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Abstract

Process Reward Models (PRMs) are vulner-
able to reward hacking: policies exploit sur-
face cues such as confident phrasing or struc-
tured formatting in place of logical correctness,
which yields an inverted-U collapse under opti-
mization pressure. We propose ARMOR-PRM,
which augments standard PRM training with
three regularizers: a counterfactual margin loss,
an adversarial invariance loss with low-score
anchoring, and a gradient penalty on the reward
head. On ProcessBench (three splits; math ex-
cluded due to training data overlap), ARMOR-
PRM improves Detection Rate by 14.9 per-
centage points and AUROC by 4.1 percentage
points over Vanilla PRM, and is the only variant
whose Best-of-N reranking accuracy improves
monotonically through N = 128. A domain-
shift diagnostic further shows that objective-
level robustness and data coverage are distinct
but complementary axes: ARMOR-PRM re-
sponds best to iterative hard-negative retraining,
suggesting a practical two-stage deployment
path.

1 Introduction

Process Reward Models (PRMs) score each in-
termediate step in a reasoning chain, providing
denser supervision than Outcome Reward Models
that only score the final answer (Lightman et al.,
2024; Wang et al., 2024). This step-level signal is
used both for inference-time Best-of-N reranking
and as a reward function for online reinforcement
learning (RL) in agentic tasks (Setlur et al., 2025;
Luo et al., 2024). The same granularity that makes
PRMs attractive also enlarges the attack surface: a
policy can manipulate individual steps, not just the
terminal output.

Under optimization pressure, the proxy reward
and the true task performance drift apart, produc-
ing an inverted-U curve (Gao et al., 2023; Cobbe
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et al., 2021). We attribute this to shortcut learn-
ing (Geirhos et al., 2020; Du et al., 2023): PRMs
come to treat confident phrasing and structured for-
matting as proxies for logical validity. For example,
a step with an algebraic sign error scores 0.35 under
a standard PRM; prepending “By the triangle in-
equality, it follows directly that...” raises the score
to 0.72 with the error intact. In agent environments,
the same mechanism produces phantom execution:
a policy claims to execute actions it never issues,
inflating per-step scores without producing task
progress.

We formalize this as exploitability: the expected
maximum reward by which an adversarially dis-
guised flawed step can exceed a correct step,

5(R9) = E(T+,T_)N7T

max
F=eN(T7) (1)

max(0, Rg(7~) — Ro(77))]

where N, (77) is the adversarial neighborhood of a
flawed step 7~ (§3.1), and (7, 77) are paired cor-
rect/flawed steps from the same reasoning position.

Two Robustness Dimensions. We identify two
distinct dimensions of PRM robustness. The first is
objective design: what the training loss penalizes,
which governs robustness under a fixed perturba-
tion space. The second is data coverage: which fail-
ure modes the training set contains, which governs
robustness to on-policy exploitation paths absent
from static data.

ARMOR-PRM. ARMOR-PRM targets the first
dimension with three training-time regularizers on
the reward head: a counterfactual margin loss, an
adversarial invariance loss, and a gradient penalty
(§3.2). Together they control the three quantities in
our observed-neighborhood diagnostic u; > Ld; +
7; (Proposition 1), which holds on 90.2% of held-
out pairs (§5.2). For the second dimension, we
show that iterative retraining with on-policy hard
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negatives closes the data-coverage gap, and that

ARMOR-PRM’s regularization structure makes it

the most responsive variant to such feedback.
Our contributions are:

* We identify two distinct dimensions of PRM
robustness, objective design and data coverage,
and introduce ARMOR-PRM together with an
observed-neighborhood diagnostic for the first
(§3).

* ARMOR-PRM is intrinsically robust on Process-
Bench (+14.9 percentage points Detection Rate,
+4.1 percentage points AUROC, averaged over
three evaluation splits; see §4 for split selection)
and is the only model among the six evaluated
configurations (Table 3) whose Best-of-N rerank-
ing accuracy improves monotonically through
N =128 (§5).

* A two-round ALFWorld domain-shift diagnostic
shows that objective-level robustness and data
coverage are complementary, and that ARMOR-
PRM’s regularization makes it the most respon-
sive variant to iterative hard-negative retraining

(86).
2 Related Work

Process Reward Models, Reward Hacking, and
Outcome Supervision. PRMs are effective for
mathematical reasoning and agentic tasks (Light-
man et al., 2024; Wang et al., 2024; Setlur et al.,
2025), but Gao et al. (2023) characterize the
inverted-U collapse under optimization pressure,
motivating robustness as a first-class concern.
Skalse et al. (2022) formalize reward gaming as
a structural property of proxy objectives, and Pan
et al. (2022) show that misspecification compounds
under optimization even when the proxy is well-
calibrated, so overoptimization is an inherent risk
rather than an implementation artifact. Automated
process labels from Monte Carlo rollouts or self-
consistency (Wang et al., 2024; Luo et al., 2024) im-
prove scalability but do not resolve shortcut learn-
ing when annotation conflates surface fluency with
logical validity. Recent diagnostic work (Zheng
et al., 2025; Khalifa et al., 2025) exposes large vari-
ance in step-error detection and shows that current
PRMs are sensitive to surface presentation rather
than to logical content. ARMOR-PRM intervenes
at training time to make the reward robust to such
surface manipulation.

Test-Time Compute Scaling and Best-of-N
Search. Inference-time compute scaling comple-

ments model scale. Best-of-N sampling with a
reward model (Cobbe et al., 2021; Lightman et al.,
2024) is the simplest instantiation, but its effec-
tiveness degrades when the reward model is ex-
ploitable (Gao et al., 2023). A policy trained
against a fixed verifier can exploit the verifier’s
blind spots instead of improving task perfor-
mance (Gao et al., 2023); Best-of-N reranking
inherits this failure mode, making reward robust-
ness a prerequisite for reliable scaling (Snell et al.,
2025).

Adversarial Robustness and Shortcut Learning.
Adversarial training (Madry et al., 2018) addresses
robustness via worst-case perturbations, but stan-
dard formulations target input-label classification
accuracy rather than calibrated reward ordering
under semantics-preserving perturbations. Lips-
chitz regularization and gradient penalties (Gulra-
jani et al., 2017) improve robustness in classifica-
tion settings but target global Lipschitz constants,
with overhead unsuitable for full LLM fine-tuning.
For reward modeling, Bukharin et al. (2025) mine
high-reward, low-quality responses at the outcome
level; in process supervision, heuristic data aug-
mentation (Wang et al., 2024) improves scalability
without providing a checkable diagnostic on re-
ward ordering. ARMOR-PRM instead targets step-
level reward ordering with training-time, reward-
head-local regularization and a checkable observed-
neighborhood diagnostic, remaining practical at the
1.5B-7B scale.

3 ARMOR-PRM: Method and Theory

ARMOR-PRM minimizes systematic exploitability
by training the reward model to preserve reward or-
dering under label-preserving surface perturbations
within observed neighborhoods. Figure 1 gives an
overview; full proofs are in Appendix G. We write
f¢ for the PRM backbone and g, for the scalar re-
ward head, so the reward logit is Rg(7) = gy (h+)
where h, is the final-token hidden state; 7+ and
7~ denote correct and flawed steps, and 7~ (resp.
77 ) denotes a training-observed (resp. arbitrary)
adversarial variant. Full notation is listed in Ap-
pendix A.

