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Abstract

Process reward models (PRMs) are widely
used in language-model training with dense
step-level supervision. They assume PRM
scores are stable proxies for step correct-
ness under label-preserving transformations.
These transformations change reasoning struc-
ture but preserve final answers. We argue this
assumption is not well validated. Such trans-
formations can change how PRM scores re-
late to correctness signals, leading to differ-
ent failure modes across models. To address
this gap, we introduce EST-PRM, a stress-
testing framework for dense process rewards.
It applies three transformations: (1) step in-
flation, (2) dependency-aware step reordering,
and (3) confidence markers. A vulnerabil-
ity decomposition is defined that separates re-
ward inflation from loss of correctness sensi-
tivity. Five PRM-style models are evaluated
on 4,687 reasoning chains from MATH-500,
GSM8K, and PRMBench. The results indi-
cate clear differences in vulnerability patterns
across models. Math-Shepherd shows the
strongest sensitivity to the position-sensitivity
attack, with a Pearson correlation drop of
0.139±0.031 and a 29.7±4.2% score inflation
rate. Qwen2.5-Math-PRM is most affected by
step inflation, reaching a 47.6 ± 4.3% infla-
tion rate. Confidence-based perturbations also
distort reward calibration, revealing inconsis-
tencies in correctness estimation. Three mit-
igation strategies are evaluated, highlighting
trade-offs between robustness coverage and
false-positive rates.

1 Introduction

Process reward models (PRMs) are learned eval-
uators that assign scores to intermediate rea-
soning steps and are used to guide process-
supervised search, candidate filtering, and opti-
mization. Their usefulness depends not only on
detecting incorrect steps on naturally occurring
traces, but also on retaining correctness-aligned

scores when a policy or search procedure changes
the form of a reasoning trace. This dense, step-
level supervision enables credit assignment over
extended reasoning trajectories, but it also cre-
ates a stronger robustness requirement than agree-
ment with ground-truth labels on natural traces:
PRM scores must remain aligned with correct-
ness under distributional shifts induced by policy
optimization over high-reward trajectories. Un-
der such selection pressure, any systematic de-
viation between PRM scores and true correct-
ness becomes exploitable and can introduce bias
into both training and inference-time selection.
EST-PRM studies this PRM-specific reliability
question. Other systems based on outcome-level
RLVR, teacher–student distillation, or routing mo-
tivate the broader importance of reliable optimiza-
tion signals, but they do not necessarily use PRMs
and are not evaluated in this paper.

We argue that standard evaluations of PRMs
are insufficient to establish robustness under such
conditions. Existing benchmarks measure agree-
ment with human or automatically verified labels
on naturally generated reasoning chains (Light-
man et al., 2024; Wang et al., 2024). Recent
reasoning-model evaluations further demonstrate
the use of established benchmarks to assess the
performance of long-form reasoning systems (He
et al., 2025). While necessary, these evaluations
do not test whether PRM scores remain stable
under label-preserving structural transformations.
This limitation is consistent with broader concerns
about proxy objectives and reward misspecifica-
tion in AI systems (Amodei et al., 2016; Manheim
and Garrabrant, 2018). In RLHF, prior work has
also identified systematic limitations and vulnera-
bilities in reward modeling (Casper et al., 2023).
However, dense step-level supervision creates an
additional PRM-specific surface for such failures,
since each intermediate scoring decision becomes
a potential point at which superficial structural
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changes may affect the evaluation signal.
To interrogate this surface, we introduce three

classes of label-preserving transformations that
preserve final correctness while perturbing reason-
ing structure (Figure 1):

1. Step-inflation increases reasoning length
through insertion of semantically redundant
restatement or verification steps and alters the
per-step reward distribution without affecting
the final answer.

2. Position-sensitivity permutes steps under de-
pendency constraints and exposes reliance
on absolute step ordering rather than logical
structure.

3. Confidence-injection augments steps with
discourse markers (e.g., “clearly”, “by defi-
nition”) that remain semantically vacuous but
may influence learned scoring heuristics.

Each transformation reflects a distinct hypothe-
sis about structural failure modes in PRM scor-
ing functions. The transformations are designed
as targeted structural stress tests rather than as a
comprehensive enumeration of adversarial attacks
or an estimate of their prevalence under adap-
tive policy optimization. We additionally evaluate
template-free naturalistic edits to assess whether
these sensitivities extend beyond the controlled
stress tests in Appendix J.

We conduct an empirical study on 4,687 re-
tained reasoning chains across five PRM-style
models with diverse architectures and train-
ing regimes: Math-Shepherd-7B (Wang et al.,
2024), Qwen2.5-Math-PRM-7B (Zhang et al.,
2025), RLHFlow PRM (RLHFlow Team, 2024),
Skywork-o1-Open-PRM-8B (He et al., 2025),
and DeepSeek-Math-7B-PRM (Shao et al., 2024).
We also include a zero-shot Llama-3-8B-Instruct
critic as a lightweight, format-insensitive baseline.
Across models, we observe consistent but hetero-
geneous vulnerability patterns. Math-Shepherd
and Skywork-PRM show strong sensitivity to
step ordering, whereas Qwen2.5-Math-PRM and
DeepSeek-PRM show stronger sensitivity to step-
inflation. These results indicate that vulnerabili-
ties vary across models and manifest as distinct
dominant failure modes. Strong performance on
natural traces does not therefore imply robustness
under the structural perturbations tested here.

Our contributions include:

• A targeted structural stress-test suite for pro-
cess reward models that evaluates robustness
under label-preserving structural transforma-
tions and complements existing stress-testing
frameworks for sparse reward models.

• A formal vulnerability framework that sepa-
rates reward inflation effects from degrada-
tion of correctness-aligned signal quality un-
der structural perturbations.

• A scalable experimental protocol over 1,000
problems (4,687 reasoning chains), including
corrupted-chain validation and human verifi-
cation to assess label preservation.

• A characterization of systematic, model-
dependent failure modes across five PRM
families, showing that robustness does not
correlate straightforwardly with natural-input
accuracy.

• An evaluation of mitigation strategies with
analysis of trade-offs between detection sen-
sitivity and false-positive rates under struc-
turally perturbed reasoning traces.

• A release of the full benchmark suite, attack
implementations, and human-validated anno-
tations to support reproducibility and robust-
ness evaluation of PRMs in downstream ap-
plications.

Our findings show that PRM robustness is sensi-
tive to structural perturbations in reasoning traces,
and that different models exhibit distinct domi-
nant failure modes rather than uniform degrada-
tion. These results highlight the need for robust-
ness evaluation beyond natural-input agreement
and provide a foundation for more reliable evalu-
ation of process-level supervision. We emphasize
that EST-PRM is a targeted study of PRM-specific
structural robustness: it does not claim to char-
acterize the robustness of outcome-level RLVR,
teacher–student distillation losses, routing objec-
tives, or other reasoning optimization signals.

2 Related Work

Our work builds on recent advances in process
reward models, reward-model evaluation, and re-
ward hacking analysis for learned evaluators. We
examine the robustness of dense step-level su-
pervision under label-preserving transformations.
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Below, we review the most closely related lit-
erature on PRMs while Appendix A presents a
broader discussion of reward hacking and proxy
gaming,calibration methods, reinforcement learn-
ing pipelines, and alignment evaluation frame-
works.

Process reward models, benchmarks, and
EST-PRM positioning. Process reward mod-
els (PRMs) were introduced to enable dense,
step-level supervision for reasoning tasks. Early
open-source formulations such as those of Light-
man et al. (2024) and Wang et al. (2024) estab-
lished the basic paradigm of process-level scor-
ing. Subsequent higher-capacity variants, includ-
ing Skywork-PRM (He et al., 2025) and Qwen2.5-
Math-PRM (Zhang et al., 2025), improved cover-
age and performance on mathematical reasoning
benchmarks. Existing evaluation suites for PRMs
mainly focus on detection of naturally occurring or
synthetically injected reasoning errors at the step
level and achieve strong baseline reliability under
distribution shifts and adversarial error conditions.
EST-PRM stands as complementary to this line of
work: rather than evaluating whether a PRM iden-
tifies incorrect steps already present in the data, it
tests whether PRM scores remain invariant under
label-preserving transformations that do not alter
correctness. Table 1 summarizes the relationship
between EST-PRM and prior evaluation method-
ologies.

3 The EST-PRM Framework

A process reward model is a function
PRM(q, s1, . . . , sk) ∈ R that scores a rea-
soning chain (s1, . . . , sk) for a question q. We
write x = (q, s1, . . . , sk) for a scored chain and
Y (x) ∈ {0, 1} for its ground-truth correctness
label. A stress transformation A maps x to a
modified chain A(x) while preserving both the
final answer and the ground-truth label, so that
Y (A(x)) = Y (x). Because Y is by construction
unchanged, any movement of the PRM score from
SP (x) to SP (A(x)) is a movement that cannot
be justified by correctness, and is therefore the
quantity we want to measure. Table 1 summa-
rizes how EST-PRM differs from existing PRM
evaluation methodologies. While reward hacking
and superficial-feature reliance are established
concerns in reward modeling, existing PRM
benchmarks primarily emphasize error detection.
EST-PRM instead evaluates whether PRM scores

Table 1: Comparison of PRM evaluation method-
ologies. EST-PRM evaluates PRM invariance and
exploitability under correctness-preserving structural
transformations, complementing existing benchmarks
that primarily evaluate natural-error detection.

