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Abstract

Process reward models (PRMs) assign scores
to reasoning steps, but an evaluator must also
choose where to score. We ask whether that
choice changes the predicted earliest error
while the reasoning text stays unchanged. On
800 selected ProcessBench questions we com-
pare a punctuation policy and a near-midpoint
policy that insert equal numbers of within-step
scoring locations, preserve every reasoning
byte, and map decisions back to the original
steps. At threshold 0.5 the two policies dis-
agree on the predicted earliest error for 10.4%,
14.5%, and 14.4% of questions for Qwen?2.5-
Math-PRM, Math-Shepherd, and Skywork, and
for the marker interfaces the disagreement ex-
ceeds a separator-only comparison on the same
questions. The direct comparison was identi-
fied post hoc; a disjoint, prospectively frozen
400-question panel again shows 10.0-14.3%
disagreement. Two mechanisms are at work:
marker-based policies can change scores at
the original step endpoints, whereas Skywork
keeps every token score fixed and changes the
predicted earliest error only through which po-
sitions are inspected. These are controlled sen-
sitivity measurements, not prevalence estimates
for naturally occurring segmenters. PRM eval-
uations should report marker rendering, separa-
tors, readout positions, the mapping to original
steps, and the decision threshold.

1 Introduction

An earliest-error prediction is not determined by a
PRM checkpoint and reasoning trace alone. The
evaluator must also decide where to insert scoring
markers or which token positions to inspect; we
call this rule the scoring-location policy. Would
the same model flag the same original step if only
that policy changed while the reasoning text stayed
fixed?

The question matters when PRM evaluations are
compared. ProcessBench responses were flattened

and resegmented before annotation (Zheng et al.,
2025), marker conventions differ across scoring
interfaces (Qwen Team, 2025; Zhang et al., 2025;
Wang et al., 2024), and a recent survey lists stan-
dardized step definitions and evaluation protocols
among the open problems (Zheng et al., 2026). We
therefore compare two controlled policies on the
same responses: one adds scoring locations at punc-
tuation boundaries, the other places the same num-
ber of locations near the token midpoints of the
same eligible steps. Both preserve the reasoning
bytes, and every predicted error is mapped back to
the original ProcessBench step. Figure 1 shows a
response on which the two policies flag different
original steps.

On the original 800-question panel the policies
disagree on 10.4%, 14.5%, and 14.4% of questions
for Qwen2.5-Math-PRM, Math-Shepherd, and Sky-
work, and for the marker interfaces the disagree-
ment exceeds a separator-only comparison on the
same questions. This direct comparison was identi-
fied post hoc on the original panel; we then froze it
before scoring a disjoint 400-question panel, which
also showed disagreement. The preregistered pri-
mary asked a different question, whether one policy
differs from the reference more often than the other,
and was null; §5.2 explains why that result coexists
with direct policy disagreement.

We also ask how the decisions change. With
marker-based interfaces, changing scoring loca-
tions can alter scores at the original endpoints. With
Skywork, the token scores stay fixed, yet inspect-
ing different positions still changes the predicted
earliest error. The study measures sensitivity under
controlled policies on selected questions, not its
prevalence under naturally occurring segmenters;
its practical implication is that a PRM evaluation
should specify the scoring-location policy as well
as the checkpoint.

Our contributions are (1) a controlled audit that
preserves the reasoning text, matches the number of
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released step 1 (annotated error), with the two cuts marked:

Adding all the kittens together gives us the total
number of kittens the Doubtfire family now«S-U»
has.«S-P» The total number of kittens is 21 + 12 = 33.

1.00 .28 .40 .96

F o O | o decides step 1

1.00 g1 77
1.00 .96 .06 .95

SP © @ © o O o o decides step 2

1.00 43 .73
.92 .94 .10 .94

sSsU @ @ o O H e L) decides step 1

same source endpoint: .28 /.51 /.43

step0 stepl

(gold error)

step2 step3

@ score = 0.5 |l score <0.5 O decision (earliest < 0.5)

Figure 1: The same reasoning response yields dif-
ferent earliest-error predictions (ProcessBench row
gsm8k-118, Qwen2.5-Math-PRM, {p32 canonical
rescore). Top: released step 1 (the annotated error)
with the punctuation cut (S-P) and the near-midpoint cut
(S-U) marked at their recorded offsets. Bottom: block
scores under F, S-P, and S-U; circles are scores at or
above 7=0.5, squares below, and the ring marks the
earliest below-threshold block (the decision). At the
highlighted original step-1 endpoint Qwen assigns 0.28
under F, 0.51 under S-P, and 0.43 under S-U, so F and
S-U flag step 1 while S-P flags step 2: the original end-
point score changed although the reasoning text did not.

scoring locations, and maps predictions back to the
original steps; (2) measurements of direct policy
disagreement with separator and local-position con-
trols and a prospectively frozen disjoint panel; and
(3) a diagnostic that separates changes to existing
scores from changes caused by reading different
positions of a fixed score sequence, with a reporting
recommendation.

2 Related Work

ProcessBench, PRMBench, and Hard2 Verify es-
tablish step-level verification benchmarks (Zheng
et al., 2025; Song et al., 2025; Pandit et al.,
2026), building on PRM800K’s process supervi-
sion (Lightman et al., 2024).

Closest to us, EST-PRM stress-tests frozen
PRMs with label-preserving structural transforma-
tions (Shihab et al., 2026), BiPRM perturbs Pro-
cessBench step structure and reports F1 degrada-
tion in the perturbed representation (Zhang et al.,
2026), and Beyond the First Error studies PRMs for

reflective chains under differing step-segmentation
conventions (Yang et al., 2025). Prior PRM robust-
ness studies examine distribution shift, formatting,
and adversarial perturbations, with findings that
depend on the model and the perturbation type
(Dontsov et al., 2026; Tiwari et al., 2026); more
broadly, FormInv studies the semantic invariance
of mathematical reasoning benchmarks under para-
phrase (Thomas and Thomas, 2026). These stud-
ies do not hold the reasoning bytes fixed with ex-
act source pullback, and they evaluate perturba-
tions by aggregate reward, PRM@ NV, F1, semantic-
consistency, or ranking metrics rather than by
source-aligned paired earliest-error disagreement.

