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Abstract

Process reward models (PRMs) dramatically outperform outcome reward models
(ORMs) for math reasoning and agent tasks, yet provide no benefit for chat and
QA. No theory explains why, and practitioners choose between them by expensive
trial and error. We introduce state-lift, a diagnostic that screens whether a PRM
is worth training for a new domain—in minutes, from ∼500 labeled steps, before
committing to expensive reward model training. State-lift measures how much
step quality depends on trajectory state versus action text alone, and an accompa-
nying effective gap distinguishes two regimes: state-noise-dominant (PRM essen-
tial) and action-gap-dominant (ORM sufficient), with a decision threshold derived
from a regret bound. State-lift is interpretable as an action-ranking quantity only
when quality labels vary within a state; a one-pass, model-free audit checks this
precondition and separates preference data (HH-RLHF: every state contrastive)
from trajectory-labelled negotiation data (DealOrNoDeal: none). Across ten do-
mains, a minutes-scale linear estimate is compared with full Llama-3.1-8B re-
ward model training under matched multi-seed protocols: a positive reading is
informative, whereas a near-zero reading is not, because probes cannot recover
computation-dependent state-dependence that end-to-end training does. The re-
sulting protocol—audit, screen, and a short truncated-training check when the
screen abstains—turns state-lift into an actionable PRM-vs-ORM workflow.

1 Introduction

Every group building reinforcement-learning agents for sequential tasks eventually faces the same
design decision: should the reward model evaluate each step of the trajectory (a process reward
model, PRM) or only the final output (an outcome reward model, ORM)? The answer has so far
been determined by expensive trial and error. Lightman et al. [17] showed that PRMs dramatically
outperform ORMs for mathematical reasoning (+5.8–17.8%). AgentPRM [4] found +6–19% for
web agents. Yet Lee et al. [13] found PRMs provide no advantage on MMLU-Pro, and standard
RLHF for chat uses ORMs [21]. No theory explains why, and no diagnostic predicts the answer for
a new domain.

The key insight is that step quality can be state-dependent in two fundamentally different ways.
Consider “multiply both sides by 2.” Whether this is correct depends on the current equation—
that is state-dependent quality. But the nature of this dependence matters. If general features of
the state (“a simplification step in an equation with fractions”) and the action (“multiplies by an
integer”) suffice, the dependence is representation-level: detectable from states and actions encoded
separately. If only a joint reading of the specific tokens suffices (“the denominator is 2, and the
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Figure 1: State-Lift computation pipeline. A practitioner with a new sequential task domain
collects ∼500 labeled steps (after the one-pass admissibility check of Section 4.3), embeds them
with a sentence encoder, and runs two Ridge regressions (action-only vs. state+action). The state-
lift SL = R2(s+a)−R2(a) and effective gap

√
(1−SL)/SL are read one-directionally: SL > 0.10

supports investing in a PRM, while a near-zero reading is escalated to a short truncated-training
check rather than read as “ORM sufficient” (Section 6). The diagnostic runs in ∼5 minutes on CPU.
Bars: corrected registry (Table 2).

action multiplies by 2”), it is interaction-level: it requires computation over the pair and is invisible
to any encode-separately method.

We formalize this distinction through a framework built around state-lift: the fraction of reward
variance attributable to trajectory state (Section 2). The diagnostic targets novel domains where the
PRM–ORM design decision is genuinely unknown—enterprise workflows, specialized agents, new
task formats. We present an empirical study across ten sequential decision-making domains with
matched reward-model training. We show that: 1) state-lift, computable in minutes from sentence
embeddings via Ridge regression, is a one-directional screen against matched multi-seed Llama-3.1-
8B reward-model training on seven domains: readings above the derived threshold come only from
context-correctness labels, where lifts are large (+0.47–0.50 AUC), while no genuine-label domain
clears it and their lifts are small; 2) state-lift is interpretable as an action-ranking quantity only
when labels vary within a state—a precondition that a one-pass, model-free audit checks, and that
separates HH-RLHF (every state contrastive) from DealOrNoDeal (no state contrastive), which is
why their training gains are not comparable; and 3) the diagnostic has a well-characterized boundary
at computation-dependent state-dependence, including fine-grained math step grading, where a near-
zero reading must be escalated rather than trusted. We characterize this boundary on four math
step-grading datasets with eight encoding architectures: all probe-style measurements yield SL ∈
[−0.27, 0.04] while end-to-end training achieves +0.238 AUC lift on PRM800K (Appendix G).

We show under a Gaussian model (Theorem 1) that state-lift connects to the PRM–ORM perfor-
mance gap, and an effective gap between action-mean spread and state noise predicts two regimes
that match our empirical patterns. Together, these results yield a concrete practitioner protocol (Sec-
tion 6): audit, screen, and escalate when the screen abstains. Throughout, the comparison is between
a prefix-blind action scorer and a prefix-conditioned one; this is the analytical core of the PRM–ORM
question but narrower than RLHF usage, where an “outcome” model typically sees the prompt and
the full response, and our claims are scoped accordingly. More broadly, our findings suggest that
the PRM advantage is not one phenomenon but two structurally distinct classes—representation-
decomposable and interaction-irreducible—with different implications for reward model design
(Section 6).
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2 Problem Formulation

2.1 Setup

Consider a sequential decision process with states s ∈ S , actions a ∈ A with |A| = K, and a
true step-level reward function R(s, a). A prefix-blind scorer (our formal stand-in for an outcome
reward model, ORM) scores actions without access to state: rblind(a) = Es[R(s, a)]. A prefix-
conditioned scorer (process reward model, PRM) scores actions conditioned on state: R(s, a). We
use ORM/PRM as shorthand for this contrast. We decompose the reward as

R(s, a) = rblind(a) + δ(s, a), (1)

where δ(s, a) = R(s, a)−Es[R(s, a)] is the state-dependent deviation. By construction, Es[δ(s, a) |
a] = 0 for all a: the deviation averages to zero over states for any fixed action.