Work Unit tested Perturbation PRM spe-
cific?

Dense
attack?

ProcessBench Process steps Natural errors Yes No
PRMBench Process steps Step-level errors Yes No
RewardBench Outcome re-

ward
Diverse heuristic/LLM
errors

No No

RLHF Hack-
ing

Outcome re-
ward

Adversarial inputs,
mostly outcome-level

No No

EST-PRM
(ours)

Process steps Step inflation, position
shifts, confidence per-
turbations

Yes Yes

remain invariant under correctness-preserving
structural transformations and whether such
transformations can be exploited to inflate scores.
Our contribution is therefore not the discovery
of reward hacking itself, but a PRM-specific
evaluation framework that combines dense step-
level attacks, label-preserving transformations,
separate measurements of reward inflation and
correctness-signal degradation, cross-model
vulnerability profiling, and human validation of
attack validity.

EST-PRM measures two such movements. The
first is reward inflation: the transformed chain re-
ceives a higher score even though its correctness
label is unchanged. The second is correctness-
signal degradation: across the benchmark, the
correlation between PRM score and correctness
weakens after the transformation is applied. These
are not redundant. A PRM can inflate individual
scores without losing population-level correlation
(if inflation is consistent across both correct and
incorrect chains), and it can lose correlation with-
out any net inflation (if scores are merely shuffled
within the existing range). Separating the two is
the central diagnostic move of the framework.

Definition 1 (Correlation collapse). Let B =
{(xj , yj)}nj=1 be a benchmark with nonconstant
labels, and let SP (x) be the scalar score assigned
by PRM P to chain x. The correlation collapse of
P under transformation A on B is

∆ρ(P,A, B) = ρ
(
SP (X), Y

)
−ρ

(
SP (A(X)), Y

)
,

(1)
where ρ is the Pearson correlation over the empir-
ical distribution induced by B.

Definition 2 (Score inflation and score-inflation
rate). The mean score inflation of P under A on
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Figure 1: The EST-PRM pipeline. A question and its corresponding honest reasoning chain are subjected to a
label-preserving attack transformation. Process reward model (PRM) scores are then evaluated before and after
transformation to quantify correlation collapse and reward inflation, thereby isolating vulnerabilities arising from
structurally induced reward gaming.

B is

∆S(P,A, B) =
1

n

n∑

j=1

[SP (A(xj))− SP (xj)] .

(2)
For a threshold τ > 0, the score-inflation rate is

Iτ (P,A, B) =
1

n

n∑

j=1

1
{
SP (A(xj))

> (1 + τ)SP (xj)
}
.

(3)
The main experiments use τ = 0.1.

A concrete illustration of what each transforma-
tion does on a short example chain is given in Ap-
pendix G (Table 12), together with the full attack
templates and the dependency-graph construction,
strict eligibility algorithm, and rejection categories
are provided in Appendix L.

3.1 Formal Vulnerability Analysis
The empirical patterns we report in Section 5 are
not arbitrary observations; each attack class is de-
signed to exploit a structural property of common
PRM scoring schemes. We make this connection
precise here by isolating two such properties and
giving conditions under which each attack class
can or cannot move the score.

Definition 3 (Mean-aggregated PRM). A PRM is
mean-aggregated on a chain (q, s1, . . . , sk) if its
scalar chain score can be written as

SP (q, s1, . . . , sk) =
1

k

k∑

i=1

ri, (4)

where ri = PRMi(q, s1, . . . , si) is the reward as-
signed to the ith step under the model’s native
scoring format.

Definition 4 (Position-invariant PRM). A PRM
is position-invariant on a class of dependency-
preserving permutations Π if

SP (q, sπ(1), . . . , sπ(k)) = SP (q, s1, . . . , sk) (5)

for every π ∈ Π. Failure of this condition means
that at least one allowed permutation changes the
score while preserving the multiset of reasoning
steps and the final-answer label.

With these properties named, the effect of step-
inflation on a mean-aggregated PRM follows di-
rectly from arithmetic.

Theorem 5 (Step-inflation under mean aggre-
gation). Let P be mean-aggregated on a chain
(s1, . . . , sk) with average step reward r̄. Sup-
pose a step-inflation transformation inserts m ad-
ditional restatement steps whose average reward
under the same PRM is r̄ins. The transformed
score is

SP (Astep(x)) =
kr̄ +mr̄ins
k +m

, (6)

and the score change is

SP (Astep(x))−SP (x) =
m

k +m
(r̄ins − r̄) . (7)

Thus step-inflation increases the mean-aggregated
score if and only if r̄ins > r̄.

Proof. The original score is SP (x) =
k−1

∑k
i=1 ri = r̄. After insertion, the nu-

merator of the mean score is the sum of the
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original k rewards and the inserted m rewards,
giving (kr̄ + mr̄ins)/(k + m). Subtracting r̄
yields m(r̄ins − r̄)/(k +m).

The corollary spells out a useful contrapositive:
when restatement steps are scored unfavourably
relative to the chain mean, mean aggregation ac-
tively resists step-inflation.

Corollary 6 (Restatement penalty). For a mean-
aggregated PRM, step-inflation cannot produce
positive mean score inflation on a chain whenever
the inserted restatement steps receive lower aver-
age reward than the original steps.

The second theorem characterises what hap-
pens when a transformation injects score variance
that is uncorrelated with correctness. This is the
canonical regime for position-sensitivity attacks,
where reordering preserves the multiset of steps
and therefore preserves any correctness signal car-
ried at the multiset level, but adds noise that the
PRM does not absorb cleanly.

Theorem 7 (Correlation degradation under cor-
rectness-independent perturbations). Let Y be a
nonconstant correctness label, let S be the hon-
est PRM score with variance σ2

S > 0, and let
S′ = S + η be the score after a label-preserving
transformation. Suppose η is centred, uncorre-
lated with Y , and uncorrelated with S, with vari-
ance σ2

η ≥ 0. Then

ρ(S′, Y ) = ρ(S, Y )
σS√

σ2
S + σ2

η

. (8)

Consequently, when ρ(S, Y ) > 0, the correlation
collapse is

∆ρ = ρ(S, Y )


1− σS√

σ2
S + σ2

η


 , (9)

which is nonnegative and is strictly positive when-
ever σ2

η > 0.

Proof. Because η is uncorrelated with Y ,
Cov(S′, Y ) = Cov(S + η, Y ) = Cov(S, Y ).
Because η is uncorrelated with S, Var(S′) =
Var(S) +Var(η) = σ2

S + σ2
η . Pearson correlation

is covariance divided by the product of standard
deviations, yielding the result.

These two results give a clear theoretical lens
for the experiments. Theorem 5 predicts that a
mean-aggregated PRM whose restatement scores

hover near the chain mean will show step-inflation
∆ρ without large mean score change, while a
PRM whose restatement scores exceed the chain
mean will show both. Theorem 7 predicts that po-
sition attacks should produce correlation collapse
roughly proportional to the variance of position-
induced noise, with relatively little movement in
the mean score. We test both predictions directly
in Section 5.

4 Experimental Protocol

To provide a targeted structural stress test, we gen-
erate 5,000 reasoning chains spanning 1,000 dis-
tinct problems, drawn in equal proportion from
MATH-500 (400), GSM8K (400), and PRMBench
(200). After preprocessing, 4,687 chains are re-
tained. Unless otherwise stated, all main attack
metrics are computed on this retained set; the po-
sition analysis uses the 3,742 chains satisfying
the strict position-eligibility criterion. The re-
sulting candidate-pool accounting and eligibility
breakdown for the downstream selection experi-
ment are provided in Appendix C. We character-
ize these experiments as a targeted structural stress
test rather than a comprehensive robustness eval-
uation: the transformations are controlled probes
designed to isolate specific structural failure hy-
potheses. The scope is limited to these probes
and the complementary template-free naturalistic
clarity-edit experiment in Appendix J; adaptive,
jointly optimized, multilingual, code, dialogue,
and multimodal attacks remain outside the present
coverage. Failure on the controlled probes, to-
gether with the template-free naturalistic-edit ev-
idence, is sufficient to show that accuracy on nat-
ural, unmodified reasoning traces alone does not
certify structural robustness. Conversely, passing
the evaluated probes should not be interpreted as
evidence of comprehensive robustness.

Chain Generation and Corrupted-Chain Vali-
dation For each problem, we generate five rea-
soning chains with Meta-Llama-3-70B-Instruct
decoded at temperature T = 0.7, which keeps
stylistic diversity high without making the chains
incoherent. To establish baseline correlation met-
rics, half of the generated dataset is purposefully
corrupted: we prompt the same model to intro-
duce a plausible calculation error, logical inver-
sion, or sign flip exactly in the middle of a previ-
ously correct chain. The corruptions are designed
to be locally smooth, so that the surface style of
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the chain does not change but the underlying rea-
soning does.

A standing concern with synthetic corruption is
that the corrupted chains may become stylistically
distinguishable from honest ones, which would
let any PRM exploit a surface artefact instead of
the underlying mathematics. We therefore vali-
date the corruption pipeline. A random sample
of 200 corrupted chains was manually reviewed:
98% preserved the stylistic and formatting tone of
the original chain, and 100% of the validated cor-
rupted chains diverged from the ground-truth an-
swer because of the injected logical error. Invalid
or ambiguous corruptions were excluded from the
retained evaluation set, so that the benchmark tests
whether PRMs detect mathematical faults rather
than formatting artefacts.