Training-time work varies the supervision unit
(Liu et al., 2025; Hu et al., 2025; Cao et al., 2025;
Wang et al., 2026). Token-level value models re-
move explicit markers but still need a declared rule
for turning token scores into a discrete earliest-
error decision (Chen et al., 2025; Lee et al., 2025;
He et al., 2024), and uPRM interleaves trainable
marker tokens (Gadetsky et al., 2026). Generative
or reasoning-style verifiers (She et al., 2025; Zhao
et al., 2026; Khalifa et al., 2026; Zhong et al., 2026)
and policy-aware discriminative training (Agrawal
et al., 2026) change how correctness signals are
produced; our measurements cover only the three
scalar interfaces below. Our audit differs from the
closest prior work in holding the reasoning bytes
fixed, comparing source-aligned earliest-error de-
cisions directly between two count-matched scor-
ing policies, adding a locally matched control, and
diagnosing whether existing scores or only the in-
spected positions changed.

3 Audit Framework

3.1 Views, byte identity, provenance

A released step is one of the ProcessBench steps, a
scoring location is a position at which a PRM score
is obtained, and a view is one placement of scoring
locations over a response. The reported compar-
isons use four views per response. The reference
view, F, scores the released step boundaries. The
separator control, R0, uses those same boundaries
under the model-card separator convention. The
punctuation view, S-P, adds one scoring location
at an eligible clause boundary of every jointly ad-
missible step, and the near-midpoint view, S-U,
adds one location to the same steps at the admissi-
ble non-punctuation whitespace boundary nearest
the token midpoint. F, S-P, and S-U preserve the
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original reasoning bytes once the scoring markers
are removed; RO is the explicit exception, since
it changes the separator rendering. All cuts are
chosen once, without labels or rewards, and reused
verbatim by every interface, so S-P and S-U have
identical marker counts and split-step sets. For
the marker interfaces the rendered model input
changes when markers are added or moved; for
Skywork one unchanged input is read at different
positions, and F and RO coincide (no separator
intervention exists). Every visible block records
its source-coordinate span and released-step inter-
val (coordinate conventions, admissibility floors,
fail-closed invariants, and the no-truncation audit:
Appendix A; literal rules: Table 5).

Roles of the views. The split pair is a controlled
stress test built for identification, not a sample
from deployment policies; RO supplies a realis-
tic separator-only anchor, and naturalistic policy
prevalence is outside this study (§9).

3.2 Decisions and conservative compatibility

For each view we predict the earliest visible block
whose score is below 0.5; when no block is below
the threshold the output is BOT, meaning “no er-
ror detected”, not that the solution is correct. The
flagged block is then mapped back to its original
ProcessBench step. In the main F/S-P/S-U compar-
isons every flagged block maps to one original step,
so two policies disagree exactly when they flag dif-
ferent original steps or when only one detects an
error; the general rule below also handles multi-
step blocks. Formally, a non-BOT decision maps
through provenance to its inclusive released-step
interval. Two decisions are definitely incompatible
exactly when BOT status differs, or both are non-
BOT and the intervals are disjoint; overlap counts
as compatible. Formally, I,,(V, W) indicates that
event for row z, and the fixed-panel turnover is
d(V,W) =n=' Y, L;,(V,W); we reserve Pr for
explicitly declared resampling targets.

3.3 Three scoring interfaces

Two interface families realize a scoring location
differently. For Qwen and Math-Shepherd a scor-
ing location requires a marker in the model input,
so adding or moving locations changes the ren-
dered input; for Skywork a scoring location selects
a position in one already-computed token-score se-
quence, so the input never changes. Marker token
(Qwen). Qwen2.5-Math-PRM-7B (Qwen Team,

2025) inserts its dedicated <extra_0> marker to-
ken after each block and reads the positive-class
probability there. Tag string (Shepherd). Math-
Shepherd (Wang et al., 2024) appends its tag string
(space-prefixed, per the model card) and reads
P(+)/(P(+)+P(-)) at each tag. In both, adding
a scoring location changes the model input and later
token history: the intervention is adding scoring
locations under a marker-input interface, not count
in isolation. Readout-only (Skywork). Skywork-
01-Open-PRM-1.5B (He et al., 2024) exposes a
per-token value head, so all views share one byte-
identical input and one forward pass, and a policy is
an ordered readout set over that fixed field; readouts
are mapped at token granularity, so this arm mea-
sures token-grid sensitivity. We use Skywork as a
fixed-field mechanism control, not as a competitive
verifier (rendering conventions and readout map-
ping: Appendix A; literal separators, tag strings,
prompt serialization, checkpoint revisions, and cut
rules: Table 5).

3.4 The fixed-field invariant

Suppose every original scoring location is retained
and its score is unchanged. Inspecting additional
locations may reveal an earlier low score, but it can-
not remove a low score that was already present; so
if the earliest detected error moves later or disap-
pears, the score at the old decision endpoint must
have changed. This directional statement needs
the original endpoint set to be contained in the
new one; it does not order S-P against S-U, whose
added positions are not nested. Formally, with a
fixed score field, adding readout positions can only
preserve an existing earliest crossing or move it
earlier; a move to a later endpoint or to BOT there-
fore certifies that a score at an existing endpoint
changed (Lemma 1 and the upward-crossing cer-
tificate, Corollary 1, with proofs: Appendix A).
Figure 1 is such a certificate case. This invariant is
what lets the audit separate input-side field change
from added-readout effects.

4 Study Design and Epistemic Status

Two panels. From the four ProcessBench subsets
(GSMS8K, MATH, OlympiadBench, Omni-MATH)
we select 800 unique question keys, 200 per subset,
that pass frozen eligibility gates (4—12 nonempty
steps, bounded rendering length, joint split admis-
sibility), decontaminated from a 20-response dis-
covery pilot; selection is by pre-committed salted
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S-P vs. S-U F vs. RO
Interface Original (800) Disjoint (400) Original (800)
Qwen 83 (10.4%) 44 (11.0%) 40 (5.0%)
Shepherd 116 (14.5%) 57 (14.3%) 51 (6.4%)
Skywork 115 (14.4%) 40 (10.0%) n/a

Table 1: Direct earliest-error disagreement between the
punctuation and near-midpoint policies (S-P vs. S-U)
at 7=0.5 (fp32) on the original and disjoint panels, and
the separator-only comparison F vs. RO on the original
panel; headers give denominators. Qwen and Shepherd
are marker interfaces; Skywork is readout-only and re-
alizes F and RO as one readout set on one input, so no
separator intervention exists (n/a).

hash, one row per key (funnel and selection diag-
nostics: Appendix D). A disjoint panel of 400 keys
(100 per subset) was frozen before any of its rows
were scored. Macro F1 of the reference view lands
within about four F1 points of published figures for
both marker interfaces, a coarse implementation
sanity check (Appendix B).