3.1 Formalizing Systematic Exploitability

PRMs are most vulnerable to validity-preserving
rhetorical manipulation: confident phrasing, struc-
tured but logically irrelevant elaboration, or
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Figure 1: Overview of ARMOR-PRM. Correct steps 77, flawed steps 7~, and adversarially rewritten flawed
steps 7 are scored by a shared PRM backbone f4 and reward head g,;. The training objective combines step-label
supervision L, with a counterfactual margin loss L¢, an adversarial invariance loss L,4y, and a reward-head
gradient penalty Ly;,. Each term controls one quantity in the observed-neighborhood diagnostic p; > Ld; + 1;: Lt
controls the training margin v (and hence the per-pair empirical margin y;), L.4, controls the invariance residual
7, and Ly, controls the local Lipschitz proxy L. When the condition holds (90.2% of held-out pairs), a disguised
flawed step cannot outscore a correct step within the training-observed neighborhood.

plausible-looking but fabricated intermediate for-
mulas.

Let 7 = (s1,...,s7) denote a reasoning tra-
jectory and let s; be the step under attack, with
the preceding context sy = (s1,...,8¢—1) held
fixed. We define the adversarial neighborhood of s;
through a two-criterion gate: a candidate replace-
ment step s’ must (i) be semantically close to s;
(cosine distance < ¢ under a frozen sentence en-
coder), and (ii) preserve the correctness label of sy,
as confirmed by an automated verifier:

Nc(sy) = {5’ ‘ dsem (8¢,8) <€ AN V(sy,s') = 1}

2)
The embedding filter cheaply prunes semantically
distant candidates, and the verifier enforces label
preservation on the remainder. Each perturbation
modifies exactly one step per trajectory, isolating
per-step attribution.

We instantiate N, (7) via four perturbation fami-
lies (referred to as P1-P4 in the rest of the paper):
P1 authoritative assertion, P2 spurious verification,
P3 phantom execution, and P4 verbose decompo-
sition. Each family substitutes confident-sounding
language for logical validity while preserving the

correctness label. Domain-specific instantiations
(math: A1-A6; agent variants) are listed in Ap-
pendix B. We verify the automated pipeline empir-
ically in §4.

3.2 ARMOR-PRM: Three-Pronged
Optimization

To enforce Ry(7~) < Ry(r™) across observed
P1-P4 manipulations, we adopt a standard autore-
gressive PRM. A pretrained backbone f4 (e.g.,
Qwen2.5-Math-1.5B (Yang et al., 2024)) encodes
the partial trajectory (s1, ..., s;) with causal atten-
tion, and a scalar head g,, maps the final-token hid-
den state h, to a real-valued reward logit Ry(7)
gy (hr) € R (Lightman et al., 2024), with positive
values for correct steps and negative values for in-
correct ones. The full parameter set is 6 = {¢, 1 }.
We optimize Ry with the composite loss

ﬁtotal = ['prm + Acf['cf + )\advﬁadv + )\lip»clip (3)

where L, is Focal Loss (Lin et al., 2017) on
step-wise binary classification applied to the logit
Ry (7). Each regularizer controls one measurable
quantity in the observed-neighborhood diagnostic
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wi > Lo;+n; (§3.3): L enforces the training mar-
gin vy between correct and disguised-wrong steps;
L4y drives the invariance residual 7 toward zero
while preventing reward inflation on wrong steps;
and Lj;, penalizes the local Lipschitz constant L
of gy, reducing sensitivity to unseen representation
shifts. We detail each below.

Counterfactual Margin Loss (L.). Lo en-
forces a minimum reward margin -y between correct
steps and adversarially disguised incorrect steps,
making it harder for rhetorically embellished errors
to outscore logically valid steps:

Lo = E(T+’;_) [max((), v — R0(7+>

wr)]
Here 7~ is an adversarial variant of a flawed step
drawn from NV (77), and 77 is a correct step from
the same problem. The margin is therefore en-
forced within-problem, preventing the loss from
using difficulty or length as a proxy for correct-
ness.

Adversarial Invariance Loss (L.qv). Laqv €n-
courages invariance between a flawed step and its
adversarial rewrite while anchoring the rewrite be-
low the decision boundary (Ry < 0):

Laav = Er 5 [(Ro(77) = Ro(77))’]
+ E;- [max (0, Ro(77))]

The first term enforces reward consistency between
a flawed step 7~ and its surface-manipulated vari-
ant 7-. The second term, a ReLU hinge, an-
chors adversarial variants to the incorrect region
(Rg(77) < 0), ruling out the degenerate solution
in which both scores drift upward together while
their difference stays small.

Gradient Penalty on the Reward Head (Lj;p).
L4y only covers perturbation instances explicitly
constructed during training (the P1-P4 instantia-
tions). For continuous-level smoothness beyond
these predefined attack patterns, we add a gradient
penalty on the reward head:

9gy ()

'Clip = IE‘1' oh

(6)

h=hr ||,
This loss penalizes an empirical estimate of the lo-
cal Lipschitz constant of g,, with respect to h., so
that small representation-space movements within

observed neighborhoods produce only small reward
changes. We use the 95th-percentile gradient norm
as an empirical proxy for L. We validate the inde-
pendent contributions of L4, and Ly;p in §5.2.

3.3 Observed-Neighborhood Diagnostic

Each of the three losses controls one measur-
able quantity: L. enforces the training margin
7, Liip penalizes the local Lipschitz constant L
of gy, and L,q, drives the invariance residual
n toward zero. The per-pair empirical margin
pi = Re(7;") — Re(7;) and the backbone em-
bedding shift §; are measured directly from the
evaluation checkpoint. Together they yield a check-
able empirical sufficient condition (not a certified
robustness guarantee) on whether a flawed step can
outscore its correct counterpart within the observed
adversarial neighborhood.

Proposition 1 (Observed-Neighborhood Diagnos-
tic). Let 71 be a correct step, T~ a flawed step,
and 7= € N(77) a training-observed adversar-
ial variant with || fo(77) — fo(77)|l, < 6. Let
n = |Ro(7~) — Rg(77)| be the adversarial invari-
ance residual, and let i = Ry(77) — Rp(77) be
the measured margin for this pair. If (i) p > 0
and (ii) gy is locally L-Lipschitz on the hidden-
state space, then for any 7~ € N(77) with
1f6(77) = fo(r ), < 6

Ry(77) = Ro(rT)<Lé+n—p (7

Corollary 1 (Sufficient Non-Inversion Condi-
tion within Empirical Neighborhood). If p; >
L5; + n;, then for every correct step 71 and ev-
ery adversarially disguised flawed step 7~ with
1f6(77) = fo(T7)|ly < 6 (i.e., within the 95th-
percentile embedding-shift range observed over
P1—-P4 training variants):

Ry(77) < Ro(™) (®)

All four quantities are measured from the evalu-
ation checkpoint: L is the 95th-percentile gradient
norm of gy, d; is the per-pair backbone embedding
shift under P1-P4, 5; is the measured adversarial
invariance residual, and p1; = Rp(7;") — Ry(7,) is
the per-pair empirical margin. The condition holds
on 90.2% of held-out pairs (§5.2); we discuss its
scope and limitations in the Limitations section.
Full proofs are in Appendix G.