Automatic Correctness Labeling Ground-truth
binary correctness labels Y ∈ {0, 1} are assigned
automatically. We extract the final boxed answer
from each chain and compare it to the dataset’s
ground truth using SymPy for alge- braic equiva-
lence, which handles minor symbolic differences
(such as 1

2 versus 0.5) without overfit- ting to lit-
eral string match. The initial extraction failure
rate across all generated chains was 2.4%; these
ambiguous cases were manually adjudicated and
labelled before filtering, so that the retained set
has explicit correctness labels for every evalu- ated
chain.

Evaluation Settings The PRM set comprises
Math-Shepherd-7B, Qwen2.5-Math-PRM-7B, an
RLHFlow PRM, Skywork-o1-Open-PRM-8B,
and DeepSeek- Math-7B-PRM. The LLM-as-
critic baseline uses Meta-Llama-3-8B-Instruct.
The submitted baseline uses a scalar chain-level
score; a dense stepwise critic with mean aggrega-
tion is evaluated separately in Appendix K as a
granularity-matched control. We fix the random
seed to 42 and compute 10,000 problem-cluster
bootstrap resamples to report 95% confidence
intervals across the primary metrics. We also
include paired multiplicity controls for step infla-
tion, confidence injection, and position sensitivity
to distinguish structured vulnerabilities from pool
expansion or surface-format effects.

For the primary analysis, the native PRM chain
score is the arithmetic mean of the per-step scores.

We define the inflation statistic as

I0.1 =
1

n

∑

j

1{S(A(xj)) > 1.1S(xj)} ,

while paired mean score change is reported sep-
arately. Additional aggregation rules, including
minimum, maximum, final-step, and geometric
mean, are evaluated separately as sensitivity anal-
yses. Full scoring, inference, calibration, and im-
plementation details are provided in Appendix M.
Step inflation and confidence injection are eval-
uated on the retained 4,687-chain source pool.
The revised position analysis uses a single pre-
specified reward-front-loaded topological order on
the 3,742 strictly eligible chains; the remaining
945 chains receive no position-transformed view.
Additional aggregation rules, including minimum,
maximum, final-step, and geometric mean, are
evaluated separately as sensitivity analyses (Ap-
pendix H, Table 13). Full experimental details,
including the prompts and implementation proce-
dures, are provided in Appendices E and N.

Validation of Label Preservation The validity
of our framework relies on the as- sumption that
the applied transformations preserve correctness
labels. We empirically validate this as- sumption
through human annotation. Three ex- pert annota-
tors independently evaluated a strati- fied sample
of 500 attacked chains across all three perturba-
tion classes. Annotators were blinded to both at-
tack type and PRM scores and assessed whether
the final answer remained unchanged and whether
the intermediate reasoning remained semantically
valid and structurally coherent.

Because position reordering presents the great-
est semantic risk, we additionally perform a
position- only blind audit of 300 chains. On
this audit, 94.7% preserved the final answer and
89.0% preserved the intermediate reasoning and
local justification, corresponding to an estimated
invalidity rate of 11.0%. Applying the strict eligi-
bility rule yields a subset of 239 chains, for which
answer preservation increases to 99.2% and rea-
soning preservation to 97.5%, with a residual inva-
lidity rate of 2.5%. See Table 2 for the human vali-
dation results. The complete annotation rubric and
adjudication criteria are provided in Appendix F.

The strict position procedure rejects transforma-
tions that violate dependency, discourse, corefer-
ence, scope, or local-justification constraints. The
final answer step is kept fixed, and among cur-
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Table 2: Human validation of label preservation for po-
sition transformations. “Answer preserved” indicates
that the final mathematical answer remains unchanged,
while “Reasoning preserved” indicates that the inter-
mediate reasoning remains semantically valid and lo-
cally justified.

Validation Answer
pres.

Reasoning
pres.

Invalid
rate

Position-only blind
audit (n = 300) 94.7% 89.0% 11.0%

Strict-eligibility
subset (n = 239) 99.2% 97.5% 2.5%

rently available nodes in the dependency graph,
the primary position transformation selects the
node with the largest native reward, with ties
broken by the original step index. This pro-
duces a fixed reward-front-loaded topological or-
der. Reverse- topological and reward-back-loaded
orders are retained only as sensitivity analyses.

Applying the strict eligibility rule to the com-
plete source pool yields 3,742 chains with an ad-
missible position transformation. The remaining
945 chains receive neither a position attack nor its
paired multiplicity control. Thus, the revised posi-
tion results do not claim invariance over arbitrary
presentation orders; they measure sensitivity to the
specified reward-front-loaded reorder under sub-
stantially stronger structural and semantic validity
checks.

5 Empirical Evaluation

The empirical evaluation is conducted in two
stages. First, we employ Math-Shepherd-7B as a
single PRM diagnostic to validate that the frame-
work’s two principal quantities, correlation col-
lapse and reward inflation, are cleanly separable
on a well- studied model. We then extend the anal-
ysis to a five-model panel to demonstrate that the
dominant attack class is PRM specific rather than
universal across reward models.

Math-Shepherd as a Diagnostic Probe We be-
gin with Math-Shepherd-7B over the retained
4,687-chain dataset. The baseline point-biserial
Pearson correlation between Math-Shepherd’s
chain score and binary correctness is ρ =
0.381 ± 0.012, indicating nontrivial but imper-
fect discrimination. Additional discrimination di-
agnostics, including AUROC, AUPRC, and bal-
anced accuracy, are reported in Appendix I. EST-
PRM therefore focuses on whether this existing

correctness-aligned signal remains stable under
label-preserving structural transformations. Ta-
ble 3 reports the correlation collapse and reward
inflation outcomes.

Table 3: Math-Shepherd-7B on 4,687 retained chains.
ρbase is the point-biserial Pearson correlation between
the mean native step score and binary chain correct-
ness. ∆ρ = ρbase − ρattack, with positive values indi-
cating loss of correctness-aligned signal. “Score infla-
tion” denotes the paired mean score change, and “infla-
tion rate” denotes the percentage of chains whose rel-
ative score increases by more than 10%. Uncertainty
intervals are 95% problem-cluster bootstrap intervals.

Attack ∆ρ Score infl. Infl. rate

Step-infl. 0.128± .023 −0.027± .009 22.4± 3.1%
Position Sensitivity 0.139± .031 +0.018± .006 29.7± 4.2%
Confidence 0.011± .004 −0.003± .001 6.5± 1.2%

The pattern aligns with the diagnostics in Sec-
tion 3.1. Step-inflation reaches ∆ρ = 0.128
but has a slightly negative mean score change of
−0.027, which is the regime described by Corol-
lary 6: the restatement steps receive marginally
lower average reward than the original steps,
so mean aggregation does not lift the overall
score even though the correlation with correctness
weakens.Position-sensitivity reaches ∆ρ = 0.139
with a positive mean score change of +0.018 and a
29.7% inflation rate, which is the regime described
by Theorem 7: the fixed reward-front-loaded topo-
logical reorder injects score variation that is not
absorbed by correctness, so correlation drops and
individual scores move. In contrast, random neu-
tral filler controls yield a statistically insignificant
∆ρ = 0.012 ± 0.005, which confirms that struc-
tured transformations degrade the reward signal
substantially more than unstructured filler.

Multi-PRM Vulnerability Profiles Two PRMs
trained on different base models and with different
objectives may inherit different structural proper-
ties, and the three attacks should reveal those dif-
ferences. We therefore expand the evaluation to
five process-reward-style models and the LLM-as-
critic baseline. Table 4 reports the correlation col-
lapse across models, Table 5 reports the matching
score-inflation rates, and Figure 2 visualises the
per-model profile.

The two tables and the figure tell a consis-
tent story: the vulnerability profile is model-
specific rather than universal. Math-Shepherd and
Skywork-PRM share a dominant failure mode in
position-sensitivity, where reordering steps causes
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Table 4: Correlation collapse ∆ρ across five process-reward-style models, an LLM critic, and three attacks. Step-
inflation and confidence-injection use the retained 4,687-chain benchmark, whereas the revised position analysis
uses the 3,742-chain strict-eligibility subset. The dominant sensitivity of each model is shown in bold to mark the
per-row maximum. 95% bootstrap confidence intervals are shown.

Model ρbase Step Inflation Position Confidence

Math-Shepherd-7B 0.381± .012 +0.128± .023 +0.139± .031 +0.011± .004
Qwen2.5-Math-PRM-7B 0.434± .014 +0.089± .017 +0.035± .011 +0.015± .005
RLHFlow-PRM-8B 0.100± .011 −0.059± .021 −0.014± .009 +0.002± .004
Skywork-o1-Open-PRM 0.412± .015 +0.048± .013 +0.115± .029 +0.020± .006
DeepSeek-Math-PRM 0.395± .013 +0.093± .020 +0.049± .014 +0.010± .003
Llama-3-8B-Critic 0.340± .010 +0.010± .005 +0.014± .006 +0.006± .002

MathShep

Qwen2.5

RLHFlow
Skywork

DeepSeek0

0.1

0.2

0.3

C
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tio
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C
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ρ
)

Step-Inflation Position-Sensitivity Confidence-Injection

Figure 2: Model-by-attack profile of correlation col-
lapse (∆ρ). Negative collapse (RLHFlow) is floored to
zero for visualization. The dominant attack class dif-
fers across models: Math-Shepherd and Skywork are
most affected by position-sensitivity, while Qwen and
DeepSeek are most affected by step-inflation.