Analysis history. The central descriptive quan-
tity is direct policy disagreement, d(S-P, S-U),
compared with the separator-only rate d(F, R0)
on the same questions. The preregistered primary
was a different quantity, the difference of marginal
reference-relative displacement rates CZ(S -P,F) —
d(S-U, F). The direct comparison was identified
post hoc on the original panel and then frozen be-
fore the disjoint panel was scored; “frozen” means
specified before that scoring run, not before any
original-panel result was known. Exact finite-panel
counts come first, intervals are descriptive sensi-
tivity analyses, and Appendix D summarizes the
amendment, deviation, and status record.

Numerical precision. All headline descriptive
rates use a canonical rescore in 32-bit floating
point (fp32); the preregistered primary stays on its
locked bfloat16 (bf16) basis, and bf16 is otherwise
retained as a sensitivity (Appendix C).

5 Scoring Policies Disagree on 10-15% of
Earliest-Error Decisions

5.1 Direct policy disagreement

Original panel. Under the conservative compati-
bility rule, the two equal-count policies produce
incompatible earliest-error decisions at the pre-
registered threshold 0.5 on 83/800 (10.4%) ques-
tions for Qwen, 116/800 (14.5%) for Shepherd,
and 115/800 (14.4%) for Skywork (Table 1). The

separator-only change alone alters decisions on
40/800 (5.0%) and 51/800 (6.4%) questions for the
marker interfaces, and direct S-P/S-U disagreement
exceeds that comparison on the same questions
by +5.4 and 4-8.1 percentage points (paired boot-
strap intervals [+2.9, +7.9] and [+5.6,410.6]): a
paired comparative rate difference, not an additive
causal decomposition. For the readout-only inter-
face no separator comparison exists, and its 14.4%
is attributable by construction to readout selection
(§6).

Disjoint panel. The disjoint panel (100 per sub-
set, frozen before scoring, 400/400 scored) repro-
duces the effect: 44/400 (11.0%), 57/400 (14.3%),
and 40/400 (10.0%), with the control patterns re-
curring; Skywork’s point estimate is numerically
lower. As an internal prospective replication (same
benchmark, checkpoints, code, team) it is not inde-
pendent confirmation, and the effect sizes are not
claimed to be identical.

Robustness and its limits. Two qualifications
apply. Threshold sensitivity differs across in-
terfaces: 70 of 83 Qwen and 90 of 115 Sky-
work disagreements persist at every threshold in
[0.48,0.52], against only 36 of 116 for Shepherd,
whose disagreement mass is threshold-proximal.
And disagreement remains when cut displacement
is restricted to a local token neighborhood: a
matched control that relocates each punctuation
cut within a +2-token caliper on the canonical to-
kenizer, with unmatched cuts removed from both
arms, gives 49/799 (6.1%), 104/799 (13.0%), and
97/799 (12.1%), so disagreement is not limited
to widely separated scoring locations (Table 2);
the observed incompatible pairs themselves fal-
sify exact decision invariance on this panel. All
headline descriptive rates are fp32-canonical; the
largest bf16—fp32 shift is Shepherd’s direct rate
(13.0%—14.5%), and the individual certified Shep-
herd cases differ substantially between bf16 and
fp32 while its aggregate mechanism channel is sta-
ble (construction, native-grid displacement, and
precision detail: Appendix C).

5.2 Why the preregistered marginal contrast
missed this

Two policies can each differ from a reference
equally often without agreeing with each other. As
an illustration, suppose each policy changes 10 of
100 reference decisions but on disjoint sets of ques-
tions: their reference-relative rates are equal, yet
they disagree with each other on 20 questions. The
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Qwen  Shepherd Skywork

Direct, original (800) 83 116 115
Wilson 95% [8.4,12.7] [12.2,17.1][12.1,17.0]
Direct, disjoint (400) 44 57 40
Wilson 95% [8.3,14.4] [11.2,18.0] [7.4,13.3]
Persist £0.02 (of orig.) 70 36 90
at +£0.01/0.05 777149 67/11 101/46

Matched, original (799) 49 (6.1%) 104 (13.0%) 97 (12.1%)
Matched, disjoint (400) 26 (6.5%) 42 (10.5%) 37 (9.3%)

Sep.-only, disjoint (400) 16 32 n/a

Table 2: Robustness ladder at 7=0.5 (fp32), grouped
as direct disagreement, threshold persistence, local-
position controls, and the disjoint separator-only com-
parison; parenthesized labels give denominators. Wil-
son rows are simple binomial descriptive 95% intervals
in percent. “Persist” rows count original-panel disagree-
ments that persist at every threshold in the closed band
(evaluated exactly over band endpoints and score break-
points), not new whole-panel rates. bf16 sensitivity for
the disjoint separator-only cells: 21/400 for Qwen and
40/400 for Shepherd.

preregistered primary tested the difference between
the two reference-relative rates, not direct disagree-
ment, so its null result does not establish that the
policies make the same decisions. Concretely,
the primary compared each policy’s marginal dis-
placement from F (exact McNemar, a«=0.05, strat-
ified 10,000-resample cluster-bootstrap intervals,
gatekept Qwen—Shepherd) and was null: RD =
—0.0150, CI [-0.0362,+0.0063], p = 0.19 on
the locked bf16 basis; under the gate, Shepherd is
descriptive (+0.0013) and Skywork exploratory
(—0.0288). The interval rules out a 10-point
marginal difference but not smaller effects. The
gap between the two estimands is structural. F and
split-view decisions are singleton released steps or
BOT, so incompatibility is the discrete metric on
outcomes:

Proposition 1 (triangle bound) For views with
singleton-or-BOT decisions, write my = d(V, F)
and d = d(S-P,S-U). Then |mgs-p — mg-y| <
d < min{l, mg-p + mg-y }.

