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Abstract

Best-of-K pipelines sample K candidate so-
lutions, score them with a verifier, and keep
the top-ranked answer—typically reusing one
verifier across all generators. We test that
reuse assumption on a broad mathematical-
reasoning panel: 34 generators, K=64 can-
didates per problem, seven primary verifiers,
plus two cross-lineage verifiers as robustness
checks. The strongest fixed verifier, a 7B pro-
cess reward model, is not the best verifier for
every generator. Label-free statistics of the can-
didate texts predict which verifier class wins
on each target, and the two reliable budgeted
policies—process/outcome score fusion and
a small-label-budget per-target arbiter—beat
the fixed default by roughly two points on
two separately sampled candidate banks; a no-
label router is seed-sensitive. We frame the
result as a configuration- and verifier-family-
conditioned deployment diagnostic rather than
a universal routing rule; improved selection
did not transfer to student fine-tuning in an ex-
ploratory check.

1 Introduction

Reasoning ability is a central target for modern
large language models, and reward models or veri-
fiers are one of the main interfaces for improving
it. They can train models toward better traces, but
they also serve a simpler inference-time role: select
the best answer from a set of sampled candidates
(Cobbe et al., 2021; Wang et al., 2022; Lightman
et al., 2024; Snell et al., 2024; Brown et al., 2024).
In Best-of-K selection, a system samples K can-
didate solutions, scores them, and returns the veri-
fier’s top-ranked candidate.

Most verifier work asks how to build a stronger
verifier or how much test-time sampling to spend.
We ask a different deployment question. When
a service uses many generators, can one strong
process reward model (PRM) be calibrated once

Figure 1: Target-local verifier allocation. Fixed pro-
cess reward model (PRM) scoring is the strongest global
default, but some target candidate distributions prefer
outcome verifiers. The lower panel shows budgeted
gains over fixed PRM; seed-48 preserves the scored and
labelled gains while weakening the no-label router.

and reused for all of them, or does the best veri-
fier depend on the served candidate distribution?
Throughout, “target generator” denotes the distri-
bution induced by a generator, prompt template,
decoding settings, and answer-extraction protocol.

We test this on a matched 34-generator × 7-
primary-verifier math panel at K=64, with two
cross-lineage verifiers added as robustness checks.
Fixed PRM-7B remains the strongest global veri-
fier (43.5% mean pick@1), but the best local ver-
ifier is not constant: the per-target single-verifier
oracle leaves fixed PRM with +1.6 percentage-
point (pp) regret on the full panel. The local win-
ners split across PRM, V4 outcome verifiers, and
scalar outcome reward models (ORMs), so the ef-
fect is not a search for a weaker global baseline.
We treat the winner counts as a mismatch diagnos-
tic rather than as individually significant claims:
direct paired tests support the high-margin non-
PRM cases, and a second candidate-bank check
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preserves the scored and labelled policy gains while
weakening the no-label router.

The mismatch is partly visible before running
every verifier. Candidate sets differ in answer con-
centration, solution length, boxed-answer rate, and
max-cluster dominance. These statistics can en-
code style as well as reasoning quality, so we read
them diagnostically rather than causally. They clas-
sify the coarse PRM/V4 label under target leave-
one-out (target-LOO; 19/21 first-pass; 27/32 com-
bined), survive family and architecture holdouts,
and preserve 83–91% of winner classes under two
alternative prompt templates.

We convert the diagnostic into budgeted poli-
cies evaluated by panel-average deltas against fixed
PRM. With no target labels, a gated router gains
+1.41 pp; with extra scoring, PRM+V4-2B fu-
sion gains +2.35 pp; with m=75 labelled probes,
a PRM-only probe-based verifier-allocation arbiter
(PVA-Adapt) gains +2.26 pp at fixed-PRM test
cost. The same-panel American Invitational Math-
ematics Examination (AIME) 2026 holdout gives
+3.88 pp. The gains are modest and the router has
a −3.33 pp worst target loss. The scored fusion
and labelled PVA-Adapt are therefore our primary
recommendations; the router is a seed-sensitive
no-label option, not a default. We also test two
edges of the claim: a small code stress check is
suggestive, while a Qwen3-8B Instruct supervised
fine-tuning (SFT) study finds no positive transfer
from better selected traces.

The diagnostic is conditioned on the complete
generator × prompt × decoding configuration,
rather than on the generator name alone, and should
be recomputed when that configuration changes.

We make three contributions:
1. A target-local verifier allocation study. We

build a matched 34-generator ×
7-primary-verifier math panel showing that
fixed PRM-7B is the strongest global verifier
but still leaves +1.6 pp to a per-target
single-verifier oracle.

2. A label-free diagnostic and budgeted
policies. Four candidate-text features predict
the coarse PRM/V4 regime and support a
gated router, PRM+V4 fusion, and labelled
PRM-only PVA-Adapt.

3. Robustness and limits. We report
family/architecture holdouts, prompt-template
stress tests, AIME 2026 calibration holdout, a
second candidate-bank check, a small code

pilot, and an exploratory non-positive SFT
check.

2 Related Work

Our work sits at the intersection of process verifica-
tion, test-time selection, and routing. The distinc-
tion is the deployment object: prior work usually
asks how to train a stronger verifier, how to spend
more test-time compute on a prompt, or how to
route prompts to generators. We ask which ver-
ifier should serve a target generator’s candidate
distribution under a fixed reranking budget.

Process verifiers and reward-model evaluation.
Process reward models (PRMs) were introduced
as step-level verifiers for mathematical reasoning
(Lightman et al., 2024); later work reduced the
annotation burden with automatic process labels
(Wang et al., 2024), progress-style process rewards
(Setlur et al., 2025), weak supervision (Sun et al.,
2025), and generative or reasoning-driven verifiers
(Khalifa et al., 2025; Zhao et al., 2026; She et al.,
2025). The Qwen2.5-Math-PRM report (Zhang
et al., 2025) provides the public PRM-7B verifier
we use as the strongest global fixed baseline.

Recent benchmarks sharpen the evaluation prob-
lem. ProcessBench asks models to identify the
earliest erroneous step in competition-level math
solutions (Zheng et al., 2025); PRMBench broad-
ens process-level evaluation to fine-grained error
types and reports substantial weaknesses in cur-
rent PRMs (Song et al., 2025). RewardBench 2
documents brittleness and downstream-evaluation
gaps for general reward models (Malik et al., 2025),
while Skywork-Reward-V2 scales open reward-
model training across preference domains (Liu
et al., 2025). These papers improve or stress-test
the verifier itself. Our question is complementary:
even when PRM-7B is the best single fixed veri-
fier on average, it is not the best verifier for every
generator distribution.

Test-time selection and compute allocation.
Best-of-N selection with an ORM or PRM is a
standard way to convert sampling compute into ac-
curacy (Cobbe et al., 2021; Lightman et al., 2024;
Hosseini et al., 2024). Self-consistency clusters
answers without a learned verifier (Wang et al.,
2022); in our panel it remains a useful label-free
baseline but does not close the fixed-PRM gap
(Section M). Jain et al. (2024) also use lightweight
statistics over sampled generations for reranking;
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we use candidate-text statistics to diagnose which
verifier should serve a target distribution. Recent
test-time-scaling work studies how repeated sam-
pling scales coverage (Brown et al., 2024), how to
allocate inference compute more efficiently than
naive Best-of-N (Snell et al., 2024), and how to use
a generative model to compare an entire candidate
set (Toshniwal et al., 2025).

The closest compute-allocation paper is Damani
et al. (2025): it predicts per-prompt difficulty and
chooses how much decoding or search effort to
spend. We instead hold the candidate set fixed and
allocate verifier identity. This difference matters
operationally: our zero-label router can be run af-
ter candidates are sampled, before verifier scoring,
using only candidate-distribution statistics.

Routing and model selection. Large language
model (LLM) routing routes prompts to genera-
tors under quality/cost tradeoffs. FrugalGPT in-
troduced LLM cascades for cost reduction (Chen
et al., 2023), and RouteLLM learns strong-vs-weak
model routers from preference data (Ong et al.,
2024). Recent work extends this line to unseen-
model routing with learned model feature vectors
(Jitkrittum et al., 2025), large-scale router evalua-
tion (Huang et al., 2025), multi-round routing and
aggregation (Zhang et al., 2026), and expected-
reward prediction for prompt-to-generator routing
(Hasanaliyev et al., 2026). Reward model routing
is closer in object space: Wu and Lu (2025) routes
among reward models during alignment, and Xu
et al. (2026) routes uncertain reward-model deci-
sions to a stronger LLM judge.

Our setting differs along three axes. First, the
routed object is the verifier used for mathemati-
cal candidate reranking, not the generator answer-
ing the prompt and not an expensive judge fall-
back. Second, the routing unit is a target gener-
ator distribution rather than an individual prompt
or reinforcement-learning-from-human-feedback
query. Third, the cold-start router uses no labels
and no preflight verifier scores to choose the ver-
ifier: it reads only the candidate texts. Table 27
gives the full axis-by-axis comparison.

Verifier-selected data for post-training.
Verifier-filtered or reward-filtered candidates
can serve as self-training data. V-STaR trains
verifiers for self-taught reasoning (Hosseini et al.,
2024); ReST-EM iterates sampling, filtering, and
fine-tuning (Singh et al., 2023); Setlur et al. (2024)
report gains from RL on synthetic data; and Chen

et al. (2026) tests how math PRMs transfer to
code. Our SFT result is deliberately negative: in
our setup, better rerank-pick@1 selection does not
predict better student utility (Section 5.3). This
does not contradict positive self-training results; it
identifies a boundary between choosing the correct
candidate now and choosing data that a smaller
student can imitate.

Positioning. Our contribution is a verifier-
allocation study. We hold the candidate genera-
tion protocol fixed, vary verifier identity, and ask
when a strong global PRM should be reused, fused
with an outcome verifier, or adapted with a small
labelled probe set. On a 22-generator policy panel
and a 34-generator extended panel, the best fixed
verifier is not always the best local verifier; the
observed local regime is predictable from candi-
date texts; and target-local candidate arbitration
improves further under small label budgets while
exposing a separate SFT-utility limit.

3 Setup and Target-Local Verifier
Mismatch

Evaluation protocol. A target is the served can-
didate distribution induced by generator, prompt,
decoding, and extraction protocol. We evaluate 34
such targets: a 22-generator first-pass panel used
for the main policy comparison, plus 12 second-
pass generators used to test whether the pattern
persists after the diagnostic is fixed. All generators
produce K=64 candidates per problem at T=0.7,
top-p=0.95, max_new = 4096, seed 47.

The first-pass panel covers 13 model families:
Qwen3.5-Base/Instruct, Qwen3 (0.6B–32B), Phi-4
(mini and mini-reasoning), Llama-3.2, SmolLM3,
Falcon-H1, Granite-3.1, DSR1-Distill-Qwen, In-
ternLM3, OLMo-2, Hermes-4, and QwQ. The
second-pass extension adds Qwen2.5-Instruct
scales, Qwen2.5-Math-7B-Instruct, Mistral-Nemo-
12B, Phi-4 14B, Yi-1.5-34B-Chat, Qwen3-30B-
A3B-Instruct-2507, DSR1-Distill-Llama-70B, and
GPT-OSS-120B. We refer to the 12-generator
second-pass extension as Wave A and its cross-
template re-run (T1 open CoT; T2 structured steps)
as Wave B.

All results are conditioned on the generator ×
prompt × decoding × extraction configuration.
The label-free diagnostic characterizes a config-
uration, not a generator in isolation, and should
be recomputed whenever the prompt or decoding
configuration changes.
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Figure 2: Overview. We measure target-local verifier mismatch, diagnose it from candidate texts, and evaluate
budgeted response policies. Full costs and CIs are in Table 1.