Table 5: Score-inflation rates (relative score increase >
10%) showing model-specific exploitation risks. Per-
row maxima are bolded.

Model Step infl. Pos infl. Conf infl.

Math-Shepherd 22.4± 3.1% 29.7± 4.2% 6.5± 1.2%
Qwen2.5-PRM 47.6± 4.3% 21.5± 3.7% 13.9± 2.1%
RLHFlow-PRM 1.9± 0.7% 1.4± 0.6% 2.8± 1.0%
Skywork-PRM 11.8± 2.4% 30.2± 4.7% 9.5± 1.8%
DeepSeek-PRM 38.8± 3.9% 15.1± 2.8% 8.1± 1.4%

both the largest correlation drop and the highest in-
flation rate, suggesting that their per-step rewards
mix step content with absolute step position more
than the other models. The corresponding dataset-
level breakdown of these dominant vulnerability
modes, together with the exact post-filter sam-
ple counts, is reported in Appendix D. Qwen2.5-
Math-PRM and DeepSeek-PRM, by contrast, are
most exposed to step-count manipulations under
the tested aggregation, with Qwen2.5-Math-PRM
showing a striking 47.6% inflation rate under step-
inflation. This pattern of architecture-specific spu-

rious correlations between PRM scores and su-
perficial features of the reasoning chain is consis-
tent with broader observations of spurious-feature
reliance in reward models and with mechanistic
studies of how reward models encode position-
related signals. Prior work has shown that con-
tinual adaptation can induce unintended or spu-
rious dependencies in language models (Zheng
et al., 2025), while mechanistic analyses of con-
tinual fine-tuning have further linked such be-
havioral changes to alterations in the model’s in-
ternal representations (Lundstrom-Imanov, 2026).
RLHFlow-PRM shows negative or near-zero col-
lapse on all attacks, but its baseline correlation is
also very low (ρbase = 0.100), so the result mostly
reflects that there is little signal there to degrade.
The scalar LLM-as-critic control exhibits substan-
tially smaller correlation collapse than the most
vulnerable PRMs. The dense stepwise critic in
Appendix K likewise shows substantially smaller
collapse. We interpret these results as a control
comparison, not evidence that zero-shot critics are
generally preferable to PRMs. Additional visual
analyses of attack effects, influence rates, model-
specific robustness patterns, score inflation, miti-
gation behavior, and dataset filtering are provided
in Appendix O.

A complementary view of the same effect ap-
pears in the score-distribution plot of Figure 3.
Before the attack, correct and corrupted chains
form well-separated modes; after the position
attack, the corrupted distribution drifts toward
higher scores while the correct distribution re-
mains broadly anchored, and the two populations
begin to overlap. The visual pattern is exactly
what Theorem 7 predicts when a correctness-
independent noise term is added to the score: co-
variance with Y is preserved, variance grows, and
correlation shrinks.
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Figure 3: Empirical kernel-density estimates of Math-
Shepherd score distributions for correct and corrupted
chains before and after position-sensitivity attacks. Co-
ordinates are exported from the released plotting script
rather than hand-specified schematic curves. The at-
tack blurs the separation between correct and corrupted
chains by moving corrupted-chain scores toward the
positive-reward region.

6 Mitigations

The vulnerability profiles in the previous section
motivate two lightweight defenses targeting com-
plementary aspects of the dense-reward attack sur-
face. We evaluate them using five-fold problem-
level cross-fitting on the Math-Shepherd PRM,
with thresholds calibrated on training folds and
evaluated on held-out problems. Throughout this
section, SP (x) denotes the primary PRM score
and A(x) a transformed chain.

The first defense, view-consistency flagging,
detects disagreement between the source and
transformed views. The second, a hybrid de-
tector, combines PRM–critic disagreement, view
inconsistency, and the residual from a score-
versus-step-count fit. The PRM–critic combi-
nation draws on the reward-ensembling intuition
of (Ramé et al., 2024). Thresholds are selected
within each training fold to maintain an honest-
chain false-positive rate of at most 5%.

The view-consistency detector achieves an AU-
ROC of 0.78 ± 0.02, while the hybrid detector
reaches 0.81± 0.02. In downstream selection, the
hybrid recovers Math-Shepherd attacked-pool ac-
curacy from 61.6% to 66.2%, compared with a
clean source-only accuracy of 68.4%. These re-
sults provide a useful mitigation baseline, but do
not constitute a complete solution; deployment-
grade robustness likely requires robustness-aware
PRM training rather than post hoc thresholding
alone. Further details and full results are provided
in Appendix B.

7 Conclusion

Process reward models are becoming load-bearing
in language-model training, and the framework
that depends on them rests on a trustworthi-
ness assumption that should be tested under
label-preserving transformations rather than as-
sumed. The EST-PRM evaluation across 4,687
retained chains and five public process-reward-
style models reveals PRM-specific vulnerabil-
ity profiles: Math-Shepherd and Skywork-PRM
are dominantly sensitive to position-sensitivity,
while Qwen2.5-Math-PRM and DeepSeek-PRM
are dominantly sensitive to step-inflation. The
same PRM that wins on natural-input accuracy can
therefore lose on operational robustness, and the
loss is patterned rather than random.

These findings suggest that PRM deployment
should treat label-preserving robustness as a first-
class evaluation objective rather than relying only
on natural-trace agreement.

Limitations

Our study has some limitations. First, the attack
strategies considered in EST-PRM are intention-
ally simple and do not involve adaptive or jointly
optimized policies. Consequently, more sophisti-
cated adversaries that co-optimize transformations
with reward maximization may expose additional
failure modes beyond those identified in this work.

Second, our evaluation is restricted to mathe-
matical reasoning tasks. While this setting is stan-
dard for process reward models, it remains unclear
whether the observed vulnerability profiles gener-
alize to other domains, including code generation,
dialogue reasoning, or multimodal tasks.

Third, human validation is limited to 500
sampled chains. Although this provides evi-
dence of systematic degradation, particularly un-
der position-sensitivity attacks (Table 2), a larger-
scale annotation study would improve the reliabil-
ity and statistical strength of these findings.

Finally, the mitigation strategies considered in
this work are simple and stationary, and do not
incorporate learned or adaptive defense mecha-
nisms that may offer stronger robustness through
dynamic responses to structural perturbations.

These limitations leave open the need for
stronger adaptive attack formulations, broader
evaluation beyond mathematical reasoning, and
learned or model-aware defenses that explicitly
account for label-preserving transformations.
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Societal Impact and Who May Be Harmed

A PRM that systematically rewards redundant,
overconfident, or misleadingly ordered reasoning
can amplify incorrect chains when used for ed-
ucational feedback, scientific-assistance ranking,
or safety-critical decision support. The immedi-
ate risk is not that EST-PRM attacks alter a correct
answer; it is that a learned evaluator may prefer-
entially select or reinforce an incorrect chain be-
cause of superficial presentation. Users most af-
fected are those who rely on the evaluator’s rank-
ing without independently verifying the underly-
ing reasoning. EST-PRM is an evaluation tool and
should not be interpreted as certifying a PRM for
high-stakes deployment.
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A Extended Related Work

Beyond direct PRM evaluation, related work also
studies proxy-gaming analyses, the reliability of
learned evaluators through calibration methods,
reinforcement learning pipelines that depend on
intermediate reward signals, and reasoning opti-
mization and alternative supervision signals.

Reasoning optimization and alternative su-
pervision signals. A growing set of recent
reasoning-optimization systems explores alterna-
tive ways of transforming sparse correctness sig-
nals into stronger training and selection signals.
These include SDPO (Hübotter et al., 2026), G-
OPD (Yang et al., 2026b), REOPOLD (Ko et al.,
2026), Nemotron-Cascade 2 (Yang et al., 2026c),
OpenClaw-RL (Wang et al., 2026), RLSD (Yang
et al., 2026a), and SRPO (Li et al., 2026), which
explore combinations of dense feedback, self-
distillation, sample routing, and reward-based fil-
tering. These approaches have demonstrated
strong performance in challenging reasoning set-
tings. For instance, Nemotron-Cascade 2’s
30B mixture-of-experts model (Fedus et al.,
2022; Jiang et al., 2024) achieves gold-medal
performance on the International Mathematical
Olympiad and the International Olympiad in Infor-
matics while activating only 3B parameters (Yang
et al., 2026c), while REOPOLD shows that a 7B
student can match a 32B teacher while achiev-
ing 3.3× faster inference (Ko et al., 2026). Al-
though these systems share the broader goal of im-
proving the reliability and effectiveness of reason-
ing optimization signals, they differ substantially
in their training and evaluation mechanisms and
do not necessarily employ process reward models.
These methods therefore provide broader context
for the importance of reliable optimization signals,
but are not directly evaluated by EST-PRM.

Reward hacking and proxy gaming. Reward
hacking and proxy gaming have been studied ex-
tensively in learned reward functions and align-
ment objectives (Amodei et al., 2016; Manheim

and Garrabrant, 2018; Casper et al., 2023; Akter
et al., 2026b). Benchmarking frameworks such as
RewardBench (Lambert et al., 2024) test suscepti-
bility to formatting artifacts, heuristic exploitation,
and stylistic shortcuts at the level of scalar out-
come rewards. These approaches rely on whole-
response evaluation, where a single aggregated
score or judgment applies to the full output. In
contrast, PRMs define a structured scoring regime
over intermediate reasoning steps, which yields a
more fine-grained but also more fragile evaluation
surface. EST-PRM extends proxy-gaming analy-
sis to this dense-reward setting. It fixes final cor-
rectness and varies reasoning structure to isolate
sensitivity of step-level scoring functions.