(Proof: Appendix A.) A near-zero marginal differ-
ence bounds direct disagreement only from below:
two policies can displace equally often relative to
F while displacing different questions, and on the
fp32 rescore a 16-case marginal difference coexists
with 116 direct disagreements for Shepherd. The
lower bound is sharp, and the upper bound is sharp
whenever mg-p + mg-y < 1.

6 Two Mechanisms of Policy Sensitivity

The previous section compared the punctuation
and near-midpoint policies directly. This section
changes the comparison: it compares each split
input with the reference F while reading scores
only at the original step endpoints, asking whether
existing scores change enough to alter a decision;
its counts do not partition the direct disagreement
counts of Table 1. The interfaces expose two
routes to sensitivity: marker-input policies change
scores at the original endpoints (the score field
moves), and the fixed-field interface changes de-
cisions through the set of positions inspected (the
readout set moves; Figure 2). The two marker-input
views share marker type, count, treated steps, sep-
arators, and reasoning bytes, and the readout-only
interface changes no input bytes at all, so the con-
trast is not explained by one arm receiving more
marker perturbation.

Changing markers can change existing scores.
Recomputing each split view’s decisions at only
the original endpoints isolates the input-side field
change relative to F (it does not numerically
decompose the direct S-P/S-U disagreements);
Qwen shows 161 such common-endpoint decision
changes under S-P (with 90 certified upward cross-
ings), Shepherd 79 (12 certificates), and Skywork
exactly 0, as the invariant requires (Table 3). A cer-
tificate is stronger than a common-endpoint change:
when the earliest detected error moves later or dis-
appears under an endpoint set that still contains the
old decision endpoint, the old sub-threshold score
must have risen to at least the threshold (Corol-
lary 1); not every common-endpoint change is a
certificate. Measured continuously over all shared
endpoints, Qwen’s score changes are small in the
median but much larger in the upper decile (me-
dian 0.006, p90 0.21); Math-Shepherd’s median
absolute changes are small (0.013-0.015) while its
disagreements are more threshold-sensitive (§5.1);
Skywork’s changes are exactly zero, verified on
the stored rewards. The certificates prove the field
changed at pre-existing endpoints without separat-
ing marker history from separators, retokenization,
or position, so we call the mechanism input-side
scoring-interface interference.

Changing readout positions can change deci-
sions with fixed scores. Skywork is a mecha-
nism control, not a competitive verifier at 7=0.5:
the threshold approximately bisects its released-
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A Marker-input channel (Qwen, Math-Shepherd)

markers move:

same reasoning input + later

bytes >

>

context change

earliest error
moves or vanishes

original endpoint
scores can change

decision changes at original endpoints vs. F under S-P: Qwen 161, Shepherd 79

of which certified upward crossings: 90 and 12

B Readout-only channel (Skywork)

token scores
stay fixed

different positions
inspected

inspected positions
change the
earliest error

decisions at original
endpoints: 0 changes

all disagreement comes from which positions of a fixed score sequence are inspected

Figure 2: The two channels, each compared with the reference F. Marker-input policies (top) change the rendered
input, so scores at the original endpoints can change: 161 (Qwen) and 79 (Shepherd) questions change their decision
when the split-input rewards are read at only the original endpoints, of which 90 and 12 are certified upward
crossings (Table 3). The readout-only policy (bottom) keeps one bitwise-fixed token-score sequence, so decisions at
the original endpoints never change (exactly 0) and all disagreement comes from which positions are inspected.

Changed vs. F Certified

Interface  S-P S-U S-P S-U
Qwen 161 139 90 80
Shepherd 79 72 12 43
Skywork 0 0 0 0

Table 3: Reference-relative mechanism diagnostics
(fp32, 7=0.5, original n=800 panel): numbers of ques-
tions whose decision, recomputed from the split-input
rewards at only the original endpoints, differs from F
(“Changed vs. F”), and the subset that are certified up-
ward crossings. These are separate diagnostics, not
additive parts of Table 1; Skywork’s zeros are structural
under the fixed-field realization.

step-end values (55.5% below 7 against 20.3%
and 17.9% for the marker interfaces). Its token
scores are bitwise fixed, yet changing the set of
inspected positions changes the earliest-error deci-
sion on 14.4% of questions: field invariance does
not imply readout-set invariance, a property of the
evaluated readout policy rather than a defect of
token-level value modeling. The punctuation and
near-midpoint policies do read different portions
of the field (63.4% vs. 55.3% below threshold), but
the mechanism claim requires only that the field is
fixed and the actions differ. Direct disagreement re-
mains 11.4% under a non-overshooting floor map-
ping, disfavoring a pure token-overshoot artifact
(Appendix C).

7 Evaluation Consequence and Scope

Changing the scoring policy also changes which
response is selected from a shared candidate pool.
In up-to-eight common-candidate pools (identical
candidates within each interface, ranked per pol-
icy by minimum block reward with ties broken by
the lowest candidate index; 167 questions), the se-
lected response differs on 104/167 (62.3%), 56/167
(33.5%), and 88/167 (52.7%) questions for Qwen,
Shepherd, and Skywork; restricting to pools that
retain all eight candidates gives 86/132, 45/132,
and 70/131 (Table 4). This is selected-response
disagreement, not evidence of an answer-accuracy
change.

On the analyzed answer-defined subsets
(n=64/62/64) we observe no question on which
the selected response is correct under only one
policy, so on those subsets the analysis establishes
selection instability rather than an answer-quality
change; pool composition, the margin ladder, the
similarity heuristic, and Skywork’s documented
arithmetic-mean aggregation are in Appendix C.
Across the reference and split policies, pooled
ProcessBench-style harmonic F1 (0-1 scale) also
varies by up to 0.046 with cohort- and interface-
dependent sign, and clean-prefix retention moves
with the policy (Appendix B).