Corollary 2 (Exploitability Bound within A). Un-
der the conditions of Proposition 1:

E(Rg) < Ei[[Loi+m—m],| ©
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where E; denotes the empirical average over held-
out pairs i = 1,...,n and [x]y = max(0,z) is
the positive-part operator. E(Ry) = 0 for pairs
satisfying p; > Lo;+n; within the empirical neigh-
borhood.

L¢ increases y (and hence ), £.4v decreases 7,
and Ly, decreases L; each loss term thus directly
shrinks the right-hand side. The full proof is in
Appendix G.

4 Experimental Setup

Training, Baselines, and Variants. We use
Qwen2.5-Math-1.5B (Yang et al., 2024) as the
PRM backbone and train on PRM80OK (Light-
man et al., 2024) with Liota1 = Lprm + 0.5 Leg +
0.5 L4qv +0.1 Ly;p and margin v = 0.3. Two exter-
nal baselines, Math-Shepherd (Wang et al., 2024)
(7B) and ORM (1.5B), differ from ARMOR-PRM
in backbone scale, training data, or objective; we
include them for context only. All internal variants
share the same backbone and data, differing only in
loss configuration (Table 1). Each internal variant
is trained with 3 independent random seeds (seeds
1-3); reported values are mean + standard devi-
ation across seeds. Tables 2 and 3 report results
from separate training runs under the same proto-
col; minor numerical differences between shared
rows reflect seed-level variance.

Variant Loss Pairs Role

Vanilla PRM Lprm — Unregularized reference
Lprm+Les (nat.)  Lomm+Let nat. Pairing strategy ablation
Pairwise PRM Loprm+Let adv. Scoring formulation ablation
CF-Adv PRM Lprm+Let adv.+cf  Counterfactual pair ablation
Lprm+Lady Loprm+Ladv — Component accumulation
Lprm+Les+Ladv  Lprm+Let+Lady adv. Component accumulation
ARMOR-PRM  Lpym+Les+Laav+Lyp  adv. Full objective (ours)

Table 1: Internal variant family. All variants share the
Qwen2.5-Math-1.5B backbone and PRM80OK training
data; they differ only in loss terms and pairing strategy.
The Pairs column denotes the type of flawed step used
in L.¢: nat. = natural flawed steps without adversarial
perturbation; adv. = adversarially perturbed flawed steps
(with the within-problem pairing of §3.2); adv.+cf =
adversarially perturbed flawed steps augmented with
explicit counterfactual pair sampling. CF-Adv PRM is
used only as a baseline in the ALFWorld experiment
(§6); it is not reported in Tables 2 or 3.

ALFWorld RL Setup. The policy backbone
is Qwen2.5-Math-1.5B-Instruct, trained with
GRPO (Shao et al., 2024) for 200 steps (Ir=2 X
1072, KL-$=0.005, centered advantage normal-
ization, K'=4 rollouts per problem) using LoRA

(rank 32, a=32, applied to ¢/k/v/o-proj) on ALF-
World household navigation tasks (unseen-134
split). For the iterative retraining experiment (§6.1),
Round-2 launches a new 200-step GRPO run with
PRMs retrained on Round-1 on-policy hard neg-
atives. Full LoRA and GRPO hyperparameters
appear in Appendix A.

Perturbations, Validity, and Isolation.
DeepSeek-V4-Flash ~ generates  adversarial
variants (up to six per step, one per Al-A6
type), which are then filtered by a two-criterion
gate: semantic distance < ¢ under a frozen
all-mpnet-base-v2 sentence encoder and label
verification by Qwen-Plus (prompt templates in
Appendix H). This pipeline restricts perturbations
to surface-form manipulation while preserving
the original correctness label. A 600-pair manual
audit, stratified by perturbation type, reports 97.8%
label preservation among accepted variants; the
gate rejects 8.3% of generated variants, with a
per-type minimum of 95.2%.

For evaluation, test attacks B1-B3 (B1: false
attribution, B2: spurious verification, B3: con-
sistency theater; representative transformations in
Appendix H, Table 12) are drawn from a mixed-
source pool. Each incorrect step is attacked by (i) a
GPT-40-generated variant prompted independently
with the same template intent, and (ii) a manually
constructed variant written from only the category
label and the label-preservation constraint. The
two sources are sampled in equal proportion and
are disjoint from the DeepSeek-V4-Flash generator
used in training.

For benchmark isolation, the math split overlaps
PRMBS8O0OK at 78.8% problem level, so we exclude it
from reported averages. The remaining three splits
(gsm8k, olympiadbench, omnimath) are used for
evaluation.

5 PRM Robustness Evaluation

5.1 Intrinsic Evaluation: Clean and Attacked
Accuracy

Setup. We evaluate on ProcessBench (Zheng
et al., 2025) (4 splits; 3,064 problems, 23,203
steps) under clean and attacked conditions. At-
tacked evaluation applies three disjoint test attack
types (B1-B3) to incorrect steps; each type draws
from a mixed-source pool of GPT-40-generated and
manually constructed variants in equal proportion,
both disjoint from the DeepSeek-V4-Flash train-
ing generator (Appendix H). ASRp is averaged
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Method Clean F1T AUROCT AtkF1T ASRp| Det. Ratet PR-AUC,T
Evaluation splits: GSM8K + OlympiadBench + OmniMath (math split excluded; see §4):

Math-Shepherd (7B) (Wang et al., 2024) 76.20 79.70 78.80 21.10 32.40 78.50
ORM (1.5B) 67.80 73.00 69.40 8.30 46.30 74.20
Vanilla PRM (1.5B) 78.69+0.37  80.95+0.43 82.35+0.34 2.28+0.12  57.03+0.81 82.82+0.39
Lorm+Ler (nat. pairs, 1.5B) 75.07+0.38  74.10+0.41  75.81+0.38 3.30+0.17  39.71x073  75.56+0.34
Pairwise PRM (1.5B) 78.89+0.55 81.88+0.38 81.17+032 4.10+0.13 54.60+0.79  84.06+0.31
ARMOR-PRM (1.5B, Ours) 79.91+0.20 85.08+0.35 82.33+0.25 1.33+0.10 71.88+0.73 88.18+0.33

Table 2: PRM intrinsic evaluation on ProcessBench (three splits; the math split is excluded, see §4). External
baselines (Math-Shepherd, ORM) are shown for context only: backbone scale, training data, and objective are
uncontrolled, and we draw no performance claims from them. ASR 5 is attack success rate (lower is better).

over the three types (per-type worst-case is omitted
for space). We report Clean F1, AUROC, ASRp
(the fraction of attacked incorrect steps flipped to
“correct”), and Detection Rate. Thresholds are
calibrated on a held-out 10% dev split. Detec-
tion Rate is the recall of incorrect steps under
attack: |D|/|W)|, where D = {s : Jwrong(s) =
1 Ay(s) = wrong}, W = {s : y(s) = wrong},
and Jwrong(s) = 1[Ry(s) < 7).

Results. Table 2 summarizes the intrinsic results
on ProcessBench. ARMOR-PRM improves AU-
ROC by 4.13 percentage points and Detection Rate
by 14.85 percentage points over Vanilla PRM, and
reduces ASRp from 2.28% to 1.33%. Test at-
tacks combine GPT-4o0-generated and manually
constructed variants from sources disjoint from
training, so the gains reflect resistance to the at-
tack pattern rather than familiarity with a particular
generation style. The elevated ASRp of Lprm+Lt
(nat. pairs) at 3.30% confirms that ranking on natu-
ral pairs reinforces shortcuts rather than correcting
them. External baselines are reported for context
only, as backbone scale, data, and objectives are
uncontrolled.