Local-winner labels are point estimates on this
fixed candidate bank. The deployment tables use
the 22 first-pass targets; binary routing uses the 21
first-pass and 32 combined PRM/V4-routable tar-
gets, excluding ORM-class targets from the router
denominator. The treatment of calibration prob-
lems for labelled policies is specified with their
protocol in Section 4. Paired CIs condition on the
seed-47 candidate draw and on one verifier family
per class; the seed-48 check in Table 1 is a robust-
ness check rather than a population-level seed CI.

The math eval mix is frozen across all genera-
tors: AIME 2024 (30), AIME 2025 (30), AIME
2026 (30), OlympiadBench-math-hard (110), and
MATH-500 (100). The verifier pool has three
classes, with one representative family per class: (i)
PRM class — Qwen2.5-Math-PRM-7B, a process
reward model with step-level signals (Zhang et al.,
2025); (ii) V4 class — V4-2B/4B/9B Bradley–
Terry outcome reward verifiers trained on within-
problem math candidate pairs with Qwen3.5-size
backbones; (iii) ORM class — ORM-2B/4B/9B,
scalar outcome reward models. All seven primary
verifiers consume the full candidate trace; selection
is argmax. Section P lists the exact V4/ORM pair
construction, backbones, and training configs.

The selection metric is top-1 pick@1 (mean over
300 problems and paired-bootstrap 95% confidence
interval, CI95, against fixed PRM-7B). Cost is
dominated by verifier forward passes: with PRM-
7B normalised to 1, the 2B/4B/9B verifiers cost
≈ 0.3×, 0.6×, 1.3×. The PRM-only PVA-Adapt
variant in Section 4 preserves 1× deployment cost.

Fixed-verifier regret. On the merged 34-
generator panel a practitioner who deploys fixed
PRM across all targets loses +1.6 pp of pick@1
relative to a per-target single-verifier oracle (45.1%
vs. 43.5%, panel-weighted mean); against an in-
sample per-problem oracle the gap is +9 pp. On

the 22-target first-pass slice alone, the fixed-PRM
reference is 43.02% and the per-target oracle gap
is +1.85 pp: the per-target single-verifier oracle
averages 44.86%, and the per-problem oracle up-
per bound is 52.47% (+9.45 pp). PRM-7B is the
strongest single fixed verifier on either slice, so the
regret is against the best fixed alternative.

Because this per-target oracle takes a maximum
over seven noisy primary verifier estimates, it
can be upward-biased. On the 22-target slice, its
+1.85 pp is a reference for the policy class that
commits to one verifier per target. The +9.45 pp
per-problem oracle is a separate candidate-level
hindsight reference: the router recovers about 15%
of that headroom, while fusion and PVA-Adapt re-
cover about 24–25%. Fusion and PVA-Adapt are
outside the one-verifier-per-target policy class and
can therefore exceed the +1.85 pp reference with-
out contradiction. All deployable policies are eval-
uated directly against fixed PRM. The 22-target
local-oracle distribution is 13 PRM, 8 V4, and one
ORM-boundary target.

Winner-vs-runner-up tests establish 8 Holm-
significant cells, all PRM-class; the deployment-
relevant comparison is more direct for the nine non-
PRM point-estimate winners. Comparing each
such winner against fixed PRM gives 4/9 Holm-
significant contrasts under the primary family-wise
correction (6/9 raw and 6/9 Benjamini–Hochberg
(BH) sensitivity) (Table 14). Thus the non-PRM
labels are partly statistically supported, partly de-
scriptive, and the downstream claim is evaluated
primarily through panel-average gain over fixed
PRM.

A targeted second candidate-bank check reranks
the same nine seed-47 non-PRM winners directly
against PRM under seed 48. The direction pre-
serves on 7/9 targets, but only 4/9 are positive
and raw-significant, 1/9 survives Holm, and 2/9
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survive BH; one boundary target flips significantly
toward PRM (Table 15). We treat this as evidence
that the high-margin cases partly replicate while
candidate-bank variance is material.

We also rerun the full 22-target first-pass de-
ployment table on seed 48: point-estimate winner
classes become 15/6/1 PRM/V4/ORM, the per-
target oracle gap is +1.52 pp, PRM+V4-2B fusion
gains +1.95 pp, and PRM-only PVA-Adapt gains
+1.93 pp; the no-label gated router weakens to
+0.92 pp with CI95 crossing zero (Table 1; full ta-
ble in Table 16). Thus the scored and labelled poli-
cies survive a second candidate-bank draw, while
cold-start routing is more seed-sensitive.

Second-pass extension and template robustness.
The 12 second-pass generators split 8/3/1 for
PRM/V4/ORM winners; mean per-target single-
verifier oracle gain over fixed PRM on these targets
is approximately +1.04 pp. A specific sub-pattern:
every reasoning-tuned or mixture-of-experts (MoE)
large generator we add — Qwen3-30B-A3B-
Instruct-2507 (ORM-class), DSR1-Distill-Llama-
70B (V4-class), GPT-OSS-120B (V4-class) — is
non-PRM, while all five Qwen2.5-Instruct dense
scales (1.5B–72B) stay PRM-class. The merged
panel has 11 V4-class and 2 ORM-class/boundary
winners; 11/34 counts V4-class winners only.

For cross-template robustness, Wave B re-runs
all 12 second-pass generators under two alterna-
tive system prompts (T1 open chain-of-thought,
CoT; T2 structured steps). It preserves the single-
verifier-oracle winner class on 10/12=83% of tar-
gets under T1 and 10/11=91% evaluable targets
under T2; all evaluable PRM-class T0 winners re-
main PRM under both alternative prompts. The
remaining consistent template-driven flip is Mistral-
Nemo-12B. The frozen diagnostic had predicted
PRM for this target (pV4 ≈ 10−4), while its orig-
inal observed winner was V4 by only 1 pp; both
alternative templates move the observed winner to
PRM, toward the frozen prediction. We therefore
do not attribute this flip to the length feature alone.

Cross-family scale sweeps. Within the 22-target
panel and auxiliary Phi stress banks, three family-
scale views move in distinct directions. Qwen3.5-
Base (0.8B → 9B) moves from PRM (McNemar
p=0.018 at 0.8B) to V4-class; the 4B and 9B V4
winners beat fixed PRM by +6 and +8.33 pp and
both survive the direct winner-vs-PRM Holm com-
parison.

Qwen3 (0.6B → 32B) moves in the opposite

direction: V4-class at 1.7B–4B, crossover near 8B,
PRM at 32B (+8.33 pp, p=0.0015).

Phi is a three-bank stress view rather than a
clean one-generation scale law: Phi-3-mini, Phi-3-
medium, and Phi-4 all stay PRM-class, with mar-
gin shrinking from +13.67 pp to +5.33 pp. We
therefore use the scale sweeps descriptively, not
as small-n logistic-slope inference. Of the 22
McNemar winner-vs-runner-up tests 10/22 are
significant uncorrected at α=0.05, 8/22 survive
Holm–Bonferroni, and 10/22 survive Benjamini–
Hochberg. Within this panel, the three sweeps are
inconsistent with the simplest size-only explana-
tion; per-family tables, post-training and decoding-
shift controls are in Sections C to D.

One candidate-distribution hypothesis is that
family-specific post-training changes the served
distributions differently with scale. Qwen3.5-Base
keeps its boxed-answer rate near 47–55% while
answer entropy falls from 1.54 to 0.20–0.27 as it
moves from PRM to V4. Qwen3 instead shifts
from 51% boxed and roughly 7.7k tokens at 4B
to 85–97% boxed and roughly 2.2k–1.1k tokens
at 8B–32B while moving from V4 to PRM. Sim-
ilar pass@64 at the two large endpoints (70.7%
vs. 71.0%) weakens a simple ability-only explana-
tion. These associations are correlational, and the
low-margin Qwen3-0.6B endpoint changes regime
across candidate banks.

4 Budgeted Responses Under Explicit
Costs

We turn the mismatch into a budgeted response
menu indexed by label budget and online veri-
fier cost (Figure 2). PVA denotes probe-based
verifier allocation: PVA-Calibrate chooses a veri-
fier class from labelled probes, while PVA-Adapt
trains a target-local candidate arbiter. Our pri-
mary recommendations are no-label extra-scoring
fusion (+2.35/+ 1.95 pp on candidate Banks 1/2
at 1.3× cost) and labelled-probe PRM-only adapta-
tion (+2.26/+ 1.93 pp with m=75 labels at 1×).
The no-label one-verifier router (+1.41/+0.92 pp,
≤ 1×) is a seed-sensitive option, not a default
recommendation: its Bank 2 interval crosses zero.
Table 1 is the primary paired-bank deployment
comparison; appendix tables provide sensitivity
analyses (Table 3 isolates the full-7 labelled-probe
m-curve).

Fusion is a primary mean-gain policy but is not
uniformly safe: it wins on 16/22 targets, loses on
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Best local verifier gain over fixed PRM (pick@1 pp)

13 PRM-local targets
Q35-2b-base

Q3-06b
DSR1-Q-7b
Phi4-mini-R

Q3-4b
Q35-4b-base

Q3-17b
Q3-4b-math

Q35-9b-base

fixed PRM remains local winner
+0.66
+0.67

+2.33
+4.00

+4.66
+6.00

+7.00
+7.00

+8.33

PRM local winner
V4 local winner
ORM boundary winner
Holm vs fixed PRM

Figure 3: Local verifier winners on the 22-target panel. Thirteen PRM-local targets are collapsed into one grey
row; the eight V4 winners and one ORM-boundary winner are shown individually. Direct comparison details are in
App. B; the seed-48 policy check is summarized in Table 1.

6/22, and its worst target loss is −3.33 pp. Be-
cause fusion mixes PRM and V4 scores per can-
didate rather than committing to one verifier per
target, it is not bounded by the per-target single-
verifier oracle gap. We treat all policies as deploy-
ment options to validate per target rather than au-
tonomous rollout controllers.

The policy definitions are fixed before evalua-
tion: fusion is the z-scored PRM+V4-2B policy,
the router threshold is selected by nested target
cross-validation, PVA variants use the fixed hyper-
parameters in the appendix, and AIME calibration
excludes AIME 2026 problems.

4.1 A four-feature candidate-text diagnostic

For each PRM/V4-routable target, we com-
pute four statistics from the K=64 candidate
texts before verifier scoring: boxed-rate, log
length, answer-cluster entropy, and max-cluster
share. An L2-regularised target-LOO classifier
predicts the point-estimate PRM/V4 regime with
19/21=90.5% accuracy on the original first-pass
panel and 27/32=84.4% on the combined panel,
five errors and a 6.1 pp drop after adding the
second-pass targets (Wilson CI95 [71.1, 97.3]%
and [68.2, 93.1]%, respectively) (Figure 4 and sec-
tion E); the first-pass permutation null gives
p=0.0003, and the combined-panel V4 prior is
11/32=34.4%.

The classifier is used as a serving heuristic: its
labels are seed-47 point-estimate regimes rather
than significance-screened truth, and the deploy-
ment claim is evaluated separately through policy
gains in Table 1.

This signal is not a single first-pass num-
ber: combined target-LOO is 27/32, fam-
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q35-08b
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q3-8b

q3-32b

phi4m

phi4mR
qwq_32b

PRM V4 ORM boundary LOO miss

Figure 4: Candidate-text diagnostic. This entropy–
length slice visualizes the fitted four-feature classifier
with boxed-rate and max-share fixed to their medi-
ans. Points are target averages; target-LOO accuracy is
19/21 first-pass and 27/32 combined.

ily/architecture holdouts are 11/12 and 20/21,
dropping boxed-rate or length leaves 20/21,
parser/style controls give 19–20/21, and a
metadata-only size/training-tag router is much
weaker (13/21, −0.67 pp). Cross-template winner
class is preserved on 10/12 under T1 and 10/11
evaluable targets under T2; equivalently, 2/12 and
1/11 targets flip, all at original winner margins
≤ 1.67 pp. The features may still proxy coher-
ence, extraction regularity, or difficulty rather than
causality; full ablations are in App. D and App. P.