2.2 State-Lift

We define state-lift as the fraction of reward variance attributable to state-dependence:

SL(R) =
Ea[Vars(R | a)]

Var(R)
=

E[δ(s, a)2]
Var(R)

. (2)

By the law of total variance, Var(R) = Vara(rblind(a))+Ea[Vars(R | a)], so SL ∈ [0, 1]. State-lift
equals zero if and only if R(s, a) = rblind(a) for all s, a—that is, the reward is state-independent
and an ORM is exact. State-lift equals one when rblind(a) is constant and all reward variance comes
from state-dependence.

2.3 Connection to Existing Concepts

State-lift quantifies a specific type of reward misspecification [32]: the ORM ignores state. The
decomposition parallels a natural distinction in sequential domains between state-dependent qual-
ity—where the same action text can be correct or incorrect depending on trajectory history (e.g.,
“multiply by 2” in math reasoning)—and state-independent quality—where action text alone deter-
mines value (e.g., factual correctness in QA). State-lift operationalizes this distinction as a single
computable number for any sequential domain.

3 Why State-Lift? A Regret-Bound Analysis

Before turning to empirics, we present a stylized analysis that motivates state-lift and explains the
two-regime structure observed in our experiments. Let π∗(s) = argmaxa R(s, a) be the state-aware
optimal policy and πblind = argmaxa rblind(a) be the state-blind policy that always selects the action
with highest average reward. We analyze the per-step expected regret Es[R(s, π∗(s))−R(s, πblind)]
under a Gaussian model. The model is stylized, but it captures the essential structure and correlates
tightly (r = 0.993) with simulated regret (see Section 7 for scope).
Theorem 1 (State-Blind Regret Bound). Let R(s, a) = µa + σ ·Za(s) where µa = rblind(a), Za(s)
are independent standard normal random variables, and σ2 = SL · Var(R). Let ∆ = µ(1) − µ(2)

be the gap between the best and second-best action means. Then:

(i) SL = 0 =⇒ πblind = π∗ almost surely.

(ii) Upper bound: E[regret] ≤
√
SL ·Var(R) ·

√
2 lnK.

(iii) Gap-dependent lower bound (exact for K = 2):

E[regret] ≥ σ
√
2ϕ

(
∆

σ
√
2

)
−∆Φ

(
−∆

σ
√
2

)
, (3)

where ϕ and Φ are the standard normal PDF and CDF.

(iv) Two regimes:

• σ ≫ ∆ (state noise dominates): E[regret] ≈ σ ·
√
2 lnK [PRM essential]
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Figure 2: Regret of state-blind reward as a function of SLwithin, with upper bound (Theorem 1(ii)),
gap-dependent lower bound (Theorem 1(iii)), and simulated values on synthetic MDPs (K = 5
actions). The bound is tight for high state-lift and conservative for low state-lift where action gaps
dominate.

• σ ≪ ∆ (action gap dominates): E[regret] = O
(
σ e−∆2/4σ2

)
[ORM sufficient]

Proof sketch. Part (i) is immediate: if SL = 0, then σ = 0 and R(s, a) = µa, so the blind policy
is optimal. Part (ii) follows from Jensen’s inequality (max is convex) and the well-known bound
E[maxi Zi] ≤

√
2 lnK for K standard normals. Part (iii) reduces to the two-action subproblem

where the exact regret formula is σ
√
2ϕ(z)−∆Φ(−z) with z = ∆/(σ

√
2) (the expected positive

part of a N(−∆, 2σ2) variable), which provides a lower bound because it considers only one way the
ranking can flip. Part (iv): for small z the formula approaches σ

√
2ϕ(0) ≈ 0.56σ (noise-dominant

regime); for large z the expansion Φ(−z) = ϕ(z)(1/z − 1/z3 + · · · ) makes the leading terms
cancel, leaving E[regret] ∼ σ

√
2ϕ(z)/z2 = O(σe−∆2/4σ2

) (gap-dominant regime). Full proofs are
in Appendix C.

Remark (what enters the regret). Write δ(s, a) = m(s) + g(s, a) with m(s) = Ea[δ(s, a)]
and Ea[g(s, a) | s] = 0, so that SL = SLlevel + SLwithin with SLlevel = Var(m)/Var(R) and
SLwithin = E[g2]/Var(R). A level effect m(s) shifts every action at a state by the same amount, so
it cancels in Es[R(s, π∗(s))−R(s, πblind)]; Theorem 1 holds verbatim with σ2 = SLwithin ·Var(R)
(Appendix C). The theorem thus concerns whether state changes which action is best; the two com-
ponents can be told apart only if some states are observed with more than one action (Section 4.3).

Effective gap. We define the effective gap as

EFF-GAP =

√
1− SL

SL
=

std(rblind)

σ
, (4)

which is the ratio of action-mean spread to state-dependent noise. When EFF-GAP < 1, state noise
dominates and PRM is essential; when EFF-GAP > 3, action gaps dominate and ORM is sufficient.
The decision threshold used throughout, SL > 0.10, is EFF-GAP = 3 solved for SL; it is fixed by
the bound, not fitted to training results, and is conservative: with two actions std(rblind) = ∆/2, so
EFF-GAP = 3 is ∆ = 6σ, where the regret (3) is below 10−5 of its ceiling.2

Numerical validation. We validate the bound on synthetic MDPs by sweeping state-lift from 0
to 0.99 with K = 5 actions (Figure 2). The upper bound holds at all tested points. The correlation
between

√
SL ·Var(R) and simulated regret is r = 0.993 (p < 10−9), confirming that

√
state-lift is

an excellent predictor of regret magnitude. The effective gap determines the regret regime (Figure 7):
under context-correctness labels, math reasoning (EFF-GAP = 1.11) falls in the noise-dominant
regime while code reasoning (EFF-GAP = 11.91) falls in the gap-dominant regime.

2Our author response described the regret at SL = 0.10 as “≈ 1% of its noise-dominant ceiling”; that estimate read the
gap as ∆ = EFF-GAP · σ rather than 2 EFF-GAP · σ. The threshold is unchanged.
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Table 1: Admissibility audit (model-free, one pass). “Both labels” is the fraction of states observed
with at least one positive and one negative action. Trajectory-labelled dialogue corpora broadcast
one outcome to every turn, so within a state the label never varies and SLwithin is undefined on them;
preference data is admissible by construction.