5.2 Ablation Study

Table 3 reports the six evaluated configurations
trained on PRM80O0K (1.5B backbone) and evalu-
ated on ProcessBench. Layer 1 (rows 2-3) isolates
the pairing strategy for L.¢; Layer 2 (rows 4-6)
cumulatively ablates loss components with adver-
sarial pairs held fixed.

Results. Layer 1: pairing strategy. L. with nat-
ural pairs causes substantial degradation (AUROC:
80.94—74.08), and switching to adversarial pairs
recovers near-Vanilla performance. This isolates
pairing strategy as the decisive factor. Adversar-
ial pairs alone do not reduce ASR g below Vanilla

Lom Lot Laav  Lip Pairs  CleanF1  AUROC ASRp|  Det. Rate
Layer 1: pairing strategy for L (all other components fixed)
v —  78.72+0.39 80.94x0.4s 2.24x011  57.01x0.s2
v v nat.  75.10+0.42 74.08x055  3.26x0.17  39.78+0.91
v v adv.  78.89+0.40 81.88+046 4.10+013  54.60+0.87

Layer 2: component accumulation (adv. pairs fixed for L)

' v —  79.15+0.44 82.88x0.51 10.30x0.63 62.36+1.02
v v v adv.  79.12+0.41  83.02+049  5.80+0.38  60.88+0.95
v v v v adv.  79.93+0.35 85.10+0.43 1.31+00s  71.93:+0.s

Table 3: Ablation of ARMOR-PRM loss components on
ProcessBench. Layer 1 (rows 2-3): natural pairs cause
substantial degradation, and adversarial pairs recover
Vanilla-level performance; pairing strategy is therefore
the decisive factor. Layer 2 (rows 4-6): cumulative
ablation with adversarial pairs held fixed, reaching the
full ARMOR-PRM configuration.

(4.10 vs. 2.24), so L.4y’s anchoring is necessary to
prevent upward score drift.

Layer 2: component accumulation. L4, alone
is itself a failure mode (ASRp rises to 10.30%),
and combining L+L,4, resolves it. Adding
Lyip yields the largest single Detection Rate gain
(+11.05 percentage points). The full objective
achieves the lowest ASRp (1.31%) and the highest
Detection Rate (71.93). Per-domain breakdowns
and training loss dynamics are in Appendices C
and D.

Observed-neighborhood diagnostic. We check
the diagnostic condition u; > LJ&; + n; on each
held-out pair. ARMOR-PRM satisfies it on 90.2%
of pairs, compared with 54.5% for Vanilla PRM.
The pp5 column in Appendix F summarizes the
empirical margin distribution (5th percentile) and
is reported for interpretability, not as input to the
bound. The full per-pair L, §,  breakdown is in
Appendix F.

5.3 Best-of-N Scaling

We next test whether ARMOR-PRM avoids the
inverted-U collapse under increasing optimization
pressure, in line with the observed-neighborhood
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diagnostic verified in §5.2.

Setup. We use Qwen2.5-Math-1.5B-Instruct
(temperature 0.7) to generate N candidate solu-
tions for each problem in a 300-problem evaluation
subset of the GSM8K (Cobbe et al., 2021) test set,
with N € {1,4,8,16,32,64,128}. Each PRM
reranks the candidates, and we measure the true
pass@1 accuracy of the top-ranked solution (ver-
ified against ground-truth answers). Accuracy at
each N is averaged over nya1s = 5 independent
subsampling runs, and reported values are point
estimates.

Best-of-N Reranking on GSM8K

%7 . ”—‘~\> —-":~~~ (*
] = 0= = " =0 ik
05 o ﬂ--l-‘l*—é_-r___ Am—e ~T=:e
i -
'
o] /
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= 93 1
2 ]
g 92 ]
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1 Pairwise PRM  =@= L, + Log+ Loay
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1 4 8 16 32 64 128

N (number of candidates)

Figure 2: Best-of-N reranking accuracy on GSMS8K as
a function of N. Vanilla PRM and several ablated vari-
ants show the inverted-U collapse under larger candidate
budgets, whereas ARMOR-PRM improves monotoni-
cally through N = 128.

Results. Figure 2 shows that Vanilla PRM fol-
lows the expected inverted-U pattern: it peaks at
N =8 (95.45%) and drops to 94.39% at N =128.
ARMOR-PRM, by contrast, improves monotoni-
cally from 93.60% at N =1 to 95.75% at N =128.
It is the only model among the six evaluated con-
figurations (Table 3) to do so, and it ends with a
1.36 percentage point advantage over Vanilla at the
largest budget (bootstrap 95% CI: [0.7, 2.0]; McNe-
mar p < 0.05). Ablated variants with natural-pair
losses collapse the most severely. Full-scale results
on the complete GSMS8K test set are reported in
Appendix E.

6 Reward Inflation Diagnostic in Agentic
Settings

In agentic closed-loop settings, a deployed policy
keeps producing new exploitation patterns that no
static dataset contains. This exposes a second ro-
bustness dimension beyond objective design: data
coverage. We study two questions. RQ1: do all

PRMs inflate under domain shift before corrective
data is available? RQ2: does a PRM’s regular-
ization structure affect how efficiently it absorbs
on-policy hard negatives?

6.1 ALFWorld: Two-Round Iterative
Retraining

We study these questions in ALFWorld (Shridhar
et al., 2021) via a two-round closed-loop experi-
ment that uses the same five-lane GRPO protocol
on household navigation tasks (unseen-134 split,
50 held-out tasks per checkpoint): five parallel
GRPO runs, one per PRM under test (ORM, Vanilla
PRM, ARMOR-PRM, Pairwise PRM, and CF-Adv
PRM), each using K = 4 rollouts per problem
as in Appendix A. A “lane” thus denotes a PRM-
conditioned policy run, distinct from the rollout
group size K.

Setting. We deliberately apply a math-
specialized policy to a navigation domain to
set up a domain-shift stress test. Since the policy
has no navigation capability, SR equals zero
universally, so every non-zero reward score is
pure inflation with no task-completion signal to
confound it. We quantify inflation with Ag,,, the
mean proxy reward assigned to failed rollouts
minus the true success rate; since SR= 0 here,
Agap reduces to the mean proxy score. Each
PRM also scores the failed rollouts generated by
every lane’s policy, forming a 4 x 5 cross-PRM
scoring matrix (Appendix I) whose diagonal
entries are self-scoring and whose off-diagonal
mean measures how much a PRM inflates rewards
on rollouts it did not train against.