4.2 Cold-start router: protocol and Pareto

For a new target, the router draws B=300 unla-
beled problems, generates K=64 candidates, com-
putes target-level statistics, and routes to PRM or
V4-2B only when confidence exceeds the nested
cross-validation gate threshold (modal 0.7); oth-

7897



Policy Labels Test cost Bank 1 ∆ [CI95] Bank 2 ∆ [CI95] Worst Bank 1/2

fixed PRM 0 1× 0.00 0.00 0.00/0.00
No labels
cluster+PRM top-3 0 1× +0.89 [+0.27,+1.56] +1.03 [+0.50,+1.59] −1.33/− 1.00
gated router 0 ≤ 1× +1.41 [+0.21,+2.76] +0.92 [−0.22,+2.19] −3.33/− 5.33
PRM+V4-2B fusion 0 1.3× +2.35 [+1.09,+3.53] +1.95 [+0.73,+3.17] −3.33/− 4.00

75 labelled probes; offline calibration
PVA-Calibrate 75 1× +1.12 [+0.14,+2.31] +0.78 [−0.06,+1.81] −1.31/− 1.38
PVA-Adapt PRM-only 75K 1× +2.26 [+1.11,+3.42] +1.93 [+0.84,+3.04] −1.87/− 2.12
PVA-Adapt full-7 75K 5.4× +2.02 [+0.95,+3.05] +1.72 [+0.65,+2.83] −2.39/− 1.96

Hindsight reference (not deployable)
per-target single-verifier oracle test labels 1× +1.85 +1.52 [+0.56,+2.64] 0.00/0.00

Table 1: Paired candidate-bank policy results on the 22 first-pass targets. ∆ and Worst are mean and worst-case
changes in pick@1 vs. fixed PRM (pp); brackets are target-bootstrap CI95 and do not estimate population-level
seed variance. Bank 1 uses seed 47 and Bank 2 seed 48. The Bank 2 router entry is a fresh nested target-LOO
refit on Bank 2, not a frozen Bank 1→Bank 2 transfer. Labels are problem-level calibration probes; 75K denotes
answer-matched candidate labels. Bold rows are the primary recommendations.

Available budget Recommended policy Evidence and caution

No validation; risk-sensitive fixed PRM-7B Strongest fixed verifier and safest default.
No labels; ≤ 1× scoring gated router +1.41/ + 0.92 pp on Banks 1/2, but seed-sensitive; worst loss

−3.33/− 5.33 pp.
No labels; 1.3× scoring PRM+V4-2B fusion Primary no-label policy: +2.35/+ 1.95 pp, with positive CI95

on both banks.
m=75 labels; 1× scoring PVA-Adapt PRM-only Primary labelled policy: +2.26/ + 1.93 pp and the smallest

observed worst-target losses among adaptive policies.

Table 2: Deployment guidance. Results are reported as Bank 1/Bank 2 changes from fixed PRM. Adaptive policies
should be deployed with monitoring and rollback.

erwise it falls back to PRM. This is label-free
and score-free, but not sample-free; smaller-B and
smaller-K deployment budgets remain future work.
A within-bank subsampling check in Section E
shows that the diagnostic label prediction itself is
stable down to smaller B/K settings.

Table 1 separates three budgets. Calibration la-
bels are problem-level gold answers; PVA-Adapt
turns them into mK candidate labels by answer
matching. For the labelled-policy holdout protocol,
see Section 4.4. Fusion and routing target different
budgets: extra test-time scoring versus one-verifier
deployment. Calibration scoring is a one-time cost
on probes; test cost is the online verifier scoring
cost on deployment candidates, normalised to fixed
PRM.

The router changes 9/21 targets (+3.30 pp on
changed targets, +1.41 pp overall) and leaves
12/21 at PRM. The two routed losses are Qwen3-
0.6B (−2.67 pp) and QwQ-32B (−3.33 pp). Meta-
data and answer-cluster baselines trail the
router/fusion policies (App. L); per-target diag-
nostics are in Section F. The gate reduces the un-
gated worst loss from −11.67 pp to −3.33 pp by
abstaining. On Bank 2, a fresh nested-LOO re-

fit gains +0.92 pp ([−0.22,+2.19] pp) with worst
loss −5.33 pp; it is not a frozen Bank 1→Bank 2
transfer. Raising the gate to τ=0.9 removed ev-
ery observed loss only because it never routed
and therefore degenerated to fixed PRM; this is a
risk–gain observation, not a guarantee. Remain-
ing losses motivate a staged rollout: start with
fixed PRM, use the diagnostic to flag targets, val-
idate any switch on labelled probes, and retain
rollback. The two Bank 2 worst cases have dif-
ferent failure modes: the router’s −5.33 pp occurs
on the 0.67 pp-margin Qwen3-0.6B boundary tar-
get, which changes regime across banks, whereas
fusion’s −4.00 pp occurs on Hermes-4-14B, where
fixed PRM leads by 10 pp on both banks and mix-
ing in V4-2B dilutes the stronger score.

4.3 PVA-Calibrate: a class-level rule from m
problem labels

PVA-Calibrate uses m calibration probes to pick
one verifier class. It computes per-verifier cal-
ibration pick@1, collapses by class (aC =
maxVi∈C â(Vi)), and leaves PRM only if a non-
PRM class beats it by shrinkage margin δ=2 pp.
Test cost stays 1×.
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4.4 PVA-Adapt: a target-local candidate
arbiter

PVA-Adapt converts the same probes into answer-
matched mK candidate labels and trains a target-
local L2-regularised candidate scorer. Each cali-
bration problem contributes labels for all K can-
didates by exact-answer matching; test means ex-
clude those calibration problems. For the m=75
policies, probes are sampled per target and candi-
date bank and the reported test mean uses the re-
maining 300−m problems; AIME 2026 instead cal-
ibrates only on the 270 non-AIME-2026 problems.
Features include verifier scores/ranks/margins plus
candidate text/cluster features (definitions and C
sweep in Section H).

On the 22-target panel, full-7 PVA-Adapt
is barely positive at m=20 ([+0.07,+2.25] pp);
more comfortable gains start at m=30 and grow
through m=100. PVA-Calibrate is weaker and its
CI excludes zero only at m=75 and 100. The m-
curve uses full-7 verifier-score features; the PRM-
only deployment variant is reported separately be-
low and in Table 1.

For deployment comparisons, the +2.26 pp
PRM-only result in Table 1 is the 1×-cost result;
the separate full-7 probe-budget curve in Table 3
describes how the labelled arbiter scales with m.

Calib.
probes

PVA-Calibrate
∆ [CI95]

PVA-Adapt
full-7 ∆ [CI95]

20 −0.05 [−1.16,+0.95] +1.17 [+0.07,+2.25]
30 +0.33 [−0.76,+1.45] +1.50 [+0.42,+2.56]
50 +0.87 [−0.18,+1.95] +1.85 [+0.77,+2.91]
75 +1.13 [+0.12,+2.14] +2.02 [+0.98,+3.03]
100 +1.26 [+0.30,+2.21] +2.24 [+1.18,+3.29]

Table 3: Label-budget curve. PVA-Calibrate and full-7
PVA-Adapt gains vs. fixed PRM on the 22-target seed-
47 panel (50 calibration resamples; paired-bootstrap
CI95). Values are pp.

The paired-bank results formerly repeated in a
separate seed table are now consolidated in Table 1:
fusion and both PVA-Adapt variants retain positive
intervals on Bank 2, whereas the router interval
crosses zero.

4.5 Budget-aware variant: PRM-only at 1×
test cost

The PRM-only variant keeps PRM scores plus four
label-free candidate features, so test cost matches
fixed PRM while recovering +2.26 pp at m=75.
The full 7-verifier variant is a fixed reference, not
a tuned ensemble; a 20-seed subset sweep ranges

from +2.14 to +2.58 pp. Extra verifier-score fea-
tures can add calibration variance at m=75, so the
PRM-only variant is the most deployment-efficient
result rather than a claim that fewer verifier features
are intrinsically better; target-local adaptation and
candidate features drive the gain.

5 Held-out and Boundary Checks

5.1 AIME 2026 held-out slice
In the strict split, the 270 non-AIME-2026 prob-
lems supply calibration probes, and the 30 AIME
2026 problems form the deterministic test set for
all 22 targets.

Selector Within-pool Held-out

PVA-Calibrate +2.45 [+1.04,+3.96] +2.45 [+0.77,+4.37]
PVA-Adapt full +3.88 [+2.11,+5.74] +3.88 [+1.56,+6.15]
oracle +9.55 [+7.42,+11.82] +5.30 [+3.33,+7.42]

Table 4: AIME 2026 held-out slice. ∆ pick@1 vs.
fixed PRM-7B on the 30 AIME 2026 problems, in per-
centage points (m=75, 50 calibration seeds); subscripts
are bootstrap 95% CIs. The held-out split calibrates on
the other 270 problems.

PVA-Adapt full retains a +3.88 pp gain over
fixed PRM (CI95 [+1.56,+6.15]). The selected
policies match the within-pool run, while oracle
headroom drops to +5.30 pp. This is a same-
panel leakage check, not new-generator or private-
benchmark transfer; per-family detail is in Sec-
tion L.

5.2 Out-of-domain code pilot
As a boundary check on whether target-local mis-
match is math-specific, we ran a code pilot over
five cells, each a (target, benchmark) pair from Hu-
manEval (HE) and MBPP, reranked by the four
code-trained outcome verifiers (three V4C scale
variants and one ORMC variant), plus fixed PRM-
7B. In all five cells the winner is non-PRM and
survives Holm/BH correction (Table 5); margins
(+10.98 to +21.95 pp) far exceed the math panel,
and Qwen3.5-9B even changes winner between HE
and MBPP. A four-target HumanEval+ follow-up is
inconclusive, so the pilot shows only that mismatch
is not math-exclusive, not a code-domain transfer
claim.

5.3 Exploratory SFT-utility boundary check
Table 1 and the AIME 2026 check measure selector
correctness; a separate question is whether better-
selected traces make better SFT data. As an ex-

7899



Target / bench Winner ∆ ( pp) n

Q35 / HE V4C-9B +10.98 [+2.44,+19.51] 164
Q35 / MBPP V4C-4B +8.95 [+5.45,+12.84] 257
DSR1 / HE V4C-4B +8.54 [+4.27,+13.41] 164
OSS / HE ORMC-4B +17.07 [+7.93,+26.22] 164
Phi4R / HE V4C-4B +21.95 [+13.41,+30.49] 164

Table 5: Out-of-domain code pilot. Winner-vs-PRM
∆ pick@1 on HumanEval (HE) or MBPP, in percentage
points; subscripts are bootstrap 95% CIs. All five rows
pass Holm/BH within this pilot; V4C/ORMC are code-
trained variants.

ploratory check, we fine-tune a Qwen3-8B Instruct
student on full PVA-Adapt-selected traces (m=75)
and evaluate pick@1 on 210 non-floor problems.
In this setup, no SFT variant shows positive trans-
fer, and the full-7-verifier arbiter is significantly
negative (−6.19 pp, CI95 [−11.90,−0.95]); the in-
tervals are wide. We therefore treat this only as an
underpowered, non-positive boundary result, not
evidence that improved selection can never benefit
SFT (Section 6). Choosing the correct answer now
is a different objective from choosing data a small
student can imitate.