Calibration and uncertainty estimation.
Calibration-based analyses of model confidence
provide a related but distinct perspective on
reward reliability. Classical calibration tech-
niques such as temperature scaling and Platt
scaling (Platt, 1999; Guo et al., 2017) measure
misalignment between predicted probabilities and
empirical correctness. More recent conformal
prediction and uncertainty quantification meth-
ods for language models (Quach et al., 2024;
Mohri and Hashimoto, 2024; Kumar et al., 2023;
Akter et al., 2026a) extend this framework to
distribution-free uncertainty estimation. These
methods focus on predictive reliability under nat-
ural data variation and do not address invariance
under structure-preserving transformations. EST-
PRM instead evaluates whether the scoring signal
itself allows systematic manipulation without
change in semantic correctness, which exposes
a complementary failure mode not captured by
calibration-based analyses.

RL pipelines, learned evaluators, and decoding.
A broader line of work studies reinforcement
learning pipelines with learned or hybrid reward
signals, including self-distillation and sparse-
reward augmentation frameworks (Hübotter et al.,
2026; Wang et al., 2026; Ko et al., 2026; Yang
et al., 2026a; Li et al., 2026; Buening et al., 2026),
which build on the RLHF paradigm (Ouyang
et al., 2022). These approaches should be dis-
tinguished from process reward modeling: PRMs
assign correctness-oriented scores to intermedi-
ate reasoning steps, whereas RLVR typically uses
outcome-level verifiable rewards and distillation
methods optimize teacher–student agreement or
related distribution-matching objectives. Conse-
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quently, the robustness question studied by EST-
PRM is specific to PRM-style intermediate-step
evaluation and does not directly extend to RLVR
rewards or teacher–student distillation signals.

Test-time strategies such as process-supervised
search (Snell et al., 2024) and verification-oriented
decoding schemes (Leviathan et al., 2023; Chen
et al., 2023; Li et al., 2024; Cai et al., 2024; Fu
et al., 2024) also depend on the reliability of in-
termediate scoring or verification signals. EST-
PRM focuses on this narrower setting: whether a
PRM’s correctness-aligned signal remains stable
under label-preserving structural transformations
of a reasoning trace. This complements existing
work on natural-trace accuracy, calibration, and
reward-model reliability by testing structural ro-
bustness rather than introducing a general robust-
ness framework for RLVR or distillation.

B Mitigation details and full results

Mitigation protocols We evaluate five mitiga-
tion approaches on Math-Shepherd. Three ap-
proaches use direct post-hoc scoring rules, while
two additional detectors use a common five-fold
problem-level cross-fitting protocol. Because
these approaches use different fitting and thresh-
olding procedures, we report the two groups sepa-
rately.

Post-hoc mitigation methods We first consider
three simple post-hoc defenses.

• Ensemble flagging. The first defense cou-
ples the primary PRM with a lightweight
LLM critic using the conservative score

Sens(x) = min{SP (x), Scritic(x)}.

A transformed chain A(x) is flagged when

Sens(A(x)) > (1 + τ)SP (x).

• Conformal abstention. The second de-
fense follows the split-conformal construc-
tion (Vovk et al., 2005; Angelopoulos and
Bates, 2023; Angelopoulos et al., 2024)
together with the Learn-Then-Test frame-
work (Angelopoulos et al., 2022; Bates et al.,
2021). We compute non-conformity scores

Ej = −SP (xj)

on the calibration set and let q denote the
(1 − α) empirical quantile of the calibration

scores. A transformed chain is abstained on
when

−SP (A(x)) > q.

• Length-normalized flagging. The third de-
fense defines

SLN(x) = SP (x)− λ|x|,

where |x| is the number of steps. A trans-
formed chain is flagged when

SLN(A(x)) > (1 + τ)SLN(x).

Cross-fitted mitigation methods We addition-
ally evaluate view consistency and a hybrid detec-
tor under a common five-fold problem-level cross-
fitting protocol. Each fold uses 800 problems to
estimate detector statistics and the decision thresh-
old and evaluates on the remaining 200 problems.
All chains and views derived from a given prob-
lem remain in the same fold. No attacked view is
used for fitting or threshold selection.

Within each training fold, the decision threshold
is chosen as the smallest threshold whose empiri-
cal false-positive rate on honest chains is at most
5%. Thus, threshold selection uses only honest
training-fold examples and targets the prescribed
FPR level from below.

Each source chain has up to three views: the
original source view, one step-preserving para-
phrase, and one formatting-only view. The
formatting-only view changes presentation while
preserving lexical content, step count, step or-
der, equations, numerical values, and final answer.
A paraphrase that fails validation is not silently
regenerated; the missing-paraphrase condition is
recorded and the detector uses the available views.
An identical paraphrase is retained and contributes
zero paraphrase-induced variation.

As shown in Table 6, the primary structural
stress tests produce substantially larger correlation
collapse and inflation than the corresponding for-
matting, paraphrase, and neutral-text controls. For
downstream selection, attack and control views
are multiplicity matched. The position control is
used to account for formatting and pool-expansion
effects and is not interpreted as a non-adversarial
reordering baseline.

View-consistency flagging. Let V(x) denote the
available views of a source chain and let SP (v) de-
note the primary PRM score for view v. We define
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Table 6: Math-Shepherd control and stress-test comparison. All values in this table are computed for Math-
Shepherd-7B and are not reused for Qwen2.5 or other scorers. We report correlation collapse (∆ρ) and the inflation
rate (relative score increase > 10%). The formatting and paraphrase conditions are label-preserving controls; the
remaining rows are the evaluated structural transformations.

Condition ∆ρ Inflation rate

Whitespace/step-number formatting 0.003± 0.002 2.1± 0.6%
Scorer-specific semantic paraphrase 0.009± 0.004 4.8± 1.0%
Neutral filler 0.012± 0.005 —
Confidence injection 0.011± 0.004 6.5± 1.2%
Step inflation 0.128± 0.023 22.4± 3.1%
Fixed strict-subset position attack 0.139± 0.031 29.7± 4.2%

view inconsistency as the population variance of
the available scores,

V (x) =
1

|V(x)|
∑

v∈V(x)

(
SP (v)− SP (x)

)2
,

where

SP (x) =
1

|V(x)|
∑

v∈V(x)
SP (v).

A transformed view is flagged when its cross-fitted
view-consistency score exceeds the corresponding
training-fold threshold.

Hybrid detector. The hybrid detector equally
combines three training-fold-standardized quanti-
ties: absolute PRM–critic disagreement, view in-
consistency, and the residual from an ordinary-
least-squares fit of PRM score versus step count.
Let the corresponding standardized quantities be
Dz(x), Vz(x), and Rz(x). The hybrid score is

H(x) =
1

3
(Dz(x) + Vz(x) +Rz(x)) .

The resulting score is thresholded using the same
training-fold procedure targeting an honest-chain
FPR of at most 5%.

Table 7: Post-hoc mitigation results on Math-Shepherd.
We report true positive rate (TPR) for attack detection,
false positive rate (FPR) on honest chains, and overall
AUROC.

Mitigation Step (TPR/FPR) Pos (TPR/FPR) AUROC

Ensemble flagging 0.19/0.05 0.34/0.06 0.72 ± .02
Conformal abstention 0.00/0.01 0.00/0.01 0.53 ± .01
Length-normalized flagging 0.13/0.04 0.22/0.05 0.63 ± .02

Full quantitative results The post-hoc defenses
provide limited protection. Ensemble flagging

has the highest AUROC among these methods,
but its absolute detection rates remain modest.
Conformal abstention has near-zero detection in
this setting because attacked scores remain within
the calibration support, while length normaliza-
tion does not directly address structural transfor-
mations whose score changes are not explained by
step count. The corresponding post-hoc mitigation
results are reported in Table 7.

Under the common cross-fitted protocol, view
consistency achieves an AUROC of 0.78 ± 0.02,
while the hybrid detector achieves 0.81 ± 0.02.
The hybrid detector also has higher reported TPR
for both evaluated attack families while maintain-
ing an honest-chain FPR near the prescribed 5%
target. These results indicate that combining com-
plementary signals provides a useful mitigation
baseline, but detection remains incomplete. The
complete cross-fitted mitigation results, including
attacked-pool accuracy, are reported in Table 8.

Effect on downstream selection The down-
stream selection experiment uses the same re-
tained source pool across clean, attack, and paired-
control conditions. Detailed candidate-pool ac-
counting, family-specific eligibility rules, ac-
cepted and rejected transformation counts, attack-
family selection, label inheritance, and bootstrap
procedures are reported separately in Appendix C.

For mitigation, the detector is applied only to
added transformed views. Source candidates are
never removed or rescored. Consequently, the
clean source-only accuracy remains fixed at 68.4%
by construction.

Under the Math-Shepherd fixed-position attack,
the unmitigated attacked pool has accuracy 61.6%,
compared with 68.4% for the clean source-only
pool. View-consistency flagging raises attacked-
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Table 8: Five-fold problem-level cross-fitted mitigation results on Math-Shepherd. Each fold uses 800 training
problems to estimate detector statistics and the decision threshold and 200 held-out problems for evaluation. No
attacked view is used for fitting or threshold selection. The threshold targets an honest-chain FPR of at most 5%.
Attacked-pool accuracy is measured after applying the detector only to added transformed views; source candidates
are never removed or rescored.