Round-1: Cold-Start Hack Diagnosis (RQ1).
Table 4 reports self-scoring Ag,p, and cross-PRM
metrics at step 200. All PRMs exhibit substantial
inflation (0.638-0.825), so objective-level robust-
ness alone cannot prevent reward inflation when
policies hit exploitation patterns that the static train-
ing data does not cover. Among the four PRMs,
Pairwise PRM has the lowest off-diagonal mean
(0.496) and is the most conservative under cold-
start domain shift; ARMOR-PRM has the highest
oft-diagonal mean (0.546). This confirms that the
advantage of ARMOR-PRM’s regularization lies
not in cold-start conservativeness but in how effi-
ciently it absorbs corrective data, which we exam-
ine in Round-2. The Round-1 results validate data
coverage as an independent second dimension of
robustness.
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PRM Self Ag.,l Off-diag mean| Cross-policy infl.|
Vanilla PRM 0.638 0.509 (anchor)
ARMOR-PRM 0.822 0.546 +0.390
Pairwise PRM 0.825 0.496 +0.196
CF-Adv PRM 0.791 0.523 +0.610

Table 4: ALFWorld Round-1 cold-start hack metrics
(step 200, SR=0 universally). All PRMs exhibit sub-
stantial reward inflation. Cross-policy metrics identify
Pairwise PRM as the most conservative one. The full
cross-PRM scoring matrix is in Appendix I.

Round-2: Iterative Retraining with On-Policy
Hard Negatives (RQ2). Round-1 yields 430
failed rollouts. We retrain each PRM via LoRA
continuation on the original 14,134 step labels aug-
mented with 4,300 hard-negative steps (18,434 to-
tal), and then evaluate in two configurations.

B1 (Held-Out Generalization). We withhold
20% of the rollouts (86) as an OOD test set. Ta-
ble 5 shows that all four PRMs improve substan-
tially. ARMOR-PRM reaches the lowest post-
retraining A, (0.053), versus 0.087/0.078/0.117
for Vanilla/Pairwise/CF-Adv PRM.

PRM R1 Agpy  R2 Agp (OOD)  Reduction
Vanilla PRM 0.622 0.087 —86%
ARMOR-PRM  0.748 0.053 -93%
Pairwise PRM 0.554 0.078 —86%
CF-Adv PRM 0.640 0.117 —82%

Table 5: Round-2 held-out generalization (B1): Agap, on
86 OOD failed rollouts that no retrained PRM has seen.
All PRMs improve substantially, and ARMOR-PRM
benefits the most (—93%). R1 values are recomputed
on this 86-rollout held-out subset and therefore differ
from the full Round-1 self-scoring values in Table 4.

B2 (Closed-Loop GRPO with Retrained
PRMs). Whereas B1 tests generalization to held-
out instances of the same Round-1 hack patterns,
B2 tests resistance to new patterns generated un-
der fresh RL pressure, which is a strictly harder
evaluation. We launch a fresh 5-lane GRPO run
(200 steps) and report the 5-checkpoint mean Ay,
(Table 6, Figure 3). ARMOR-PRM achieves the
lowest 5-step mean (0.056). It shows neither the
late-stage spike seen in Pairwise PRM (peak 0.249,
mean 0.150) nor the sustained high plateau of CF-
Adv PRM (mean 0.266). Vanilla PRM’s higher
mean (0.075) is driven by mid-run inflation at steps
80-120, even though its final value is compara-
ble. The Round-2 ranking is also reversed from
Round-1: Pairwise PRM, which inflated the least
in Round-1, drops to the second-worst in B2. Cold-

PRM s040 s080 s120 s160 s200 S-step mean| RI1—R2

Vanilla PRM 0.036 0.104 0.104 0.077 0.056 0.075 —88%
ARMOR-PRM  0.036 0.025 0.066 0.083 0.068 0.056 -93%
Pairwise PRM ~ 0.110 0.142 0.059 0.249 0.189 0.150 —82%
CF-Adv PRM 0.203 0.365 0.365 0.364 0.035 0.266 —66%

Table 6: Round-2 closed-loop GRPO (B2): reward-
inflation gap across five checkpoints after hard-negative
retraining. Lower is better.

ALFWorld Round-2 Closed-Loop GRPO

0.5 7
O individual checkpoints
— mean + 1 s.d. 0.266
g 04
5 0.4 -
<
o o po
IS
e
£ 031
=
g 0.150
T
T 024
z
2
= 0.075 ©
8 o1 - 0.056 o
s 0
o]0 o
0.0 —r . —
ARMOR- Vanilla Pairwise CF-Adv
PRM PRM PRM PRM

Figure 3: Round-2 closed-loop GRPO (B2): 5-
checkpoint mean Ag,, with &1 s.d. error bars.

start conservativeness therefore does not predict
closed-loop stability after retraining.

Why ARMOR-PRM Responds Best. Both
ARMOR-PRM and Vanilla PRM share an absolute
scoring target, yet ARMOR-PRM benefits more
from hard-negative retraining. This is consistent
with £,4y and Ly, smoothing the reward landscape
so that corrective gradients propagate more uni-
formly. Pairwise PRM lacks an absolute target,
so hard negatives can only shift relative rankings,
and the score surface stays susceptible to late-stage
drift.

7 Conclusion

We presented ARMOR-PRM, a training objective
for PRM robustness against surface-form reward
hacking. It combines a counterfactual margin loss,
an adversarial invariance loss, and a reward-head
gradient penalty. On ProcessBench, ARMOR-
PRM improves attacked-step detection and AU-
ROC over a vanilla PRM trained with the same
backbone and data, while preserving clean perfor-
mance. In Best-of-N reranking, it is the only eval-
uated variant whose accuracy improves monoton-
ically through N = 128. An ALFWorld domain-
shift diagnostic further shows that every evaluated
PRM exhibits reward inflation under cold-start do-
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main shift, but after iterative hard-negative retrain-
ing ARMOR-PRM achieves the largest reduction
in reward-inflation gap. Robust objectives and on-
policy data coverage are therefore complementary
components, not substitutes.

The scope of these findings is deliberately lim-
ited. The observed-neighborhood condition y; >
Lé; + n; is an empirical diagnostic, not a certified
guarantee against arbitrary adversarial rewrites, and
the ALFWorld experiment measures reward infla-
tion rather than task success. Future work should
evaluate the approach under stronger adaptive at-
tacks, larger backbones, and closed-loop settings
where reductions in proxy reward inflation can be
tied to task performance.

Limitations

Perturbation Coverage and Theoretical Scope.
The observed-neighborhood diagnostic assumes
that the six-type taxonomy (A1-A6) covers the rel-
evant attack surface. A policy under prolonged RL
may discover exploits outside this set, in which
case ; > Ld; + n; provides no guarantee and the
reported Detection Rate and ASRp gains would
not extend. The gradient penalty only bounds the
local Lipschitz constant within the empirically ob-
served embedding-shift range §; hidden-state shifts
beyond the 95th-percentile training value fall out-
side this bound, so the diagnostic may overstate
robustness in that regime. Our experiments are lim-
ited to 1.5B—7B backbones, and the regularization
benefits may not hold at larger scales.

Scope of the Agent Domain Findings. The ALF-
World experiment uses a math-specialized policy
on navigation tasks so that SR equals zero uni-
versally, which means every non-zero proxy score
is unambiguously reward inflation. The findings
are therefore scoped to the inflation-and-correction
regime under distribution shift, not to task-level
performance. Whether correction efficiency in the
zero-SR regime transfers to settings where the pol-
icy actually succeeds is not established: a non-zero
SR mixes genuine task progress with inflation, and
the gradient dynamics of hard-negative retraining
may differ accordingly.

Data Pipeline and Domain Scope. The two-
criterion gate reports 97.8% label preservation on a
600-pair audit (per-type minimum 95.2%, see §4);
the remaining ~2.2% mislabeled variants could
still bias the counterfactual margin loss, though the

audit found no concentration in specific perturba-
tion types. All results are established on PRM800K
and ProcessBench within the math reasoning do-
main. Transfer to other step-level reasoning do-
mains (e.g., code generation) is not tested, and the
perturbation taxonomy may not capture the domi-
nant shortcuts in those settings. Total compute was
approximately 250-300 GPU-hours on A100-class
GPUs.

