratum mass. A training-only

guard additionally compares each family with a constant-gain

fit. Scoring averages squared losses over separate fits. Parameter

choices, training IDs and predictions are released.

Supervision subsets. Historical reuse is evaluated with four outer

supporting-component folds, three inner folds, twenty training

subsets, and target budgets 20, 40, 80, 120 and 240. Losses aver-

age separate fitted models, retaining each fit’s label budget. At

forty questions, the historical120 minus target40 Brier difference

is −0.0110 with interval [−0.0142,−0.0083]. SEARCH alone gives

−0.0103 with interval [−0.0137,−0.0071]. Decomposing squared

loss across training subsets attributes 0.0083 of the 0.0110 gap to

training-subset variability. The complete curves, cost frontiers and

matched-size history controls accompany the scoring data.

E DECISION AND COLLECTION REWARDS
Two-probe consistency compares two valid normalized THINK an-

swers, selecting THINK on agreement and SEARCH otherwise. UN-

KNOWN and failed outputs count as disagreement. The remaining

two THINK and two SEARCH draws evaluate the selected action.

All 36 paired splits are averaged. Cost includes both probes and one

selected continuation; CPU time is recorded separately.

The sample-informed selector uses two labeled draws per

action and evaluates the chosen action on the remaining pair.

Selection executions and judgments are free. For 𝑢𝑎 (𝑥) = E[𝑌𝑎 −
𝜆𝑇𝑎/1000 | 𝑥], any randomized selector satisfies E[𝑢𝜋 (𝑥,𝑍 ) (𝑥)] ≤
E[max𝑎 𝑢𝑎 (𝑥)]. Its sampled value is a lower-bound diagnostic

for ideal free-probe value in expectation. Deployed rules pay for

their information acquisition.
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Figure 8: Reward and decision controls. The first two panels compare outcome error and two-action-average gain error on 96 held-out
collection tasks, with 95% component intervals. Gain-only fits have no outcome score. The right panel evaluates the separate 1,632-question
cohort across all five prices, contrasting paid two-probe consistency with the free-selection-draw reference. These two experiments retain
their distinct reward definitions.

Token valuations express an application tradeoff. Monetary con-

version divides the blended token charge by the value of an addi-

tional correct answer; actual billing depends on input, output and

cache use [8]. For effective throughput 𝑟 and reward penalty 𝛽 per

second, 𝜆 = 1000𝛽/𝑟 . At 100 tokens/second, 𝜆 = 0.005 values ten

seconds at 0.5 reward percentage points.

The information factorial crosses query-specific gains and query-

specific costs. Fixed action rewards are 0.68125 and 0.725 from the

same-configuration forty-question development set; the fixed in-

cremental token cost is 7,007.49375. Every rule evaluates held-out

realized utility. At the focal price, adding gains to cost information

improves utility by 1.81 points, with interval [1.10, 2.65]. The inter-
action contrast and all five price settings accompany the released

analysis.

At zero token price, the ideal oracle improvement over the best

constant is 𝐻 = (E|Δ| − |EΔ|)/2. Since |Δ| ≤ 1, it lies between

max{0, (EΔ2 − |EΔ|)/2} and (
√
EΔ2 − |EΔ|)/2. The Test-1632 point

moments, 𝜃 = 0.0490 and mean gain 0.0568, give the plug-in

range [0, 0.0823]. This algebraic range concerns the ideal zero-

price oracle; Figure 5 reports achieved disjoint-draw utility at each

specified token price.

At 𝜆 = 0.005, the Test-400 affine policy’s utility difference

from SEARCH is −0.0148, with interval [−0.0258,−0.0062].
The Test-1632 text policy has success 69.05% at 5,143 tokens,

against SEARCH’s 71.58% at 7,613 tokens; its utility difference is

−0.0129 with interval [−0.0251,−0.0004]. The complete five-price

comparisons accompany the released scores.

Collection rewards use set precision, recall and F1 against

curated atomic reference items, with aliases fixed before execution.

STOP cancels the pending query; SAME executes it through

DeepSeek and SWITCH through Serper. The query and 8k comple-

tion budget are shared. Gain loss averages SAME-minus-STOP and

SWITCH-minus-STOP risks.

The collection cohort selects 128 tasks from 225 curated

candidates that yield 179 valid pending-query states. Observed-

URL/shared-entity groups separate development and test. Four

repetitions of each action give 1,536 formal outcomes, including

1,279 valid outputs, 244 invalid outputs and thirteen length failures.

The final request retains reasoning and tool history, disables further

tools and requests structured items. A distinct development probe

contributes 128 outcomes under a three-search continuation and

remains outside the formal test comparison. Its F1 contrast against

one search is −0.0386 with interval [−0.0713, 0.0345].
The mean guard returns action means when development selec-

tion favors them. The selected query-aware fit selects this guard,

reducing raw gain risk by 64.9%. Query-hidden gain and discovery-

rate controls remain separate estimators. The discovery control

uses document-level item frequencies without reference aliases,

following the motivation of enumeration statistics [39]. An addi-

tional sample-informed analysis retains every constant action and

all five fixed token prices. The outcome scorer uses squared error

on bounded F1 and the gain scorer uses Equation 5.
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