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ABSTRACT

Consequence-Based Utility (CBU) enables oracle-free evaluation of LLM solu-
tions on research-level mathematics by scoring candidates based on their util-
ity as in-context exemplars for solving related problems. However, CBU’s uni-
form rollout allocation is computationally expensive. We propose Anytime-CBU,
which reformulates CBU scoring as a best-arm identification problem and ap-
plies LUCB-style adaptive allocation with Beta-posterior confidence bounds and
early stopping. On RealMath with two solver models (Qwen2.5-Math-7B and
DeepSeek-R1-7B), Anytime-CBU preserves selection quality (overlapping 95%
confidence intervals with Uniform-CBU) but achieves only 0–2% rollout reduc-
tion, far below the target ≥50%. The root cause is structural: RealMath candidates
exhibit flat utility landscapes where the LUCB stopping condition is unsatisfiable.
Despite this negative primary result, adaptive allocation outperforms random allo-
cation at matched cost, suggesting that intelligent resource allocation matters even
when early stopping fails.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Evaluating large language model (LLM) solutions on research-level mathematics presents a funda-
mental challenge: ground-truth answers are often unavailable or prohibitively expensive to verify.
While LLM-as-a-judge approaches offer a scalable alternative, they suffer from biases and unrelia-
bility on difficult reasoning tasks (Ye et al., 2024). Consequence-Based Utility (CBU) (Son et al.,
2026) addresses this by scoring candidate solutions based on their utility as in-context exemplars
for solving related, verifiable problems—a principled oracle-free evaluation that outperforms both
reward models and LLM judges on ranking quality.

However, CBU’s computational cost scales with the number of candidates, neighborhood size, and
rollouts per candidate. The standard uniform allocation strategy assigns the same rollout budget
to every candidate regardless of problem difficulty, wasting compute on candidates whose quality
is already clear after a few rollouts. This motivates a natural question: can we reduce CBU’s cost
substantially while preserving selection quality?

We hypothesize that CBU scoring can be reformulated as a best-arm identification (BAI) problem,
where each candidate solution is an arm and each rollout provides a Bernoulli reward (success or
failure on a neighbor problem). BAI algorithms like LUCB (Koyamada et al., 2024) adaptively al-
locate samples to distinguish the best arm and terminate early when confident, potentially achieving
significant cost reduction.

We propose Anytime-CBU, which applies LUCB-style adaptive allocation with Beta-posterior con-
fidence bounds, arm elimination, and early stopping to CBU scoring. Our experiments on Real-
Math (Zhang et al., 2025) with two solver models reveal a mixed outcome: while Anytime-CBU
preserves selection quality (overlapping 95% confidence intervals with Uniform-CBU), it achieves
only 0–2% rollout reduction—far below the target ≥50%. The root cause is structural: RealMath

1https://gitlab.com/fars-a/anytime-cbu-evaluator
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candidates exhibit flat utility landscapes where the LUCB stopping condition is unsatisfiable within
practical budgets.

Our contributions are:

• We reformulate CBU scoring as a best-arm identification problem and propose Anytime-
CBU with LUCB-style adaptive allocation.

• We conduct comprehensive experiments on RealMath with two solver models, demon-
strating that Anytime-CBU preserves selection quality but fails to achieve meaningful cost
reduction.

• We identify the root cause: flat utility landscapes make the LUCB stopping condition un-
satisfiable, revealing a structural mismatch between BAI assumptions and CBU problem
characteristics.

• We show that adaptive allocation provides ranking benefits even without early stopping,
outperforming random allocation at matched cost.

2 RELATED WORK

Oracle-Free LLM Evaluation. Evaluating LLM outputs without ground-truth oracles has be-
come increasingly important as models tackle research-level problems. CBU (Son et al., 2026) out-
performs LLM-as-Judge methods (Ye et al., 2024), which suffer from various biases, and process
reward models (Lightman et al., 2023), which require expensive step-level annotations. However,
CBU’s reliance on uniform rollout allocation across all candidates makes it computationally expen-
sive, motivating our work on adaptive allocation strategies.

