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Abstract

Self-consistency improves LLM reasoning by
majority voting over multiple sampled solu-
tions, but always exhausts the sampling bud-
get and trusts every solution equally. Early-
stopping methods cut token cost substantially
via convergence monitoring. However, de-
ciding when to stop cannot change what is
voted on, so they save tokens without mean-
ingfully improving accuracy. We introduce
CASE (Confidence-Aware Self-consistency
with Adaptive Early stopping), which im-
proves both accuracy and efficiency by leverag-
ing token-level confidence normalized at two
scales: within-problem to filter low-quality
solutions and weight survivors, and cross-
problem to adapt the stopping threshold to prob-
lem difficulty. Across 5 models and 6 bench-
marks, CASE simultaneously saves 85% of to-
kens and improves accuracy by +2.24 pp over
majority voting, outperforming every early-
stopping baseline on both accuracy and effi-
ciency. Component and role-swap analyses
confirm that filtering and weighting are com-
plementary, and the two normalization scales
are non-interchangeable.

1 Introduction

Self-consistency (Wang et al., 2023) is the dom-
inant strategy for improving the reasoning accu-
racy of large language models: it samples N solu-
tions with chain-of-thought prompting (Wei et al.,
2022) and selects the answer by majority vote
(MV). By aggregating diverse reasoning paths, self-
consistency mitigates the influence of individual
reasoning errors and can substantially boost ac-
curacy over greedy decoding. However, this ap-
proach trusts every solution equally regardless of
solution quality, and exhausts the full sampling
budget regardless of problem difficulty. In prac-
tice, easy problems consume more samples than
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Figure 1: Accuracy vs. token savings, averaged over
the 20 competition cells (N=64). Prior early stopping
stays within 0.4 pp of MV (ESC 40.1%, ASC 53.1%,
ReASC 61.1% savings), while CASE reaches 68.8% at
+3.5 pp; the dashed line is the prior Pareto frontier.

needed; hard problems, where incorrect solutions
often dominate, lock the budget into an incorrect
majority.

Early-stopping methods address this inefficiency,
stopping sampling once sufficient consensus forms.
Count-based methods such as ESC (Li et al., 2024)
and ASC (Aggarwal et al., 2023) trigger stopping
from vote counts alone, while ReASC (Kim et al.,
2026) adds a per-solution reliability signal. These
methods reduce token cost by 40–61% on com-
petition benchmarks (Figure 1) but cluster at the
efficiency end of the prior Pareto frontier, saving
tokens without meaningfully improving accuracy
over MV. The limitation is structural: deciding
when to stop cannot alter what is voted on, so once
incorrect solutions dominate the pool, no stopping
rule recovers the correct answer.

Improving accuracy beyond MV requires a dif-
ferent kind of signal: solution quality, so that
unreliable solutions can be identified and down-
weighted or excluded before voting. Approaches
that leverage reward models (Cobbe et al., 2021;
Lightman et al., 2024) to score solution correctness,
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or that prompt the model to evaluate its own out-
put (Taubenfeld et al., 2025), achieve strong qual-
ity discrimination but require task-specific train-
ing data or additional inference calls per solution.
A lighter alternative estimates quality from the
model’s own token log-probabilities (Kang et al.,
2025; Razghandi et al., 2025; Zhou et al., 2025; Fu
et al., 2026), which are available as a byproduct of
generation at negligible additional cost. Applied
as a full-budget reference in our setup (F-WMV in
§4.1), filtering and weighting by these signals sur-
pass MV by +4.7 pp on competition benchmarks
(Figure 1), confirming that improving vote pool
quality is the key to surpassing majority voting
accuracy. However, these methods consume the
entire budget, leaving efficiency unaddressed.

To improve accuracy and efficiency jointly,
we introduce CASE (Confidence-Aware Self-
consistency with Adaptive Early stopping). CASE
estimates solution quality from token log-
probabilities produced during generation, leverag-
ing this signal to filter low-quality solutions, weight
survivors by quality, and adapt the stopping thresh-
old to problem difficulty in real time as solutions
arrive. To serve these distinct roles, CASE normal-
izes the confidence signal at two scales: within-
problem for filtering and weighting, and cross-
problem for difficulty-aware stopping (§3; vali-
dated in §4.4). Prior confidence-based methods
instantiate strict subsets of these three roles (Ap-
pendix A); reading one signal at two scales lets
CASE occupy all three at once.

Across 5 models and 6 benchmarks, CASE
saves 85% of tokens while improving accuracy by
+2.24 pp over MV (+3.5 pp on competition), en-
tering the accuracy–efficiency region beyond the
prior Pareto frontier (Figure 1). A factorial analysis
(§4.3) reveals filter–weight complementarity: filter-
ing raises accuracy but slows convergence; weight-
ing concentrates vote mass on high-confidence sur-
vivors, restoring the sampling efficiency lost to fil-
tering. A role-swap experiment (§4.4) confirms the
two normalization scales play non-interchangeable
roles; applying the wrong scale for filtering in-
creases sample usage by 38%.

Our contributions are:

• We decompose self-consistency into filter-
ing, weighting, and stopping, and propose
CASE, which instantiates all three from a sin-
gle token-level confidence signal read at two
scales.

• Through a systematic component analysis
(§4.3), we identify the filter–weight com-
plementarity underlying CASE’s accuracy–
efficiency balance.

• A role-swap experiment (§4.4) confirms
that the two normalization scales play non-
interchangeable roles.

2 Related Work

Early Stopping for Self-Consistency. Early-
stopping methods reduce cost by monitoring vote
convergence: ESC (Li et al., 2024) stops when
an observation window agrees (zero entropy);
ASC (Aggarwal et al., 2023) stops once a Beta
posterior over the leading answer’s majority proba-
bility exceeds a threshold; RASC (Wan et al., 2025)
leverages reasoning-path features for both weight-
ing and stopping; and ReASC (Kim et al., 2026)
adds a GMM gate that returns the first solution if re-
liable, otherwise applies confidence-weighted Beta
stopping without modifying the vote pool. A com-
plementary direction allocates sampling budgets
by problem difficulty (Wang et al., 2025; Liu et al.,
2026). None of these reliably surpass majority vot-
ing accuracy: the available signals (vote counts,
reasoning-path features, pre-estimated difficulty)
address stopping or budget allocation rather than
solution quality, so a low-quality vote pool cannot
be improved.

Solution Quality Estimation. A separate line
of work improves accuracy by estimating indi-
vidual solution quality and leveraging these esti-
mates during voting. Trained verifiers (Cobbe et al.,
2021; Lightman et al., 2024) require task-specific
data, while LLM-as-judge (Zheng et al., 2023) and
per-solution confidence queries (Taubenfeld et al.,
2025) add inference cost. Lightweight alternatives
extract quality signals from token-level distribu-
tions or aggregated log-probabilities (Kang et al.,
2025; Razghandi et al., 2025; Leang et al., 2026;
Zhou et al., 2025), improving accuracy over MV
but consuming the full sampling budget. Deep-
Conf (Fu et al., 2026) similarly extracts token-level
confidence, with an offline mode at full budget and
an online mode that performs token-level termi-
nation of individual solutions, requiring modifica-
tions to the standard serving pipeline (§4.2 and Ap-
pendix I). No prior method integrates these gains
with early stopping in a single framework within a
standard serving pipeline (Appendix A).
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Figure 2: Motivating observations for CASE (Qwen3-1.7B-Think, AIME25). (a) Confidence ck of 64 solutions
on Easy, Medium, and Hard problems; incorrect solutions cluster below the per-problem mean (dashed), and the
means decrease with difficulty. (b) On a Medium problem, filtering solutions below the running mean (hatched)
removes predominantly incorrect solutions; the correct-answer fraction (bottom) shows CASE stabilizing above 0.5
while MV ends below, confirming that filtering recovers the correct answer. (c) Pmaj, the posterior probability that
the current leader remains dominant, serves as a stopping criterion. Easy crosses τ at k=8; Hard never reaches τ ,
requiring τlow (k=26); the dotted segment shows the Hard trajectory continues below τ even at full budget.

3 CASE: Confidence-Aware
Self-Consistency with Adaptive Early
Stopping

In this section, we first decompose self-consistency
into three functional components (§3.1), then de-
scribe the confidence signal shared by all three
(§3.2), and finally instantiate each: filtering (F ;
§3.3), weighting (W; §3.4), and early stopping
with difficulty adaptation (S; §3.5).

3.1 A Modular Decomposition of
Self-Consistency

Self-consistency (Wang et al., 2023) gener-
ates N independent chain-of-thought solutions
{s1, . . . , sN} and selects the final answer by major-
ity vote. We decompose this aggregation process
into three functional components: (1) a candidate
filter F that prunes low-quality solutions from the
candidate pool, F(C) → C ′ ⊆ C; (2) a weight-
ing function W that assigns each retained solution
sk ∈ C ′ a vote weight wk, W(C ′) → w ∈ R|C′|;
and (3) an early-stopping criterion S that deter-
mines whether to stop after each new solution. Let
ak denote the answer extracted from sk. Each can-
didate answer a accumulates the weights of all
surviving solutions that produced it, and the final
prediction â is the answer with the largest total
weight:

â = argmax
a

∑

sk∈C′
wk · ⊮[ak = a]. (1)

Based on this formulation, our goal is to de-
sign F ,W,S that jointly maximize accuracy and

minimize sampling cost, up to a budget of N so-
lutions. Existing methods address only a subset
of these components (Appendix A): standard self-
consistency applies identity filtering (C ′ = C),
uniform weighting (wk = 1), and a fixed budget;
ASC (Aggarwal et al., 2023) introduces a Beta-
posterior S but retains identity filtering and uni-
form weighting; confidence-weighted voting (e.g.,
CER (Razghandi et al., 2025)) assigns non-uniform
W but applies no filtering and no early stopping.
Unlike these partial methods, CASE instantiates
F , W , and S from a shared signal, detailed in the
following subsections.

3.2 Solution Quality Estimation

All three components of CASE (F , W , S) require
a measure of solution quality. CASE estimates this
quality with a confidence score derived from token
log-probabilities, which correlate with solution cor-
rectness (Fu et al., 2026; Kang et al., 2025). Since
log-probabilities are available as a byproduct of
generation, this score requires no additional model
calls and can be computed at every sampling step.

Following Fu et al. (2026), CASE computes
this score in two steps: first at the token level,
then aggregated to the solution level. For the
k-th solution sk consisting of T tokens, the top-
K log-probabilities ℓt,1 ≥ · · · ≥ ℓt,K are ex-
tracted at each position t. The token-level con-
fidence is the negated mean of these top-K values,
ct = − 1

K

∑K
j=1 ℓt,j . When the model is confident,

probability mass concentrates on a few top-ranked
tokens, so most of the top-K entries take strongly
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negative log-values and ct becomes large; when
uncertain, mass spreads across the top-K and ct
decreases. The design rationale for this choice is
discussed in Appendix C.