Domain Label type States Items/state Both labels ICC

Chat QA (HH-RLHF) preference pair 6,500 2.00 100.0% 0.000
Verifiable constraints (constructed) verifier 10 876 100.0% 0.000
Arithmetic (constructed) verifier 2,796 2.15 100.0% 0.000
Emotional support (ESConv) strategy progress 54 537 77.8% 0.025

PRM800K (paired subset) human step rating 1,567 1.11 5.0% 0.894
Negotiation (CaSiNo) deal outcome 6,634 1.10 2.8% 0.912
Persuasion (PersuasionForGood) donation outcome 6,760 1.39 0.1% 0.997
Bargaining (CraigslistBargain) deal outcome 12,426 1.01 0.1% 0.998
Negotiation (DealOrNoDeal) deal outcome 10,657 1.00 0.0% 1.000

4 Computing State-Lift

4.1 Quality Signals from the Environment

State-lift requires step-level quality labels. In many domains these are available cheaply from the
environment (verifier outcomes, task success, deal values, existing annotations; Appendix B, Ta-
ble 4), and a few hundred labeled steps suffice for an estimate, orders of magnitude fewer than
reward-model training requires.

4.2 Computation Pipeline

Given n tuples (si, ai, yi) where yi is the quality label:

1. Embed states and actions with a sentence encoder (we use all-MiniLM-L6-v2).

2. Reduce to D = 16 dimensions via PCA.

3. Fit two Ridge regression models predicting y from (a) action features alone, and (b) state +
action + interaction features.

4. Compute SL = R2
conditioned −R2

action.

Two caveats hold: this is an R2 difference under a fixed probe class, not the variance fraction of
(2), so it can be negative and its magnitude moves with the encoder; and when labels are trajectory-
level (one outcome broadcast to every turn), folds must be grouped by trajectory, otherwise the
probe learns to recognise the dialogue rather than the action. All values here use trajectory-grouped
folds where the label is trajectory-level (the reviewed version’s code used pair-level splits for the
negotiation domains; turn-level rows are unaffected, Section 5).

4.3 Admissibility: When State-Lift Can Be Read as an Action-Ranking Quantity

By the Remark in Section 3, SLwithin is identified only if some states are observed with more than
one action carrying different labels. This is checkable in one pass with no model: per state, count
the actions and distinct labels; report the fraction of states carrying both labels and the label ICC,
Varbetween-state(y)/Var(y) (Table 1).

The domains separate with no middle ground. HH-RLHF sits at ICC 0.000 with every state con-
trastive; DealOrNoDeal at ICC 1.000 with none: its final score is median-split and assigned to every
turn, so within-dialogue label variance is zero by construction, the within-state probe has no scorable
fold, and a fixed-state best-of-N evaluation cannot be built (0 of 2,134 held-out states). On such data
a measured state-lift is a between-trajectory quantity, and a reward model trained on it learns to score
contexts rather than rank actions within one. The audit is Step 0 of the protocol (Section 6).
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Figure 3: The improvement proxy pitfall. (a) Proxy-based SDI vs. real state-lift (scaled ×100): HH-
RLHF shows a massive false positive (proxy=17.2, real=−0.005). (b) Root cause: HH-RLHF has
high state persistence (autocorrelation=0.272) but zero state-dependent quality. The proxy conflates
the two.

4.4 Obtaining Labels in a New Domain

The diagnostic assumes ∼500 step-level labels. Prefer environment-derived signals that need no an-
notation (verifier outcomes, task success, transaction values), and gather several labelled candidates
at the same state, since one candidate per state cannot express the comparison however many labels
there are (Table 1). Two free negative controls: permute the state–action pairing (state-lift should
collapse; Appendix E), and check whether the label is predictable from the state alone, which flags
the base-rate case that inflated our own early estimates.

4.5 The Improvement Proxy Pitfall

A natural approach is to bypass quality labels entirely by using an “improvement proxy”: scoring
each action by how much it moves the embedding state toward the population centroid. This proxy
has a critical failure mode. On HH-RLHF it produces a state-lift estimate of 17.2—suggesting a
massive PRM advantage—when the true state-lift from preference labels is −0.005. The proxy de-
tects state persistence (autocorrelation in conversational states) rather than state-dependent quality:
computing state-lift on HH-RLHF with lagged states (zt−1) yields SL = 0.37, because conversa-
tions with better early turns have better responses throughout (Appendix K). State-lift must be com-
puted with respect to current-state quality dependence, from environment-derived or human labels;
embedding heuristics in persistent-state domains would lead to wasted PRM investment. Figure 3
illustrates the failure mode.

5 Experiments

5.1 State-Lift Across Domains

We compute state-lift on ten domains spanning reasoning, agent tasks, dialogue, code, negotiation
and question answering, plus DealOrNoDeal for validation (Appendix B), using step-level quality
signals derived from the local context (annotation-based or structure-based). Table 2 reports the
results.

Readings above threshold come only from labels that are state-dependent by construction. Among
genuine labels the registry spans −0.003 to 0.057: state-lift as measured here separates the context-
correctness mechanism cleanly, but on genuine labels it is a screen whose negative direction Sec-
tion 5 tests directly. On DealOrNoDeal the value is stable under segmentation (full prefix 0.069
under the control’s estimator, last two turns 0.058, last turn 0.042, empty state 0.000) and moves by
under 0.002 with speaker-tag formatting; the magnitude is representation-dependent, the regime is
not.

3The reviewed version reported CaSiNo at 0.220 and DealOrNoDeal at 0.180. Those two rows were produced under
a context-correctness label construction with interaction features and a structure-based proxy respectively, not the stated
genuine-label protocol; under deal-outcome labels with the registry estimator and dialogue-grouped folds they are −0.003
and 0.057. The other eight rows reproduce under independent re-derivation.
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Table 2: State-lift across evaluation domains (MiniLM+Ridge, trajectory-grouped folds where la-
bels are trajectory-level). Top: context-correctness or structural labels, defined by a match between
action and context. Bottom: genuine labels; none clears the 0.10 threshold.3 Admissibility per Ta-
ble 1; “—”: no reward model trained.