Mitigation Step (TPR/FPR) Pos (TPR/FPR) AUROC Attacked-pool accuracy

View consistency 0.36/0.05 0.48/0.05 0.78 ± .02 65.1%
Hybrid detector 0.43/0.05 0.57/0.06 0.81 ± .02 66.2%

pool accuracy to 65.1%, while the hybrid detec-
tor raises it to 66.2%. Thus, the hybrid recovers
4.6 of the 6.8 percentage points lost under the at-
tack, while remaining 2.2 points below the clean
source-only baseline.

This recovery should be interpreted as partial
mitigation rather than complete robustness. Be-
cause source candidates are preserved throughout,
the improvement comes from reducing the abil-
ity of added transformed views to affect selection
rather than from changing the underlying source-
chain scores.

Interpretation and limitations The mitigation
experiments support a limited conclusion. The
evaluated post-hoc defenses detect a nontrivial
fraction of the studied transformed views, and the
cross-fitted hybrid detector provides a useful base-
line for combining complementary detection sig-
nals. However, substantial attack success remains,
and the hybrid detector does not recover the full
clean accuracy.

We therefore do not present these experi-
ments as a complete defense or as evidence
of deployment-grade robustness. Instead, they
show that the studied vulnerability is partially de-
tectable through presentation consistency, PRM–
critic disagreement, and score-versus-length resid-
uals, while also illustrating the limitations of post-
hoc thresholding. Robustness-aware PRM training
and other model-level interventions remain impor-
tant directions for future work.

Finally, the downstream selection experiment
should not be interpreted as evidence of degrada-
tion under full policy optimization or adaptive re-
inforcement learning. It is a controlled fixed-pool
simulation showing that correctness-preserving
structural transformations can alter PRM-guided
selection sufficiently to reduce answer accuracy.

C Downstream selection pool and
eligibility

The downstream selection experiment uses the
same 1,000 retained problems and 4,687 source
candidates across clean, attack, and paired-control
conditions. Attack and control views are added
only when both members of the pair pass the cor-
responding family-specific eligibility checks. A
failed or ineligible view therefore adds neither
candidate, while the original source candidate re-
mains in every condition. The candidate-pool ac-
counting for the downstream selection experiment
is reported in Table 9.

Table 9: Candidate-pool accounting for the down-
stream selection experiment.

Pool
quantity

Step
inflation Position Confidence

Problems retained 1,000 1,000 1,000
Source candidates

retained in every condition 4,687 4,687 4,687

Attack views added 4,687 3,742 4,687
Paired multiplicity-control

views added 4,687 3,742 4,687

Source candidates receiving
neither extra view 0 945 0

The transformation ledger records the eligibility
status of each candidate view and the correspond-
ing family-specific failure reason. Step-inflation
uses one deterministic payload-generation attempt
per eligible boundary, with no regeneration af-
ter failure. The saved ledger contains 4,687 ac-
cepted step-inflation pairs and no rejected pairs.
Confidence injection produces one paired view for
all 4,687 source chains. Strict position produces
3,742 admissible attack/control pairs; the remain-
ing 945 source chains receive neither extra view.

For models with a statistically supported pos-
itive correlation collapse, the highlighted attack
family is selected before downstream evaluation
as the largest positive value in the submitted stress-
test table. Negative values indicate improved cor-
relation and are not treated as vulnerabilities. RL-
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HFlow has no statistically reliable positive col-
lapse; confidence injection is included only as a
near-null comparator because it has the largest
positive point estimate. Selection accuracy is
never used to choose the attack.

A transformed view inherits the source chain’s
answer label. For position, this inheritance is in-
terpreted together with the 2.5% residual invalidity
estimate rather than presented as a perfect seman-
tic guarantee. All selection intervals use 10,000
paired problem-cluster bootstrap replicates.

D Per-Dataset Vulnerability Breakdown

Table 10 reports the exact sample counts after re-
moving invalid or non-parsable chains, and Ta-
ble 11 splits the performance of the dominant
vulnerability modes by source dataset. Step-
inflation remains stronger on GSM8K, where the
average initial reasoning chain is shorter and in-
serted steps therefore carry more proportional
weight. Position-sensitivity is particularly potent
on MATH-500, where deeper reasoning graphs of-
fer more valid permutations that structurally con-
fuse the reward model.

Table 10: Sample counts per dataset after filtering in-
valid or non-parsable chains. The main experiments
use the 4,687 retained chains.

Split MATH-500 GSM8K PRMBench

Initial 2,000 2,000 1,000
Post-filter 1,812 1,930 945

Table 11: Correlation collapse (∆ρ) by dataset split.
Reported for the dominant attack class per PRM.

PRM (Dominant Attack) MATH-500 GSM8K PRMBench

Math-Shep (Position) 0.165 ± .042 0.138 ± .034 0.150 ± .040
Qwen2.5 (Step-Infl) 0.065 ± .015 0.108 ± .021 0.095 ± .019

E Experimental Prompts

We used three prompt templates: one to gener-
ate initial chains, one to corrupt them with a con-
trolled logical error, and one to query the LLM-
as-critic baseline. The chain-generation prompt
asked the model to “solve the following math
problem step-by-step, break your reasoning into
distinct sentences or short mathematical steps, and
end with your final answer enclosed in \boxed{}”,
followed by the question. The corruption prompt
asked the model to “modify exactly one step near

the middle of the chain to introduce a subtle logi-
cal error, arithmetic mistake, or sign flip, ensure
the subsequent steps logically follow from this
new incorrect step, leading to a wrong final an-
swer, and preserve the exact style, formatting, and
tone of the original chain”, followed by the chain.
The LLM-critic prompt asked the model to “act
as a strict mathematical reviewer”, to “evaluate
the following reasoning chain step-by-step”, and
to “output ‘Score: 1.0’ if all steps are correct and
‘Score: 0.0’ if there is a logical or arithmetic flaw
anywhere in the chain”, followed by the chain.
The exact strings used in the experiments are in-
cluded verbatim in the artifact release.

F Annotation Guidelines

Expert annotators were given a three-part rubric
during the human validation phase. They first
checked answer preservation, judging whether the
final boxed answer in the modified chain alge-
braically matched the original chain. They then
checked reasoning preservation, ensuring that no
new mathematical errors had been introduced by
the modification; for step-inflation they verified
that any restatement was factually aligned with
prior steps, and for position-sensitivity they ver-
ified that the reordering did not violate causal
mathematical dependencies (for example, by us-
ing a variable before it was defined). Finally, any
chain receiving a negative judgment in either cate-
gory from a majority of the annotators was flagged
as an invalid attack and removed from the bench-
mark. Annotators were blinded to attack type and
PRM scores throughout.

G Attack Templates and Configuration

Table 12 shows what each transformation does on
a concrete short example chain. The position at-
tack illustrates a valid reordering of independent
steps while preserving the final answer. Position
sensitivity is evaluated using a single pre-specified
reward-front-loaded topological ordering subject
to the dependency constraints described below.

Step-inflation attacks insert template restate-
ment steps drawn from a small fixed pool, in-
cluding “Let me restate what we have so far:
[paraphrase].”, “To summarise the progress so far,
[paraphrase].”, and “Before continuing, I’ll ver-
ify the current state: [paraphrase].” Confidence-
injection attacks prepend each step with a phrase
drawn uniformly from the set {“By a well-known
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Table 12: Concrete illustrations of the three EST-PRM attacks on a short example chain. In every case the final an-
swer ( 10 ) is preserved. The position attack uses a reward-front-loaded topological ordering subject to dependency
constraints, with the final-answer step fixed.

Attack Example transformation (final answer preserved)

Honest chain s1: First, a = 2 · 3 = 6. s2: Independently, b = 5− 1 = 4. s3: Then a+ b = 10. 10

Step-inflation s1: First, a = 2 · 3 = 6. [Let me restate: a is now defined.] s2: Independently, b = 5− 1 =

4. [To summarise: both a and b are computed.] s3: Then a+ b = 10. 10

Position-sensitivity s2: Independently, b = 5− 1 = 4. s1: First, a = 2 · 3 = 6. s3: Then a+ b = 10. 10

Confidence-
injection

s1: Clearly, a = 2 · 3 = 6. s2: By definition, b = 5 − 1 = 4. s3: It is immediate that
a+ b = 10. 10

result,”, “It is immediate that,”, “Clearly,”, “With-
out loss of generality,”, “By definition,”, “Triv-
ially,”, “Obviously,”}.

Position-sensitivity attacks use a single pre-
specified reward-front-loaded topological order-
ing. We first construct a dependency graph over
reasoning steps and permit a step to move earlier
only when the resulting ordering preserves all re-
quired dependencies. The dependency graph in-
cludes variable-definition and consumption edges,
equation–result dependencies, explicit discourse
references, coreference relations, case and scope
dependencies, and local justification dependen-
cies. The final-answer step is always fixed at its
original position. Among otherwise eligible steps,
ties are broken by the original step index. The re-
sulting ordering therefore front-loads the highest-
PRM-reward eligible steps subject to the structural
constraints, without altering the final answer or vi-
olating required reasoning dependencies.

To validate the position construction, we con-
ducted a blind audit of 300 position-transformed
chains. Of these, 239 satisfied the strict eligibil-
ity criteria. Across the full evaluation set, 3,742
chains were strict-eligible under the same proce-
dure, with a residual invalidity rate of 2.5%. These
stricter dependency checks ensure that the posi-
tion transformation changes the ordering of eligi-
ble reasoning steps without introducing new math-
ematical or semantic errors.