CASE then aggregates token scores into a
solution-level score over a group of g consecu-
tive tokens (the group size; stride 1). Among ag-
gregation strategies, CASE selects the tail group,
defined as the mean of the final g token scores:
ck = 1

g

∑T
t=T−g+1 ct. This choice gives the high-

est average AUROC across models (Appendix D).
The tail confidence ck reflects the model’s certainty
in the concluding phase where reasoning converges
to a final answer; it serves as the shared input to F ,
W , and S .

3.3 Candidate Filtering (F)

With ck from §3.2, the filter F prunes low-quality
solutions to raise the correct-answer fraction in the
vote pool. A natural approach is to exclude solu-
tions whose ck falls below a fixed threshold, but this
is problematic: the model tends to produce higher
scores on easier problems (Figure 2(a): mean con-
fidence decreases from Easy to Hard). Any single
cutoff therefore over-rejects on Hard problems and
under-rejects on Easy ones. CASE addresses this
through within-problem normalization (hereafter
intra-z): each solution’s score is compared to others
on the same problem, enabling a single threshold
to apply uniformly.

To compute intra-z, each solution’s confidence
is normalized against the scores observed so far
for the same problem: zintra

k = (ck − µ̂<k)/σ̂<k,
where µ̂<k, σ̂<k are the running mean and standard
deviation of {c1, . . . , ck−1}. Solutions arrive one
at a time, so the statistics are updated incrementally
with each new solution.

With this score, F excludes any solution with
zintra
k < fz from the vote pool, i.e., C ′ = {sk ∈ C |
zintra
k ≥ fz}. Even excluded solutions update µ̂, σ̂:

otherwise the running mean would drift upward,
making the filter progressively stricter. Because
intra-z measures quality relative to each problem,
the filter maintains a balanced pass rate regardless
of problem difficulty (fz is set in §4.1). Figure 2(b)
illustrates this on a Medium problem: filtering low-
confidence solutions (hatched bars) preferentially
removes incorrect ones, recovering the correct an-
swer that MV misses.

3.4 Weighting (W)

After filtering, the surviving solutions are aggre-
gated into a final answer. The simplest choice is
uniform majority voting, but this treats all solutions
equally regardless of confidence, leaving the fine-
grained quality information in ck unused and delay-
ing consensus. Since intra-z from §3.3 already cap-
tures each solution’s relative quality, CASE reuses
this score to weight votes.

CASE applies an exponential weight wk =
exp(λ · zintra

k ) to each retained solution sk ∈ C ′,
following Kim et al. (2026). Here λ controls how
sharply vote mass concentrates: λ = 0 recovers
uniform voting, while larger λ progressively con-
centrates mass on the highest-confidence solutions.
The exponential form amplifies high-confidence so-
lutions (those with large zintra), sharpening the vote
signal as confidence rises. In practice, this concen-
trates the surviving pool’s mass on high-confidence
answers, compensating for the convergence cost
that filtering induces (§4.3).

Since running statistics are unreliable when too
few ck have been observed, CASE applies a brief
warmup: the first kw solutions bypass F and W
with unit weight while still updating µ̂ and σ̂. After
warmup, filtering and weighting activate with these
stabilized statistics.

3.5 Difficulty-Aware Early Stopping (S)

While F and W improve accuracy, S addresses
the remaining efficiency objective from §3.1. We
instantiate S as two layers: a base stopping rule S
(Eq. 2) that terminates once the vote pool reaches
sufficient consensus, and a difficulty adaptation D
that conditions S’s threshold on problem difficulty.

The base rule S follows ASC (Aggarwal et al.,
2023): it frames stopping as a comparison between
the top two answers, modeling the leader’s win
rate p with a Beta posterior. CASE extends this to
confidence-weighted votes following ReASC (Kim
et al., 2026). Let V1 ≥ V2 denote the weighted
votes of the top two answers, accumulated over the
filter survivors C ′. The leading answer’s win rate
p follows a Beta(V1 + 1, V2 + 1) posterior, and
CASE defines Pmaj = P (p > 1

2), the probability
that the leading answer remains dominant as more
solutions are generated. CASE stops sampling once
this probability exceeds a threshold τ :

p ∼ Beta(V1+1, V2+1), Pmaj = P (p > 1
2) ≥ τ.

(2)
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A higher τ demands more evidence before stop-
ping; this works well for Easy problems where
the pool quickly reaches consensus (Figure 2(c)).
However, on Hard problems Pmaj stays well below
τ throughout the full budget (Figure 2(c)), wast-
ing budget for negligible accuracy gain. To avoid
this waste, CASE should terminate earlier on Hard
problems with a relaxed threshold.

The remaining question is how to detect prob-
lem difficulty at inference time. The intra-z score
cannot provide this signal: within-problem normal-
ization removes cross-problem variation by design
(§3.3), so Hard and Easy problems yield similar
score distributions. CASE therefore introduces a
second normalization that preserves cross-problem
variation (hereafter inter-z): zinter

k = (ck−µG)/σG,
where (µG, σG) are the global mean and standard
deviation of confidence scores. Because Easy prob-
lems produce higher confidence on average (Fig-
ure 2(a)), they yield positive inter-z while Hard
problems yield negative values, providing the dif-
ficulty signal for adaptive stopping. A problem’s
mean confidence predicts its solve rate at a median
per-cell Spearman correlation of +0.57, positive in
24 of the 25 math cells (Appendix D).

CASE precomputes (µG, σG) once per evalua-
tion setting by sampling a single solution per prob-
lem; that same solution is then consumed as each
problem’s first warmup sample (§3.4), so calibra-
tion adds no extra inference cost. Precomputation
is not even required: a rolling estimate accumu-
lated over the served stream matches it to within
0.03 pp (Appendix E).

CASE leverages this signal to relax the stopping
threshold on Hard problems. Like F and W , this
adaptation engages after warmup, once sufficient
inter-z samples have accumulated for a stable run-
ning mean. The running mean of inter-z over all
observed solutions (including filtered ones, since
difficulty is a property of the problem) gives the
difficulty estimate. If this running mean falls be-
low a threshold δ, the problem is classified as Hard
and the stopping threshold is relaxed from τ to τlow
(τlow < τ ). CASE then terminates as soon as Pmaj
exceeds τlow, even on problems where it would
never reach τ . Figure 2(c) shows this: on Hard,
CASE stops via τlow instead of exhausting the full
budget.

Together, the three components address both
terms of the objective in §3.1: F and W refine
the vote pool with intra-z normalization, while S
stops sampling by base consensus (S) and relaxes

Algorithm 1 CASE Inference
Require: Budget N , calibration stats (µG, σG), hyperparam-

eters {kw, fz, λ, τ, τlow, δ}
1: votes← {}
2: for k = 1 to N do
3: ck ← TailConf(sk); zinter

k ← (ck − µG)/σG

4: τeff ← τ
5: if k ≤ kw then
6: votes[Answer(sk)] += 1 {Warmup}
7: else
8: zintra

k ← (ck − µ̂<k)/σ̂<k

9: if zintra
k ≥ fz then

10: votes[Answer(sk)] += exp(λ ·zintra
k ) {F +W}

11: end if
12: if mean of zinter

1:k < δ then
13: τeff ← τlow {Hard problem}
14: end if
15: end if
16: Update µ̂, σ̂ with ck {incl. filtered (§3.3)}
17: if Pmaj ≥ τeff then
18: return argmaxa votes[a] {S: Stop; Pmaj from

Eq. 2}
19: end if
20: end for
21: return argmaxa votes[a]

its threshold on Hard problems (D) via inter-z nor-
malization. Algorithm 1 summarizes the full pro-
cedure; all hyperparameters are set in §4.1.

4 Experiments

We evaluate CASE along its design axes of effi-
ciency and accuracy. After the setup (§4.1), we
compare CASE against self-consistency baselines
and analyze when the accuracy gain holds and what
drives it (§4.2), attribute the resulting gains to indi-
vidual components and to the dual-scale normaliza-
tion design (§4.3 and §4.4), and measure wall-clock
cost under a serving workload (§4.5).

4.1 Experimental Setup

Datasets and Baselines. We evaluate on six
benchmarks in three categories. Competition math:
AIME 2024 and 2025 (30 problems each; Zhang
and Math-AI Team, 2024, 2025) and HMMT Febru-
ary 2024 and 2025 (30 problems each; Dekoninck
et al., 2026). Standard math: MATH-500 (500
problems; Hendrycks et al., 2021). Graduate-level
science: GPQA Diamond (198 problems; Rein
et al., 2024).

We compare CASE against three early-stopping
methods that aim to reduce sampling cost (ESC,
ASC, ReASC) and three full-budget references that
anchor the achievable accuracy at N = 64 (MV,
WMV, F-WMV).

Stopping baselines. ESC (Li et al., 2024) (win-
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dow w=41), ASC (Aggarwal et al., 2023) (Beta-
posterior, τ=0.95), and ReASC (Kim et al., 2026)
(GMM gate + weighted stopping, τ=0.95, λ=0.7,
online variant2); ASC and ReASC parameters fol-
low the values reported in their original papers.

Full-budget references. MV anchors stan-
dard accuracy; WMV and F-WMV apply CASE’s
weighting (and filtering, for F-WMV) at full bud-
get as aggregate references for these components.
Methods requiring additional inference (DSC;
Wang et al., 2025) or custom decoding pipelines
(DeepConf; Fu et al., 2026) are excluded from Ta-
ble 1; DeepConf is compared separately (§4.2 and
Appendix I).

Implementation Details. We evaluate on five
models that cover the 1.7B–8B parameter range,
two architecture families (Qwen and Gemma), and
both thinking-mode and non-thinking-mode vari-
ants, distinguished by whether the model was
trained to emit chain-of-thought reasoning be-
fore its answer: Qwen3-1.7B-Thinking (1.7B-
Think), Qwen3-4B-Thinking (4B-Think), Qwen3-
4B-Instruct (4B-Inst), Qwen3-8B non-thinking
(8B-NT) (Yang et al., 2025), and Gemma3-4B-
IT (Gemma Team et al., 2025). Combined with the
six benchmarks, this yields 30 model–benchmark
combinations.

For each model and benchmark, we sample
N = 64 solutions per problem once and replay
this fixed pool in 20 independent random orders,
applying each method’s stopping criterion online:
at step k the decision considers only the first k
solutions. Because all methods see identical solu-
tions in identical orders, any difference reflects the
stopping rule, not sampling variance.

Performance is reported on two axes: (1) ef-
ficiency, capturing how much of the full sam-
pling budget is consumed, and (2) accuracy.
For (1) we report two complementary metrics:
Samp (sample count, macro-averaged across com-
binations; includes the calibration solution and
filtered-out solutions) for solutions consumed, and
TokSv (1−tokens used/full-budget tokens, micro-
averaged) for the fraction of budget tokens saved.
For (2) we report Acc%, the percentage of prob-

1ESC reports w = 5 (general) and w = 8 (MATH); we
follow the most recent related work (Kim et al., 2026) in
adopting w=4.