Domain Label n State-lift Admissible

Context-correctness / structural labels:
Math reasoning (GSM8K) step in correct chain 9,138 0.584 —
Tool-use agents (Glaive) call in correct context 20,002 0.398 —
Code reasoning (CodeContests) step in correct solution 9,362 0.003 —
Web navigation (Mind2Web) action in correct trace 15,476 −0.003† —

Genuine labels:
Negotiation (DealOrNoDeal) deal outcome 15,000 0.057 no
Emotional support (ESConv) strategy progress 12,633 0.028 partial
ProsocialDialog rule-of-thumb adherence 12,000 0.024 —
USS-Satisfaction turn satisfaction 34,355 0.012 —
Bargaining (CraigslistBargain) deal outcome 12,000 0.003 no
AirDialogue booking outcome 12,000 0.001 —
Negotiation (CaSiNo) deal outcome 10,889 −0.003 no
Persuasion (PersuasionForGood) donation outcome 15,000 −0.001 no
Chat QA (HH-RLHF) preference 7,094 −0.003 yes

†Embedding limitation: sentence embeddings cannot distinguish web actions. Bootstrap CIs are reported in Appendix K,
Table 16.

5.2 Published PRM–ORM Comparisons

Published PRM–ORM gaps (math +1.4–17.8 points, web agents +6–19, code +1.5–2.6, general
QA and chat 0; Table 14) order as the context-correctness state-lift values do, but they are not
matched experiments, so we treat them as context and rest the empirical weight on the matched
study below.

5.3 Matched Reward-Model Training: What State-Lift Does and Does Not Predict

To test whether state-lift (computed in minutes) predicts the outcome of full reward model training,
we train Llama-3.1-8B-Instruct models with LoRA [9]: for each domain a blind model (action text
only) and a conditioned model (state + action text), on the same labels, sampling, hyperparameters
(3 epochs, batch size 16, learning rate 2× 10−5, rank-8 LoRA on query and value projections) and
metric, differing only in whether the prefix is visible. Genuine-label comparisons are replicated over
8–13 seeds with dialogue-level splits where labels are trajectory-level; ± is SD across seeds. Table 3
reports the results.

Three things follow from Table 3. First, the positive direction of the screen is confirmed where it
fires: the two domains above threshold show lifts of +0.47–0.50, though on labels that are state-
dependent by construction. Second, on genuine labels the screen never fires, and on the two admissi-
ble genuine-label domains the training lifts are correspondingly small (+0.030, +0.008). Third, the
reviewed version’s ordering puzzle—HH-RLHF (SL ≈ 0) gaining more than DealOrNoDeal—does
not replicate (over 8 paired seeds DealOrNoDeal +0.039 ± 0.013 vs. HH-RLHF +0.030 ± 0.012,
paired t = 2.19, p = .065) and, by Table 1, was never a comparison of the same quantity: one lift is
a choice between actions at a fixed state, the other a separation of better from worse trajectories. The
inadmissible rows carry real lifts that are between-trajectory quantities whatever their size. Figure 4
plots state-lift against training lift.

Calibration, at its weakest. Taking multi-seed training lifts as ground truth and calling a lift
material at δ = 0.02, the screen at τ = 0.10 fires on no genuine-label domain: zero true and zero
false positives, recall zero. At τ = 0.05 it fires once (DealOrNoDeal), correctly, but one trial gives a
one-sided 95% false-alarm upper bound of 0.95, so this is not evidence of calibration. Since a false

4The reviewed version reported CaSiNo at +0.055 (single seed); our author response reported +0.002± 0.093 over 14
dialogue-split runs, an aggregate that included a mis-configured smoke-test run (seed 99, a handful of examples, lift −0.31).
The 13 valid seeds give +0.027± 0.022. Under either value CaSiNo is inadmissible (Table 1) and not a supporting domain.
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Table 3: Matched blind (ORM) vs. state-conditioned (PRM) training. Top: context-correctness
labels (single seed, AUC). Bottom: genuine labels (accuracy, mean ± SD over seeds, dialogue-
level splits), split by admissibility (Table 1); on inadmissible domains the lift is a between-trajectory
separation.

Domain Label SL Seeds Blind PRM Lift

Context-correctness labels:
Math reasoning ctx-correct 0.584 1 0.526 1.000 +0.474
Tool-use agents ctx-correct 0.398 1 0.486 0.989 +0.503
Code reasoning ctx-correct 0.003 1 0.556 0.576 +0.020

Genuine labels (admissible):
Chat QA (HH-RLHF) preference −0.003 8 0.624 0.654 +0.030± 0.012
Emot. support (ESConv) progress 0.028 8 0.570 0.579 +0.008± 0.009
Genuine labels (inadmissible; between-trajectory):
Negotiation (DealOrNoDeal) deal outcome 0.057 8 0.658 0.697 +0.039± 0.013
Negotiation (CaSiNo) deal outcome −0.003 13 0.513 0.540 +0.027± 0.0224

PersuasionForGood donation −0.001 3 0.554 0.642 +0.088± 0.025
CraigslistBargain deal outcome 0.003 3 0.557 0.646 +0.089± 0.032
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Figure 4: State-lift (x-axis, minutes) vs. PRM−ORM lift from matched Llama-8B training (y-axis,
hours). Squares = context-correctness labels, circles = genuine labels, diamonds = constructed veri-
fier domains; colours identify domains; hollow markers are inadmissible (labels never vary within a
state, Table 1). (a) Full range. (b) Zoom on the dotted region with SDs over seeds. Large lifts above
threshold occur only with context-correctness labels; no genuine-label domain clears the threshold;
and on the admissible constructed domains the probe reads ≈ 0 against trained lifts of +0.34.

“invest” costs weeks of training and a miss one cheap re-check, the operating point should favour
precision. Single-run probe values carry fold SEs up to 0.07; Step 1 therefore uses at least three
seeds.

Fixed-state selection. A reward model is deployed to choose among candidates at a fixed state,
so we also evaluate best-of-N top-1 selection with all N candidates drawn from the same held-out
state—judge-free and unwinnable by a scorer that merely rates contexts. On ESConv (3 seeds, 600
trials each, 32 held-out states) the conditioned scorer gives no advantage at any N ∈ {2, 4, 8, 16}
(−0.019 ± 0.033 to −0.004 ± 0.017), matching its pairwise lift; on a verifiable-constraint positive
control the same protocol returns +0.336 ± 0.023 to +0.705 ± 0.038, so the null is a property of
ESConv. On DealOrNoDeal it cannot be run (no held-out state carries competing candidates).