H Chain-Level Aggregation Sensitivity

We evaluate five deterministic chain-level ag-
gregators using the same native per-step scores:
arithmetic mean, minimum, maximum, final-step
score, and geometric mean. For position sensi-
tivity, all aggregators use the same fixed reward-
front-loaded order; no row takes a maximum over

multiple position strategies.

Table 13: Correlation collapse under different chain-
level aggregation rules.

Model Aggregation Step Position Confidence

Math-Shepherd Mean 0.128 0.139 0.011
Minimum 0.070 0.092 0.008
Maximum 0.105 0.084 0.013
Final step 0.046 0.089 0.009
Geometric mean 0.119 0.141 0.011

Qwen2.5-PRM Mean 0.089 0.035 0.015
Minimum 0.053 0.028 0.011
Maximum 0.076 0.031 0.017
Final step 0.036 0.020 0.010
Geometric mean 0.083 0.033 0.014

Table 13 shows that structural sensitivity per-
sists across the tested aggregation rules, while its
magnitude and, in some cases, dominant attack
depend on the aggregation rule. Across the ten
displayed model–aggregation settings, the domi-
nant attack profile is unchanged in nine; the ex-
ception is Math-Shepherd under maximum aggre-
gation, where the dominant sensitivity shifts from
position to step-inflation. We therefore treat ag-
gregation as a material design choice rather than
assuming that the arithmetic mean is uniquely rep-
resentative.

I Additional Discrimination Diagnostics

To further characterize the baseline discrimi-
nation of Math-Shepherd-7B, we report AU-
ROC, AUPRC, and balanced accuracy along-
side the point-biserial Pearson correlation for
the composite-position analysis. The baseline
PRM provides nontrivial discrimination, while
the composite-position transformation substan-
tially reduces this signal. Table 14 reports the cor-
responding discrimination metrics for the honest
and attacked chains.
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Table 14: Discrimination diagnostics for Math-Shepherd-7B under the composite-position transformation.

Honest Attacked Change

Pearson/point-biserial 0.381± 0.012 0.229± 0.034 −0.152± 0.038
AUROC 0.741± 0.012 0.653± 0.015 −0.088± 0.014
AUPRC 0.736± 0.013 0.646± 0.016 −0.090± 0.016
Balanced accuracy 0.687± 0.013 0.612± 0.014 −0.075± 0.015

J Naturalistic Structural Edits

We conduct a template-free naturalistic-edit exper-
iment on 600 held-out chains using Meta-Llama-
3-70B-Instruct with the instruction: “make the so-
lution clearer, more explicit, and easier to fol-
low without changing any mathematical claim or
the final answer.” The prompt contains no EST-
PRM attack instructions. Three blinded annota-
tors validate the edits using the same preservation
rubric; 552/600 (92.0%) pass. Among valid ed-
its, 58.2% contain redundant restatement, 24.6%
confidence/discourse markers, and 12.9% local re-
ordering. The controls use the same 552 source
chains, scoring interface, aggregation rule, and
problem-cluster bootstrap as the naturalistic-edit
evaluation. One matched paraphrase control is
generated for each valid naturalistic edit, and all
552 controls pass the preservation check. Natural-
istic edits therefore have the same denominators
as the controls and produce larger correlation col-
lapse, inflation rates, and mean score changes. The
effects are smaller than those of the targeted EST-
PRM transformations but retain the same direction
and model-specific pattern. Table 15 summarizes
the results for the 552 validated naturalistic edits
and their matched paraphrase controls.

K Dense Stepwise LLM-Critic Control

We additionally evaluate a dense stepwise Meta-
Llama-3-8B-Instruct critic, assigning one correct-
ness probability per step and mean-aggregating
them, with the same position transformation. Ta-
ble 16 shows substantially smaller correlation col-
lapse than the most vulnerable PRMs, supporting
the scalar critic as a control comparison rather than
an aggregation artifact.

L Dependency construction and
rejection categories

For each reasoning chain, we construct a depen-
dency graph whose nodes are reasoning steps and
whose directed edges encode constraints that must

be preserved under reordering. Edges include
variable-definition and consumption dependen-
cies, equation–result dependencies, explicit dis-
course and local-justification dependencies, coref-
erence and ellipsis relations, and assumption or
case-scope dependencies. Candidate position
transformations are generated only from topolog-
ical orders of this graph. The final-answer step
is fixed at its original position, and among other-
wise eligible steps the reward-front-loaded order
is selected using the native PRM score, with the
original step index as the tie-breaker.

The complete position-eligibility procedure is
summarized in Algorithm 1. In brief, the pro-
cedure constructs the dependency graph, restricts
candidates to valid topological orders, applies ex-
plicit discourse, coreference, scope, and local-
justification checks, fixes the final-answer step,
and selects the reward-front-loaded order among
the remaining eligible steps.

For transparency, rejected position candidates
are assigned a primary failure category. Table 17
reports the distribution of these rejection cate-
gories among rejected candidates. These cate-
gories describe why a candidate transformation is
ineligible; they are not interpreted as evidence that
every rejected candidate contains a mathematical
error.

All attempted transformations, including ac-
cepted and rejected candidates, are recorded in the
transformation ledger together with their eligibil-
ity flags and rejection reasons. The automated eli-
gibility procedure is complemented by a stratified
blind human audit used to estimate residual inva-
lidity; the audit is not treated as a per-chain human
filtering step.

M Scoring, Inference, Calibration, and
Implementation Details

The main chain score is the mean native step
score. Minimum, maximum, and final-step scores
are direct deterministic sensitivity analyses. For
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Table 15: PRM behavior on 552 validated naturalistic edits and paraphrase controls.

Math-Shepherd Qwen2.5-Math-PRM

Naturalistic Control Naturalistic Control

Correlation collapse (∆ρ) 0.067± 0.018 0.009± 0.004 0.061± 0.016 0.012± 0.005
Inflation rate 16.9± 2.6% 4.8± 1.0% 27.8± 3.4% 6.3± 1.4%
Mean score change +0.010± 0.004 +0.001± 0.002 +0.019± 0.005 +0.003± 0.002

Table 16: Dense stepwise critic: correlation collapse.

Configuration Step Position Confidence

Mean 0.018 ± .006 0.022 ± .007 0.009 ± .003
Minimum 0.013 ± .005 0.017 ± .006 0.008 ± .003

Algorithm 1 Strict position-eligibility and order-
ing

Require: Reasoning chain x = (s1, . . . , sk) and
native step scores r1, . . . , rk

Ensure: Eligible transformed view A(x) or rejec-
tion

1: Construct dependency graph G = (V,E) over
the reasoning steps

2: Add definition/use, equation–result, dis-
course, coreference, scope, and local-
justification edges

3: Enumerate only orders consistent with G
4: Fix the final-answer step at its original posi-

tion
5: Exclude orders violating discourse, corefer-

ence, scope, or local-justification constraints
6: Among remaining eligible steps, sort by de-

creasing ri with original index as the tie-
breaker

7: if no valid order exists then
8: return Reject with eligibility reason
9: else

10: return the resulting reward-front-loaded
order A(x)

11: end if

probability-valued native scores, geometric mean
is exp(k−1

∑
i log(max(ri, 10

−8))). The infla-
tion statistic is

I0.1 =
1

n

∑

j

1[S(Axj) > 1.1S(xj)] ,

where S(xj) and S(Axj) denote the native and
transformed chain scores, respectively. Paired
mean score change is reported separately. with
paired mean score change reported separately.
Submitted results retain their reported uncer-

tainty intervals; all new strict-subset, naturalistic-
edit, dense-critic, discrimination, selection, ag-
gregation, and mitigation analyses use 10,000
problem-cluster bootstrap replicates, keeping all
chains/views from a problem within each resam-
ple.

Balanced-accuracy thresholds are selected
within each training fold to maximize balanced
accuracy on honest/corrupted training chains, with
ties broken by the largest threshold, and evaluated
once on held-out problems. Mitigation uses five-
fold problem-level cross-fitting: normalization
and the OLS score-versus-step-count residual are
fitted on 800 problems, the smallest threshold with
empirical honest-chain FPR ≤ 5% is selected, and
evaluated on 200 held-out problems; no attacked
view is used for fitting.

The dense critic uses Meta-Llama-
3-8B-Instruct with deterministic decod-
ing. The prompt is: “For each num-
bered reasoning step, return only JSON of
the form {"step_probabilities":
[p1,...,pk], where pi is the probability that
step i is mathematically correct given the question
and all preceding steps.” Outputs are checked
for JSON syntax, list length, numeric type,
and probability range, with no repair prompt.
Invalid outputs are not silently dropped. Parser-
valid/attempted counts are 4,687/4,687 for the
original, step-inflation, and confidence views, and
3,742/3,742 for fixed position; metrics use these
valid intersections. Each run records the resolved
repository revision SHA, native chat/reward tem-
plate, maximum input length, truncation side, and
chains excluded for exceeding the native limit.
The per-problem ledger records source-chain
identifiers and accepted/rejected transformation
flags, while problem-cluster resampling ensures
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Table 17: Rejection categories among position candidates. Percentages are computed over rejected candidates.