2Unlike the offline variant (which requires labeled valida-
tion data), the online variant calibrates the GMM threshold
from Stage 1 confidence scores across the test set without
labeled data, matching CASE’s calibration setting.

lems whose selected answer matches the reference,
averaged over the 20 shuffles and macro-averaged
across combinations; ∆MV is its change relative
to MV in percentage points. Both efficiency met-
rics are needed because per-solution length varies
∼11× across our models (1.6K–18K tokens; Ap-
pendix B): Samp alone undercounts the actual com-
pute saved on long-solution models. We report
results at N = 64 throughout the main text and
verify that CASE’s advantage persists and widens
across N ∈ {16, 32, 64} (Appendix H).

All six hyperparameters are fixed identically
across the 30 combinations: kw = 3, fz = 0,
λ = 0.3, τ = 0.90, τlow = 0.70, δ = −0.7. Ap-
pendix G details the rationale for each default. Sen-
sitivity sweeps reported there confirm that the gain
over MV is robust to the specific choice. Group
sizes and sampling configurations are listed in Ap-
pendix B.

4.2 Experimental Results
Across the 30 model–benchmark combinations, no
early-stopping baseline Pareto-dominates CASE on
any cell, while CASE dominates the best per-cell
baseline on 16 of 30 and is Pareto-incomparable
on the rest (Table 1). Aggregated, CASE improves
accuracy by +2.24 pp over MV at 13.6 samples
and 85.3% token savings, while ESC, ASC, and
ReASC stay within 0.12 pp of MV at 17 to 26 sam-
ples, confirming that prior early-stopping methods
save tokens without improving accuracy. On the
hardest cells it even exceeds full-budget references:
on 8B-NT/HMMT24, +5.5 pp at 32.7 samples sur-
passes F-WMV’s +3.3 pp at full budget (Table 1).

CASE gains accuracy when two conditions hold:
(i) tail confidence must separate correct from incor-
rect solutions, and (ii) MV’s vote pool must leave
the room to improve. Competition benchmarks
satisfy both: tail confidence is highly discrimina-
tive here (AUROC 0.85; Table 11), and MV errors
are frequent (13 of 20 cells below 50%), giving
+3.5 pp. MATH-500 fails (ii): MV already reaches
about 85%, leaving little to recover. GPQA fails
(i): AUROC falls to 0.58 (weakly discriminative),
so the filter cannot tell correct from incorrect even
though MV’s accuracy near 50% leaves the room.
Even so, both benchmarks still save 90% and 87%
of tokens. The two conditions also predict the out-
come off the grid, on MMLU-Pro and on a 14B
model (Appendix K).

Within GPQA that failure is concentrated where
answers are recalled rather than derived: tail con-
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Table 1: Per-cell results across 30 model–benchmark combinations (N=64, averaged over 20 shuffles). ∆: accuracy
change vs. MV (pp). Samp: average samples consumed. TokSv: token savings (%). Best ∆, Samp, and TokSv
per row among early-stopping methods in bold. Per-cell standard error across the 20 shuffles is ≤ 0.8 pp accuracy,
≤ 1.0 samples, and ≤ 1.9 pp TokSv across all methods (per-method breakdown in Appendix F).

Full Budget ESC ASC ReASC CASE

Model Dataset MV WMV F-WMV ∆ Samp TokSv ∆ Samp TokSv ∆ Samp TokSv ∆ Samp TokSv

1.7B-Think AIME24 70.0 +3.3 +10.0 −0.5 30.1 45.8 −0.3 22.5 59.0 +2.3 17.2 67.3 +5.2 10.9 80.4
AIME25 46.7 +6.7 +10.0 +1.3 36.7 31.2 0.0 28.3 46.6 +4.2 24.9 51.0 +7.0 16.8 68.6
HMMT24 30.0 0.0 +6.7 −0.3 38.6 30.8 −0.3 30.7 44.9 −0.7 27.9 48.8 +4.5 16.8 68.8
HMMT25 26.7 0.0 +20.0 +0.2 41.5 25.7 0.0 29.5 47.3 +2.2 27.4 50.2 +14.8 22.3 59.3
MATH500 86.4 +0.2 0.0 −0.1 7.9 76.1 0.0 6.9 80.8 −0.2 5.5 82.5 −0.5 3.8 92.1
GPQA 39.9 +1.5 +4.5 −1.0 20.3 64.2 −0.3 20.0 64.7 +0.6 16.7 70.0 +2.3 11.2 79.9

4B-Think AIME24 90.0 0.0 0.0 +0.3 10.3 77.3 0.0 10.2 77.3 −0.2 9.2 78.6 +0.5 4.2 92.2
AIME25 86.7 0.0 0.0 0.0 7.5 85.1 0.0 5.4 90.5 −0.3 4.2 92.1 −0.2 3.7 93.7
HMMT24 53.3 +3.3 +3.3 +0.8 22.7 54.1 +0.3 18.6 63.4 +0.8 15.1 70.7 +3.5 10.5 79.1
HMMT25 63.3 0.0 +6.7 +0.3 20.8 58.6 0.0 19.4 62.5 −1.3 17.0 66.6 +3.2 10.2 80.3
MATH500 88.6 0.0 0.0 0.0 4.7 90.6 0.0 4.4 91.9 0.0 3.3 92.5 0.0 3.2 94.7
GPQA 66.2 +1.0 +1.5 −0.5 11.3 78.4 −0.1 11.1 78.9 −0.6 9.6 80.9 +0.2 6.5 87.9

4B-Inst AIME24 80.0 +3.3 +3.3 −1.5 20.0 61.4 −0.2 15.4 71.0 +2.0 13.1 75.0 +3.0 7.1 87.2
AIME25 63.3 0.0 −3.3 0.0 26.2 48.2 +0.2 17.2 66.8 0.0 15.5 69.0 −2.7 11.5 78.3
HMMT24 33.3 0.0 0.0 +0.2 30.8 46.6 0.0 22.0 62.8 0.0 19.5 65.8 +0.2 13.2 77.2
HMMT25 33.3 +3.3 +10.0 +0.5 30.5 46.7 +0.2 21.9 61.9 +2.0 17.6 69.4 +7.2 15.0 73.7
MATH500 89.2 +0.2 +0.4 0.0 6.2 79.0 0.0 5.8 83.8 −0.1 4.4 85.1 +0.1 3.6 91.5
GPQA 58.1 −0.5 −1.5 −0.3 9.3 75.3 0.0 8.7 78.6 −1.4 6.0 86.4 −1.1 4.6 90.3

8B-NT AIME24 46.7 0.0 0.0 −0.2 44.0 20.3 −0.2 33.3 37.9 −2.0 29.9 43.4 −2.5 22.6 59.3
AIME25 33.3 0.0 0.0 −0.3 45.2 23.2 0.0 35.7 39.5 −3.3 30.1 50.1 −0.2 25.4 57.0
HMMT24 20.0 0.0 +3.3 0.0 50.3 15.4 −0.2 40.9 29.6 −3.3 36.2 39.4 +5.5 32.7 40.9
HMMT25 13.3 +3.3 +6.7 0.0 50.0 16.6 0.0 40.7 31.0 +1.7 30.5 54.1 +7.2 29.9 45.5
MATH500 85.8 −0.4 −0.4 −0.4 11.8 63.2 −0.2 9.9 71.6 −0.1 8.7 72.5 −1.3 5.3 86.7
GPQA 49.0 +0.5 +2.0 −0.4 16.2 68.9 +0.1 15.5 71.0 −1.5 10.2 80.6 −0.2 7.8 85.6

Gemma3-4B AIME24 20.0 +3.3 +3.3 +0.3 44.2 30.1 0.0 37.9 39.9 −3.8 27.9 57.4 +1.7 24.5 60.0
AIME25 13.3 +6.7 +6.7 +0.2 46.5 22.8 0.0 37.9 35.9 +3.2 33.8 43.1 +6.0 27.9 51.8
HMMT24 3.3 +3.3 +3.3 0.0 39.0 34.3 0.0 29.5 49.1 +1.0 22.3 64.2 +3.0 21.2 62.8
HMMT25 0.0 +3.3 +3.3 0.0 44.2 27.0 0.0 32.8 44.1 +3.3 21.5 65.2 +3.7 23.7 59.8
MATH500 76.4 +0.6 +0.4 −0.1 15.8 60.0 0.0 12.9 67.9 −0.4 11.6 69.2 −0.8 5.9 87.1
GPQA 33.3 −0.5 −1.5 −0.6 7.3 85.0 −0.2 7.2 85.6 −0.5 5.5 87.8 −2.0 4.8 91.1

fidence separates correct from incorrect solutions
on Physics (AUROC 0.64) but not on recall-heavy
Chemistry (0.50). Confidence reflects how certain
a reasoning process is, so when an answer is re-
called rather than derived there is no process to
read: wrong answers carry the same confidence
as correct ones, and the samples concentrate on a
single wrong answer. On majority-wrong GPQA
problems, that one wrong answer takes a median
of 0.84 of the votes, against 0.47 on math (Table 9).
Filtering then has nothing to separate, but that same
convergence is all the stopping rule needs, so CASE
trades the accuracy gain for savings on GPQA, at
−2.0 to +2.3 pp per cell (Appendix D).

At the problem level, the accuracy gain takes
the form of filter recovery. Stratifying all 4,090
model–problem pairs by correct-solution fraction
pc (Table 2; an oracle quantity rather than an
inference-time statistic, though its distribution, the
gain-regime share, is estimable on a small labeled
slice) yields three regimes. In the gain regime
(MV-wrong, pc > 0; 13% of pairs), filter recov-
ery rises monotonically from 3% to 39% across
pc bins, scaling the per-instance recovery of Fig-

ure 2(b) to a population. In the savings regime (MV-
correct; 70% of pairs), CASE preserves 97.7% of
MV-correct answers at 93% TokSv. The unrecover-
able regime (pc=0; 17% of pairs) still saves 83%
of tokens by terminating once consensus stalls. Fil-
ter recovery thus drives accuracy in the gain regime;
stopping drives efficiency across all three.

Table 2: Per-problem CASE performance by correct-
solution fraction (pc) and MV outcome across 4,090
model–problem pairs. CASE values represent recovery
rates in the Gain regime (MV-wrong, pc > 0) and the
preservation rate in the Savings regime (MV-correct).