Hyperparameter check. Identical hyperparameters across arms could disadvantage the blind arm
on low-SL domains. Re-training both arms on ESConv, HH-RLHF and CaSiNo at 2.5× the learning
rate, at 5 epochs, and at both (two seeds each, 18 runs; Appendix J.4) moves no domain’s mean lift
by more than 0.005; all 18 lifts lie within one baseline SD.
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Boundary: symbolic step grading. To probe the diagnostic’s boundary we apply it to four math
step-grading datasets with three label sources (PRM800K [17] human ratings, MathShepherd [27]
MCTS labels in two formats, RLHFlow-PRM automated verification). All yield near-zero state-
lift (−0.002 to 0.068; Appendix G, Table 8), far below the empirical PRM gap. Eight encod-
ing architectures on MathShepherd, including cross-encoders with full cross-attention, all yield
SL ∈ [−0.27, 0.038], while end-to-end training on PRM800K achieves +0.238 AUC lift (Table 9):
the signal is outside the reach of any probe-style measurement, not just encode-separately ones. We
do not claim the diagnostic covers fine-grained math step grading. The same limit appears on two
constructed verifiable domains (arithmetic step validity and constraint satisfaction; every state con-
trastive, ICC 0.000): the probe reads +0.010 and −0.005 while the trained conditioned scorer gains
+0.343 and +0.345 AUC, unchanged from bi-encoder to cross-encoder and up a four-tier capacity
ladder. Judging these steps requires computation over the joint (state, action), which pooled embed-
dings with a linear head cannot perform; a near-zero reading is therefore not self-interpreting. When
the screen reads near zero, the protocol trains both scorers for a small fraction of the budget and reads
the gap against a control that permutes which state is paired with which action (Appendix J.3). On
the two constructed domains a tenth of the budget already reads +0.10 and +0.13 (permuted ≈ 0);
on HH-RLHF, the one public admissible human-labelled domain, all four seeds carry the wrong sign
at a tenth and a read positive in every seed needs 46% of the budget. The escalation is cheap when
the eventual lift is large and expensive when it is not, so it needs at least two seeds and a margin over
their spread. This finding does not contradict state-lift’s success under context-correctness labels
(GSM8K: SL = 0.584, +0.474 AUC; downstream beam search in Appendix F). The boundary is a
property of what the label requires the scorer to compute, not of the domain.

Downstream and artifact checks. A step-level beam search on GSM8K confirms that state-lift
tracks downstream performance, not just AUC: PRM-guided selection reaches 26% accuracy ver-
sus 15% ORM-guided and 13% random (Appendix F). Shuffled-state controls destroy 79–100% of
measured state-lift across five domains (Appendix E).

6 Discussion

What state-lift measures. State-lift captures whether action text alone suffices to predict step
quality. When it does (SL ≈ 0), an ORM captures the quality-relevant signal. When it does not
(SL ≫ 0), the ORM is blind to quality information that resides in the trajectory state. Crucially,
state-lift measures state-dependent quality, not state persistence: a domain can have highly persis-
tent states (multi-turn dialogues with strong autocorrelation) yet state-independent quality (helpful
responses are helpful regardless of context). Our proxy pitfall analysis (Section 4.5) demonstrates
this distinction concretely. And it measures action-ranking state-dependence only when labels vary
within a state (Section 4.3); on trajectory-labelled data it measures between-trajectory differences.
A per-quartile analysis of HH-RLHF confirms SL ≈ 0 is not an aggregation artifact (Appendix K).

The effective gap explains within-category variation. Why does code reasoning (SL = 0.003)
have a smaller published PRM advantage (1.5–2.6%) than math (SL = 0.584, 1.4–17.8%)? Code
has EFF-GAP = 11.9 (action gaps dominate) while math has EFF-GAP = 1.11 (state noise domi-
nates); the predicted upper-bound regret at K = 8 is 0.056 versus 0.779, a 14× ratio consistent with
the observed gaps (Appendix H).

Practitioner decision protocol. We recommend the following workflow for a new domain.

Step 0. Admissibility audit (one pass, no model). Compute the fraction of states carrying more
than one label and the label ICC (Section 4.3). If no state is contrastive, stop: the dataset
cannot express the within-state comparison, and no state-lift value on it bears on the deci-
sion. If labels are trajectory-level, use trajectory-grouped folds throughout.

Step 1. Compute state-lift (∼5 minutes per seed, CPU only; at least three seeds, report the SE).
Collect ∼500 (state, action, quality) tuples following Section 4.4; embed, PCA to 16 di-
mensions, fit Ridge; compute SL and the effective gap.

Step 2. Read the result one-directionally:

9



• SL > 0.10 with the lower confidence bound above zero → Invest in PRM. The
state block carries predictive content the action block does not; in our study this regime
is populated by context-correctness labels (math +0.474, tool-use +0.503).

• SL ≈ 0→ Escalate, do not conclude. Train both scorers for ∼10% of the budget with
two seeds and the state-permutation control; accept the read when the gap exceeds the
seed spread and the control is at zero. A near-zero screen is consistent both with
ORM sufficiency (ESConv) and with computation-dependent state-dependence the
probe cannot see (arithmetic, lift +0.34); only training distinguishes them.

Tasks whose steps require verifying a formal computation can go directly to Step 2 or default to
PRM; the eight-architecture evidence below shows the probe reads near zero on them regardless.

Two structural classes of PRM advantage. Our results suggest that the PRM advantage is not
one phenomenon but two. In representation-decomposable domains (negotiation, tool-use, agent
tasks), step quality depends on general features of the state that sentence embeddings capture—
which region of action-space is appropriate given the conversational or task context. State-lift detects
this reliably. In interaction-irreducible domains (symbolic step grading), step quality depends on
fine-grained joint computation between specific tokens in the state and action (e.g., checking that a
particular algebraic manipulation is valid given the current equation). Eight encoding architectures
fail to recover this signal while end-to-end training succeeds (Appendix G): the two classes are
structurally different phenomena. Representation-decomposable domains can be triaged cheaply
(Step 1), interaction-irreducible domains require training (Step 2); we believe this decomposition
may inform how the field thinks about process supervision beyond the specific diagnostic presented
here.