6 Conclusion

We have argued that verifier choice in Best-of-K
selection is a target-local allocation problem, not
a fixed configuration. On a matched 34-generator
× 7-verifier math panel, PRM-7B is the strongest
single fixed verifier, yet a per-target single-verifier
oracle still leaves +1.6 pp of pick@1, with lo-
cal winners split systematically across process,
outcome, and scalar reward models. This mis-
match is partly visible in label-free candidate-
text statistics before any verifier is run. Rather
than a new universal verifier, we propose a bud-
geted response menu over an existing one: a label-
free gated router (+1.41 pp), PRM+V4 score fu-
sion (+2.35 pp), and a labelled PRM-only arbiter
(PVA-Adapt, +2.26 pp at fixed online cost), with
+3.88 pp on the AIME 2026 held-out slice. A sec-
ond candidate-bank draw keeps the scored and la-
belled policies positive while weakening the router,
so we recommend keeping the strong PRM de-
fault and spending extra scoring or labels only on
targets the diagnostic flags. The boundaries are
as informative as the gains. The improvements
are modest, the router carries a −3.33 pp worst-
target loss, and the evidence remains configuration-
and verifier-family-conditioned despite two cross-

Setting Protocol ∆ ( pp)

22-target PVA-Adapt full +2.02 [+0.98,+3.03]
AIME 2026 PVA-Adapt full +3.88 [+1.56,+6.15]

8B SFT PVA-Calibrate −1.43 [-4.29,+1.43]
8B SFT PVA-Adapt full-7v −6.19 [-11.90,-0.95]
8B SFT oracle data −4.76 [-10.48,+0.95]

Table 6: Exploratory selection gain versus SFT utility.
Selection rows use full PVA-Adapt with m=75; SFT
rows use a Qwen3-8B Instruct student. ∆ in percentage
points; subscripts are bootstrap 95% CIs.

lineage robustness checks. An exploratory SFT
check also found no positive transfer from selector-
better traces. Closing this gap calls for population-
level evidence—more candidate-bank seeds, gen-
erator families, and independent verifier lineages—
and allocation policies that recover more of the
+9 pp per-problem oracle headroom that remains
open.

Limitations

Magnitude and deployment risk. The deploy-
able gains over fixed PRM-7B are small (+1.4–
2.4 pp on the 22-target panel) and recover only
part of the in-sample oracle gaps. The gated cold-
start router still has a −3.33 pp worst target loss.
We therefore view the policies as validated target-
local adaptations, not categorical replacements for
fixed PRM; real deployments would need labelled
checks and rollback paths.

Scope and seed variance. The 34-generator
panel remains small relative to production fleets.
Its primary results use one canonical decoding
setup (T=0.7, top-p=0.95, K=64); the T=1.0
and small Qwen3.5 controls do not cover the full
decoding space. The code pilot is only a small
out-of-domain check, and the router is reported
at B=300, K=64; the appendix B/K sweep sub-
samples the fixed bank rather than validating a new
smaller-budget router. Primary CIs condition on
the seed-47 candidate bank. Seed-48 keeps the
scored/labelled policies positive but weakens the
no-label router, so more candidate-bank draws are
still needed for population-level seed CIs.

Verifier coverage. The primary seven-verifier
pool contains one PRM family, one Bradley–Terry
outcome-verifier family, and one scalar ORM fam-
ily derived from Qwen2.5/Qwen3 bases. The cross-
lineage check adds two Llama-3.1-based verifiers
(Skywork-Reward-V2 and RLHFlow’s Llama3.1-
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8B PRM), and shows that an all-Qwen verifier
roster is not necessary for target-local mismatch.
It does not establish verifier-family universality:
other training distributions, generative pairwise
judges, or unified-criteria reward models may shift
the local-winner landscape. We also do not make a
benchmark-level decontamination claim for verifier
training data, so the result remains verifier-family-
conditioned rather than class-universal.

Diagnostic interpretation. The four text features
may partly encode style and formatting rather than
verifier compatibility itself. Holdouts, parser con-
trols, and metadata-only baselines reduce direct
shortcut explanations, but they do not prove causal-
ity. Candidate-set coherence, problem difficulty,
and extraction regularity remain plausible latent
variables.

Training utility. The exploratory check in Sec-
tion 5.3 shows no detectable SFT-utility improve-
ment from selector-better traces in our setup. The
intervals are wide, so this is an underpowered non-
positive result, not evidence that selection can never
help SFT.
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Appendix map. The appendix is organised as
an evidence trail rather than a table dump. Ap-
pendix A gives the full matched verifier panel be-
hind the main regret claim. Appendix B reports
the cross-lineage verifier check. Appendices C–D
cover scale, post-training, and decoding controls.
Appendices E–F audit the four-feature diagnostic
and cold-start router.

Notation and denominator map. The first-pass panel
has 22 targets, of which 21 are binary PRM/V4-routable
after excluding one ORM-boundary target. Wave A is
the 12-target second-pass extension; Wave B is its cross-
template rerun under T1 (open chain-of-thought) and T2
(structured steps). The merged panel has 34 targets, 32 of
them binary-routable after two ORM-boundary exclusions.
The seed-48 direct audit contains the 9 first-pass non-PRM
point-estimate winners. Bank 1 is the canonical seed-47
candidate draw and Bank 2 is the separately sampled seed-
48 draw. K is candidates per problem, m is the labelled
calibration-problem budget, and B is the unlabeled probe-
problem budget.

The headline math panel uses 300 problems per
target; the AIME 2026 check is a 30-problem
problem-held-out slice within the same target-
generator panel. Throughout the appendix, point-
estimate regime means a winner under Bank 1,
while McNemar, Holm, and bootstrap intervals
mark stronger paired-statistical claims.

A Full 22-generator by 7-verifier
evaluation panel

Reading. This matrix is the provenance table for
the main-panel claim, not an additional experiment.
Its purpose is to show that the fixed-PRM baseline
is a strong choice globally while still leaving local
regret: PRM-7B has the best mean over targets,
yet the row-wise oracle moves away from PRM
on 9/22 first-pass targets. The main text uses the
aggregates; this table exposes the per-target cells
so that the regime labels can be audited.

B Cross-lineage verifier check

We add the two non-Qwen verifier checkpoints
requested during review to the frozen 34-target
banks (300 problems per target, K=64). Skywork-
Reward-V2-Llama-3.1-8B is scored as a sequence
classifier (Liu et al., 2025). RLHFlow/Llama3.1-
8B-PRM-Mistral-Data follows its official math-
RM protocol, taking the mean of the step rewards
produced by prm_evaluate.py (Xiong et al.,
2024). No candidates, correctness labels, or orig-
inal seven-verifier scores are regenerated for this
comparison.

Fixed verifier Bank 1 mean pick@1 Bank 2 mean pick@1

PRM-7B 43.5% 43.3%
Skywork-Reward-V2 42.7% 42.6%
RLHFlow Llama3.1-8B PRM 37.6% 37.3%

Table 8: Cross-lineage fixed-verifier means on both
candidate banks. The original PRM-7B remains the
point-estimate best fixed verifier; Skywork-V2 is second
on both banks.

Check Result

Bank 1 strict/tied
leaders

17 PRM, 8 Skywork, 5 V4, 1 RLH-
Flow, 1 ORM; 2 additional targets tie
for the lead

New strict local
winners

9/34 (8 Skywork, 1 RLHFlow), plus
the 2 ties above

Bank 2 Skywork
recurrence

Of the 7 Bank 1 Skywork strict-win
cells covered by the reported paired
summary, 5 remain strict wins and a
sixth becomes a tie (6/7 non-losses)

Expanded ora-
cle/reference

Max-over-nine per-target oracle:
+2.1 pp over fixed PRM on the
34-target Bank 1 panel; nine-pool
diagnostic target-LOO: 29/34 (base
rate 52.9%)

Table 9: Tie-aware cross-lineage summary and
candidate-bank replication. The oracle is a hindsight
reference and retains the same max-selection caveat as
the original max-over-seven oracle.

These results rule out an all-Qwen verifier roster
as a necessary condition for target-local mismatch,
but do not establish universality over verifier fam-
ilies or training distributions. In particular, RL-
HFlow is below PRM-7B on 31/34 targets and
has one strict local win, on Mistral-Nemo, which
is consistent with rather than proof of a training-
distribution match.
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Family Target Param n PRM-7B V4-2B V4-4B V4-9B ORM-2B ORM-4B ORM-9B Oracle v Oracle PRM regret

Qwen3.5 qwen35_08b_base 0.8B-Base 300 32.67 26.33 27.33 27.00 17.33 21.67 21.67 PRM-7B 32.67 +0.00
Qwen3.5 qwen35_2b_base 2B-Base 300 41.67 39.33 39.33 39.67 34.33 37.00 42.33 ORM-9B 42.33 +0.66
Qwen3.5 qwen35_4b_base 4B-Base 300 51.67 57.67 55.67 54.33 49.67 54.33 54.00 V4-2B 57.67 +6.00
Qwen3.5 qwen35_9b_base 9B-Base 300 50.67 59.00 57.00 55.00 51.67 52.67 54.33 V4-2B 59.00 +8.33
Qwen3.5 qwen35_08b 0.8B-Instruct 300 34.00 22.33 21.67 24.00 15.33 19.00 19.33 PRM-7B 34.00 +0.00

Qwen3 qwen3_06b 0.6B 300 38.00 35.33 37.67 38.67 32.33 36.33 35.67 V4-9B 38.67 +0.67
Qwen3 qwen3_17b 1.7B 300 47.67 52.67 54.67 50.33 45.33 49.33 51.00 V4-4B 54.67 +7.00
Qwen3 qwen3_4b 4B 300 51.67 56.33 56.00 54.33 52.00 52.00 54.33 V4-2B 56.33 +4.66
Qwen3 qwen3_4b_math 4B-Math 300 48.00 55.00 52.67 51.00 48.33 47.67 50.67 V4-2B 55.00 +7.00
Qwen3 qwen3_8b 8B 300 49.67 44.33 45.33 45.33 44.67 43.00 42.33 PRM-7B 49.67 +0.00
Qwen3 qwen3_32b 32B 300 50.67 42.00 41.67 42.33 40.33 42.00 39.00 PRM-7B 50.67 +0.00

Phi-4 phi4_mini mini 300 36.00 14.67 18.33 16.67 17.33 15.00 10.00 PRM-7B 36.00 +0.00
Phi-4 phi4_mini_reasoning mini-reasoning 300 50.33 53.00 51.33 54.33 48.00 50.33 53.33 V4-9B 54.33 +4.00

Llama-3.2 llama32_1b 1B 300 13.33 6.67 7.00 8.33 6.00 3.67 7.33 PRM-7B 13.33 +0.00

SmolLM3 smollm3_3b 3B 300 47.67 31.33 36.00 37.33 32.33 30.67 31.00 PRM-7B 47.67 +0.00

Falcon-H1 falcon_h1_7b 7B 300 41.67 38.00 39.33 41.00 36.67 35.33 39.33 PRM-7B 41.67 +0.00

Granite-3.1 granite_31_8b 8B 300 29.67 13.00 14.67 14.33 17.00 12.67 14.00 PRM-7B 29.67 +0.00

DSR1-Distill deepseek_r1_qwen_7b Qwen-7B 300 53.67 55.67 56.00 55.00 41.67 47.33 49.00 V4-4B 56.00 +2.33

InternLM3 internlm3_8b 8B 300 41.33 25.67 25.33 32.00 24.67 22.00 25.00 PRM-7B 41.33 +0.00

OLMo-2 olmo2_13b 13B 300 30.33 18.33 17.00 20.00 15.00 14.67 15.67 PRM-7B 30.33 +0.00

Hermes-4 hermes4_14b 14B 300 50.33 34.33 36.33 40.33 33.67 33.67 35.33 PRM-7B 50.33 +0.00

QwQ qwq_32b 32B 300 55.67 52.33 55.00 54.67 44.67 49.67 50.67 PRM-7B 55.67 +0.00

Table 7: Full 22-generator × 7-verifier rerank pick@1 matrix on the heldout math eval mix (n=300 problems,
K=64 candidates per problem, T=0.7, seed 47). Per-cell values are top-1 pick@1 in percent; the per-row oracle
cell is bolded. Family breakdown: Qwen3.5-Base (4), Qwen3.5-Instruct (1), Qwen3 (6), Phi-4-mini (2), and 9
single-target families (Llama-3.2, SmolLM3, Falcon-H1, Granite-3.1, DSR1-Distill, InternLM3, OLMo-2, Hermes-
4, QwQ). Aggregates: fixed PRM-7B mean = 43.02%; per-target oracle mean = 44.86%; mean PRM regret
= +1.85 pp; PRM-7B is the strongest single fixed verifier across all 22 targets (next best fixed: V4-9B at 38.91%).
Oracle winner distribution: PRM-7B 13/22; V4-class 8/22; ORM-class 1/22.