8 Conclusion

An earliest-error prediction depends on the scoring-
location policy as well as the PRM checkpoint.
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Qwen Shepherd Skywork

Selected response differs (167) 104 56 88
Full-eight pools only 86/132  45/132  70/131

Table 4: Selected-response disagreement under up-to-
eight common-candidate selection (fp32, S-P vs. S-U,
minimum aggregation, lowest-index tie rule). Margin,
similarity, and answer analyses with their conditioning
sets: Appendix C.

On the selected original panel, two count-matched
policies over unchanged reasoning text disagree
on roughly 10-15% of questions, and a prospec-
tively frozen disjoint panel also shows disagree-
ment. Marker-based policies can change scores at
existing endpoints, while a readout-only policy can
change decisions by inspecting different positions
of a fixed score sequence. These findings support a
concrete reporting requirement: evaluations should
declare marker rendering, step separators, read-
out positions, the mapping to original steps, and
the decision threshold, and compare models under
matched policies; if several policies are relevant,
their distribution and aggregation rule should be
prespecified (Appendix D). The reported rates de-
scribe controlled sensitivity, not prevalence under
naturally occurring scoring policies.

9 Limitations

These policies are controlled stress tests, not sam-
ples from deployment policies, so the rates are not
prevalence estimates. The study covers a selected,
jointly splittable ProcessBench cohort and three
scalar interfaces; it does not establish generality to
longer traces, other benchmarks, or current genera-
tive and reasoning-style verifiers (She et al., 2025;
Zhao et al., 2026; Khalifa et al., 2026; Zhong et al.,
2026), and score-scale reliability is a further ac-
tive concern for scalar PRMs (Park et al., 2025).
Reweighting to eligible-population subset frequen-
cies (question keys or response rows) changes the
headline rates by at most 1.6 percentage points
(Appendix C; population scope: Appendix D).

The original direct comparison was post hoc;
the prospectively frozen disjoint panel reproduced
nonzero disagreement but shares the benchmark,
checkpoints, code, and team. Threshold 0.5 is not
calibrated across interfaces, Math-Shepherd’s dis-
agreements are threshold-proximal, and its indi-
vidual certified cases differ substantially between
bf16 and fp32 while its aggregate channel is stable
(Appendix C).

The preregistration, amendments, deviation log,
code, and raw rewards are not publicly released,
so the chronology in Appendix D rests on the
authors’ internal records and the reproducibility
record is the declared configuration in Table 5.
The marked interventions are composite (readout
set, input tokens, later context), and the sequen-
tial mechanism diagnostic is order-specific rather
than a unique causal allocation. The selection anal-
ysis establishes selected-response instability, not
answer-quality change, and the matched-coverage
analysis is a failure to detect a residual difference,
not a coverage attribution.

Ethics Statement

No private data, human subjects, or new annotation
were used; the study evaluates model interfaces and
is not human-performance or deployment-safety
evidence.
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A Formal Results and Verification

Setting. Let sy (p) € [0, 1] be the score view V'
assigns to source endpoint p, endpoints ordered by
source position; for a field s on an endpoint set B,
let ds(B) be the earliest p € B with s(p) < 7, else
BOT.

Lemma 1 (fixed-field readout monotonicity)
Let B C B’ be finite subsets of a totally ordered
source-coordinate domain and let fields s on B and
s’ on B’ agree on the common set: s'(p) = s(p)
for every p € B. Then ds(B) # BOT implies
dg(B') # BOT and dy(B') =X ds(B) in source
order; and ds(B) = BOT implies dg(B’) is BOT
or a new crossing in B\ B.

Corollary 1 (upward-crossing certificate) With
B C B’ as in Lemma I but s' not assumed to agree
with s on B: if ds(B) = p # BOT while dg (B') is
BOT or strictly later than p in source order, then
agreement fails at the old decision endpoint itself,

s'(p) > 7 > s(p).

Proof of Lemma 1. If ds(B) = pthen s(p) < 7,
and p € B’ with s'(p) = s(p) < 7 by agreement
on B, so the earliest sub-threshold endpoint of B’
under s exists and is at or before p. If ds(B) =
BOT, all of B is at or above 7 under s and hence
under §', so any crossing lies in B’ \ B. O

Proof of Corollary 1. Suppose ds(B) = p #
BOT, s0 s(p) < 7. If §'(p) < 7 held as well, then
p would be a sub-threshold endpoint of B’ under s’
and dy (B’) would be at or before p, contradicting
dg(B") = BOT or dy(B’) > p. Hence s'(p) >
T > s(p). O

Proof of Proposition 1. For split views and
F, every decision is a singleton released step or
BOT, and the frozen compatibility rule reduces
to outcome inequality, so I(V, W) is the discrete
metric on the outcome space of released-step in-
dices together with BOT. Write X = I(S-P, F'),
Y = I(S-U,F), Z = I(S-P,S-U). Pointwise,
IX —Y|] < Z < X +Y by the triangle and
reverse-triangle inequalities for the discrete met-
ric; then |[EX — EY| < E|X — Y| < EZ and
EZ <EX 4 EY. The restriction to singleton out-
comes is essential: interval-overlap compatibility
for wider decision intervals is reflexive and sym-
metric but not transitive, so the bound does not
extend to it. [

Rendering and readout conventions. The
punctuation and near-midpoint cuts require >8

canonical-tokenizer tokens per side and fall out-
side paired TgX; all split geometry is defined under
the frozen Qwen2.5-Math-PRM-7B tokenizer and
attributed back to Unicode code-point source coor-
dinates under fail-closed coverage checks (“byte-
identical” refers to the UTF-8 encoding covered
by the pinned hashes). Math-Shepherd’s tag is ren-
dered space-prefixed per its model card; Skywork
readouts use the token whose offset span contains
each block’s last character, because BPE merges
block-final punctuation with following separators,
and its release documents newline step-token read-
outs with arithmetic-mean Best-of-/V aggregation
(He et al., 2024), so our interior readouts are off-
reference stress tests of the same value field.