State-lift is a representation-dependent measurement with robust ordering. State-lift is a joint
property of the domain, the representation, and the label type. Absolute values vary across en-
coders (MiniLM: 0.45 for Math vs. MPNet: 0.53; Appendix K), but the ordering GSM8K (context-
correctness) ≫ ESConv ≈ HH-RLHF holds across all three sentence encoders and across linear,
kernel, and MLP estimators. State-lift is therefore a reliable ranking by recoverable state-action sig-
nal; practitioners should compare values within an encoder rather than thresholds across encoders.
The exception is computation-dependent state-dependence, which no probe architecture recovers
(Appendix G).

7 Limitations

State-lift does not detect computation-dependent state-dependence: eight encoding architectures on
four math datasets all yield SL ∈ [−0.27, 0.07] while LLM training achieves +0.238 AUC lift
(Appendix G), and on two admissible constructed domains the probe reads ≈ 0 against trained
lifts of +0.34; a near-zero reading must be escalated. The escalation costs 46% of full training
on the one public admissible human-labelled domain we have. After correction no genuine-label
domain in our study clears the threshold, so the positive direction is demonstrated only on context-
correctness labels. DealOrNoDeal is the only natural domain that both fails admissibility and carries
a non-trivial state-lift. Under a protocol that holds out entire constraint families, HH-RLHF reads
+0.238 on one run, which we have not explained. Escalation results rest on 2–4 seeds per domain.
Context-correctness labels inflate SL by construction (Section 5). Sentence embeddings may fail for
structurally-differentiated actions (e.g., web UI elements). The Gaussian regret bound is approxi-
mate; domain ordering is preserved under heavier tails (Appendix K). Related work is discussed in
Appendix A.

8 Conclusion

We introduced state-lift, a diagnostic that screens when process rewards outperform outcome re-
wards. Across ten domains and matched multi-seed reward-model training, it is a one-directional
screen with a stated precondition (labels must vary within a state, checked by a one-pass audit) and
an escalation for the near-zero case. Regret depends on how much quality varies with state within a
fixed context (state-lift) and how distinguishable actions are (effective gap); the diagnostic is most
useful for novel domains without a published comparison, and runs in minutes on a single CPU.
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A Related Work

Process reward models. PRMs outperform ORMs for math [17, 27, 23], agents [4], and dia-
logue [7], with modest gains for code [15]. ThinkPRM [10] and VersaPRM [29] generalize across
domains. Song et al. [30] documented practical lessons on when PRMs help versus hurt. Critically,
Lee et al. [13] found PRMs offer no advantage on MMLU-Pro, establishing that the PRM advantage
is domain-dependent. Our diagnostic explains why.

Reward decomposition and diagnostics. State-lift connects to potential-based reward shap-
ing [20] and return decomposition for credit assignment [1]. It identifies state-blindness as a specific
form of reward misspecification [32, 24, 22]. The variance decomposition relates to contextual ban-
dits [8]. To our knowledge, no prior work provides a diagnostic predicting PRM vs. ORM suitability;
RewardBench [12] evaluates trained models rather than predicting which type to train.

Test-time compute. PRMs enable efficient test-time compute scaling [25]. Agent frameworks
such as SWEET-RL [31] and AgentBoard [19] rely on turn-level signals; state-lift could predict
when such supervision is worthwhile.

B Dataset Descriptions

Table 4: Quality signals used across the ten evaluation domains, by label type. “Automated” =
derivable from environment without human input; “Existing” = pre-existing human-annotated labels
in the dataset; “Proxy” = a heuristic stand-in (e.g., movement toward population centroid).

Domain Quality Signal Source Cost

Math reasoning (GSM8K) Step in correct chain GSM8K solutions Automated
Tool-use agents (Glaive) Action in correct context Conversation logs Automated
Negotiation (CaSiNo) Deal-outcome class Final point score Automated
Emotional support (ESConv) Therapeutic progress Conversation endpoints Proxy
ProsocialDialog Rule-of-thumb adherence Human annotation Existing
USS-Satisfaction Turn-level satisfaction User satisfaction rating Existing
Code reasoning (CodeContests) From correct solution Execution results Automated
AirDialogue Booking outcome Deal-success label Existing
Chat QA (HH-RLHF) Chosen vs. rejected Human preference Existing
Web navigation (Mind2Web) Action in correct trace Trajectory logs Automated

Table 5 summarizes the evaluation domains, including task format, data source, size, and the nature
of the sequential structure.
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Table 5: Datasets used for state-lift evaluation. All datasets are publicly available. n denotes the
number of step-level transitions extracted for state-lift computation.

Domain Source n Description

Math reasoning GSM8K [5] 9,138 Grade-school math word problems solved
in multi-step chains. Each step is an arith-
metic or algebraic operation. Quality de-
pends on whether the step is logically valid
given prior steps.

Tool-use agents Glaive Function Call-
ing v25

20,002 Multi-turn dialogues where an assistant in-
vokes APIs/tools. Each turn involves se-
lecting and parameterizing a function call.
Quality depends on whether the call is ap-
propriate for the user’s request and prior
tool outputs.

Negotiation CaSiNo [3] 24,474 Two-party camping supply negotiations.
Participants trade firewood, water, and
food packages to maximize individual point
scores. Quality is labeled by final deal out-
come (points above/below median).

Negotiation DealOrNoDeal [14] 28,200 Two-party item-division negotiations over
books, hats, and balls with private valu-
ations. Quality is labeled by deal value
(agent value / max value, above/below me-
dian).

Emotional support ESConv [18] 12,633 Emotional support conversations between
a help-seeker and supporter. Multi-turn
dialogues following a structured support
strategy. Quality proxied by therapeu-
tic progress (movement toward population
centroid).

Code reasoning CodeContests [16] 9,362 Competitive programming problems with
multi-step solutions. Each step is a code
block or reasoning step. Quality derived
from whether the step belongs to a correct
solution.

Chat QA Anthropic HH-RLHF
[2]

7,094 Multi-turn human–assistant conversations
with human preference labels (chosen vs.
rejected). Covers helpful and harmless re-
sponse selection.

Web navigation Mind2Web [6] 15,476 Web browsing tasks where an agent selects
UI elements and actions to complete goals.
Each step is a click/type/select action on a
webpage.