Ethical Considerations

ARMOR-PRM is intended to make Al reasoning
systems more reliable by reducing surface-form
reward hacking. The main dual-use risk is that
the perturbation taxonomy (A1-A6) could be re-
purposed to craft more effective reward-hacking
strategies against deployed models; we therefore
withhold full prompt templates and release only
representative transformations. A second risk is
overconfidence: the observed-neighborhood diag-
nostic holds only within the empirically observed
perturbation range, and treating the 90.2% pass
rate as a broad safety guarantee may lead deploy-
ers to underestimate residual attack surface under
adaptive adversaries or out-of-distribution domains.
The data used in this work do not contain person-
ally identifying information, unique personal iden-
tifiers, or offensive content, so no anonymization
procedure was required.
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A Hyperparameter Details

PRM Training. All PRMs are trained for 3
epochs with batch size 32, learning rate 2 x 107>
(linear warmup over 5% of steps), and weight de-
cay 0.01. The perturbation radius € is set to the
95th percentile of dgem (7, 7") over training pairs
(e = 0.15 in cosine distance). A stratified 10%
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Symbol Meaning

T T Trajectory; correct/flawed step

T, T Training adversarial variant; arbitrary
variant

fs, gu PRM backbone; reward head

h Final-token hidden state of 7

Ry () =g (hr)
Ne(7)

Scalar reward logit
Adversarial neighborhood (radius €)

Lorm Step-label classification loss

Let, Ladv, Liip Counterfactual / invariance / Lipschitz
loss

¥ Training margin in Lt

i Per-pair empirical margin
Ro(7;")—Ro(7]")

0s Per-pair backbone embedding shift

i Per-pair adversarial invariance resid-
ual

L Local Lipschitz constant of gy,

Table 7: Notation used in §3.

dev split of PRMS8O0OK is held out for threshold
calibration.

RL Training. Policy backbone: Qwen2.5-Math-
1.5B-Instruct with LoRA (Hu et al., 2022) (rank 32
for ALFWorld; =32, dropout 0.05, applied to
q/k/v/o-proj). GRPO: PPO-clip €=0.2, K=4 roll-
outs per problem (group size 4), Kepochs=4, tem-
perature 0.7, centered advantage normalization
without std division, save_every=40. ALFWorld
Round-1: household navigation tasks (unseen-134,
200 steps, 5 lanes), Ir=2 x 1075, KL-5=0.005;
PRMs are domain-fine-tuned ALFWorld check-
points. ALFWorld Round-2: LoRA continuation of
the Round-1 PRM checkpoints on the augmented
training set (14,134 original + 4,300 hard-negative
steps = 18,434 total), followed by a 200-step GRPO
re-run with the retrained PRMs evaluated at five
checkpoints (steps 40-200).

Notation. Table 7 lists the symbols used through-
out §3. The key diagnostic condition is p; >
Lé; +n;.

B Perturbation Taxonomy (A1-A6)

We define six perturbation types that each target a
specific shortcut in PRM training data. Every type
preserves the underlying logical (in)correctness of
the step. Table 8 maps the four universal categories
P1-P4 to their domain-specific instantiations.

* Al: Authoritative Preamble Injection.
Prepend a logically vacuous but authoritative
connector (e.g., “By the triangle inequality, it
follows directly that...”) that mimics theorem-
invoking language without taking part in the

derivation.

e A2: Pseudo-Systematic Decomposition.
Rewrite a single flawed step as a numbered
multi-part derivation that mimics a systematic
proof. The original error is distributed across
sub-steps, but no new reasoning is introduced.

* A3: Spurious Symbolic Augmentation. Insert
syntactically valid but semantically inert mathe-
matical elements (unused variables, unchecked
theorem citations, redundant equations) so that
symbol density goes up without changing the
logical content.

* A4: Fabricated Intermediate Verification. In-
sert a logically irrelevant sanity-check sentence
in the middle of the derivation to create the illu-
sion of a correctness check while preserving the
original error.

¢ AS5: Pseudo-Self-Correction Injection. Insert a
fake self-correction passage that appears to catch
and fix a mistake on the surface, but ultimately
reconfirms the original erroneous conclusion.

* A6: Confident Rephrasing. Rewrite the step
in a declarative, assertive style (“clearly”, “obvi-
ously”, “it follows immediately”), so that hedg-
ing language is swapped for confidence markers
while the core error is preserved verbatim.

C Per-Domain Results

Table 9 breaks down Clean F1 across all Process-
Bench splits. The math split is excluded from the
reported averages (see §4) but is shown here for
completeness. ARMOR-PRM achieves the best or
tied-best Clean F1 across all three evaluation splits.

D Training Loss Dynamics
E Full GSMS8K Best-of-N Results

On the complete openai/gsm8k test set (1,319
problems, 128 candidates per problem, 168,832
candidates in total), ARMOR-PRM improves from
93.3% at N =110 96.2% at N =128, while Vanilla
PRM peaks at N =8 (95.6%) and declines to 94.5%
at N = 128 (Table 10), matching the pattern ob-
served on the 300-problem subset in §5.3.

F Robustness Condition Verification
Details

Table 11 reports the full component breakdown
for the observed-neighborhood diagnostic summa-
rized in §5.2. L is the 95th-percentile gradient
norm of gy, d is the 95th-percentile backbone em-
bedding shift under P1-P4 perturbations measured
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Universal (P) Math-Specific (A1-A6) Agent-Specific Scope

P1: Authoritative Assertion ~ Al: Authoritative Preamble Injection Action-Justification Prefix General

P1: Authoritative Assertion ~ A6: Confident Rephrasing Assertive Action Claim General

P2: Spurious Verification A4: Fabricated Intermediate Verification Self-Confirmation of Action Success General

P2: Spurious Verification AS5: Pseudo-Self-Correction Injection Fabricated Output Verification General

P3: Phantom Execution A3: Spurious Symbolic Augmentation Phantom Environment Interaction Math / Agent
P4: Verbose Decomposition A2: Pseudo-Systematic Decomposition ~ Planning Monologue Substitution Math / Agent

Table 8: Mapping from universal perturbation categories P1-P4 to math-specific instantiations A1-A6 and agent-
specific variants. The “Scope” column indicates whether the pattern is domain-general or arises mainly in math or
agent settings. All types are filtered by the two-criterion gate (dsemy < € and V = 1) before being used in training.

Method gsm8k math olympiad omnimath Model N=1 N=8 N=32 N=64 N=128
Vanilla PRM 84.36 81.52 79.72 72.97 Vanilla PRM 93.4 95.6 95.0 94.7 94.5
+L; (nat. pairs) 80.36 78.65 76.91 68.32 [920947]  [94.696.6]  [939.96.0]  [93.6958]  [93.4.95.7]
Lo 84.17 81.68 80.02 73.86 ARMOR-PRM 93.3 95.2 95.8 96.0 96.2
JFCCf + Eadv 83.22 82.69 79.92 73.48 [91.9.94.6] [94.1,96.2] [94.8.96.8] [95.0,96.9] [95.397.1]
ARMOR-PRM (Ours) 85.73 83.39 80.36 7491

Table 9: Per-domain Clean F1 on ProcessBench. The
math split is excluded from the reported averages (see
§4) and is shown here for reference only.