N (%) MV CASE Samp TokSv

Gain (MV-wrong, pc > 0)
pc ∈ (0, 10%] 258 (6.3%) 0% 3.4% 15.1 76.5%
pc ∈ (10, 30%] 206 (5.0%) 0% 18.6% 14.5 77.4%
pc ∈ (30, 50%] 68 (1.7%) 0% 38.5% 15.8 75.2%

Savings (MV-correct) 2868 (70.1%) 100% 97.7% 4.4 93.1%
Unrecoverable (pc=0) 690 (16.9%) 0% 0% 11.1 82.7%

Comparison with DeepConf. DeepConf (Fu
et al., 2026) is the closest confidence-based method.
We exclude it from Table 1 because its online mode
terminates mid-generation, which requires modify-
ing the serving framework’s decoding loop. Repli-

42275



cated on the same solutions and confidence scores,
its best online variant reaches +1.49 pp at 53.1%
token savings against CASE’s +2.24 pp at 85.3%,
on 3× fewer samples and with no change to the
inference engine. Appendix I reports the controlled
comparison in full, including an offline-mode de-
composition that localizes the difference to the fil-
ter axis; results at N = 64 may understate Deep-
Conf, which was originally evaluated at N=512.

4.3 Component Analysis

Having attributed CASE’s behavior to problem
regimes (§4.2), we now decompose the same aggre-
gate gains into the contributions of F , W , and S.
To isolate each component’s contribution, we sys-
tematically evaluate all eight combinations of Fil-
ter (F), Weight (W), and the base stopping rule (S;
Eq. 2). Difficulty adaptation (D) extends S by ad-
justing its threshold via inter-z (§3.5); we therefore
evaluate D only as an add-on to FWS (Table 3).
Stopping configurations apply running normaliza-
tion; non-stopping configurations apply offline nor-
malization computed from the full distribution of
N = 64 solutions per problem (the two cannot
be decoupled: online stopping decides at step k
based on only {c1, . . . , ck}, so it cannot reuse of-
fline statistics that include future solutions).

Table 3: Factorial ablation of F (filter), W (weight), and
S (stopping) across all 8 combinations on 30 model–
benchmark combinations (N=64). Full CASE adds D:
difficulty-aware stopping. ReASC shown for reference.

F W S Acc% Samp TokSv ∆MV

49.98 64.0 0.0% −
✓ 49.91 16.7 80.0% −0.07

✓ 51.40 64.0 0.0% +1.42
✓ ✓ 51.00 14.7 82.4% +1.02

✓ 53.12 64.0 0.0% +3.14
✓ ✓ 52.38 20.2 75.6% +2.40
✓ ✓ 53.27 64.0 0.0% +3.29
✓ ✓ ✓ 52.45 16.5 80.6% +2.47

CASE (FWS+D) 52.22 13.6 85.3% +2.24

ReASC 50.10 17.4 76.8% +0.12

Adding filter to stopping alone (S→FS) lifts
∆MV by +2.47 pp (from −0.07 to +2.40), consis-
tent with the recovery-rate pattern in Table 2. How-
ever, samples increase from 16.7 to 20.2 (+3.5):
since fz=0 removes solutions below the running
mean, filtering roughly halves the effective vote
count, and the Beta posterior (Eq. 2) needs more
samples to reach the stopping threshold.

Weighting compensates for this convergence

cost. Adding weight (FS→FWS) reduces samples
from 20.2 to 16.5 while ∆MV moves from +2.40
to +2.47 pp. By concentrating vote mass on the
highest-confidence survivors, weighting allows the
Beta posterior to converge despite the smaller ef-
fective pool. The combined F+W+S thus improves
accuracy at essentially no efficiency cost over stop-
ping alone (+2.47 vs. −0.07 pp at 16.5 vs. 16.7
samples).

This decomposition also locates CASE’s gain
over prior early-stopping methods, which weight
and stop but leave the vote pool unmodified (§4.1).
Adding the filter to W+S buys +1.45 pp of accu-
racy (+1.02 to +2.47) at 1.8 extra samples and
1.8 pp of token savings (Table 3): most of CASE’s
accuracy gain comes from the axis this line does
not occupy. ReASC itself further differs in its stop-
ping and weighting constants and its reliability gate,
so this reading bounds its gap to CASE rather than
reproducing it in a controlled comparison.

Difficulty-aware stopping adds a final efficiency
layer. Adding it (FWS→CASE) extracts +4.7 pp
additional token savings (80.6% → 85.3%) at a
minimal 0.23 pp accuracy cost, yielding +2.24 pp
over MV at 13.6 samples. The threshold δ is
robust: accuracy varies by only 0.45 pp across
δ ∈ [−2.0,−0.5] (Appendix G).

4.4 Intra-z vs. Inter-z: Role Validation
Filtering, weighting, and stopping rely on two
normalization scales: intra-z (within-problem) for
quality and inter-z (cross-problem) for difficulty.
Each encodes information the other cannot recover:
intra-z removes cross-problem variation so a single
threshold applies uniformly across difficulty, while
inter-z preserves it, distorting any within-problem
cutoff. We test the scale–role pairing by indepen-
dently swapping each of the two intra-z roles, filter
and weight (Table 4).

Replacing intra-z with inter-z for the filter (swap-
F) inflates sample usage from 13.6 to 18.8; TokSv
drops from 85.3% to 73.2% and accuracy drops
by 0.37 pp. Inter-z assigns uniformly low scores
on hard problems by construction, so the filter re-
jects most candidates and forces CASE to continue
sampling further. Intra-z avoids this by ranking
solutions within each problem, maintaining a bal-
anced pass rate regardless of difficulty.

Swap-W trades 2.8 extra samples (13.6→16.4)
for a marginal 0.24 pp accuracy gain. Inter-z
weights shrink on hard problems (negative z), slow-
ing Beta-posterior convergence and consuming
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Table 4: Independent z-score swap (N=64, 30 model–
benchmark combinations). Each swap row replaces
intra-z with inter-z for filter, weight, or both; CASE
(intra/intra) shown for reference. See §4.4 for analysis.

Config F / W D Acc% Samp TokSv ∆MV

MV − − 49.98 64.0 0.0% −
CASE intra / intra ✓ 52.22 13.6 85.3% +2.24
swap-F inter / intra ✓ 51.85 18.8 73.2% +1.87
swap-W intra / inter ✓ 52.46 16.4 81.2% +2.48
swap-FW inter / inter ✓ 51.99 22.0 69.4% +2.01

CASE intra / intra ✗ 52.45 16.5 80.6% +2.47
swap-F inter / intra ✗ 51.92 20.7 71.0% +1.94
swap-W intra / inter ✗ 52.61 19.6 75.7% +2.63
swap-FW inter / inter ✗ 52.01 23.4 67.4% +2.03

more samples there for marginal accuracy bene-
fit at substantial efficiency cost. CASE therefore
leverages intra-z for both filter and weight.

Swap-FW (22.0 samples) confirms the filter
swap dominates the combined loss; beyond these
direct costs, difficulty-aware stopping’s efficacy is
itself tied to the filter scale: it saves 2.9–3.2 samples
when paired with intra-z filtering but only 1.4–1.9
with inter-z, because inter-z filtering rejects most
candidates on hard problems, consuming most of
the budget regardless of D. All three swaps incur
efficiency cost: swap-F and swap-FW are strictly
Pareto-dominated by CASE on all three metrics,
and swap-W inflates samples by 21%.

4.5 Deployment Cost

CASE must compute a confidence score and evalu-
ate its stopping rule after each solution is generated,
so a problem’s solutions are produced one after an-
other rather than as one parallel batch, at a latency
cost MV does not pay. The gap should be widest
under modern serving, where continuous batching
and prefix caching let MV issue all N solutions as
a single saturated round. Yet CASE draws on the
same two mechanisms: a server generates for many
problems at once, so the GPU stays busy while
any one problem waits on its decision, and prefix
caching lets that problem’s next solution rejoin the
running batch with no re-prefill (Kwon et al., 2023).
Because token savings cannot show how much of
the gap survives, we measure wall-clock directly.

We run the 30 problems of a cell concurrently on
one GPU against MV at the full budget (Table 5).
CASE finishes in 0.84× and 0.46× MV’s wall-
clock while spending 0.28× its tokens, at +3.3 pp
accuracy: the token savings become time savings.
The oracle is faster still (0.36× and 0.30×), but no

Table 5: Wall-clock, tokens, and accuracy under a
served workload: the 30 problems of a cell are run
concurrently on one GPU at N = 64, single replicate.
Acc% is measured on this run and is not the 20-shuffle
Acc% of Table 1. †The oracle spends CASE’s token
budget in one fully parallel pass; not a deployable sched-
ule.

4B-Inst/HMMT25 1.7B-T/AIME25

Time (s) Tokens used Acc% Time (s) Tokens used Acc%

MV 8,469 13.7 M 33.33 39,311 34.4 M 46.67
CASE 7,134 3.87 M 36.67 18,077 9.47 M 50.00
Oracle† 3,090 3.87 M 30.00 11,799 9.70 M 40.00

deployment can occupy that point, since it must
know each problem’s sample count in advance, and
it aggregates by majority vote, returning MV-level
accuracy (30.00 and 40.00) rather than CASE’s
(36.67 and 50.00).

Appendix J reports the harsher single-problem
setting (Table 19), in which one problem owns one
GPU and the serialization has nothing to hide be-
hind. Even there the cost is adjustable: CASE costs
1.17× and 0.72× MV’s median latency on the two
cells, and checking the stopping rule once every
b=4 solutions brings both below MV (0.61× and
0.30×). Per-sample stopping therefore maximizes
token efficiency while blocked stopping suits a la-
tency target.

5 Conclusion

We propose CASE, which extracts per-solution
quality and per-problem difficulty from a single
token-level confidence trace by normalizing it
within and across problems, supporting filtering,
weighting, and adaptive stopping without training
or modifications to the standard serving pipeline.
Across 30 model–benchmark combinations, CASE
saves 85% of tokens while gaining +2.24 pp over
majority voting, and is, to the best of our knowl-
edge, the first to enter the upper-right region of the
accuracy–efficiency plane beyond the prior Pareto
frontier (Figure 1). Component analysis reveals
filter–weight complementarity, and a role-swap ex-
periment confirms the two normalization scales
play non-interchangeable roles, each encoding in-
formation the other cannot recover. CASE illus-
trates how a single signal can serve multiple roles
in self-consistency, a direction we expect future
work to expand.
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Limitations

Confidence-signal failure modes. CASE’s accu-
racy gain hinges on the tail-confidence AUROC of
the target distribution exceeding 0.5; otherwise the
filter cannot separate correct from incorrect solu-
tions and may preferentially retain incorrect ones
(e.g., Gemma3-4B/GPQA: AUROC 0.46, −2.0 pp
vs. MV; Tables 1 and 11). Verifying it requires
labels, since the failure is that confidence carries
no correctness signal, so we recommend measuring
tail AUROC on a small labeled slice before deploy-
ing on a new model–domain combination. Filtering
also offers little headroom on benchmarks where
MV already exceeds ∼80% (e.g., MATH-500 at
∼85%): filtering removes correct solutions whose
tail confidence sits below the mean, yielding a
small accuracy cost (−1.3 to +0.1 pp); see Table 2
for the flip-rate decomposition. Its largest short-
fall across the grid is −2.7 pp (4B-Inst/AIME25;
Table 1), on a cell where the signal is discrimi-
native (AUROC 0.83): the precondition indicates
where gains are possible, not a floor on per-cell
loss. Separately, outside the gain regime CASE
acts as an efficiency method, preserving 97.7% of
MV-correct answers grid-wide (Table 2).