Verification invariants. Fail-closed checks en-
force exact-once character coverage, monotone in-
tervals, marker/block counts, pinned input hashes,
identical marker-stripped text (RO excepted, whose
separator bytes differ by design), and reconstruc-
tion of every decision from raw rewards; 800 rows
x 5 views (F, RO, S-P, S-U, and MO, an even-
adjacent-merge control view whose analyses are
not reported here) were byte-verified per inter-
face with zero interface-specific cuts, and no in-
put was truncated. Every row has equal S-P/S-U
unique token-readout counts with zero collisions
under both readout mappings. Complete revisions,
hashes, and the full deviation record are retained in
the authors’ internal archive, which is not publicly
released; the executed conventions are declared in
Table 5.

B Evaluation Consequence Details

Metrics. ProcessBench-style harmonic F1 is the
harmonic mean of two class accuracies: on gold-
error trajectories a prediction is correct iff its re-
leased step equals the annotated first error, and on
all-correct trajectories iff it is BOT; the value is
undefined when a class is empty. Macro F1 aver-
ages the per-subset values over GSM8K, MATH,
OlympiadBench, and Omni-MATH; pooled F1
computes the two class accuracies over the pooled
selected cohort. The two aggregate differently and
need not agree. Gold-error retention is the frac-
tion of gold-error rows whose accepted clean prefix
(the released steps strictly before the flagged block;
the whole response under BOT) still contains the
annotated first error, so larger values are worse.
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Item

Declaration, as executed

Hugging Face repositories at the pinned commit revisions: Qwen/Qwen2.5-Math-PRM-7B at
0610740060112df12585d00a1c5f4624d2f59051; peiyi9979/math-shepherd-mistral-7b-prm at
45dc@a3c9ec699b645085c098ed38dc99fba4617; Skywork/Skywork-o1-Open-PRM-Qwen-2.5-1.5B

Qwen/Qwen2.5-Math-7B-Instruct at ef9926d75ab1d54532f6a30dd5e760355eb%9aa4d. Tokenizers

Pinned chat template with system prompt “Please reason step by step, and put your final answer within
\boxed{}.”, user turn = problem, assistant turn = rendered response (no generation prompt). <extra_0>
immediately after every visible block; F glue \n\n after each non-final marker at a released-step edge

and no glue at a within-step cut; RO = markers only, no glue (model-card rendering). Reward = softmax

+ rendered response. Tag = one space followed by the two Cyrillic letters
U+043A U+0438 (the model card’s “ki” tag; space-prefixed, tag token id 12902) immediately after every
block; F glue \n\n, RO glue \n (model-card newline-separated steps). Reward = P(+)/(P(+)+P(—))

One string per row: <|im_start|>+ problem + \n + response + \n, response blocks joined by the

original \n\n; no markers; the full string is tokenized once with offset mapping. Value = sigmoid of the
per-token value head. Containing mapping: the token whose offset span contains each block’s last

After ., ?, or ! immediately followed by whitespace; outside balanced TEX spans; >8 pinned

Qwen2.5-Math-PRM-7B tokenizer tokens on each side; minimize token imbalance, lowest character

Checkpoints
at 98d69606595eedbdbbbf@a7d28efdcd462babab7; candidate generator
are loaded at the same revisions.
Qwen input
positive-class probability at each marker position.
Shepherd input Plain text problem + " "
from the logits of token ids 648 (+) and 387 (-) at each tag position.
Skywork input
character; floor mapping: the last token whose span ends at or before it.
S-P cut
offset on ties; the whitespace belongs to the right child.
S-U cut

A whitespace run outside balanced TgX, neither preceded nor followed by . ?!; >8 tokens per side;

minimize |left—right| tokens (token-midpoint rule), earliest offset on ties. A step is split iff both cuts
exist (joint admissibility), exactly one cut per such step, so S-P and S-U have identical split-step sets and
marker counts. Matched arm: each S-P cut relocated to the nearest admissible non-punctuation

whitespace within £2 canonical tokens.
E1 valid label and 4-12 nonempty released steps; E2 RO full-chat rendering <2,048 pinned-tokenizer

Cohort gates

tokens; E3 at least one jointly admissible step; 26 pilot-contaminated rows removed; one row per
question key; 200 keys per subset by a pre-committed salted SHA-256 key over the subset, question key,
and row id. Context limit 4,096 tokens; no input truncated.

Decision rule

Earliest visible block with reward < 0.5, else BOT; two decisions are incompatible iff BOT status differs

or both are non-BOT with disjoint inclusive released-step intervals.

Numerics

fp32 canonical rescore with bf16 as a sensitivity; transformers 4.48.3, Python 3.10.20, one NVIDIA

RTX A6000; the rendered-text SHA-256 of every row is asserted equal across passes.

Table 5: Interface declaration: the rendering, readout, cut, and selection conventions needed to reproduce the scored
inputs, i.e., the quantities this paper asks PRM evaluations to report.

Implementation sanity check. Macro F1 of the
F view is 69.9 (original panel) and 76.7 (disjoint
panel) for Qwen2.5-Math-PRM against a published
73.5, and 28.8 and 29.3 for Math-Shepherd against
a published 31.5 (Zheng et al., 2025; Zhang et al.,
2025): within about four F1 points in every cell, a
coarse check on the scoring-interface implementa-
tion only.

Interface F S-P  S-U

Qwen 0.699 0.673 0.693
Shepherd 0.281 0.298 0.261
Skywork 0.336 0.322 0.295

Qwen 0.772 0.726 0.732
Shepherd 0.279 0.325 0.289
Skywork 0.361 0.339 0.342

Panel

Original
Original
Original

Disjoint
Disjoint
Disjoint

Table 6: Pooled ProcessBench-style harmonic F1 (0—
1 scale; fp32; 7=0.5; post hoc, not leaderboard-
comparable) by panel, interface, and view.

Pooled harmonic F1. Across the reference and
split views (Table 6) the pooled value varies by up
to 0.046 (disjoint Qwen, F vs. S-P), with cohort-
and interface-dependent sign; the largest direct S-P
vs. S-U difference is 0.037 (original Shepherd).