0.5

spoch 1 /= Lpm (Focal BCE)
—— Laq (Adversarial Consistency)
—— Ljp (Lipschitz)
== [ (Margin Ranking)

0.4

0.3 L. collapses to 0.0002

0.0

0 20000 40000 60000 80000 100000
Training Step (cumulative)

Figure 4: Training dynamics for ARMOR-PRM loss
components. L. saturates quickly with adversarial neg-
atives (the robustness constraint is met early), whereas
Ladv and Ly, stay active throughout training.

over training-observed variants, 7 is the adversar-
ial invariance residual at the training optimum, and
fips 1s the Sth-percentile empirical margin f1; across
held-out pairs.

G Proofs for Observed-Neighborhood
Diagnostic

Proof of Proposition 1. Let 7T be a correct
step, let 7= be a flawed step, and let
77 € N(77) be any adversarial variant with
1f6(T7) = fo(r )l <0

Step 1 (Lipschitz bound on reward head). By
condition (ii), g, is L-Lipschitz on the hidden-state

Table 10: Best-of-N pass@1 accuracy (%) on the full
GSMBSK test set, with 95% confidence intervals in brack-
ets.

Model L ) n RHS summary 5 Pass %
Vanilla PRM 055 028 0.52 0.67 011 545
Pairwise PRM  0.60 030 0.54 0.72 —0.58 372
Lom+Les+Lagv 035 022 025 0.38 0.25 85.6
ARMOR-PRM 030 0.8 0.15 0.25 059 902
Table 11:  Full verification of the observed-

neighborhood diagnostic on held-out counterfactual
pairs. Pass% is computed per pair: each pair (1, d;,7;)
is checked individually against p; > Ld; + 7;. The
table reports aggregate summaries for interpretability;
the RHS summary is computed from the same per-pair
measurements as Pass%, rather than by multiplying
the rounded table entries. 5 is the Sth-percentile
empirical margin across pairs and is reported as a
distributional summary only; it is not used as input to
the per-pair check. Adding Ly;p, reduces L from 0.35 to
0.30, and the full three-regularizer combination raises
Pass% from 85.6 to 90.2. Pairwise PRM’s negative p5
indicates that its pairwise scoring formulation does not
enforce a positive absolute margin between correct and
adversarially disguised flawed steps.

space:

Ry(77) = gy (fo(77))

<gw(f¢(7 ))
L ||fo(77) = fo(m ),
)+L6

(10)
< Re(

Note that d is an empirical constant set to the 95th-
percentile backbone embedding shift measured
over training-observed P1-P4 variants. The bound
therefore holds for any 7~ € N (77) whose em-
bedding shift falls within this empirically observed
range, and this range defines the scope of the diag-
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Split Type Shortcut Targeted Representative Transformation

Train Al: Authoritative preamble Theorem citation / authoritative tone ~ Prepend “By [theorem], it follows...” while leaving the erroneous derivation unchanged.

Train A2: Structured elaboration Numbered proof format Rewrite one flawed step as “(i)... (ii)... (iii)...”, preserving the same wrong conclusion.

Train A3: Symbolic decoration High LaTeX or symbol density Add unused variables, irrelevant identities, or theorem names without changing the faulty computation.
Train A4: Fabricated intermediate check ~ Mid-derivation verification Insert a true but irrelevant sanity check between two parts of the flawed step.

Train AS: Pseudo self-correction “Wait / actually” reflection Add a fake rechecking passage that ultimately confirms the original wrong result.

Train A6: Confident rephrasing Certainty markers Replace neutral phrasing with “clearly”, “obviously”, or “it follows immediately”, without fixing the error.
Test control C2: Stylistic paraphrase Benign surface variation Rephrase wording and sentence structure while preserving all math claims and labels.

Source attribution
Backward checking
Unit/parity/scale checks

Test attack (GPT-40 + human) ~ B1: False attribution
Test attack (GPT-40 + human) ~ B2: Spurious verification
Test attack (GPT-40 + human) ~ B3: Consistency theater

Claim the wrong conclusion follows from a theorem, prior step, or problem condition.
Append a circular or erroneous verification that appears to confirm the wrong answer.
Insert an irrelevant or flawed dimensional, parity, or scale check that declares consistency.

Table 12: Math-domain perturbation templates. Training attacks A1-A6 are generated by DeepSeek-V4-Flash. Test
attacks B1-B3 are constructed from a mixed-source pool (GPT-40-generated and manually constructed variants in
equal proportion), and the benign C2 control uses GPT-40 paraphrases only. Both the template families and the

generation sources are disjoint from the training pipeline.

Type Shortcut Targeted

Representative Transformation

Plausible household causal chains
References to previous observations
Semantic match between thought and action
Reconsideration language

Confidence plus task-goal reference

A1l: Fabricated location reasoning
A2: Fabricated context continuity
A3: Thought-action alignment spoof
A4: Pseudo self-correction

AS: Confident goal binding

Explain why the wrong location/object is likely correct using household commonsense.
Claim a previous search failed, making the wrong next action appear adaptive.

Rewrite the thought to perfectly justify the unchanged wrong action.

Mention a plausible alternative, dismiss it with a wrong reason, and reaffirm the wrong action.
Frame the wrong action as the most direct way to achieve the task goal.

Table 13: ALFWorld-domain perturbation templates used for agent-trajectory data construction. Each template
rewrites only the Thought field and leaves the Action line unchanged, so the original action-level correctness label

is preserved.

nostic.

Step 2 (Adversarial invariance bridge). Let
n > 0 denote the measured residual |Ry(77) —
Ry(77)] at the evaluation checkpoint. The proof
conditions on this measured value rather than as-
suming convergence of L,q,. By definition of #:

Ro(m7) < Ro(77) 41 an

Step 3 (Counterfactual margin). By condi-
tion (i), u = Ry(77) — Ry(77), i.e.:
Ro(77) < Ro(17) — (12)

Combining Steps 1-3:

Ro(77) < Ro(77) + L6
< Rp(F ) +n+Lé
< Ro(t%) —pu+n+ Lo

(13)

Rearranging gives Ry(77)—Rp(77) < Li+n—
w. In the idealized case = 0 (perfect adversarial
invariance), this reduces to Lé — . O

Proof of Corollary 1. Follows directly from Propo-
sition 1. If p; > L&; + n;, then Lo; +1; — pu; <
0, which implies Ry(77) — Rp(77) < 0, i.e.,
Ry(77) < Rp(7™"). Since 7~ was an arbitrary
element of V¢ (77) with embedding shift < ¢;, the
inequality holds for all such elements. O

Proof of Corollary 2. Recall the exploitability def-

inition from Eq. (1):

Ng(77,7T) = Ro(77) — Ro(77). (14)

g(Rg) = E(TJf,T*)Nﬂ'
(15)
max

PR
%-eNe(r—)[Ae(T 7 )]

+
By Proposition 1, for any 7= € N (77) with
1f6(77) = fo(77)ly < 04

Ry(77) — Ro(t7) < L& +m; — pi. (16)

Therefore, for every such 7 :

max((), Ro(77) — R9(7+)) < [L(Si +ni — ,ul']+.