Deployment constraints. Several practical con-
straints arise. First, CASE’s per-solution decisions
require sequential (or streaming) generation; this
is largely absorbed by continuous batching under a
served workload, though a residual scheduling cost
remains, and it is exposed when per-problem la-
tency is the target, where a batched variant recovers
it (Appendix J). On the few problems where stop-
ping never fires CASE spends the full budget, so
its worst-case latency exceeds full-budget MV. Sec-
ond, CASE requires top-K token log-probabilities,
available from open-weight serving frameworks
and some proprietary APIs but not universally
exposed. Third, the per-setting (µG, σG) used
throughout this paper presupposes the problem set
in advance; the pooled fallback trades ≈0.67 pp ac-
curacy for ≈2 pp token savings, while a rolling esti-
mate accumulated over the served stream removes
the presupposition without that trade and is our
recommended deployment default (Appendix E).
Finally, our main grid covers math reasoning and
graduate-level science with models up to 8B across
two architecture families, and Appendix K extends
it to a 14B reasoning model and to MMLU-Pro.
Open-ended and agentic tasks remain out of scope
because self-consistency requires a discrete answer

to vote on. Adapting the warmup kw to the stability
of the running confidence variance, and a formal
account of when token-level confidence tracks so-
lution correctness, are left for future work.
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A Component Taxonomy

Table 6 classifies self-consistency enhancement
methods by their components. ESC and ASC
are pure stopping methods; CISC (Confidence-
Improved Self-Consistency) (Taubenfeld et al.,
2025) and CER (Razghandi et al., 2025) improve
quality but at full budget; ReASC adds confidence
weighting without filtering; RPC (Reasoning Path
Consistency) (Zhou et al., 2025) applies pruning
and probability-weighted voting at full budget.
Parenthesized checkmarks denote partial support:
PETS stops by budget exhaustion rather than con-
sensus, and DeepConf’s online mode stops within
token generation rather than after. CASE is the only
method covering all four axes (filtering, weight-
ing, stopping, and difficulty awareness) within a
standard serving pipeline; the difficulty axis corre-
sponds to the D layer that CASE places on top of
its base stopping rule S (§3.5).

Table 6: Taxonomy of self-consistency enhancement
methods. CASE is the only method that covers all four
axes (filtering, weighting, stopping, and difficulty aware-
ness).

Method Filt. Wt. Stop Diff.

ASC (Aggarwal et al., 2023) ✓
ESC (Li et al., 2024) ✓
CISC (Taubenfeld et al., 2025) ✓
CER (Razghandi et al., 2025) ✓
RASC (Wan et al., 2025) ✓ ✓
ReASC (Kim et al., 2026) ✓ ✓
RPC (Zhou et al., 2025) ✓ ✓
DSC (Wang et al., 2025) ✓ ✓
PETS (Liu et al., 2026) (✓) ✓
DeepConf (Fu et al., 2026) ✓ ✓ (✓)
CASE ✓ ✓ ✓ ✓

B Sampling Parameters

Table 7 summarizes the sampling configuration: pa-
rameters follow each model family’s recommended
setup. Qwen3 thinking models adopt t = 0.6,
p = 0.95; Qwen3 non-thinking models adopt
t = 0.7, p = 0.8; Gemma adopts t = 1.0, k = 64.
Group size for confidence computation is chosen
based on typical response length: 2048 for think-
ing models (avg. 9K–18K tokens) and 256–512 for
non-thinking models (avg. 1.6K–3K tokens). Phi-
4-reasoning follows its own model card (t= 0.8,
p = 0.95, k = 50), the same per-model practice,
and takes the thinking group size of 2048. Solu-
tion sampling was performed with vLLM (Kwon
et al., 2023) on NVIDIA H100 and RTX PRO 6000

Blackwell GPUs; confidence post-processing runs
on CPU from cached top-K log-probabilities.

Table 7: Sampling parameters per model. All models
are evaluated with N=64 samples per problem and the
top-20 log-probabilities per token (for confidence com-
putation; distinct from the Top-k sampling parameter
in the table). Grp denotes the confidence-aggregation
group size g (§3.2), also distinct from sampling. Phi-4-
reasoning, used only in Appendix K, is listed below the
rule.

Model Temp Top-p Top-k Grp

Qwen3-1.7B (T) 0.6 0.95 20 2048
Qwen3-4B-Think 0.6 0.95 20 2048
Qwen3-4B-Inst 0.7 0.8 20 512
Qwen3-8B (NT) 0.7 0.8 20 512
Gemma3-4B-IT 1.0 0.95 64 256

Phi-4-reasoning (T) 0.8 0.95 50 2048

C Confidence Signal Design

Following Fu et al. (2026), CASE derives its
confidence signal from the top-K token log-
probabilities (K = 20), specifically their negated
mean (§3.2), rather than from top-1 or full-
vocabulary logits. Top-1 measures how strong
the leading candidate is, but not how dominant
it is relative to competitors: two tokens with top-
1 probability 0.5 are treated identically whether
the runner-up has probability 0.48 (near-tie, un-
certain) or 0.05 (clear leader). The top-K aver-
age captures this gap through the runner-up ranks.
Full-vocabulary logits contain the complete dis-
tribution, but (i) standard serving frameworks do
not expose them by default (vLLM caps returned
log-probabilities at max_logprobs= 20 (Kwon
et al., 2023)), (ii) transmitting per-token distribu-
tions over a vocabulary of ∼ 150K inflates mem-
ory and I/O, and (iii) the long tail of near-zero-
probability tokens is numerically noisy and con-
tributes no useful signal. Top-K with K=20 thus
captures the informative head of the distribution
while remaining compatible with standard serving.

Group aggregation. Token-level scores ct are
aggregated to a solution-level score ck over groups
of g consecutive tokens (the group size; stride 1):
for each group, ct values inside are averaged to
produce a group score, yielding T−g+1 group
scores per solution. Following Fu et al. (2026),
four reduction strategies map these group scores
to ck: (i) mean, the average of all group scores
(overall confidence); (ii) bottom-10%, the mean of
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the lowest decile (worst-region focus); (iii) low-
est, the minimum group score (single weakest re-
gion); and (iv) tail, the mean of the final group only
(certainty as reasoning concludes). Each captures
a different aspect of the reasoning trajectory; Ta-
ble 8 compares their average AUROC, where tail
achieves the highest discrimination and is selected
as CASE’s signal.

D Confidence Discrimination

For each (model, dataset) cell, we compute AU-
ROC over all solutions in the cell (pooled across
problems), with raw confidence as the score and
correct/incorrect as the label. Table 8 averages
these per-cell values over the 6 datasets per model,
alongside Cohen’s d (standardized mean difference
between correct and incorrect solutions). Tail confi-
dence achieves the highest average AUROC (0.79)
and Cohen’s d (1.21) and wins on 3/5 models (1.7B-
Think, 8B-NT, Gemma3-4B); on 4B-Think and
4B-Inst, Lowest edges out Tail by 0.02 AUROC.
1.7B-Think exhibits the strongest discrimination
(d=1.60), consistent with its largest accuracy gain.
The Tail vs. Bottom-10% gap is small in aggregate
(0.79 vs. 0.78), so single-setup rankings reported
elsewhere (Kim et al., 2026) can flip depending on
model and dataset; the aggregate ordering, not any
single cell, motivates our choice of Tail.

Table 8: AUROC and Cohen’s d (correct vs. incor-
rect confidence) per metric, averaged across datasets.
Best metric per model in bold. Higher values indicate
stronger discrimination between correct and incorrect
solutions.

Tail Bottom10 Mean Lowest
Model AUC / d AUC / d AUC / d AUC / d

1.7B-Think 0.84 / 1.60 0.82 / 1.49 0.80 / 1.35 0.82 / 1.49
4B-Think 0.79 / 1.05 0.80 / 1.09 0.78 / 1.01 0.81 / 1.15
4B-Inst 0.76 / 1.11 0.77 / 1.11 0.74 / 0.99 0.78 / 1.15
8B-NT 0.80 / 1.23 0.77 / 1.08 0.77 / 1.04 0.77 / 1.10
Gemma3-4B 0.75 / 1.06 0.75 / 1.01 0.74 / 1.06 0.74 / 0.99

Avg 0.79 / 1.21 0.78 / 1.16 0.77 / 1.09 0.78 / 1.18

Table 11 breaks down AUROC by dataset for
the tail metric. Discrimination varies substan-
tially: competition benchmarks average 0.83–0.88,
MATH-500 0.70, and GPQA only 0.58. This
largely explains why filtering yields minimal accu-
racy change on GPQA. Although 45% of GPQA
problems are MV-wrong with pc > 0 (gain regime),
the confidence score cannot reliably separate cor-
rect from incorrect solutions, so filtering removes
both at similar rates. On MATH-500, intermedi-

ate discrimination combines with high base MV
accuracy (85%), leaving little room for filtering to
improve.

Why GPQA fails. The gap between 0.82 on
math and 0.58 on GPQA is not a property of the
confidence metric but of how the two domains fail.
Tail confidence measures how certain the model is
while writing a solution, so it separates correct from
incorrect solutions only when errors leave a trace.
A math error is a slip inside a derivation: samples
slip at different points, wrong answers scatter, and
the slip itself depresses confidence where it occurs.
A GPQA error is more often a gap in recall, which
leaves no derivation to disturb, so the model asserts
a wrong fact with the certainty it brings to a correct
one. Within GPQA the effect tracks content: dis-
crimination is at chance on recall-heavy Chemistry
(0.50) and recovers where reasoning contributes
(Biology 0.54, Physics 0.64), against 0.86 on the
AIME controls for the same five models.

The visible signature of this failure is concen-
tration. On problems whose majority answer is
wrong, the most frequent wrong answer takes a
median 0.84 of the votes on GPQA against 0.47 on
math (Table 9), so the pool agrees on one wrong
option instead of scattering. Concentration is near-
uniform across the three subjects (0.83 to 0.87)
while AUROC is not, which separates the two
mechanisms: the four-way choice set supplies one
fluent wrong option for every subject, and what
varies by subject is whether the confidence sig-
nal can tell it from the correct one. On two cells
(Gemma3-4B and 4B-Inst) the AUROC sits at 0.46
and 0.50, confidence carries no usable correctness
signal, and filtering can retain incorrect solutions
preferentially.