Clean-prefix retention. In a clean-prefix use (ac-
cept the released steps strictly before the flagged
error), gold-error retention (larger is worse) on
the 504 gold-error rows moves with the pol-
icy at 7=0.5: 0.276/0.361/0.321 for Qwen un-
der F/S-P/S-U, 0.742/0.714/0.760 for Shepherd,
and 0.145/0.115/0.113 for Skywork. These
are operating-point differences. At matched
accepted-character coverage the S-P—S-U gold-
error-retention gap is —0.008 [—0.023,40.009]
(Qwen), —0.003 [—0.015,+0.009] (Shepherd),
and —0.002 [—0.015,+40.010] (Skywork), repli-
cating on the disjoint panel with every interval
straddling zero. The comparison interpolates re-
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tention piecewise-linearly in coverage between ad-
jacent threshold operating points and evaluates both
policies at the midpoint of their own 7=0.5 cover-
ages inside every bootstrap replicate; it is a failure
to detect a residual difference under a post hoc
randomized-threshold interpolation, not a coverage
attribution.

C Core Robustness

Thresholds beyond the band. Under post hoc
cross-panel calibration, one threshold per inter-
face is chosen on the disjoint panel’s F view as
the achievable all-correct false-positive rate nearest
0.10 (the rate is a step function of 7; ties are bro-
ken by the smaller count) and applied unchanged
to the original panel, where direct disagreement
stays high: 75/99/114 of 800. This is a post hoc
sensitivity, not a further prospective confirmation.
Among the 7=0.5 direct disagreements on the
original panel (83/116/115), exactly one policy is
strictly correct in 52/36/65 cases, where a deci-
sion is strictly correct if its released step equals
the annotated first-error step or if it is BOT on
an all-correct trajectory; policy choice therefore
changes correctness, not just labels. The nine-point
trapezoidal summary of direct disagreement over
7€ {0.1,...,0.9} is 0.126/0.117/0.124, an unnor-
malized integral over a T-range of width 0.8 (divide
by 0.8 for the average rate) and a grid summary
rather than the exact breakpoint integral. Reweight-
ing the equal-subset rates to eligible-population
subset frequencies moves each headline rate by at
most 1.6 percentage points (eligible question keys:
10.4—11.1%, 14.5—15.7%, 14.4—13.5%; eligible
response rows: 11.4%, 16.1%, 13.5%).

Matched near-position control. The near-
position arm relocates each matched punctua-
tion cut to the nearest admissible non-punctuation
whitespace within a +2 left-token caliper (3,108 of
3,206 cuts on 799/800 rows), with unmatched cuts
removed from both arms under a fail-closed row-
level equal-count assertion (this corrects an earlier
construction whose arms were not marker-count
matched). The corrected contrast is 49/799, 6.1%
[4.7, 8.0] (Qwen); 104/799, 13.0% [10.9, 15.5]
(Shepherd); 97/799, 12.1% [10.1, 14.6] (Skywork).
Relocation is token-local on every native grid (max-
imum 2 Skywork tokens; maximum 5 Mistral to-
kens, 99.7% within 3). The exploratory one-cut
variant relocates a single hash-selected cut by one
to two canonical tokens, retaining all other scoring

locations, and still changes 7/400 (1.8%), 17/400
(4.3%), and 20/400 (5.0%) of disjoint-panel deci-
sions. Paired separator-vs-placement differences
use a subset-stratified question-level paired boot-
strap (10,000 resamples; discordant pairs 74/31 and
85/20).

Precision sensitivity. A later frozen amendment
rescored both panels at fp32, the canonical ba-
sis; bfl16 is retained as a sensitivity. Reward
differences |rgy32 — rpei6| have medians 0.0007
(Qwen), 0.0067 (Shepherd), and 0.0026 (Skywork);
the largest headline shift is Shepherd’s direct rate
(13.0%—14.5%), the other five direct headline
rates move <1.2pp, and whether a majority of
Shepherd’s direct disagreements persisted across
the threshold band changed under fp32 (36/116 sur-
vive £0.02, from 57/104 at bf16). Qwen and Sky-
work preserve most disagreement identities across
precisions; for Shepherd the individual certified
cases differ substantially between bf16 and fp32
while its aggregate common-endpoint count is sta-
ble (79 vs. 78 for S-P), which is why the Shepherd
mechanism claim rests on the aggregate channel.

Field, drift, and mapping detail. Over all 5,343
shared endpoints, Qwen’s S-P drift has median
0.006, p90 0.21, 18.5% above 0.10 (Spearman
0.96); Shepherd’s medians are 0.015/0.013 with
at most 1.0% above 0.10 (Spearman 0.992); Sky-
work’s drift is exactly O at every common end-
point (Spearman 1.0). Among gold-error rows
where F fires at 7=0.5 (437 rows), the mean
signed change at F’s predicted crossing is +0.175
(Qwen S-P) and +0.130 (S-U), consistent with era-
sure of existing F flags; Shepherd’s is near zero
(—0.004, +0.017; 277 rows); this signed statis-
tic is threshold-conditioned and selection-prone,
so the absolute drift above is the threshold-free
evidence. The threshold approximately bisects
Skywork’s released-step-end values (55.5% be-
low 7=0.5 vs. 20.3% and 17.9% for the marker
interfaces), its punctuation cuts read 8.1 points
more below-threshold field than its midpoint cuts
(63.4% vs. 55.3%), and under the preregistered non-
overshooting floor mapping direct disagreement is
91/800 (11.4%) against 115/800 (14.4%) under the
containing mapping, with the corrected matched
rate 85/799 (10.6%) against 97/799 (12.1%); both
ratios exceed the pre-committed 0.5 persistence
bar.
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Up-to-eight selection diagnostics. Eight can-
didates per question were generated once with
Qwen/Qwen2.5-Math-7B-Instruct (Qwen Team,
2024) (temperature 0.8, top-p 0.95, at most 1,024
new tokens, per-candidate seeds fixed before gener-
ation). The question population for this generation
is different from the released-response cohort: it
is the set of distinct ProcessBench GSMS8K and
MATH problems excluding the original and dis-
joint panels and the pilot rows, with no released-
response gates (E1-E3 apply to released responses,
not to newly generated candidates). This leaves 69
GSMBS8K problems, all of which were taken, and a
larger MATH pool from which 100 were drawn by
salted hash, for 169 questions; two MATH ques-
tions had no candidate scored under both policies
of a contrast (the same two for every interface)
and are excluded, leaving the 167 analyzed pools.
Pools are policy-matched within each interface: a
question’s common pool is the set of candidates
scored under both policies of the contrast, candi-
dates scored under only one policy are dropped
from both rankings, and pools are therefore up to
eight (eight candidates on 132 questions, 131 for
Skywork, and as few as one) and are not candidate-
identical across interfaces. Each policy selects the
candidate with the highest aggregated score (min-
imum block reward for the headline; log-product
and geometric mean as sensitivities), ties broken by
the lowest candidate index; single-candidate pools
cannot disagree, count as agreement in the 167-
question rate, and are excluded from margin analy-
ses. Selected-response disagreement conditional on
both policies’ top-two margins strictly exceeding a
rung (Table 7) is monotone non-increasing in every
interface under all three aggregations; margins are
within-interface quantities and are not comparable
across interfaces.