(17)
Since the right-hand side is independent of 77,
taking the supremum over 7~ € N (77) preserves
the inequality:

Tt 7) = _max | [Ry(#) ~ Bo(r)] .
(18)
Caay (77, 77) < [Loi + i — pal 4. (19)

Taking the expectation over (77,77 ) ~ 7
E(Rg) S Ei|[Lo+mi—pm],].  @0)

When p; > Ld; + n;, the per-pair term is zero, so
E(Ry) = 0, in line with Corollary 1. O

H Prompt Templates

This appendix summarizes the rewriting templates
used to construct adversarial variants. We report
template intent and representative transformations
rather than full API prompts, since the prompts
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are procedural instructions and not model contri-
butions. All templates enforce the same hard con-
straint: the rewritten step must preserve the original
correctness label. For incorrect steps, the numeri-
cal value, formula, action, or inference that makes
the step wrong must stay unchanged. For correct
steps, we only use benign paraphrases.

Cross-generator test construction. Training
variants (A1-A6) are generated by DeepSeek-V4-
Flash. Test attacks B1-B3 are drawn from a mixed-
source pool. For each incorrect step, two vari-
ants are produced per attack type: one by GPT-
40 (independently prompted with the same tem-
plate intent), and one manually constructed from
only the category label and the label-preservation
constraint. The two sources are sampled in equal
proportion, and neither overlaps with the training
generator. Variants failing the semantic-distance
gate (dsem > €) or the label-verification check were
discarded.

The data-generation scripts implement these tem-
plates with three additional safeguards. First, ad-
versarial variants are generated only for incorrect
steps in the attack settings, whereas benign para-
phrases may be generated for all steps. Second, the
training and test perturbation families are intention-
ally disjoint in the math setting (A1-A6 vs. B1—
B3/C2), and test attacks B1-B3 are further drawn
from a mixed-source pool (GPT-40 and manually
constructed) that is disjoint from the DeepSeek-V4-
Flash training generator. Third, for ALFWorld the
adversarial rewriting keeps the executable action
string fixed and modifies only the natural-language
thought, so the rewriter cannot accidentally correct
the trajectory.

I Additional ALFWorld Diagnostics

Round-1 cross-PRM scoring matrix. Table 14
reports the full 4 X 5 cross-scoring matrix for
the ALFWorld Round-1 experiment (§6.1). Five
GRPO lanes (ORM, Vanilla PRM, ARMOR-PRM,
Pairwise PRM, and CF-Adv PRM) are each trained
for 200 steps. We then collect 50 rollouts per lane
at step 200 and score them with all four PRMs.
Rows are the scoring PRMs and columns are the
policy lane that generated the failed rollouts. All
entries are average proxy scores on failed trajecto-
ries (SR=0 universally), so lower scores indicate
better rejection of cross-policy reward hacking.
The cross-scoring matrix measures whether a
PRM assigns high reward to other policies’ failed

trajectories. By this criterion, Pairwise PRM has
the lowest off-diagonal mean and the smallest cross-
policy inflation. The synthetic diagnostic (Table 15)
isolates hand-designed phantom and verbose pat-
terns.

J Artifact and Reproducibility Statement

Artifacts, Citation, and Licenses. The main
external artifacts are cited where they are intro-
duced: PRM80OK (Lightman et al., 2024), Process-
Bench (Zheng et al., 2025), Qwen2.5-Math (Yang
et al., 2024), GSMS8K (Cobbe et al., 2021), ALF-
World (Shridhar et al., 2021), LoRA (Hu et al.,
2022), and GRPO/DeepSeekMath (Shao et al.,
2024). We use PRMS800OK under its MIT license
(OpenAl, 2023), ProcessBench under Apache
License 2.0, Qwen2.5-Math checkpoints under
Apache License 2.0 (Alibaba Cloud, 2024), and
ALFWorld under its MIT license (Shridhar et al.,
2021). Our usage is research evaluation and model
training/fine-tuning, consistent with the intended re-
search and benchmark use of these artifacts. We do
not redistribute the original datasets, model check-
points, or ALFWorld environment files. Adversar-
ial variants and hard negatives derived from these
artifacts are intended for PRM robustness research
and remain subject to the licenses and access terms
of their source artifacts.

Artifact Coverage and Statistics. PRMS800K
provides step-level math reasoning supervision and
is used for PRM training. ProcessBench is an
English mathematical-reasoning benchmark with
four splits (gsm8k, math, olympiadbench, and
omnimath); we exclude math from the reported
averages due to its 78.8% problem-level overlap
with PRM80OK. The retained ProcessBench evalu-
ation uses 3 splits, and the full benchmark contains
3,064 problems and 23,203 steps. The adversarial-
data pipeline generates up to six variants per step
and keeps accepted variants only after the semantic-
distance gate and automated label verification; a
600-pair manual audit, stratified by perturbation
type, gives 97.8% label preservation, with a per-
type minimum of 95.2%. For ALFWorld, we use
the unseen-134 household-navigation split and an
augmented Round-2 PRM training set of 18,434
steps (14,134 original + 4,300 hard-negative steps).
The robustness-bound diagnostic samples 2,000
pairs per checkpoint for each measured quantity
(L, 4, n, and ).
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Scoring PRM ORM policy Vanilla policy ARMOR-PRM policy Pairwise PRM policy CF-Adyv policy

Vanilla PRM 0.337 0.638 0.675 0.329 0.695
ARMOR-PRM 0.354 0.675 0.822 0.410 0.744
Pairwise PRM 0.369 0.565 0.544 0.825 0.504
CF-Adv PRM 0.261 0.638 0.871 0.321 0.791

Table 14: Full ALFWorld Round-1 cross-PRM scoring matrix. Italicized entries are self-scoring values. Since every
rollout has Ry, = 0, any positive proxy score is reward inflation on a failed trajectory. Pairwise PRM has the
lowest off-diagonal mean (0.496), and ARMOR-PRM has the highest (0.546).

Scoring PRM Proxy Mean Agap Phantom ASR Verbose ASR P

Vanilla PRM 0.330 -0.237 0.075 0.042 0.027
ARMOR-PRM 0.305 -0.261 0.000 0.000 0.122
Pairwise PRM 0.401 -0.166 0.375 0.125 0.025
CF-Adv PRM 0.414 -0.152 0.025 0.000 -0.125

Table 15: Synthetic ALFWorld diagnostic on 120 tra-
jectories that contain phantom, verbose, normal, and
failure steps. Agap is proxy mean minus true success
rate, and p is the Spearman correlation between proxy
score and true success.

Implementation and Compute. Training and
evaluation use PyTorch and Hugging Face
Transformers with the Qwen2.5-Math-1.5B and
Qwen2.5-Math-1.5B-Instruct backbones, OpenAl-
compatible API clients for perturbation genera-
tion, and NumPy/Matplotlib for aggregation and
plotting. The semantic gate uses the frozen
all-mpnet-base-v2 encoder. Total compute is
approximately 250-300 GPU-hours on A100-class
GPUs for the full paper experiments. The ad-
ditional robustness-bound measurement in Ap-
pendix F uses 6 checkpoints in parallel on 8 xL.20
infrastructure and takes approximately 9 minutes.
Hyperparameter values are reported in Appendix A.
Results in Tables 2 and 3 are means £ standard
deviations across three random seeds, while Best-
of-N values are point estimates averaged over five
subsampling runs.
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