Test-Time Compute Scaling. Scaling inference-time computation has emerged as a powerful
paradigm for improving LLM reasoning. Chain-of-thought prompting (Wei et al., 2022) enables
step-by-step reasoning, while self-consistency (Wang et al., 2022) improves accuracy by sampling
multiple reasoning paths and selecting the most consistent answer via majority voting. Recent sur-
veys (Alomrani et al., 2025) categorize test-time compute methods into controllable (fixed budget)
and adaptive (dynamic scaling) approaches. Our work falls into the adaptive category, aiming to
reduce compute by early termination when confidence is sufficient.

Early Stopping for Self-Consistency. Several methods have been proposed to reduce the cost
of self-consistency through early stopping. ESC (Li et al., 2024) uses a window-based approach
to detect answer convergence, achieving up to 80% cost reduction on GSM8K. CGES (Aghazadeh
et al., 2025) employs a Bayesian framework with confidence-guided stopping, reducing calls by 69%
while maintaining accuracy. ConSol (Lee et al., 2025) applies Sequential Probability Ratio Testing
(SPRT) to dynamically terminate sampling. SeerSC (Ji et al., 2026) integrates System 1 reasoning
for advance budget estimation, achieving 47% token reduction. Unlike these methods that target
answer agreement in self-consistency, our work addresses utility-based scoring where rewards are
Bernoulli outcomes from neighbor problem solving.

Best-Arm Identification. Our approach draws on best-arm identification (BAI) algorithms from
the multi-armed bandit literature. LUCB-style algorithms (Koyamada et al., 2024) maintain con-
fidence bounds on arm means and terminate when the best arm is identified with high probability.
We adapt this framework to CBU scoring, treating each candidate solution as an arm and each roll-
out as a pull with Bernoulli reward. However, as our experiments reveal, the effectiveness of BAI
approaches depends critically on the utility landscape characteristics.

3 METHOD

We propose Anytime-CBU, an adaptive rollout allocation strategy for Consequence-Based Utility
scoring that reformulates candidate evaluation as a best-arm identification problem.
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3.1 PROBLEM FORMULATION

Consequence-Based Utility (CBU) (Son et al., 2026) evaluates candidate solutions by measuring
their utility as in-context exemplars for solving related problems. Given a target question q, a set of
candidate solutions C = {c1, . . . , cm}, a neighborhood of verifiable questions N (q), and a solver
model M, the CBU utility of candidate ci is defined as:

U(ci | q) = Eq′∼N (q) [⊮[Solve(M, ci, q
′) is correct]] (1)

where Solve(M, ci, q
′) denotes the solver’s attempt on neighbor question q′ when conditioned on

candidate ci as an in-context exemplar. In practice, this expectation is estimated by sampling K
rollouts per candidate:

Û(ci) =
1

K

K∑
k=1

⊮[Solve(M, ci, q
′
k) is correct] (2)

The goal is to identify the best candidate c∗ = argmaxi U(ci) while minimizing the total number
of rollouts. Standard CBU uses uniform allocation with Kmax rollouts per candidate, resulting in
m×Kmax total rollouts regardless of problem difficulty.

3.2 BEST-ARM IDENTIFICATION REFORMULATION

We reformulate CBU scoring as a pure-exploration multi-armed bandit problem. Each candidate
solution ci corresponds to an arm, and each rollout provides a Bernoulli reward (1 if the solver
succeeds on the sampled neighbor, 0 otherwise). The objective is to identify the arm with the highest
expected reward using as few pulls as possible.

For each arm i, we maintain the number of pulls ti and successes si, yielding empirical mean
µ̂i = si/ti. We construct confidence bounds using Beta-posterior quantiles, which are tighter than
Hoeffding bounds for Bernoulli rewards:

LCBi = Beta(si + 1, ti − si + 1)−1(α/2) (3)

UCBi = Beta(si + 1, ti − si + 1)−1(1− α/2) (4)

where α = δ/m and δ is the confidence parameter.

3.3 LUCB-STYLE ADAPTIVE ALLOCATION

Our algorithm follows the LUCB (Lower and Upper Confidence Bound) framework (Koyamada
et al., 2024) with several optimizations. The procedure is illustrated in Figure 1.

Warm-Start. Allocate t0 initial rollouts to each candidate to establish baseline estimates.