Detecting the regime. Concentration is com-
putable online, since it is what the consensus rule
already tracks, but a high top-answer share marks
confident agreement without distinguishing agree-
ment on a correct answer from agreement on a
wrong one, so the two regimes separate only under
labels. We therefore recommend measuring tail
AUROC on a small labeled slice before deploying
on a new model–domain pair. The same concentra-
tion that defeats the filter is what the stopping rule
needs, and CASE consequently trades the accuracy
gain on GPQA for savings of 80–91% of its tokens,
at a realized cost of −2.0 to +2.3 pp versus MV
across the five cells (mean ≈0).
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Table 9: Tail AUROC and wrong-answer concentration,
averaged over the five models. Concentration is the
median vote share of the most frequent wrong answer
on majority-wrong problems.

Tail AUROC Concentration

Math (25 cells) 0.82 0.47
GPQA (5 cells) 0.58 0.84

Within GPQA, by subject
Chemistry (recall-heavy) 0.50 0.84
Biology 0.54 0.87
Physics 0.64 0.83

AIME control 0.86 0.39

Table 10: Per-cell Spearman correlation between a prob-
lem’s mean tail confidence and its correct-solution frac-
tion pc. Medians are over the 25 math cells and the 5
GPQA cells.

Model AIME24 AIME25 HMMT24 HMMT25 MATH GPQA

1.7B-Think +0.84 +0.86 +0.58 +0.83 +0.50 +0.29
4B-Think +0.52 +0.33 +0.36 +0.74 +0.22 +0.37
4B-Inst +0.68 +0.83 +0.62 +0.87 +0.36 −0.01
8B-NT +0.84 +0.57 +0.44 +0.41 +0.52 +0.18
Gemma3-4B +0.50 +0.69 +0.38 −0.11 +0.60 −0.13

Median +0.57 (math) +0.18

Confidence and problem difficulty. Difficulty-
aware stopping (§3.5) presumes that a problem’s
mean confidence tracks how often the model solves
it. Table 10 reports the per-cell Spearman corre-
lation between a problem’s mean tail confidence
and its correct-solution fraction pc. The median is
+0.57 and the correlation is positive in 24 of the 25
math cells; on GPQA it collapses to a median of
+0.18, positive in 3 of 5, for the same reason the
quality signal does.

Table 11: Per-dataset AUROC for tail confidence (raw,
unnormalized). Competition benchmarks show strong
discrimination (0.83–0.88 avg), while GPQA averages
only 0.58, explaining why CASE’s filtering yields mini-
mal accuracy change on GPQA despite a large fraction
of gain-regime problems.

Model AIME24 AIME25 HMMT24 HMMT25 MATH GPQA

1.7B-Think 0.89 0.92 0.90 0.93 0.73 0.65
4B-Think 0.87 0.83 0.70 0.86 0.62 0.67
4B-Inst 0.85 0.83 0.85 0.88 0.64 0.50
8B-NT 0.86 0.87 0.86 0.84 0.73 0.63
Gemma3-4B 0.77 0.93 0.83 0.73 0.78 0.46

Avg 0.85 0.88 0.83 0.85 0.70 0.58

E Inter-Problem Calibration

CASE leverages per-setting inter-problem z-score
normalization with (µG, σG) pre-computed from
kcal calibration solutions per problem (default
kcal =1; §3.5). We ablate two questions: whether

kcal = 1 is sufficient, and how pooled calibration
compares to per-setting (Table 12).

kcal = 1 sufficient. Per-setting calibration is ro-
bust to kcal: kcal = 1 matches the full kcal = 64
oracle to within 0.02 pp on accuracy and TokSv
and within 0.1 samples (Table 12, bottom; the in-
termediate kcal ∈ {3, 5} coincide as well and are
omitted). The saturation is mechanical: a shift in
µG moves all inter-z scores by the same constant
and thus preserves the relative difficulty ranking;
only problems whose mean inter-z falls within a
narrow band of δ=−0.7 can change stopping be-
havior, and difficulty-aware stopping is itself ac-
tivated only on this Hard subset. Quantitatively,
the standard error of µG from kcal = 1 across 30
problems is σG/

√
30≈0.18σG, so the calibration-

induced band is ±0.18 standard units, a small frac-
tion of the relevant decision boundary. Reusing the
calibration solution as each problem’s first warmup
sample thus incurs no extra cost.

Table 12: Calibration ablation (N = 64, 30 combos,
20 shuffles). TokSv is micro-averaged by token count,
consistent with the main results. Top: granularity at
kcal=1 (Global pools all 30 settings; Per-model pools
each model’s 6 datasets). Bottom: kcal sweep at per-
setting granularity. Intermediate values kcal ∈ {3, 5}
also reach 52.20–52.21% accuracy (within 0.02 pp of
both endpoints) and are omitted for brevity.

Calibration Acc% ∆MV Samp TokSv

Global (all 30 pooled) 51.53 +1.54 10.9 87.4%
Per-model (6 datasets pooled) 51.59 +1.60 10.8 87.2%

Per-setting, kcal =1 (default) 52.22 +2.24 13.6 85.3%
Per-setting, kcal =64 (oracle) 52.22 +2.24 13.5 85.3%

Pooled calibration: an accuracy–efficiency
trade-off. Replacing per-setting with pooled
(µG, σG) is not strictly worse. Global and Per-
model lose ≈0.67 pp accuracy but gain ≈2 pp in
token savings (Global: +1.54 pp / 87.4% TokSv
vs. Per-setting +2.24 pp / 85.3%; Per-model:
+1.60 pp / 87.2%). Pooling is a fallback when nei-
ther per-setting nor rolling calibration is available,
with the trade-off direction made explicit by the
metric; for a served stream the rolling estimate de-
scribed below is preferable, matching per-setting
accuracy with no pre-computed statistics at all.

Mechanism. The trade-off stems from the wide
per-setting (µG, σG) distribution (Table 14): µG

spans 12.8–24.9 across the 30 settings (1.9×
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spread) and σG spans 1.5–5.7 (3.8× spread). Pool-
ing fits a single (µG, σG) to this heterogeneity.
On low-µG settings, pooled inter-z is biased high,
under-triggering τlow; on high-µG settings, it is bi-
ased low, over-triggering τlow. Over-triggered set-
tings terminate long-token solutions earlier, yield-
ing the +2 pp token gain; the ≈−0.67 pp accu-
racy concession reflects the resulting premature
stops on hard problems. Per-model does not
recover per-setting performance because within-
model dataset variation (e.g., 4B-Inst µG ranges
18.8 [HMMT]–24.9 [MATH-500]) is comparable
to between-model variation.

Rolling calibration: the recommended deploy-
ment default. Both per-setting and pooled cali-
bration presuppose that the problem distribution is
available before inference, which a live stream does
not provide, and that presupposition is removable.
A rolling estimate accumulates (µG, σG) over the
stream as it is served: problems arrive in random
order within each evaluation setting, each prob-
lem uses only the statistics of the problems that
arrived before it (each contributing its first solu-
tion’s confidence, the same calibration value used
throughout), and for the first M problems only
difficulty-adaptive stopping is disabled while fil-
tering, weighting, and consensus stopping remain
active.

Table 13 shows that a rolling estimate matches
pre-computed per-setting calibration under this pro-
tocol: at M = 5 it lands within 0.03 pp of per-
setting (+2.22 vs. +2.24) at 0.3 extra samples.
All rows replay the same pools with the paper’s
evaluation pipeline, so the per-setting and pooled
rows coincide with the +2.24 of Table 3 and the
Global +1.54 of Table 12. The ≈0.67 pp penalty
that pooled calibration pays does not transfer, be-
cause pooling collapses per-dataset differences into
one global scale whereas rolling re-learns the scale
of the stream it is serving. We therefore recom-
mend rolling calibration as the deployment default
and retain per-setting as this paper’s reference con-
figuration.

Sensitivity to the warmup M . Accuracy is flat
in M to within 0.14 pp, and what larger M costs is
samples rather than accuracy. The warmup leaves
the first M problems without difficulty-adaptive
stopping, so its cost is confined to the smallest eval-
uation sets: +2.4 samples where M = 20 covers
two-thirds of a 30-problem stream, and at most
+0.1 where it covers a tenth or less. We use M=5

Table 13: Rolling calibration (N =64, 30 combos, 20
arrival orders). The arrival protocol and the warmup M
are defined in the text; all rows replay the same pools
with the paper’s evaluation pipeline.

Calibration ∆MV (pp) Samp

Per-dataset stream
Per-setting (paper default) +2.24 13.6
Rolling, M=5 (default) +2.22 13.8
Rolling, M=10 +2.25 14.3
Rolling, M=20 +2.36 15.2
Pooled global +1.54 10.9

Fully mixed stream (all six datasets interleaved)
Pooled global (pre-computed) +1.54 10.9
Rolling (no pre-computed stats) +1.63 10.8

as the default, which lands within 0.5 pp of per-
setting calibration on all 30 cells.

Mixed streams and isolated problems. On a
fully mixed, non-stationary stream with all six
datasets interleaved, per-setting calibration is not
even definable, since a problem’s dataset is un-
known at arrival. The deployable comparison is
then pooled versus rolling, and rolling needs zero
pre-computed statistics while matching pooled cal-
ibration on both accuracy and sample cost (+1.63
vs. +1.54 pp at ≈11 samples). For a single isolated
problem CASE still samples a pool, so filtering,
weighting, and stopping all operate within it and
need no stream; only difficulty-adaptive stopping,
which ranks a problem against others, switches off,
and the remaining three components still deliver
+2.47 pp (the FWS row of Table 3).

Table 14: Inter-problem calibration statistics (µG/σG)
for tail confidence, computed from the first solution
per problem (kcal=1, 20 shuffles). AIME and HMMT
average their 2024/2025 editions.

Model AIME HMMT MATH500 GPQA

1.7B-Think 16.0/2.6 15.3/2.5 19.4/2.6 13.6/1.8
4B-Think 17.7/1.5 17.0/2.1 19.2/2.4 14.1/2.0
4B-Inst 21.3/4.2 18.8/4.4 24.9/3.7 20.4/5.4
8B-NT 16.5/2.8 15.2/2.8 20.0/3.2 16.9/5.0
Gemma3-4B 16.8/3.9 15.6/3.4 23.5/5.7 12.8/3.0

F Shuffle Variance

Each method is evaluated on the same precomputed
pool of N=64 solutions per problem, replayed in
20 independent random orders (§4.1). Table 15
reports the standard error of per-cell means across
these 20 orderings (SE = std/

√
20), averaged

across the 30 combinations with the per-cell maxi-
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mum in parentheses. All four methods yield precise
per-cell means: maximum SE is 0.78 pp accuracy,
0.95 samples, and 1.81 pp TokSv. CASE’s per-cell
accuracy wins in Table 1 (typically 2–7 pp on com-
petition cells) exceed its SE by 3–10×, confirming
the observed gains are not artifacts of shuffle or-
der. The slightly higher accuracy SE for CASE
(0.40 pp mean vs. 0.09 pp for ASC) reflects its ad-
ditional decision points (filter, weight, difficulty-
aware threshold) rather than higher underlying vari-
ance: CASE’s signal-to-noise ratio remains favor-
able because its ∆MV magnitude (+2.24 pp aggre-
gate) is substantially larger. SE, not per-shuffle
standard deviation, is the relevant precision for
the Table 1 means; per-shuffle std is larger by√
20≈4.5×.