C Per-family scale-sweep tables

Generator n Winner ∆ over runner-up McNemar p

qwen3.5-0.8B-Base 300 PRM-7B +5.33 pp 0.018
qwen3.5-2B-Base 300 ORM-9B +0.67 pp 0.860 (boundary)
qwen3.5-4B-Base 300 V4-2B +6.00 pp vs PRM (within V4 +2.00 pp) 0.114 (V4-class)
qwen3.5-9B-Base 300 V4-2B +8.33 pp vs PRM (within V4 +2.00 pp) 0.181 (V4-class)

Table 10: Qwen3.5-Base 4-target scale sweep (Sec-
tion 3). Empirical winner verifier, margin over runner-
up, and McNemar p. The 0.8B target is PRM-class with
p=0.018; 4B–9B targets are V4-class; 2B is a ±0.7 pp
regime boundary.

Generator n Winner ∆ over runner-up McNemar p

qwen3-0.6B 300 V4-9B +0.67 pp 0.855 (boundary)
qwen3-1.7B 300 V4-4B +7.00 pp vs PRM 0.181
qwen3-4B 300 V4-2B +4.67 pp vs PRM 1.000 (V4-class)
qwen3-4B-Math 300 V4-2B +7.00 pp vs PRM 0.096
qwen3-8B 300 PRM-7B +4.33 pp 0.061 (borderline)
qwen3-32B 300 PRM-7B +8.33 pp 0.0015

Table 11: Qwen3 6-target scale sweep (Section 3).
Direction is opposite to Qwen3.5-Base.

Reading. The three scale sweeps are intention-
ally not pooled into a single size law. Qwen3.5-
Base moves from PRM to V4 as scale grows,
Qwen3 moves in the opposite direction, and Phi
stays PRM-class while its margin shrinks. This
is why the main paper treats generator family and
candidate distribution as part of the target, rather
than fitting a single monotone scaling explanation.

Generator Params Winner ∆ over runner-up (V4-9B) McNemar p

Phi-3-mini-4k-instruct 3.8B PRM-7B +13.67 pp < 10−4

Phi-3-medium-4k-instruct 14B PRM-7B +9.67 pp < 10−3

Phi-4 (full) 14B PRM-7B +5.33 pp 0.024

Table 12: Phi 3-bank stress test (Section 3). All
three Phi targets are PRM-class with p < 0.05. Mar-
gin shrinks with scale (+13.67 → +5.33 pp) but no
crossover within the 3.8–14B range. Phi-3-mini → Phi-
3-medium is a clean scale step within one model gener-
ation; Phi-4 (14B) is the same size as Phi-3-medium but
a different generation and serves as a generation-control,
not a continuation of Phi-3’s scale trajectory.

One candidate-distribution hypothesis is that
scale changes the two families differently.
Qwen3.5-Base keeps its coarse output format sim-
ilar while answer-cluster entropy falls sharply
through 4B, yielding more coherent banks on
which outcome-style verifiers win. Qwen3 instead
changes format between 4B and 8B: boxed-answer
rate rises, length falls, and entropy recovers as the
winner returns to PRM. Similar pass@64 at the
two large Qwen3 endpoints (70.7% versus 71.0%)
weakens a simple ability-only explanation. This
account is correlational, not causal, and the low-
margin Qwen3-0.6B endpoint changes regime on
Bank 2.

7904



Target Boxed Geo.-mean length Answer entropy Regime

Qwen3.5-0.8B-Base 47% ∼ 4.0k 1.54 PRM
Qwen3.5-2B-Base 49% ∼ 4.3k 0.84 ORM (boundary)
Qwen3.5-4B-Base 53% ∼ 5.7k 0.20 V4
Qwen3.5-9B-Base 55% ∼ 6.0k 0.27 V4

Qwen3-0.6B 47% ∼ 8.2k 0.67 V4
Qwen3-4B 51% ∼ 7.7k 0.10 V4
Qwen3-8B 85% ∼ 2.2k 0.98 PRM
Qwen3-32B 97% ∼ 1.1k 1.22 PRM

Table 13: Candidate-text feature trajectories for the
Qwen3.5 and Qwen3 scale sweeps. Boxed is the frac-
tion of candidates with a boxed-answer marker; length
is the geometric mean candidate length; entropy is com-
puted over extracted-answer clusters.

Multiple-comparison correction across all 22
targets. We compute exact two-sided McNemar
winner-vs-runner-up p-values for all 22 heldout
targets in the panel (one test per target). With
m=22 tests, family-wise error rate control is non-
trivial, and the load-bearing claim of Section 3 is
the family-level cross-direction pattern (Qwen3.5
forward, Qwen3 reverse, Phi stable) — not that ev-
ery individual cell beats its runner-up at p < 0.05
uncorrected. After Holm-Bonferroni correction at
α=0.05, 8/22 tests remain significant; Benjamini-
Hochberg at the same level holds 10/22 (Wilson
interval covering the 10 uncorrected hits). For de-
ployment, Table 14 adds the direct audit against
fixed PRM for the nine non-PRM point-estimate
winners.

Target Winner ∆ vs. PRM b c Holm p

qwen3.5-9B-Base V4-2B +8.33 30 5 0.0002
qwen3-4B-Math V4-2B +7.00 27 6 0.0026
qwen3-1.7B V4-4B +7.00 28 7 0.0036
qwen3.5-4B-Base V4-2B +6.00 23 5 0.0055
Phi-4-mini-reasoning V4-9B +4.00 16 4 0.0591
qwen3-4B V4-2B +4.67 21 7 0.0591
DSR1-Distill-Qwen-7B V4-4B +2.33 25 18 1.0000
qwen3-0.6B V4-9B +0.67 16 14 1.0000
qwen3.5-2B-Base ORM-9B +0.67 17 15 1.0000

Table 14: Deployment-relevant winner-vs-PRM Mc-
Nemar audit for the nine non-PRM point-estimate
winners in the 22-target panel. This complements
the winner-vs-runner-up audit: for V4-class rows, the
runner-up can be another V4 verifier, so direct compari-
son to fixed PRM is the relevant deployment test. Six of
nine contrasts pass raw/BH p < 0.05; four pass Holm.
b: winner correct / PRM wrong; c: winner wrong / PRM

correct.

Targeted seed-48 direct audit. To probe
candidate-bank sensitivity without rerunning the
full 34×7 panel, we regenerated the nine first-pass
seed-47 non-PRM point-estimate winner targets
with seed 48 and reranked each seed-47 winner
directly against PRM-7B. This is narrower than a
full local-winner recomputation: it asks whether

the original deployment contrast survives a second
candidate bank.

Full seed-48 first-pass policy replay. After the
targeted direct audit, we completed a full seed-48
rerank of the 22 first-pass targets with the same
seven verifiers and recomputed the deployment
rows without overwriting the canonical seed-47
artifacts. This replay uses the same target set, prob-
lem set, K=64, and policy code as Table 1, but
a new candidate-bank draw. It is a second-bank
robustness check, not a seed-level CI.
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Target seed-47 winner ∆47 ∆48 b c Holm p BH q

qwen3-4B-Math V4-2B +7.00 +8.33 28 3 0.00004 0.00004
qwen3-1.7B V4-4B +7.00 +4.67 20 6 0.0748 0.0406
qwen3-0.6B V4-9B +0.67 −5.00 9 24 0.0947 0.0406
qwen3.5-4B-Base V4-2B +6.00 +3.67 17 6 0.2081 0.0643
qwen3-4B V4-2B +4.67 +4.00 20 8 0.2081 0.0643
Phi-4-mini-reasoning V4-9B +4.00 +2.67 13 5 0.3850 0.1444
qwen3.5-9B-Base V4-2B +8.33 +3.00 19 10 0.4081 0.1749
qwen3.5-2B-Base ORM-9B +0.67 −2.33 11 18 0.5299 0.2980
DSR1-Distill-Qwen-7B V4-4B +2.33 +1.67 24 19 0.5424 0.5424

Table 15: Seed-48 direct replay of seed-47 non-PRM winners against PRM. ∆47 is the seed-47 winner-vs-PRM
margin from Table 14; ∆48 reranks the same seed-47 winner on a separately sampled seed-48 candidate bank. Seven
of nine signs preserve, but directional support weakens: 4/9 positive and raw-significant, 1/9 positive Holm, 2/9
positive BH. The qwen3-0.6B boundary row flips significantly toward PRM.

b: seed-47 winner correct / PRM wrong on seed 48; c: seed-47 winner wrong / PRM correct on seed 48.

Policy ∆ CI95 Worst W/T/L

Gated router +0.92 [−0.22,+2.19] −5.33 5/15/1
PRM+V4-2B fusion +1.95 [+0.73,+3.17] −4.00 16/1/5
PVA-Adapt PRM-only +1.93 [+0.84,+3.04] −2.12 15/0/7
PVA-Adapt full +1.72 [+0.65,+2.83] −1.96 17/0/5
Per-target verifier oracle +1.52 [+0.56,+2.64] +0.00 7/15/0

Table 16: Seed-48 replay of the first-pass deployment
rows. Mean deltas are vs. fixed PRM-7B on the 22 first-
pass targets. Winner classes on this seed are 15/6/1
PRM/V4/ORM. Scored and labelled rows remain pos-
itive; the no-label router is weaker and its CI crosses
zero.
The seed-48 replay uses the same policy definitions as Table 1.

D Post-training controls and
decoding-shift controls

Pair A Pair B A winner / regime B winner / regime

Qwen3.5-0.8B-
instruct

Qwen3.5-0.8B-
Base

PRM-7B / PRM PRM-7B / PRM

Qwen3-4B (chat) Qwen3-4B-Math V4-2B / V4 V4-2B / V4

Phi-4-mini (in-
struct, short CoT,
high \boxed{})

Phi-4-mini-
reasoning
(long CoT,
low \boxed{})

PRM-7B / PRM V4-class / V4 (flips)

Table 17: Within-architecture light post-training
pairs preserve regime; reasoning-style post-training
that substantially changes candidate format CAN
flip regime (Section 3).

Decoding-shift controls. On the Qwen3.5-Base
4-size sweep, we additionally generated candi-
date banks at T ∈ {0.3, 1.0} (same K=64) and
K=16 (same T=0.7) and reranked them with the
4-verifier core. Three of the four target sizes pre-
serve their winner regime across these configura-
tions. The exception is the low-margin Qwen3.5-
2B-Base ORM-boundary target (0.67 pp at the
canonical setting), which switches to PRM at both
T=0.3 and T=1.0; other margin changes are at
most 3 pp.

We then expand the T=1.0 check to all 22 first-
pass targets (n=300, K=64) and all seven primary

verifiers.

T=1.0 comparison with canonical Bank 1 Preserved

Winner class 19/22
Deployment split (PRM vs. non-PRM) 20/22
Exact winning verifier 18/22
Class when original margin ≥ 3.67 pp 11/11

Table 18: Aggregate all-target decoding check at
T=1.0. Every winner-class change occurs at an original
margin of at most 2.0 pp.

The three winner-class changes are Qwen3.5-2B-
Base (0.66 pp original margin; the same boundary
cell switches to PRM in the four-target control),
Qwen3-0.6B (0.67 pp), and Qwen3-1.7B (2.0 pp;
a within-outcome-class V4-to-ORM change). The
fourth exact-verifier change remains within its orig-
inal winner class.