Prosocial response ProsocialDialog [11] 15,000 Multi-turn dialogues annotated for whether
responses follow prosocial rules-of-thumb.
Safety labels on a 5-level scale from casual
to needs-intervention.

User satisfaction USS-Satisfaction [26] 15,000 Task-oriented dialogues with turn-level user
satisfaction ratings (1–5 scale) from multi-
ple annotators across four source datasets.

Booking dialogue AirDialogue [28] 15,000 Customer-agent flight-booking dialogues
with deal-outcome labels (booking suc-
ceeded vs. failed).
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C Full Proofs

Reduction to the interaction component. With δ(s, a) = m(s) + g(s, a) as in the Remark of
Section 3, maxa R(s, a) = m(s)+maxa{µa+g(s, a)} and R(s, πblind) = m(s)+µ(1)+g(s, πblind);
taking Es, m cancels and Es[g(s, πblind)] = 0, so the regret equals Es[maxa{µa + g(s, a)}]− µ(1).
The proofs below therefore apply to R(s, a) = µa + σZa(s) with σ2 = SLwithin · Var(R); when
m ≡ 0 this is the statement of the reviewed version with σ2 = SL ·Var(R).

C.1 Proof of Theorem 1(i)

If SL = 0, then Vars(R | a) = 0 for all a, which implies R(s, a) = Es[R(s, a)] = rblind(a) almost
surely for all a. Therefore argmaxa R(s, a) = argmaxa rblind(a) = πblind for all s.

C.2 Proof of Theorem 1(ii)

The expected regret is:

E[regret] = Es

[
max

a
R(s, a)

]
−max

a
Es[R(s, a)] (5)

= Es

[
max

a
(µa + σZa)

]
− µ(1). (6)

Since max is convex and the Za are i.i.d. standard normal, the worst case (maximizing regret over
{µa}) occurs when all µa are equal, giving:

E[regret] ≤ σ · E
[

K
max
a=1

Za

]
≤ σ ·

√
2 lnK, (7)

where the last inequality is the standard bound on the expected maximum of K standard normals.
Substituting σ =

√
SL ·Var(R) gives the result.

C.3 Proof of Theorem 1(iii)

For K = 2 with µ1 > µ2, the blind policy selects action 1. The regret is:

E[regret] = E
[
(µ2 + σZ2 − µ1 − σZ1)

+
]
. (8)

Let W = Z2 − Z1 ∼ N(0, 2) and ∆ = µ1 − µ2. Then:

E[regret] = E
[
(σW −∆)+

]
(9)

= σ
√
2ϕ

(
∆

σ
√
2

)
−∆Φ

(
−∆

σ
√
2

)
, (10)

using the known formula for the expected positive part of a shifted normal: for X ∼ N(m, s2),
E[X+] = mΦ(m/s)+s ϕ(m/s); here m = −∆ and s = σ

√
2, and ϕ is even. (The prose statement

of part (iii) in the reviewed version carried a plus sign on the second term; the expression above, used
by the released code and every figure, is the correct one.) We verified this expression against Monte
Carlo simulation (2×106 draws) at (∆, σ) ∈ {(1, 1), (0.5, 1), (2, 1), (1, 0.3), (0.2, 2)}; agreement
holds to four decimal places. For general K, the actual regret is at least as large as this two-action
lower bound, since additional actions can only increase maxa R(s, a).

C.4 Monotonicity of Regret in State-Lift

Proposition 1. For fixed action means {µa}, the expected regret is non-decreasing in σ (and hence
in state-lift).

Proof. Let g(x) = maxa(µa + xa) − µ(1). Then g is convex, g(0) = 0, and g(x) ≥ 0. Define
h(σ) = E[g(σZ)]. By Jensen’s inequality, h(σ) ≥ g(0) = 0 for all σ. Since g is convex, h is convex
in σ. A convex function h with h(0) = 0 and h(σ) ≥ 0 is non-decreasing for σ ≥ 0: for 0 < σ1 <
σ2, convexity gives h(σ1) ≤ (σ1/σ2)h(σ2), which implies h(σ2) ≥ (σ2/σ1)h(σ1) ≥ h(σ1).
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D Proxy Pitfall: Extended Analysis

The improvement proxy defines quality as qproxy(s, a) = ∥s−s̄∥−∥s′−s̄∥, where s̄ is the population
mean state and s′ is the next state. This proxy measures “movement toward the centroid” and is high
when states are far from the mean and actions bring them closer.

On HH-RLHF, this proxy yields SLproxy = 17.2 because: (1) conversational states have high auto-
correlation (r = 0.27 between consecutive states), so states far from the mean tend to stay far; (2)
the centroid-movement proxy captures this persistence as “state-dependent quality”; (3) actual pref-
erence labels show SLreal = −0.005, confirming that preferences do not depend on conversational
state.

The root cause is a conflation of two distinct properties: state persistence (how long states stay in a
region) and state-dependent quality (whether the quality ranking of actions changes with state). A
domain can have high persistence but low quality state-dependence (e.g., multi-turn chat where help-
ful responses are helpful regardless of context) or high quality state-dependence but low persistence
(e.g., a single-step decision that depends on a rapidly changing state).

We tested four alternative proxy formulations—world-model residual, turn position, action diversity,
and next-state predictability—and found that all exhibit similar failure modes to varying degrees.
The only reliable approach is to use quality labels derived from the environment.

E Artifact Checks

Shuffled-state controls confirm that state-lift captures genuine state-dependence rather than statis-
tical artifacts. We randomize state assignments while keeping actions and labels fixed; if state-lift
reflects real structure, shuffling should destroy it.

Table 6: Shuffled-state controls confirm state-lift reflects genuine sequential structure.
Domain Real Shuffled Drop

Math (GSM8K) 0.584 −0.013 100%
Tutoring (MathDial) 0.114 0.003 97%
Code (CodeContests) 0.010 0.002 79%
Emot. support (ESConv) 0.028 0.006 79%
Web nav. (Mind2Web) Permutation z = 11.3 p < 0.0001
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Figure 5: Shuffled-state controls. Randomizing state assignments while keeping actions and labels
fixed destroys state-lift in all tested domains (79–100% drop), confirming the signal is genuine.