Table 15: Per-method standard error across 20 shuffles
(30 cells; SE = std/

√
20). Values are “mean (max)”

across cells.

Method Acc (pp) Samp TokSv (pp)

ESC 0.16 (0.41) 0.35 (0.68) 0.67 (1.20)
ASC 0.09 (0.34) 0.28 (0.63) 0.54 (0.93)
ReASC 0.32 (0.76) 0.37 (0.95) 0.75 (1.81)
CASE 0.40 (0.78) 0.34 (0.71) 0.69 (1.33)

G Hyperparameter Sensitivity

Table 16 sweeps each of the six hyperparameters
univariately around its default. Across every swept
value of every parameter, ∆MV≥0 within rounding
(the lone exception, λ=1.0, sits at −0.02 pp), con-
firming CASE’s accuracy gain is not contingent on
the specific values chosen; the defaults additionally
sit on or near the Pareto-efficient end of every fron-
tier. The largest available improvement over the
default is +0.45 pp (τ =0.99, at the cost of +8.1
samples), while downward excursions trace more
efficient operating points along each frontier. The
analyses below characterize each HP and report the
rationale for its default value.
kw (warmup). The running variance requires

at least two samples to be defined (kw ≥ 2); we
sweep kw∈ [2, 5]. Reducing kw from default 3 to 2
costs 0.48 pp at −0.8 samples, reflecting the noisier
intra-z from a 2-sample variance. Increasing to 4
or 5 contributes +0.11 pp/+0.08 pp at +0.5/+0.8
samples. Default kw=3 is the smallest value with
stable statistics.
fz (filter threshold). Default fz=0 is the cen-

tered cutoff of the intra-z distribution. fz =−0.5
admits noisier solutions (−0.48 pp at −0.8 sam-

ples); fz = 0.5 tightens the filter for +0.06 pp at
+1.3 samples (effectively at the same Pareto point
as default). fz =1.0 over-rejects: −0.35 pp accu-
racy and +2.5 samples vs. fz=0.5, strictly domi-
nated.
λ (weight scale). Default λ = 0.3 moderately

concentrates vote mass on high-confidence solu-
tions: large enough to accelerate the Beta posterior
over uniform voting (λ=0), but well clear of the
λ = 1.0 collapse where vote mass converges on
a single solution and accuracy drops to MV-level.
The value sits within ReASC’s reported [0.1, 0.9];
our sweep extends to [0, 1.0] to characterize the full
Pareto frontier. λ=0.1 Pareto-dominates uniform
voting (λ = 0.0): +0.19 pp accuracy and −1.2
samples. Increasing λ trades accuracy for sam-
ple efficiency monotonically (+2.44 → +2.24 →
+1.62 → +0.82 pp at λ=0.1, 0.3, 0.5, 0.7); at λ=
1.0 vote concentration on a single high-confidence
solution collapses voting to MV-level (−0.02 pp).
τ (stopping threshold). Default τ = 0.90 re-

laxes ASC/ReASC’s 0.95 since filtering improves
the pool quality entering the Beta posterior, al-
lowing earlier stopping at the same evidence level.
Monotone trade-off across [0.80, 0.99] with dimin-
ishing returns: 0.80→0.90 adds 0.93 pp accuracy
at +4.8 samples, but 0.95→0.99 adds only 0.18 pp
at +4.6 samples. Default τ=0.90 sits at the knee.
At the inherited reference τ=0.95, CASE reaches
+2.51 pp / 17.1 samples while ASC reaches only
−0.04 pp / 21.1 samples, indicating filter-improved
pool quality (not the threshold) drives the gain.
τlow (relaxed stopping threshold). Monotone

trade-off across [0.55, 0.90]: τlow =0.90 matches
non-relaxed accuracy (+2.47 pp) at +2.9 samples.
Default τlow=0.70 (midpoint of coin-flip 0.5 and
standard τ = 0.90) trades 0.23 pp for those sam-
ples.
δ (difficulty threshold). Monotone trade-off

across [−2.0,−0.5]: tightening the Hard criterion
(lower δ) classifies fewer problems as Hard, raising
accuracy (+2.46 pp at δ=−2.0) at +2.8 samples.
Default δ=−0.7 (≈ 24th percentile under a stan-
dard Gaussian) is the efficient anchor.

λ × τ interaction. λ and τ have the largest in-
dividual effects on accuracy and efficiency, so we
also sweep them together (Figure 3) to check for
joint interactions. The joint sweep mirrors the
individual trends, ranging from accuracy-favored
(λ = 0.1, τ = 0.99) at 52.69% / 24.6 samples to
efficiency-favored (λ=0.5, τ =0.80) at 50.47% /
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6.8 samples, with the default (λ= 0.3, τ = 0.90)
at the best balance (52.22% / 13.6 samples). Only
four cells fall below MV, all at high λ (down to
−0.91 pp at λ = 1.0, τ = 0.80); no joint interac-
tions appear beyond the individual trends.

Table 16: Hyperparameter sensitivity (N=64, 30 com-
bos). Each row varies one HP while fixing others at
default. Bold: default configuration.

HP Value Acc% ∆MV Samp TokSv

Warmup kw (mathematical min: kw≥2)
2 51.74 +1.76 12.8 86.0%
3 52.22 +2.24 13.6 85.3%
4 52.33 +2.35 14.1 84.7%
5 52.31 +2.32 14.4 84.2%

Filter threshold fz
−0.5 51.74 +1.76 12.8 86.0%

0.0 52.22 +2.24 13.6 85.3%
0.5 52.28 +2.30 14.9 83.9%
1.0 51.93 +1.95 17.4 80.9%

Weight scale λ
0.0 52.23 +2.25 17.4 80.6%
0.1 52.42 +2.44 16.2 82.2%
0.3 52.22 +2.24 13.6 85.3%
0.5 51.60 +1.62 11.0 88.0%
0.7 50.80 +0.82 8.9 90.0%
1.0 49.96 −0.02 6.6 91.8%

Stopping threshold τ
0.80 51.29 +1.31 8.8 90.6%
0.85 51.54 +1.56 10.3 89.3%
0.90 52.22 +2.24 13.6 85.3%
0.95 52.50 +2.51 17.1 80.8%
0.99 52.67 +2.69 21.7 74.8%

Hard-problem threshold τlow (δ=−0.7 fixed)
0.55 51.78 +1.79 12.2 87.1%
0.65 52.01 +2.02 12.7 86.5%
0.70 52.22 +2.24 13.6 85.3%
0.80 52.40 +2.42 14.7 83.5%
0.90 52.45 +2.47 16.5 80.6%

Difficulty threshold δ (τlow =0.70 fixed)
−2.0 52.44 +2.46 16.4 80.9%
−1.0 52.36 +2.38 15.0 83.7%
−0.7 52.22 +2.24 13.6 85.3%
−0.5 51.99 +2.01 12.4 86.5%

H Budget Sensitivity

The main analyses fix the budget at N = 64; we
now verify that CASE’s advantage holds across
budgets. CASE improves over MV at all sampling
budgets, with the gap widening as N increases
(+1.39 pp at N =16 vs. +2.24 pp at N =64; Ta-
ble 17). Even at N=16, CASE retains a +1.39 pp
gain over MV while consuming only 45% of the
budget. CASE at N = 64 consumes only 13.6
samples on average (fewer than MV at N = 16)
while exceeding MV’s accuracy at N=64, demon-
strating that confidence-aware early stopping can

Table 17: Budget sensitivity (30 combos). WMV and
F-WMV are shown at full budget for reference. CASE
improves accuracy and reduces cost at all budgets.

N Method Acc% ∆MV Samp TokSv

16

MV 49.27 − 16.0 −
WMV 50.59 +1.32 16.0 0.0%
F-WMV 51.56 +2.29 16.0 0.0%

ESC 49.26 −0.00 9.9 45.1%
ASC 49.27 +0.00 9.4 47.9%
ReASC 49.31 +0.04 7.7 54.6%

CASE 50.66 +1.39 7.2 62.4%

32

MV 49.67 − 32.0 −
WMV 51.01 +1.34 32.0 0.0%
F-WMV 52.53 +2.86 32.0 0.0%

ESC 49.63 −0.04 16.2 58.2%
ASC 49.65 −0.02 14.2 62.8%
ReASC 49.66 −0.01 11.7 67.4%

CASE 51.60 +1.93 10.0 76.2%

64

MV 49.98 − 64.0 −
WMV 51.40 +1.42 64.0 0.0%
F-WMV 53.27 +3.29 64.0 0.0%

ESC 49.92 −0.06 26.3 68.1%
ASC 49.94 −0.04 21.1 73.7%
ReASC 50.10 +0.12 17.4 76.8%

CASE 52.22 +2.24 13.6 85.3%

outperform simply increasing the sampling budget.
The growing advantage is consistent with quality-
based filtering benefiting from larger pools; CASE
additionally benefits from more reliable running
statistics and Beta-posterior estimates.
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Figure 3: λ × τ joint sensitivity (N =64, 30 combos). Default (λ=0.3, τ =0.90) marked by black box. Both
panels share the RdBu colormap (red = higher, blue = lower). Left: ∆MV (pp). Right: TokSv (%).

I DeepConf Comparison

We replicate DeepConf (Fu et al., 2026) on the
same precomputed solutions and confidence scores
(Table 18). CASE and DeepConf differ along three
axes; we control for as many of them as each pro-
tocol allows. (i) Confidence metric. DeepConf’s
online mode is architecturally locked to the low-
est sliding-window score: mid-generation termi-
nation evaluates confidence window-by-window
during decoding and cannot reference a tail or full-
sequence statistic that does not yet exist. In the
offline setting, where the full solution is available,
we report DeepConf with the same tail confidence
as CASE for a controlled comparison. (ii) Nor-
malization. DeepConf leverages raw confidence
in both modes; CASE leverages intra-z (within-
problem). (iii) Termination mechanism. Mid-
generation (DeepConf online) vs. post-solution
(DeepConf offline, CASE).

Online setting: serving compatibility. Deep-
Conf’s online mode tracks the lowest group confi-
dence across sliding windows within each solution.
A warmup of W = 8 solutions sets an absolute
threshold c̄ from the (1−η)-th percentile of the
warmup lowest-group confidences; subsequent so-
lutions are terminated mid-generation as soon as
any window’s group confidence falls below c̄. Sur-
vivors contribute weighted votes with weight equal
to their lowest group confidence, and consensus
stopping (V (â)/ΣV ≥ 0.95) stops sampling once
one answer dominates. Because mid-generation
termination evaluates confidence at every decod-
ing step and forces an end-of-sequence token, it
requires modifying the serving framework’s de-

coding loop. CASE instead processes logprobs
post-hoc after each complete solution, requiring no
changes to the inference engine. In performance
terms, DeepConf’s best online variant achieves
+1.49 pp with 53.1% token savings (42.3 samples),
while CASE reaches +2.24 pp with 85.3% token
savings (13.6 samples), consuming 3× fewer sam-
ples while achieving higher accuracy.