Reading. The post-training and decoding con-
trols separate two cases. Light within-architecture
changes preserve the winner class, while a
reasoning-style change that substantially alters can-
didate format can flip it; decoding changes can
likewise move low-margin boundary cells. This
supports the paper’s cautious framing: the regime
is tied to the candidate distribution produced by a
target generator under a prompt/template and de-
coding configuration, not to model size alone.

E Diagnostic predictor: feature
definitions and LOO coefficients

Features (all computed from candidate texts
only).
• boxed_rate — fraction of candidates contain-

ing a boxed-answer marker.
• cand_len_log_mean — mean of
log10(|cand|+ 1) over K candidates.

• cluster_entropy_mean — Shannon en-
tropy of the answer-cluster distribution (clusters
defined by extracted final answer string equiva-
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lence).
• cluster_max_share_mean — fraction of

candidates falling into the largest answer cluster.

Feature Coefficient

cluster_entropy_mean −1.37
cand_len_log_mean +0.82
boxed_rate −0.73
cluster_max_share +0.34

Table 19: L2-regularised logistic-regression coeffi-
cients on z-scored features (sign: − favours PRM
regime, + favours V4 regime). Trained leave-one-
target-out across the 21 PRM/V4-routable generators.
LOO accuracy 19/21 = 90.5%. The two failures
are qwen3.5-0.8B-instruct (predicted V4, true PRM;
boundary case with thin margins) and QwQ-32B (pre-
dicted V4, true PRM; long-CoT reasoning model where
scale interacts).

Leakage audit. Earlier drafts of the pre-
dictor exposed verifier-score-derived features
(oracle−PRM gap, pass@K, verifier disagreement,
per-verifier score means) which are NOT candidate-
text-only and were therefore excluded. The 4-
feature no-leak predictor still achieves 90.5%
LOO.

Feature/model ablation. We additionally rerun
target-LOO probes after removing or isolating
candidate-text features, and after swapping the lin-
ear probe for simple nonlinear classifiers. The
purpose is diagnostic rather than model selection:
with only 21 routable targets, nonlinear rows are
treated as audit-only evidence. The two most obvi-
ous output-style features are not sufficient explana-
tions of the result: removing boxed-answer rate or
removing candidate length does not reduce target-
LOO accuracy, while boxed-answer rate alone is
much weaker.

Setting Probe Features used Correct/n Misses

all features logistic boxed + length + entropy + max-share 19/21 qwen3.5-0.8B; QwQ-32B
drop boxed-rate logistic length + entropy + max-share 20/21 QwQ-32B
drop length logistic boxed + entropy + max-share 20/21 QwQ-32B
only boxed-rate logistic boxed 15/21 six targets
only length logistic length 18/21 qwen3.5-0.8B; qwen3.5-0.8B-Base; QwQ-32B
only cluster entropy logistic entropy 19/21 qwen3-0.6B; QwQ-32B
all features kNN-3 boxed + length + entropy + max-share 19/21 qwen3.5-0.8B; QwQ-32B
all features random forest boxed + length + entropy + max-share 20/21 QwQ-32B
all features GBDT boxed + length + entropy + max-share 21/21 none

Table 20: Diagnostic predictor ablation under leave-
one-target-out. All rows use the same 21 PRM/V4-
routable targets as Table 19. Nonlinear probes are audit-
only because n is small.

Permutation and coefficient-stability audit.
Because the binary diagnostic has only 21 target
units, we audit stability along three axes: a 10,000-
trial label permutation null, a 10,000-resample
bootstrap over the 21 targets, and an adversarial-flip
sensitivity sweep on the least-confident predictions.

Quantity Value

Observed target-LOO accuracy 19/21
10,000-bootstrap 95% CI on LOO [18, 21]/21 (median 20)
10,000-permutation p(correct ≥ 19) 0.0003
Permutation null max / 99th / 95th percentile 20 / 16 / 15 correct
Adversarial flip: k=5 least-confident flipped 17/21 remaining
Adversarial flip: k=6 flipped 14/21 (just below α=0.05 binomial)
Coefficient sign (positive-rate over 10,000 bootstrap fits)
boxed_rate (sign in observed fit: −) 100.0% negative
cand_len_log_mean (+) 100.0% positive
cluster_entropy_mean (−) 100.0% negative
cluster_max_share_mean (+) 82.2% positive

Coarse leave-family-out accuracy (all families) 18/21

Table 21: Stability audit for the 4-feature diagnos-
tic (10,000 bootstrap + permutation; class-balance-
preserving label permutation).

Within-bank B/K subsampling. The main
cold-start router uses B=300 unlabeled problems
and K=64 candidates per problem. To separate
diagnostic stability from new candidate-bank vari-
ance, we also subsample the fixed seed-47 candi-
date bank: for each target, draw B problems and
K candidates per problem, recompute the four text
features, and rerun target-LOO classification. La-
bels remain the original full-bank point-estimate
PRM/V4 regimes, so this is not a new-generation
robustness test and does not by itself validate a
smaller-budget deployment router.

B problems K=16 K=32 K=64

50 89.33± 2.45 91.10± 2.10 92.81± 2.39
100 90.14± 1.40 91.10± 1.61 92.81± 2.39
150 90.24± 1.04 90.71± 1.04 92.95± 2.39
300 90.48± 0.00 90.48± 0.00 90.48± 0.00

Table 22: Within-bank diagnostic stability under
B/K subsampling. Entries are mean target-LOO ac-
curacy ± s.d. over 100 resamples on the 21 routable
first-pass targets.

Why we do not use scale-slope inference. The
scale sweeps above are descriptive. Qwen3.5-
Base has only three non-boundary scale points and
Qwen3 has six, so fitting a logistic slope to regime
labels would be high-variance and near-separable.
We therefore use the sweeps only as a qualitative
check against a single monotone size explanation.

Parser-level style controls. Table 20 removes or
isolates feature columns but does not change how
features are parsed. We therefore add a stricter
parser-level diagnostic: strip explicit \boxed{}
wrappers and common final-answer boilerplate
before measuring length, and recompute answer-
cluster features with a box-agnostic final-answer
parser. This is not as strong as regenerating every
target under a prompt-normalized template, but
it directly tests whether the reported probe col-
lapses once the most explicit boxed-answer cue
is removed.
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Control Features used Correct/n Misses

format-only baseline boxed-rate + raw length 18/21 qwen3.5-0.8B; qwen3.5-0.8B-Base; QwQ-32B
style-stripped length only stripped length 18/21 qwen3.5-0.8B; qwen3.5-0.8B-Base; QwQ-32B
boxed-parser clusters only boxed-parser entropy + max-share 20/21 QwQ-32B
box-agnostic clusters only box-agnostic entropy + max-share 13/21 eight targets
style-stripped length + box-agnostic clusters stripped length + box-agnostic clusters 20/21 QwQ-32B
style-stripped, no boxed-rate stripped length + box-agnostic clusters + extraction coverage 19/21 Falcon-H1-7B; QwQ-32B

Table 23: Parser-level style controls for the candidate-
text diagnostic. All rows are target-LOO on the same
21 PRM/V4-routable targets. The result is intentionally
reported as mixed: box-agnostic clusters alone are weak,
while style-stripped features that exclude boxed-rate
remain predictive.

Family- and architecture-level holdout. A natu-
ral concern with the 90.5% target-LOO number
is that the 21 routable generators are not inde-
pendent: 5 Qwen3.5 sizes, 6 Qwen3 sizes, and
2 Phi-4-mini variants share architecture and post-
training pipelines, so leave-one-target-out keeps
same-family neighbours in the training fold. To
answer this directly, we rerun the same 4-feature
L2-regularised probe under two strictly stronger
validation protocols.

Protocol Held-out group Correct/n Accuracy Wilson 95% CI

target-LOO (each routable target in turn) 19/21 90.5% [71.1, 97.3]

family-LOO

leave-Qwen3.5-out (4 targets) 3/4 75.0% [30.1, 95.4]
leave-Qwen3-out (6 targets) 6/6 100.0% [61.0, 100.0]
leave-Phi-4-mini-out (2 targets) 2/2 100.0% [34.2, 100.0]
pooled (multi-family) 11/12 91.7% [64.6, 98.5]

architecture-LOO

leave-Qwen-arch-out (11 targets) 10/11 90.9% [62.3, 98.4]
leave-Phi-arch-out (2 targets) 2/2 100.0% [34.2, 100.0]
leave-rest-out (8 targets) 8/8 100.0% [67.6, 100.0]
pooled (all archs) 20/21 95.2% [77.3, 99.2]

Table 24: Family- and architecture-level holdout for
the 4-feature predictor. The two stricter protocols
hold out an entire family group (or architecture cluster)
rather than a single target, so no same-family neighbour
ever leaks into the training fold. Pooled family-LOO
and architecture-LOO accuracies are at or above the
target-LOO number; Wilson 95% CIs are wider because
n is smaller. The family-LOO miss is qwen3.5-0.8B-
Instruct; the architecture-LOO miss is QwQ-32B. Both
are the target-LOO boundary cases flagged in Table 19.

Reading. The limited holdout checks reduce
the concern that the 4-feature candidate-text probe
only memorises same-family neighbours: holding
out the entire Qwen3 family (6 of 21 targets) keeps
6/6 predictions correct, and holding out the entire
Qwen-architecture cluster (11 of 21 targets) keeps
10/11 correct, with QwQ-32B as the only miss.
This is evidence against a pure family-cluster short-
cut, not a proof of a causal candidate-distribution
mechanism. A 10000-resample bootstrap on the
family-LOO pooled accuracy gives a 95% CI of
[75.0, 100.0]% (median 91.7%); the wider CIs are
an inherent limitation of n≤21 generators rather
than a sign of brittleness.

Why the regimes emerge: failure-mode break-
down. A separate concern is whether the PRM→

V4 → ORM regime structure is just a label fit
on the diagnostic, or whether it has a structural
correctness-pattern signature. For each (target, alt-
verifier) cell in the first-pass 22-target panel we
compute the joint pick correctness of (PRM-7B,
alt-verifier) on the same K=64 candidate banks
and split into four modes: BR% both right, Ponly%
PRM-right / alt-wrong, Vonly% alt-right / PRM-
wrong, BW% both wrong. The gain ∆alt vs. PRM =
Vonly − Ponly.

Regime (n) Alt-verifier BR% Ponly% Vonly% BW%

PRM (n=13)

V4-2B 25.15 14.31 3.26 57.28
V4-4B 26.15 13.31 3.46 57.08
V4-9B 27.41 12.05 3.62 56.92
ORM-9B 24.03 15.44 2.95 57.59

V4 (n=8)

V4-2B 45.42 3.54 7.67 43.38
V4-4B 45.71 3.25 6.92 44.12
V4-9B 46.04 2.92 5.58 45.46
ORM-9B 44.38 4.58 5.92 45.12

Table 25: Failure-mode breakdown by empirical
regime, averaged across the targets in each regime,
all K=64 max-new 4096. The Ponly/Vonly ratio re-
verses cleanly between regimes: in PRM-regime targets,
PRM-only-right is ≈ 4× alt-only-right; in V4-regime
targets, alt-only-right is ≈ 2× PRM-only-right. Con-
comitant rise in BR% (25→46%) and drop in BW%
(57→44%) show that V4-regime banks have more total
agreement signal, not less.