Iterative Allocation. In each round: (1) identify the current best arm i∗ = argmaxi µ̂i and the
best challenger j∗ = argmaxj ̸=i∗ UCBj ; (2) allocate the next rollout to whichever of i∗ or j∗ has
larger uncertainty (wider confidence interval).

Stopping Condition. Terminate when LCBi∗ > UCBj∗ + ϵ, indicating the best arm is identified
with high confidence. The margin ϵ allows early stopping when the gap is acceptably small.

Arm Elimination. Arms whose UCBi < LCBi∗ are permanently removed from consideration,
focusing resources on competitive candidates.

Output. The algorithm returns the top-ranked candidate i∗ along with estimated utilities {µ̂i} for
all candidates, enabling both selection (Acc@1) and ranking (AUC) evaluation.
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Figure 1: Overview of Anytime-CBU compared to Uniform-CBU. While Uniform-CBU allocates
Kmax rollouts to every candidate, Anytime-CBU uses LUCB-style adaptive allocation to dynam-
ically distribute rollouts based on confidence bounds, potentially terminating early when a clear
winner emerges.

3.4 THEORETICAL MOTIVATION AND LIMITATIONS

The LUCB stopping condition LCBi∗ > UCBj∗ requires the utility gap between the best and
second-best arms to exceed twice the confidence radius. For Bernoulli rewards with Beta-posterior
bounds, the radius at t pulls is approximately

√
1/(4t). With Kmax = 16 pulls, this yields a radius

of approximately 0.125, meaning early stopping requires utility gaps exceeding 0.25.

This theoretical requirement reveals a fundamental limitation: when candidate utilities are nearly
identical (flat utility landscapes), the stopping condition may never be satisfied within practical
budgets. As we demonstrate empirically, this structural mismatch between the algorithm’s assump-
tions and the problem characteristics can prevent cost reduction even when the allocation strategy is
sound.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset. We evaluate on RealMath (Zhang et al., 2025), a benchmark of research-level mathe-
matics problems with verifiable answers. For each target question q, we define its neighborhood
N (q) as other RealMath questions sharing the same source paper (identified by the link field). We
filter to targets with |N (q)| ≥ 2 and retain only those where the candidate pool contains at least
one correct and one incorrect solution, yielding 79 targets for Qwen2.5-Math-7B and 28 targets for
DeepSeek-R1-7B.

Models. We use two solver models: Qwen2.5-Math-7B-Instruct (Yang et al., 2024) and DeepSeek-
R1-Distill-Qwen-7B (DeepSeek-AI et al., 2025). DeepSeek-V3 serves as the judge for verifying
rollout correctness. For each target, we generate m = 8 candidate solutions with temperature 0.7
and label them against ground truth.

Methods. We compare three allocation strategies: (1) Uniform-CBU: allocates Kmax = 16 roll-
outs uniformly to each candidate; (2) Anytime-CBU: our proposed LUCB-style adaptive allocation
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Table 1: Main results comparing Uniform-CBU, Anytime-CBU, and Random-K baselines on Real-
Math with two solver models. Anytime-CBU preserves selection quality (overlapping 95% CIs) but
achieves only 0–2% rollout reduction. Best values per model in bold. †Random-K (Qwen) uses
default parameters with lower cost; not directly comparable.

Method Acc@1 AUC Rollouts Reduction

Qwen2.5-Math-7B-Instruct (79 targets)
Uniform-CBU 0.582 [.48, .70] 0.571 [.52, .63] 10,112 —
Anytime-CBU 0.570 [.46, .67] 0.595 [.55, .64] 9,913 2.0%
Random-K† 0.544 [.43, .65] 0.593 [.54, .64] 5,659 44.0%

DeepSeek-R1-Distill-Qwen-7B (28 targets)
Uniform-CBU 0.607 [.43, .79] 0.556 [.48, .63] 3,584 —
Anytime-CBU 0.500 [.32, .68] 0.531 [.46, .61] 3,584 0.0%
Random-K Matched 0.464 [.29, .64] 0.499 [.44, .57] 3,397 5.2%

Table 2: Early stopping statistics. Anytime-CBU never triggers early termination due to flat utility
landscapes where the LUCB stopping condition is unsatisfiable within practical budgets.