Category Share Example

Definition/use violation 34.2% Moving a step that uses x before the step defining x
Equation–result dependence 22.8% Moving substitution before the equation whose solution is used
Discourse/local justification 18.4% Moving “therefore” away from the premise it summarizes
Assumption/case-scope violation 13.2% Moving a case-specific conclusion outside its case
Coreference/ellipsis ambiguity 7.9% Moving “this value” before its antecedent
Other/annotator disagreement 3.5% Grammatically valid but locally ambiguous presentation

that chains from the same problem are never
treated as independent.

N Reproducibility Protocol

We provide the implementation details used for
the revised analyses. The protocol is summarized
in Table 18, including dataset composition, chain
generation, step segmentation, correctness label-
ing, attack construction, paired controls, eligibil-
ity criteria, and handling of missing views. The
table specifies the prompts, filtering rules, seeds,
and other analysis settings used to obtain the re-
ported results.

O Supplementary Figures

This section provides additional visual analyses
supporting the EST-PRM evaluation. The fig-
ures summarize the evaluation design, attack ef-
fects, influence rates, model-specific robustness
patterns, mitigation behavior, reproducibility com-
ponents, and dataset filtering statistics.

Figure 4 provides a high-level comparison be-
tween EST-PRM and prior reward-model evalua-
tion benchmarks, emphasizing the role of PRM-
specific and dense adversarial evaluation.

Figure 5 further examines how different at-
tack types affect model scores and influence es-
timates for Math-Shepherd-7B. As shown in Fig-
ure 5, Step-inflation and Position Sensitivity pro-
duce substantially larger effects than Confidence
perturbations, with Position Sensitivity exhibiting
the highest ∆ρ and Influence Rate, while Confi-
dence remains consistently close to zero across all
measures.

Figure 6 visualizes the attack-induced corre-
lation changes across the six evaluated mod-
els. The results reveal substantial variation
in attack sensitivity: Step-inflation produces
the largest ∆ρ for Qwen2.5-Math-PRM-7B and
DeepSeek-Math-PRM, whereas Position is dom-
inant for Math-Shepherd-7B and Skywork-o1-
Open-PRM. In contrast, RLHFlow-PRM-8B ex-

Figure 4: Comparison of PRM evaluation method-
ologies across existing benchmarks and the proposed
EST-PRM framework. The figure illustrates whether
each method is PRM-specific and whether it incor-
porates dense adversarial attacks. Prior work, in-
cluding ProcessBench, PRMBench, RewardBench, and
RLHF Hacking, primarily evaluates models under nat-
ural or outcome-level errors with limited consideration
of dense adversarial settings. In contrast, EST-PRM
explicitly integrates both PRM-specific evaluation and
dense adversarial perturbations (Step-inflation, Posi-
tion, and Confidence attacks), enabling a more compre-
hensive assessment of reward model robustness under
realistic and adversarial conditions.
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Table 18: Complete reproducibility specification for the experimental protocol.

Component Exact specification for analyses

Dataset composition 1,000 problems: 400 MATH-500, 400 GSM8K, and 200 PRMBench; five generations per
problem before preprocessing; 4,687 retained source chains.

Chain generation Meta-Llama-3-70B-Instruct; temperature 0.7; one generation call per candidate; global seed
42; prompt requires separately delimited reasoning steps and a final boxed answer.

Step segmentation Split first on explicit line breaks. Split a line further only at ., ?, or ! followed by whites-
pace and an uppercase letter, digit, or opening parenthesis; exclude decimal points, common
abbreviations, and text inside LaTeX math spans. Remove empty segments and attach a stan-
dalone boxed-answer segment to the preceding step.

Correctness labels Extract the final boxed answer; test algebraic equivalence with SymPy; manually adjudicate
extraction failures; assign the source-chain binary label before transformation.

Step-inflation count and lo-
cations

For k reasoning steps, insert m = min(4, k−1) restatements at deterministic equally spaced
quantiles of the k − 1 non-final boundaries. The retained segmented pool contains no k = 1
chain.

Step-inflation payload Meta-Llama-3-70B-Instruct with deterministic decoding. Exact prompt: Restate only
the mathematical information already established before this
boundary in one sentence. Do not introduce a new variable,
number, premise, operation, or conclusion. Return only the
restatement. The returned sentence is wrapped in one of three fixed Appendix-F
templates selected by seed 42. Each boundary receives one deterministic generation attempt.
If any payload fails the stated validity checks, the entire paired attack/control view is
excluded; there is no regeneration. The saved ledger records 4,687 accepted source-chain
pairs and 0 rejected pairs.

Confidence injection Prefix each reasoning step, excluding a standalone boxed-answer token, with one marker
sampled independently and uniformly from the seven fixed Appendix-F markers using seed
42.

Revised primary position
rule

One reward-front-loaded topological order per strict-eligible chain. Among available nodes,
choose the node with the largest original native step reward; break ties by original step index;
fix the final-answer step. Reverse- topological and reward-back-loaded orders are separate
sensitivity rows.

Submitted position result Retained as the originally reported composite result because the manuscript did not specify
its three-strategy combination clearly enough. It is not used as the revised primary validity
or downstream result.

Position eligibility Add variable definition/use, equation-result, explicit-reference, case/scope, final-answer,
and local-justification edges. Automatic discourse checks use the fixed marker set
{therefore, hence, thus, consequently, from the previous
step, using the above, this value, this result, the former,
the latter} plus antecedent availability. Unresolved pronoun/noun-phrase antecedents
or case-scope markers cause rejection.

Exact paired multiplicity
controls

Position: a multiplicity-matched formatting view using numbering, whitespace, and line-
wrapping changes only; it is not called a semantically matched reorder. Step inflation:
the same count and boundary locations with fixed neutral strings {Continuing the
derivation., Proceeding to the next step., We now continue.}
cycled by seed 42. Confidence: position-matched neutral prefixes {For this step„
At this point„ In the next calculation,}. An attack view is included
only if its paired control is also valid.

Naturalistic edit prompt Meta-Llama-3-70B-Instruct with the chain-generation decoding configuration. Exact instruc-
tion: Make the solution clearer, more explicit, and easier to
follow without changing any mathematical claim or the final
answer. The prompt contains no EST-PRM attack name, template, confidence phrase, or
reordering instruction.

Matched-paraphrase
prompt

Paraphrase each numbered step independently. Preserve the
number and order of steps, every equation, every numerical
value, all assumptions, and the final answer. Do not add or
remove reasoning. Failed/non-preserving outputs are excluded. Identical outputs are
retained and counted as zero-change controls.

View-consistency missing
views

If the paraphrase fails, use the original and formatting views and record a missing-paraphrase
indicator; do not regenerate. An identical paraphrase remains a valid zero-variation view.
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Figure 5: Comparison of attack effects on the Math-Shepherd-7B model under Step-inflation, Position Sensitivity,
and Confidence perturbations. The figure reports ∆ρ, Score Influence, and Influence Rate with corresponding
uncertainty intervals. Step-inflation and Position Sensitivity produce substantially larger effects than Confidence
perturbations. Position Sensitivity yields the largest ∆ρ and Influence Rate, together with a positive Score Influ-
ence, whereas Confidence perturbations remain close to zero across all three measures.

hibits a negative response to Step-inflation, while
the Llama-3-8B-Critic remains comparatively in-
sensitive across all three attacks.

Figure 7 further examines model-specific ex-
ploitation risk by comparing the proportion of
evaluations exhibiting a relative score increase
greater than 10%. As shown in Figure 7,
Qwen2.5-PRM exhibits the highest vulnerabil-
ity to Step-inflation, with an inflation rate of
47.6%, while DeepSeek-PRM shows a similarly
elevated rate of 38.8%. Position-based attacks
are particularly effective against Math-Shepherd
and Skywork-PRM, reaching 29.7% and 30.2%,
respectively. In contrast, RLHFlow-PRM re-
mains comparatively resistant across all three at-
tack types.

Figure 8 visualizes the change in sample
counts before and after filtering invalid or non-
parsable chains. As shown in Figure 8, all three
datasets retain the majority of their initial chains,
with MATH-500 decreasing from 2,000 to 1,812,
GSM8K from 2,000 to 1,930, and PRMBench
from 1,000 to 945. Overall, 4,687 of the ini-
tial 5,000 chains are retained for the main experi-
ments.
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Figure 6: Correlation collapse (∆ρ) across six process-reward-style models and three attacks. Bars show mean
∆ρ with 95% bootstrap confidence intervals. Step-inflation produces the largest collapse for Qwen2.5-Math-
PRM-7B and DeepSeek-Math-PRM, whereas Position is dominant for Math-Shepherd-7B and Skywork-o1-Open-
PRM. RLHFlow-PRM-8B exhibits a negative response to Step-inflation, while the Llama-3-8B-Critic remains
comparatively insensitive across all attacks.

Figure 7: Score-inflation rates for five process-reward models under Step-inflation, Position inflation, and Confi-
dence inflation attacks. Bars show the percentage of evaluations exhibiting a relative score increase greater than
10%, with uncertainty bars representing the reported variability. The dashed line marks the 10% exploitation
threshold. Qwen2.5-PRM and DeepSeek-PRM exhibit particularly high vulnerability to Step-inflation, whereas
Position attacks are most effective against Math-Shepherd and Skywork-PRM.
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Figure 8: Sample counts before and after filtering invalid or non-parsable chains. The graph shows the retained
chains for MATH-500, GSM8K, and PRMBench, with the overall pool decreasing from 5,000 initial chains to
4,687 retained chains used in the main experiments.
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