Reading. The regime structure is not just a prop-
erty of the diagnostic features — it is also a struc-
tural property of the joint (PRM, alt-verifier) cor-
rectness pattern on the same candidates. In PRM-
regime targets the candidate distribution is sparse
on correct answers (BR = 25%, BW = 57%);
PRM’s step-level penalty catches the rare correct
candidate that V4/ORM outcome-rerankers miss
(Ponly = 12–15% vs. Vonly = 3%). In V4-regime
targets the candidate distribution has a coherent
right-answer cluster that any process-aware veri-
fier latches onto (BR = 46%, BW = 44%); the
residual disagreement disproportionately favours
V4-style outcome reasoning over PRM-style step
grading (Vonly = 6–8% vs. Ponly = 3%). The di-
agnostic’s four candidate-text features (boxed rate,
length, cluster entropy, max-cluster share) are the
observable correlates of this candidate-distribution
structure.

F Per-target cold-start router diagnostics
(full table)
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Target True regime P (V 4) gate Deployed Routed ∆ vs. PRM

qwen3.5-0.8B-instruct PRM 0.506 0.70 PRM-7B no 0.00
qwen3.5-0.8B-Base PRM 0.262 0.75 PRM-7B no 0.00
qwen3.5-4B-Base V4 0.779 0.70 V4-2B yes +6.00
qwen3.5-9B-Base V4 0.742 0.70 V4-2B yes +8.33
qwen3-0.6B V4 0.704 0.65 V4-2B yes −2.67
qwen3-1.7B V4 0.842 0.70 V4-2B yes +5.00
qwen3-4B V4 0.860 0.70 V4-2B yes +4.67
qwen3-4B-Math V4 0.862 0.70 V4-2B yes +7.00
qwen3-8B PRM 0.221 0.75 PRM-7B no 0.00
qwen3-32B PRM 0.062 0.70 PRM-7B no 0.00
Llama-3.2-1B-instruct PRM 0.007 0.70 PRM-7B no 0.00
SmolLM3-3B PRM 0.025 0.70 PRM-7B no 0.00
Phi-4-mini PRM 0.002 0.70 PRM-7B no 0.00
Phi-4-mini-reasoning V4 0.831 0.70 V4-2B yes +2.67
Falcon-H1-7B PRM 0.042 0.70 PRM-7B no 0.00
Granite-3.1-8B PRM 0.001 0.70 PRM-7B no 0.00
DeepSeek-R1-Distill-Qwen-7B V4 0.717 0.70 V4-2B yes +2.00
InternLM3-8B PRM 0.013 0.70 PRM-7B no 0.00
OLMo-2-13B PRM 0.005 0.70 PRM-7B no 0.00
Hermes-4-14B PRM 0.031 0.70 PRM-7B no 0.00
QwQ-32B PRM 0.803 0.80 V4-2B yes −3.33

Aggregate +1.41

Table 26: Full 21-target diagnostic for the gated cold-
start router (Section 4.2). For each target: true regime,
predicted P (V 4), nested-CV threshold, deployed ver-
ifier, routed (max probability above threshold) or fall-
back, ∆ vs. fixed PRM. Aggregates: 7 strict wins (range
+2.00 to +8.33 pp), 12 abstentions at ∆ = 0 by design,
2 losses (max observed −3.33 pp).

Failure-mode analysis. The two routed losses
split by cause: Qwen3-0.6B (∆ = −2.67 pp):
router predicts regime correctly (V4-class — the
per-target oracle verifier is V4-9B), but the class-
canonical default V4-2B is suboptimal within the
V4 class on this boundary-regime target. A within-
class router (default to per-fold-best V4 rather
than fixed V4-2B) could rescue this; LOO exper-
iments confirm the aggregate is identical. QwQ-
32B (∆ = −3.33 pp): router mis-classifies (true
regime is PRM, predicted V4 at PV 4 = 0.80);
long-CoT reasoning candidates fool the predictor
at large scale despite gate = 0.80. Both observed
losses are within ∼3 pp magnitude.
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G Routing-neighbour comparison

Paper Routed object Unit Input features Supervision Deployment objective

Chen+23 (FrugalGPT) LLM generators per-query prompt/cascade feat. task labels cost-quality cascade
Ong+24 (RouteLLM) LLM generators per-query prompt feat. preference data cost-quality routing
Wu+25 (RM Routing) reward models per-query query emb. offline prefs RLHF reward
Xu+25 (Judge Uncertain) RM → judge per-decision RM uncertainty RM-conf. calib. alignment
Hasanaliyev+26 (ERP) LLM generators per-prompt prompt feat. expected reward cost-adj. reward
Jitkrittum+25 (UniRoute) LLMs per-query LLM feat. vectors expected quality cost-quality Pareto
Damani+25 (Hard-to-Think) compute per-prompt difficulty estimate task reward accuracy under budget
Zhang+25 (Router-R1) LLM calls multi-round model descriptors + context RL rewards cost-aware aggregation
Ours (gated cold-start) verifiers per-target candidate-dist. stats none at deploy rerank-pick@1 at fixed cost

Table 27: Axis-by-axis comparison of our gated cold-
start router against the closest routing neighbours. The
main difference is the routed object and routing unit: our
router allocates verifier identity for a target generator’s
candidate distribution, using candidate-text statistics
and no deployment labels.

H PVA-Adapt regularisation sweep

C ∆ vs. PRM CI95

0.03 (strong L2) +2.62 pp [+1.59,+3.61]
0.10 (canonical) +2.14 pp [+1.11,+3.16]
0.30 +1.92 pp [+0.88,+2.96]
1.00 (weak L2) +1.72 pp [+0.69,+2.75]

Table 28: PVA-Adapt regularisation sweep at m=75
(20 seeds, paired-bootstrap CI95). Headline canoni-
cal is C=0.1 (+2.14 pp); strong L2 (C=0.03) gives
+2.62 pp as a tuned-sensitivity reference.

Per-family decomposition (50 seeds, m=75,
C=0.1) is dominated by Qwen3.5-Base (+3.63 pp
Adapt, 4 targets), Qwen3 (+3.55 pp Adapt, 6 tar-
gets), and DSR1-distill (+5.42 pp, single target
with large class margin). Stable-PRM-favouring
single-target families (SmolLM, OLMo, Hermes,
Granite, Llama-3, InternLM) net 0 to +1.22 pp
Adapt with zero oracle gain.
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I PVA-Adapt boundary rescue on the
10-target scale sweep

Target Regime ∆ vs. PRM ∆ vs. per-target oracle

qwen3.5-0.8B-Base PRM +2.01 pp +2.01
qwen3.5-2B-Base boundary (ORM) +4.19 pp +3.77 (rescue)
qwen3.5-4B-Base V4 +3.42 pp −2.71
qwen3.5-9B-Base V4 +4.90 pp −3.40
qwen3-0.6B boundary (V4) +5.38 pp +4.69 (rescue)
qwen3-1.7B V4 +5.61 pp −1.31
qwen3-4B V4 +2.97 pp −1.67
qwen3-4B-Math V4 +3.76 pp −3.43
qwen3-8B PRM +1.95 pp +1.95
qwen3-32B PRM +1.61 pp +1.61

Table 29: PVA-Adapt at m=75, C=0.1 on the
10 scale-sweep targets (Section 4.5). PVA-Adapt
beats fixed PRM on every target by +1.6 to +5.6 pp;
on the two regime-boundary targets, PVA-Adapt’s
candidate-level arbitration exceeds the single-verifier
per-target oracle (qwen3.5-2B-Base +3.77 pp; qwen3-
0.6B +4.69 pp) via per-problem regime mixing.

J Per-problem oracle within the observed
verifier pool

Reference pick@1 Gap vs. fixed PRM

fixed PRM-7B 43.02% —
per-target single-verifier oracle 44.86% +1.85 pp
per-problem oracle (within-pool upper bound) 52.47% +9.45 pp

Table 30: Three reference points on the 22-generator
panel. The per-target single-verifier oracle commits to
one verifier per generator (a candidate-level mixer like
PVA-Adapt can exceed it). The per-problem oracle is a
within-pool upper bound: it picks the best of 7 verifiers
per problem with hindsight; no selector restricted to
choosing among those seven verifier top picks can ex-
ceed it. Full-7 PVA-Adapt at m=75 recovers about 21%
of this per-problem gap (+2.02 pp out of +9.45 pp); the
remaining ∼+7.4 pp is the identified open problem of
Section 6.

K Budget-aware PVA-Adapt: full Pareto

Several appendix rows are intentionally close in
value but not the same estimate. Table 31 maps
the headline-adjacent gains to their protocol so the
body and appendix should not be read as conflict-
ing.

Gain Protocol Seeds Where / distinction

+2.35 pp PRM+V4-2B z-fusion – no labels; fixed score fusion
+2.26 pp PRM-only PVA-Adapt 50 Table 1 deployment headline
+2.02 pp full-7 PVA-Adapt 50 Table 1 reference row
+2.27 pp PRM-only PVA-Adapt 20 budget-aware subset sweep
+2.43 pp PVA-Adapt with PRM+V4-2B features 20 feature-subset Pareto, not fusion
+2.14 pp canonical/smaller subset sweeps 20 regularisation or 5-verifier reference

Table 31: Provenance map for headline-adjacent de-
ployment gains. All rows report ∆ vs. fixed PRM-7B
on the 22-target panel at m=75 when labels are used;
score fusion uses no labels. The 20-seed rows are subset
sweeps, not replacements for the 50-seed Table 1 head-
lines.

Variant |V | Test cost ∆ vs. PRM Observation

PRM-only PVA-Adapt 1 1× +2.27 pp fixed-PRM test cost
PRM + V4-2B 2 1.3× +2.43 pp —
PRM + V4-9B 2 2.3× +2.58 pp best efficient point
PRM + V4-2B + ORM-2B 3 1.6× +2.24 pp —
PRM + V4-9B + ORM-9B 3 3.6× +2.49 pp —
PRM + all V4 (2B/4B/9B) 4 3.2× +2.41 pp —
5 verifiers (drop largest each class) 5 2.8× +2.14 pp —
all 7 (full PVA-Adapt) 7 5.4× +2.21 pp 5.4× reference

Table 32: Budget-aware PVA-Adapt Pareto at m=75
(20 seeds, 22 targets). Test cost is relative veri-
fier forward-pass cost per test candidate (parameter-
count weighted; PRM-7B normalised to 1). The head-
line gain is essentially unchanged across the Pareto
(+2.14 to +2.58 pp) as long as PRM-7B is present and
the four label-free candidate features are available —
PVA-Adapt’s gain is driven by target-local adaptation +
candidate features, not multi-verifier ensembling.

A 50-seed rerun of the PRM-only row gives
+2.26 pp (CI95 [+1.11,+3.42]) and is the value
reported in Table 1.
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L AIME 2026 per-family decomposition

The AIME 2026 result (Table 4) decomposes by
candidate family. Large wins on V4-favouring fam-
ilies: DSR1-Distill +13.47 pp, QwQ +13.00 pp,
Qwen3.5-Base +6.88 pp, Phi-4 +4.60 pp. Single-
target small losses on the 3 stable-PRM families:
SmolLM −3.93 pp, Qwen3.5-instruct −2.73 pp,
Hermes −1.20 pp. The pattern is identical to the
full-test-set decomposition (Section H), consistent
with the regime predictions of the allocation pat-
tern.

M Label-free baselines: SC and
answer-cluster arbiters

Method Mean pick@1 ∆ vs. PRM W/T/L

SC vote (mode answer) 41.03% −1.98 pp 9/0/13
SC vote + PRM tiebreak 41.47% −1.55 pp 10/1/11
cluster + PRM top-3 43.91% +0.89 pp 12/2/8

fixed PRM-7B (reference) 43.02% 0.00 —
fixed V4-9B 38.91% −4.11 pp 8/0/14

Table 33: Label-free baselines on the 22-target held-
out panel. Self-consistency (SC) vote and answer-
cluster arbiters compared to fixed PRM-7B and fixed
V4-9B. Wins / Ties / Losses count targets where the
method strictly beats / equals / loses to fixed PRM-7B
at the per-target level. Plain SC vote underperforms;
PRM-arbitrated cluster top-3 recovers a small mean
gain. The single-verifier fixed-V4-9B alternative loses
to fixed PRM-7B by −4.11 pp mean, confirming PRM-
7B is the best global single-verifier choice (motivating
the regret framing in Section 3).