Rung > 0.001 0.005 0.01 0.02

Qwen, % (n)  42.6(61) 27.0(37) 19.4 (31) 12.5 (24)
Shepherd, % (n) 27.3 (143) 17.8 (107) 9.1 (88) 4.9 (61)
Skywork, % (n) 52.2 (136) 50.0 (110) 44.2 (86) 37.7 (61)

Table 7: Selected-response disagreement (%) among
questions whose top-two raw score margins under both
policies strictly exceed the rung, with the retained n
in parentheses (minimum aggregation, fp32; rungs in
reward units).

Trace similarity is the
difflib.SequenceMatcher ratio on whitespace-
normalized strings. Each disagreement pair is

assigned to exactly one bucket by the frozen prior-
ity identical normalized text > answer unparseable
> different parsed answers > near-duplicate (same
parsed answer, ratio >0.9) > textually distinct,
giving textually distinct / near-duplicate / different
parsed answer / unparseable counts of 95/5/2/2
(Qwen), 46/5/0/5 (Shepherd), and 79/2/2/5
(Skywork) with no identical-text pairs; “textually
distinct” is a declared string heuristic, not semantic
distinctness. Answers are the last parseable
\boxed{ } payload after whitespace normalization;
the answer-defined subset requires both selected
answers to parse and a gold answer to be available
(n=64/62/64), and the answer-diverse subset
requires at least two distinct parsed answers in the
pool. On answer-diverse pools selected-answer
disagreement is 2/27, 0/22, and 2/24; on the
answer-defined subsets the paired correctness
deltas are exactly 0 with O discordant pairs (exact
one-sided 95% upper bounds 1 — 0.051/™ on
the discordance probability: 0.046/0.047/0.046;
0.044 under the n=66 unparseable-as-incorrect
sensitivity); zero observed discordance bounds,
and does not exclude, a nonzero population
rate. Under the documented Skywork reference
aggregation (arithmetic mean over step readouts
(He et al., 2024)), computed by a procedure
that first reproduces the canonical minimum-
aggregation counts exactly, selected-response
disagreement is 103/167 (61.7%), 43/167 (25.7%),
and 87/167 (52.1%): Skywork’s rate under its
own documented aggregation is nearly identical
to the minimum-aggregation stress test (52.1%
vs. 52.7%), and aggregation choice is an active
evaluation variable even at the response level
(Kuang et al., 2026).

D Epistemic Status and Scope

Amendments and deviations. Seven frozen
amendments extended the preregistration (controls,
disjoint panel, ranking analysis, floor mapping,
fp32 rescore), each specified before its own scor-
ing. Six deviations are logged with timestamps in
the authors’ internal, unreleased record; the three
affecting analyses reported here are: Shepherd’s
tag rendering corrected to the model-card conven-
tion before any reward analysis, Skywork readouts
mapped to the containing token before any reward
was observed, and the first matched arms, which
were not marker-count matched and are superseded
by the corrected arms reported here.
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Analysis Status

Marginal S-P vs. S-U pri- Preregistered before scoring;
mary null; locked to bf16
Direct disagreement Post hoc on the original

panel; prospectively esti-
mated on the frozen disjoint
panel
Matched, one-cut, band, Frozen before their scoring
floor controls runs
Precision rescore (fp32 Preregistered  full-cohort
canonical) rescore; changed conclusions

reported as changed
Downstream analyses (F1, Exploratory or post hoc; de-
coverage, selection) scriptive uncertainty

Table 8: Condensed epistemic status. Post hoc p-values
are unadjusted unless stated; bootstrap intervals target
repeated equal-subset draws from the four eligible strata,
and eligible-population reweighting is reported sepa-
rately (Appendix C).

Policy marginalization objects. For a declared,
outcome-independent policy distribution g and a
per-example loss L, a marginalized benchmark
reports Ry, (0) = Eq ) Exvp L(Dyg x(7),y); for
confusion-count metrics such as harmonic F1, per-
policy averaging E,[H (Cjy )] and pooled count-
ing H(E,[Cy ,]) are different estimands, and the
policy-draw mechanism (per benchmark run or per
question) must be declared.

External validity. Selection funnel: of the 3,400
ProcessBench rows, 2,916 have 4—-12 nonempty re-
leased steps (E1), 2,915 of those also render within
the 2,048-token RO ceiling (E2), and 2,842 also
contain at least one jointly admissible step (E3), so
the intervention is defined for 83.6% (2,842/3,400)
of rows; removing 26 pilot-contaminated rows
leaves the 2,816-row eligible response funnel
(340/795/826/855 per subset), which collapses to
2,416 eligible question keys (321/763/511/821) un-
der one row per key, from which the fixed panel
draws 200 keys per subset by pre-committed salted
hash. Reweighting to eligible-key or eligible-row
frequencies is a sensitivity, not the sampling tar-
get. Selected and eligible-but-excluded rows differ
modestly on score-blind features (all [SMD| <0.20,
largest on length), with selected rows somewhat
shorter and slightly less error-heavy; the SMD audit
uses a local proxy of the E3 gate (the authoritative
gate needs the pinned tokenizer): the proxy admits
2,781 rows (331/779/824/847 per subset against the
authoritative 340/795/826/855), 792 of the 800 se-
lected rows pass it, and the comparison is between
all 800 selected rows and the 1,989 proxy-admitted

rows that were not selected. The reported rates are
not estimates of full-ProcessBench or naturalistic-
segmenter prevalence.
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