Offline setting: filter is the dominant axis.
DeepConf’s offline mode weights solutions by
raw tail confidence and optionally filters by per-
problem percentile before voting. Comparing the
no-filter WMV baseline (+0.90 pp) to the best
filtered variant (top 50%, +2.82 pp) shows that
filtering contributes +1.92 pp to DeepConf’s of-
fline gains, whereas pure weighting contributes
only +0.90 pp. Filtering is the dominant axis even
within DeepConf’s own design.

F-WMV exceeds DeepConf’s best by 0.47 pp.
F-WMV reaches +3.29 pp, a further 0.47 pp over
DeepConf’s best filtered variant. The factorial
ablation (Table 3) localizes this gap to the filter
axis: intra-z filtering alone (zintra ≥ 0, no weight-
ing) already reaches +3.14 pp, exceeding Deep-
Conf’s best combined filter-and-weight configu-
ration. Adding exponential weighting on top of
F-only contributes only an additional +0.15 pp.

Where the 0.47 pp comes from. Both schemes
normalize the filter threshold within each problem
(DeepConf by per-problem rank, F-WMV by per-
problem z-score), so the gap is not attributable to
the absence of within-problem normalization in
DeepConf. The advantage instead arises from two
properties of the continuous z-score formulation:
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it preserves confidence magnitude beyond ordinal
rank, and it lets the pass rate adapt to each prob-
lem’s distribution rather than enforcing a uniform
top-X% cut.

Table 18: DeepConf comparison (N=64, 30 combos,
20 shuffles). “No filter, WMV only” is DeepConf’s
weighted voting without any filtering, included as a
reference for isolating filter vs. weight contributions.

Method Acc% ∆MV Samp TokSv

MV 49.98 − 64.0 0.0%

O
ffl

in
e

DeepConf (no filter, WMV only) 50.88 +0.90 64.0 0.0%
DeepConf (top 50%) 52.81 +2.82 64.0 0.0%
DeepConf (top 90%) 51.13 +1.14 64.0 0.0%
DeepConf (top 10%) 51.89 +1.91 64.0 0.0%

F-WMV (intra-z norm) 53.27 +3.29 64.0 0.0%

O
nl

in
e DeepConf (c̄=P90, more filtering) 51.48 +1.49 42.3 53.1%

DeepConf (c̄=P10, less filtering) 50.81 +0.82 40.6 35.3%

CASE 52.22 +2.24 13.6 85.3%

J Wall-Clock and Deployment Cost

Token savings and wall-clock savings are different
quantities, and the second is what a deployment
pays. We measure both shapes in which CASE
can be run, expressing every measurement as a
multiple of MV run fully in parallel at the full
N = 64 budget. All timings use vLLM on one
NVIDIA RTX PRO 6000 Blackwell 96 GB GPU
with the decoding, budget, and hyperparameters of
the main grid, on the two cells 4B-Inst/HMMT25
and 1.7B-Think/AIME25.

Two caveats apply throughout. Each configu-
ration was run once, so these are single-replicate
timings and carry no standard error, unlike the accu-
racy results of Appendix F. And because the timed
runs generate fresh samples rather than replaying
the fixed pool of §4.1, their token savings differ by
a few points from Table 1, and their Acc% is not
comparable to it either, since the accuracy results
elsewhere in the paper average 20 shuffles over the
fixed pool. The Acc% in Table 5 identifies which
answers each schedule returns and is not a second
estimate of accuracy.

Where the serialization cost comes from.
CASE calculates a confidence score for a solu-
tion and decides whether to stop only after that
solution is complete, so a problem’s solutions are
submitted one at a time while MV submits all N
at once. Two properties of modern serving decide
how much this costs. Continuous batching keeps
the GPU saturated as long as enough sequences are
in flight, and prefix caching removes the prompt
cost of every solution after the first; MV exploits

both in a single round. CASE keeps both, since a
problem’s next solution rejoins the running batch
with no re-prefill (Kwon et al., 2023), and gives
up only concurrency width: it holds at most one
running sequence per unfinished problem, whereas
MV is bounded only by KV capacity. The residual
gap in Table 5 is therefore a property of the request
policy rather than of the token count, since CASE’s
concurrency decays as problems stop while a fully
parallel pass refills its slots from a queue (Mitzen-
macher and Shahout, 2025).

Many problems served at once. Both methods
share the engine, the prompts, and prefix caching,
and differ only in how solutions are submitted. MV
submits every solution of every problem up front.
CASE submits one solution per problem; when a
solution finishes, the stopping rule runs on CPU
and, if the problem continues, its next solution is
queued immediately, with no round barrier and no
re-prefill.

We leave MV uncapped so that it runs at its best.
Capping it at 30 concurrent sequences to match
CASE slows it on 4B-Inst (1.26×) but leaves it
unchanged on 1.7B-Think (0.99×), whose solu-
tions average ≈18K tokens against ≈7K and so
leave room for fewer concurrent sequences even
uncapped.

Against this uncapped baseline CASE finishes
the workload in 0.84× and 0.46× MV’s wall-clock
while spending 0.28× its tokens. The oracle fin-
ishes in 0.36× and 0.30×: with one GPU per solu-
tion, a single fully parallel round is a schedule no
per-solution method can beat. It is not a deployable
point, however, since it must know each problem’s
sample count before the run, and because it aggre-
gates by plain majority vote it returns MV-level
accuracy (30.00 and 40.00) rather than CASE’s
(36.67 and 50.00).

A single problem served alone. Table 19 re-
moves the cover that other problems provide: one
problem owns one GPU, so within-problem seri-
alization has nothing to hide behind and contin-
uous batching can no longer absorb it. Sample-
by-sample stopping costs 1.17× and 0.72× MV’s
median per-problem latency, the schedule that ESC,
ASC, and ReASC all share. The stopping rule itself
is cheap: it runs on CPU between generations at
0.17% and 0.27% of wall-clock, and the two se-
quential rows are the same generations replayed
with log-probabilities on versus off, a paired me-
dian gap of +2.6% and +5.4%.
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Table 19: A single problem served alone (median
s/problem), all modes under identical contention, single
replicate. Ratios are to parallel MV at the full budget.
†Oracle issues the sample count CASE actually con-
sumed as a single parallel round; batched CASE checks
stopping only every b=4 solutions.

Mode 4B-Inst/HMMT25 1.7B-T/AIME25

Parallel MV 338 (1.00×) 1,323 (1.00×)
Oracle, same samples† 99 (0.29×) 330 (0.25×)
Sequential, no logprobs 385 (1.14×) 903 (0.68×)
Sequential CASE 396 (1.17×) 950 (0.72×)
Batched CASE (b=4) 207 (0.61×) 402 (0.30×)

CASE TokSv / b=4 TokSv 78.5% / 67.7% 63.8% / 64.7%

The serialization is not inherent, because the
stopping rule can run at any granularity. Batched
CASE generates b=4 solutions in parallel per prob-
lem and checks stopping only at block boundaries;
this cuts latency to 0.61× and 0.30×, below paral-
lel MV on both cells. Blocking changes only when
the stopping rule is checked, not which solutions
are filtered or how they are weighted, so relative
to per-sample stopping it can only defer the stop.
Blocked stopping overshoots slightly on 4B-Inst,
where token savings fall from 78.5% to 67.7%, but
not on 1.7B-Think, where they rise from 63.8% to
64.7%.

K Generalization Beyond the Main Grid

The main grid spans 1.7B–8B models on math and
graduate-level science. Two additional testbeds
probe the boundaries of that grid: a larger model
and a different domain. In both, what replicates
is the paper’s rule for when gains appear (§4.2),
not a uniform gain. Both reuse the pipeline and
the CASE implementation of the main tables with
the six hyperparameters at their fixed values (§4.1);
no value is retuned for either. Unlike these two
testbeds, which generate new solutions, the analy-
ses of Appendices D and E run no new inference:
both replay the same cached N =64 pools as the
main tables and differ only in what is computed
from them.

A larger model. Phi-4-reasoning 14B (Abdin
et al., 2025) sits above the grid’s 8B ceiling.
Evaluated on all four competition cells with the
same six fixed hyperparameters (Table 20), CASE
gains where the gain regime exists (+4.2 pp on
HMMT25) and trades at most 1.5 pp for around
78% savings on the two cells where MV is already
saturated (83–90%). The gain regime is a necessary
condition rather than a guarantee: at comparable

Table 20: Phi-4-reasoning 14B, above the main grid’s
8B ceiling, with the same six fixed hyperparameters.
†Gain regime: the share of problems that are MV-wrong
with the correct answer present in the pool (pc > 0;
§4.2).

Cell MV Gain† ∆MV Samp TokSv

HMMT25 60.0 20% +4.2 14.9 73%
HMMT24 53.3 20% +0.3 16.8 68%
AIME24 (sat.) 90.0 3% −1.3 8.0 78%
AIME25 (sat.) 83.3 10% −1.5 9.7 78%

Table 21: MMLU-Pro (14 categories × 20 problems,
two models, same six fixed hyperparameters). Gain
regime is defined as in Table 20; the last two rows are
defined in the text, the top-answer share as a median
over the 14 per-category medians.

MMLU-Pro 4B-Inst 1.7B-Think

Pooled tail AUROC (precondition) 0.61 0.77
CASE ∆MV −0.1 pp −1.0 pp
TokSv 88% 84%
MV-correct preservation 98.8% 96.4%

Gain regime 3% 25%
Top wrong-answer share 1.00 0.73

regime size the size of the gain tracks the discrimi-
nativeness of the confidence signal (+4.2 against
+0.3 pp across the two HMMT cells, at tail AU-
ROC 0.66 against 0.55), so the regime share tells a
practitioner where to expect a gain and the AUROC
how large it will be.

A different domain. MMLU-Pro (Wang et al.,
2024) (14 categories × 20 problems, two mod-
els) tests a broader knowledge domain (Table 21).
The precondition passes (pooled tail AUROC 0.61
and 0.77) yet there is no accuracy gain (−0.1 and
−1.0 pp), which is what the regime analysis pre-
dicts: what is missing is not the signal but the room
to recover.

For 4B-Inst the gain regime is nearly empty
(3%), so there is nothing to convert. For 1.7B-
Think the nominal regime is larger (25%), but
its wrong pools concentrate on one answer (me-
dian top-answer share 0.73, and 1.00 for 4B-Inst),
so even a discriminative signal has little to invert.
What the precondition does deliver is the savings
profile, which transfers intact: 98.8% and 96.4%
of MV-correct answers preserved at 88% and 84%
token savings. Measured on a small labeled slice,
the gain-regime share thus predicts where CASE
adds accuracy and where it roughly breaks even at
a large token saving.
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