Reading. Self-consistency over answer clusters
(Wang et al., 2022) alone does not catch up to fixed
PRM-7B on this panel (−1.98 pp); answer-cluster
arbitration with PRM as tie-breaker is modestly
above SC alone but still below fixed PRM. The
cluster-+-PRM-top-3 arbiter — which restricts
the verifier’s argmax to candidates drawn from
the three most populated answer clusters — yields
a small but real +0.89 pp gain on 12/22 targets,
suggesting that combining cluster structure with a
process verifier does carry signal. None of these
label-free baselines closes the +1.85 pp gap to the
per-target oracle, and the strongest single fixed ver-
ifier across the seven is PRM-7B itself (no alterna-
tive single verifier beats it on the mean). Routable
allocation methods (Sections 4.3 and 4.4) recover
+1.12 to +2.21 pp over fixed PRM-7B.

Method Cost Mean ∆ CI95 Max loss

metadata size/style router 1.0× −0.62 pp [−1.56, 0.00] −6.66 pp
metadata family-majority router 1.0× −1.87 pp [−4.67,+0.46] −21.33 pp
PRM+V4-2B rank fusion 1.3× +0.70 pp [−0.94,+2.12] −8.67 pp
PRM+V4-2B z-fusion 1.3× +2.35 pp [+1.09,+3.53] −3.33 pp
PRM+V4-9B z-fusion 2.3× +2.11 pp [+1.32,+2.85] −1.67 pp
all-7 z-fusion 5.4× +0.38 pp [−1.62,+2.27] −8.00 pp

Table 34: Metadata and score-fusion deployment
baselines. Metadata routers use leave-one-target-out
training over known generator metadata only; score-
fusion baselines use verifier scores at test time but no
target labels. CI95 is a target bootstrap over mean ∆ vs.
fixed PRM.

Reading. The metadata-only routers are inten-
tionally simple controls for the claim that candi-
date texts add information beyond known generator
identity, size, and post-training tags; both are neg-
ative. Score fusion spends extra verifier compute
on every problem rather than choosing one verifier
per target: PRM+V4-2B z-fusion is the strongest
no-label extra-compute control (+2.35 pp at 1.3×),
while the cold-start router is a one-verifier policy.

Protocol Metadata router Correct/n Mean ∆ Max loss V4 routes

target-LOO size/training tags 13/21 −0.67 pp −11.67 pp 6
target-LOO family + size/training 11/21 −2.10 pp −21.33 pp 8
family-LOO size/training tags 12/21 −0.57 pp −11.67 pp 3
family-LOO family + size/training 11/21 −0.86 pp −11.67 pp 2

Table 35: Metadata-only router baselines under
target- and family-LOO. Features include parameter
scale, training/style tags, and a coarse architecture flag;
the family+size variant additionally exposes family ID.
Both variants are much weaker than the candidate-text
probe and have negative deltas.

N Exploratory SFT-utility seed
replication and 4B student

Selector pass@1 ∆ vs. PRM CI95

PRM (baseline) 46.67% — —
PVA-Calibrate (seed 42) 48.10% +1.43 pp [−2.86,+5.71]
PVA-Calibrate (3-seed pooled) — −1.43 pp [−4.29,+1.43]
PVA-Adapt PRM-only 45.71% −0.95 pp [−6.19,+4.29]
PVA-Adapt full-7v 40.48% −6.19 pp [−11.90,−0.95]
oracle-selected 41.90% −4.76 pp [−10.48,+0.95]

Table 36: SFT-utility on a Qwen3-8B Instruct stu-
dent (n=210 non-floor eval; GSM8K-100, MATH-
500-30, OB-hard-30, AIME 2024-10, 2025-10, 2026-
30). Selection-quality gains (Tables 3 and 4) do not pro-
duce detectable positive SFT utility; the oracle-selected
SFT student has a negative point estimate relative to the
PRM-selected student, with CI crossing zero.

Seed replication. The seed-42 PVA-Calibrate
SFT result is the positive outlier: seed 43 is
flat (0.00 pp) and seed 44 is negative (−5.71 pp),
giving the 3-seed pooled estimate in Table 36
(−1.43 pp, CI95 crossing zero). The non-positive
direction is also observed on a Qwen3-4B In-
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struct student. This small study is exploratory
and does not support a general negative SFT claim.
One possible explanation is that selector-favoured
chains differ in how easily the student can imitate
them, but we do not identify that mechanism here.
Rerank-pick@1 and student-imitation are different
targets, related but not the same.

Wave E: 3-selector SFT on Qwen2.5-Math-7B-
Instruct. Three selector-paired SFTs (PRM-7B,
ORM-4B, V4-4B) on Qwen2.5-Math-7B-Instruct,
n=800 traces each, 1 epoch single-seed raw
transformers.Trainer; evaluated on the
same 300-problem hard-math set (AIME 2024/30 +
AIME 2025/30 + AIME 2026/30 + MATH-500/100
+ OlympiadBench_math_hard/110, all at K=64,
max-new 4096). The PRM-class selector order-
ing (PRM > ORM > V4) is direction-preserved
but none of the three deltas reach statistical sig-
nificance; pass@64 reverses the ordering (V4-SFT
highest), so SFT-time and inference-time interpre-
tations of the same selector ordering diverge at the
candidate-set vs. single-pick level.

Selector Greedy ∆ vs. base CI95 McNemar p pass@64

Base (Qwen2.5-Math-7B-Inst) 41.33% — — — 67.00%
PRM-7B-selected SFT 43.00% +1.67 pp [−1.67,+5.00] 0.4244 67.67%
ORM-4B-selected SFT 42.00% +0.67 pp [−2.33,+3.67] 0.8238 67.67%
V4-4B-selected SFT 39.67% −1.67 pp [−5.00,+1.67] 0.4421 69.33%

Table 37: Wave E: math-specialized SFT base, 3 se-
lectors. Greedy pick@1 on 300 hard-math problems vs.
base Qwen2.5-Math-7B-Instruct.

Wave E meta-PVA: 3×7 verifier-on-SFT’d-
bank grid. We rerank each of the three SFT’d
Qwen2.5-Math-7B variants with all 7 verifiers from
the main panel. The greedy column shows the
SFT’d model’s own no-rerank pick@1; remaining
cells show the SFT’d model’s K=64 candidate
bank reranked by the named verifier. PRM-7B is
the decisive winner on all three SFT’d variants,
with +6.33 to +8.66 pp over the SFT’d model’s
greedy. The inference-time PRM-class winner
regime for Qwen2.5-Math-7B-Instruct (the 12-
target second-pass extension) is preserved through
SFT regardless of which selector was used to
choose the SFT training data.

SFT’d model greedy V4-2B V4-4B V4-9B ORM-2B ORM-4B ORM-9B PRM-7B

Qwen2.5-Math-7B + PRM-SFT 43.00 41.00 40.33 42.33 36.00 36.67 39.67 49.33
Qwen2.5-Math-7B + V4-SFT 39.67 40.33 41.67 43.67 37.33 36.67 40.00 48.33
Qwen2.5-Math-7B + ORM-SFT 42.00 39.33 40.00 41.67 35.67 38.00 — 49.00

∆ PRM-7B vs. greedy — — — — — — — +6.33/+ 8.66/+ 7.00

Table 38: Wave E meta-PVA: 3×7 verifier-on-SFT’d-
bank grid. Each row is a Qwen2.5-Math-7B variant
after 800-trace SFT with the named selector; each cell is
pick@1 after reranking that variant’s K=64 candidates
with the column verifier. All numeric cells are n=300;
ORM-9B on ORM-SFT was not run and is excluded
from row/column claims. PRM-7B wins on all three
rows; observed ORM-class verifiers consistently under-
perform greedy.

O Full cost arithmetic

Test-time cost (per test candidate). With PRM-
7B normalised to 1, the empirical verifier-cost
breakdown is V4/ORM-2B ≈ 0.3, -4B ≈ 0.6, and
-9B ≈ 1.3. Full 7-verifier deployment is several-
fold more expensive than PRM alone; PRM-only
PVA-Adapt costs 1×. The four label-free candi-
date features are O(K logK) overhead, negligible
relative to verifier forward passes.

Calibration-time cost. The m-probe budget con-
sumes m · K · |V | verifier forward passes (one
per candidate per verifier) plus a single logistic-
regression fit per target (O(mK · 412) operations).
At m=75, K=64, |V |=7 this is ≈ 33k forward
passes per target — amortised over the deployment
lifetime.

P Verifier provenance

The fixed-PRM baseline is the public Qwen2.5-
Math-PRM-7B checkpoint. The V4 and ORM rows
are one additional verifier lineage at three backbone
sizes each; the main paper therefore treats them as
representative families, not class-universal base-
lines.

V4 outcome verifier family. V4-2B/4B/9B
are full reward-model fine-tunes of Qwen3.5-
2B/4B/9B backbones. Each model uses the
same Bradley–Terry ranking objective over 13,477
within-problem outcome pairs where the chosen
trace has the correct final answer and the rejected
trace is incorrect for the same problem/prefix
branch. The per-size configurations use cutoff
length 2048, learning rate 10−5, bf16, and seed
42 (1 epoch for 2B, 2 epochs for 4B/9B).

ORM outcome verifier family. ORM-2B/4B/9B
use the same Qwen3.5 backbones, optimizer set-
tings, and pair count, but replace the within-
problem rejected trace with a rejected trace shuffled
across problems. Thus the chosen side remains a
correct trace for the prompt while the rejected side

7913



is wrong for a different prompt, making the abla-
tion more outcome-only and less setwise. We use
the same per-size configuration format as for the
V4 verifier family.

Overlap and reproducibility artifacts. The
V4/ORM training-pair pool is drawn from public
math sources and is not claimed to be decontami-
nated against the public math evaluation mix. This
is why the paper phrases the result as seed- and
verifier-family-conditioned. The paper-level alloca-
tion analyses depend only on per-candidate verifier
scores and correctness labels.
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Q Wave A: 12-target second-pass
per-target summary

The second pass is not a cherry-picked replacement
for the first-pass panel. It adds held-out generators
after the diagnostic was fixed and keeps the same
K, prompt, and verifier pool. The main pattern
persists but weakens: most added Qwen2.5/Phi
targets remain PRM-class, while the three largest
reasoning-tuned additions are non-PRM. This is
why the main paper reports both the first-pass di-
agnostic fit and the combined-panel degradation.
After recovering the previously omitted Yi-1.5-34B
× PRM-7B cell, the corrected Wave A winner split
is 8/3/1 PRM/V4/ORM, and the second-pass per-
target-oracle gain is approximately +1.04 pp.

R Wave B: cross-template winner-class
summary

The same 12 Wave A second-pass targets are
reranked with the same 7-verifier panel under T0
canonical boxed-answer prompting, T1 open chain-
of-thought prompting, and T2 structured step-by-
step prompting. Winner class is preserved on
10/12 T1 targets and 10/11 evaluable T2 targets.
Mistral-Nemo-12B is the only flip shared by both
templates; the frozen diagnostic had predicted
PRM for this target (pV4≈10−4), and both alterna-
tive templates move the observed winner from V4
to PRM, toward that prediction. This movement
should not be attributed to the candidate-length
feature. Yi-1.5-34B-Chat is PRM-class under cor-
rected T0 scoring and is preserved, not a template-
flip miss. Every observed flip has a T0 winner
margin of at most 1.67 pp.

S Full PVA-Calibrate / PVA-Adapt
m-curve

The compact m-curve is now reported in the main
text (Table 3); this appendix keeps the surrounding
robustness material only.

T Stress-test ledger for the four-feature
diagnostic

The compact audit summary is in Section 4.1; de-
tailed family/architecture holdouts and style con-
trols are in Tables 21 and 24.
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