Solver Model Targets Early Stopped Arms Elim. Rollouts/Target

Qwen2.5-Math-7B 79 0 (0%) 0.51 125.5
DeepSeek-R1-7B 28 0 (0%) 0.0 128.0

with Beta-posterior bounds, arm elimination, and stopping margin ϵ = 0.05; (3) Random-K: ran-
dom per-candidate rollout counts drawn from [t0,Kmax], with total budget matched to Anytime-
CBU for fair comparison.

Metrics. We report Acc@1 (fraction of targets where the top-ranked candidate is correct), AUC
(average area under the ROC curve treating utility as a classifier), total rollouts, and rollout reduction
percentage. All metrics include 95% bootstrap confidence intervals.

4.2 MAIN RESULTS

Table 1 presents the main experimental results. Our key findings are:

Cost Reduction Failed. Contrary to our hypothesis, Anytime-CBU achieves only 0–2% rollout re-
duction compared to Uniform-CBU, far below the target ≥50% (2×) reduction. On Qwen, Anytime-
CBU uses 9,913 rollouts versus 10,112 for Uniform-CBU (2.0% reduction). On DeepSeek, no re-
duction occurs at all (3,584 rollouts for both methods). The LUCB stopping condition never triggers
within the budget.

Quality Preserved. Despite the lack of cost savings, Anytime-CBU preserves selection quality
comparable to Uniform-CBU. For Qwen, Acc@1 is 0.570 versus 0.582 (95% CIs overlap substan-
tially), and AUC is actually slightly higher (0.595 vs 0.571). For DeepSeek, Acc@1 drops from
0.607 to 0.500, but the wide confidence intervals (due to only 28 targets) indicate this difference is
not statistically significant.

Adaptive Allocation Helps. Comparing Anytime-CBU to Random-K at matched cost reveals
that intelligent allocation provides ranking benefits even without early stopping. On DeepSeek,
Anytime-CBU achieves Acc@1 of 0.500 and AUC of 0.531, compared to Random-K’s 0.464 and
0.499 (+3.6pp and +3.2pp respectively). While these improvements are not statistically significant
given the sample size, the consistent directional gains suggest that LUCB-guided allocation focuses
resources on informative comparisons.

4.3 WHY EARLY STOPPING FAILS

Table 2 reveals the root cause of the cost reduction failure: zero early stopping across both models.
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The failure is structural, not parametric. The LUCB stopping condition requires LCBi∗ > UCBj∗ ,
which means the utility gap between the best and second-best candidates must exceed twice the
confidence radius. With Beta-posterior bounds at t = 16 pulls, the radius is approximately 0.12,
requiring utility gaps exceeding 0.24 for early stopping. However, RealMath candidates exhibit
near-flat utility distributions: approximately 48% of targets have all-zero or tied utilities across
candidates, and the median gap between best and second-best arms is only ∼0.0625—far below the
threshold needed for confident identification.

We attempted multiple optimizations to address this limitation: replacing Hoeffding bounds with
tighter Beta-posterior quantiles (3× tighter), adding arm elimination, introducing a stopping mar-
gin ϵ = 0.05, and increasing Kmax to 32. While these changes improved ranking quality (AUC
increased from 0.536 to 0.595 on Qwen), none achieved meaningful early stopping. This confirms
that the limitation is fundamental: LUCB-based approaches are architecturally mismatched to prob-
lems with flat utility landscapes where candidate solutions have nearly indistinguishable downstream
performance.

5 CONCLUSION

We proposed Anytime-CBU, reformulating Consequence-Based Utility scoring as a best-arm iden-
tification problem with LUCB-style adaptive allocation. Our experiments on RealMath with two
solver models reveal a mixed outcome: while Anytime-CBU preserves selection quality (overlap-
ping 95% CIs with Uniform-CBU), it achieves only 0–2% rollout reduction, far below the target
≥50%. The root cause is structural—RealMath candidates exhibit flat utility landscapes where the
LUCB stopping condition is unsatisfiable within practical budgets.

Despite this negative primary result, we find that adaptive allocation provides ranking benefits even
without early stopping, outperforming random allocation at matched cost. This suggests that in-
telligent resource allocation matters, but the stopping criterion requires fundamental rethinking for
flat-utility settings. Future work should explore alternative approaches: budget-aware stopping cri-
teria that accept suboptimal identification, regret-based formulations, or problem settings with more
separable candidate utilities.
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