F Downstream Step-Level Beam Search

To test whether state-lift predicts downstream task performance (not just classification AUC), we
conduct a step-level beam search on GSM8K. We generate 6,400 solutions from Llama-3.1-8B-
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Instruct on 400 training problems, auto-label steps by outcome correctness, and train matched-
distribution reward models (blind AUC = 0.648, PRM AUC = 0.801, lift = +0.153). We then
solve 100 test problems step-by-step: at each step, generate 4 candidates and select the best accord-
ing to each method.

Table 7: Downstream step-level beam search on GSM8K (matched-distribution reward models).
Method Accuracy Selection strategy

Greedy (no selection) 27.0% Argmax decoding, single sample
Random (from 4 cands) 13.0% Uniform random from 4 samples
ORM-guided (blind) 15.0% Best-of-4 scored by step text only
PRM-guided (conditioned) 26.0% Best-of-4 scored by state + step

PRM-guided selection (26%) dramatically outperforms ORM-guided selection (15%), a +11 per-
centage point gap. The ORM is barely better than random (15% vs. 13%), confirming that step
quality in math reasoning is largely invisible from step text alone. PRM nearly matches greedy
decoding (26% vs. 27%) despite stochastic sampling.

G Resolution Experiment

This experiment characterizes the diagnostic’s behavior on fine-grained math step grading—tasks
whose labels grade the symbolic correctness of individual reasoning steps. Practitioners triaging a
new domain typically do not have such labels; they have the label types covered in the main exper-
iments (context-correctness, outcome-based, preference, satisfaction, proxy-quality). We include
this experiment to characterize what happens when state-lift is applied to math step grading, and
to test whether the failure is an architectural limitation of bi-encoder probes or a more fundamental
property of the task.

Four independent boundary datasets. We test state-lift on four math step-grading datasets with
three independent label sources: PRM800K [17] provides 78,865 steps with human +1/ − 1/0
ratings; MathShepherd [27] provides steps labeled by Monte-Carlo Tree Search rollouts (tested in
two different data formats); and RLHFlow-PRM provides steps with automated +/− verification
labels. All yield near-zero state-lift:

Table 8: State-lift on four math step-grading boundary datasets, with MiniLM bi-encoder + linear
Ridge probe.

Dataset Label source State-lift 95% CI LLM training lift

PRM800K Human +1/0/− 1 0.015 [−0.010, 0.017] +0.238 AUC
MathShepherd MCTS rollout −0.002 [−0.004, 0.034] ∼0.35 AUC (published)
trl-MathShepherd MCTS (TRL format) 0.068 [0.035, 0.081] —
RLHFlow-PRM Automated +/− 0.010 [−0.011, 0.015] —

The result is robust across label sources and data formats. The trl-MathShepherd variant shows
slightly higher SL (0.068), likely reflecting cleaner step segmentation in TRL’s pre-tokenized format,
but remains 5–7× below the empirical PRM gap (∼0.35). Three of the four datasets have CIs that
include zero; all four are well below the 0.10 PRM-investment threshold.

Eight encoding architectures. To rule out the hypothesis that the failure is specific to bi-encoders
that encode states and actions independently, we apply eight different encoding architectures to
MathShepherd and compute state-lift with each. Architectures span similarity-enriched bi-encoders,
cross-encoders with full cross-attention, NLI entailment models, and joint MPNet/DeBERTa en-
coders.

The persistent gap across architectures—including those with full cross-attention—indicates that
the symbolic-correctness signal recovered by end-to-end LLM training (PRM800K +0.238 AUC) is
not a structure that any probe-style measurement can recover, regardless of how the probe combines
state and action representations. The earlier hypothesis that the boundary was caused by encode-
separately architecture is ruled out by rows 3–4. Figure 6 visualizes this gap.
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Table 9: Eight encoding architectures applied to MathShepherd. All yield SL in [−0.27, 0.07].
Cross-encoders with full cross-attention (rows 3–4) do not close the gap, ruling out the hypothesis
that the boundary is an artifact of encode-separately probes.

Method SL (R2) SL (AUC) Notes

Bi-encoder (MiniLM) −0.002 −0.003 Baseline
Similarity-enriched 0.006 −0.010 cos(s, a) ↔ correct: ρ=0.31
Cross-encoder (ms-marco) 0.000 −0.004 Full cross-attention
Cross-encoder + embeddings 0.003 −0.042 —
NLI (entailment) −0.000 −0.012 Entailment ̸= correctness
NLI-only (no action emb) 0.038 0.124 Best, still 10× below gap
Joint MPNet −0.267 −0.172 Joint encoding destroys signal
Joint DeBERTa −0.174 −0.154 Same problem
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Figure 6: The resolution experiment: probe-style measurements of state-lift (any encoder, any esti-
mator) yield near-zero values on PRM800K, while end-to-end LLM training achieves +0.238 AUC
lift. The gap is robust across architectures and across four independent datasets with three label
sources (PRM800K human ratings; MathShepherd MCTS labels in two formats; RLHFlow auto-
mated verification).

Consistency with state-lift’s success on math under different labels. This boundary does not
contradict the diagnostic’s success on the same domain family under different label types: GSM8K
with context-correctness labels yields SL = 0.584 and a +0.474 AUC lift (Tables 2, 3; downstream
beam search in Appendix F). The boundary is a property of what the label requires the scorer to
compute, not of the domain.

H Effective Gap Regimes

Figure 7 visualizes the two regimes predicted by Theorem 1 as a function of the effective gap
EFF-GAP =

√
(1− SL)/SL. When EFF-GAP < 1 (state noise dominates the action-mean gap),

PRM is essential; when EFF-GAP > 3 (action gaps dominate), ORM is sufficient. The intermediate
range is a hybrid regime where PRM provides moderate benefit. Under context-correctness labels,
math and tool-use fall in the noise-dominant regime and code in the gap-dominant regime.
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Figure 7: Two regimes determined by the effective gap. When EFF-GAP < 1 (state noise dominates
action gaps), PRM is essential. When EFF-GAP > 3 (action gaps dominate), ORM is sufficient.
The dashed line marks EFF-GAP = 3, i.e. SL = 0.10.

I Interpretation of K in Text Generation

In the regret bound, K = |A| is the number of candidate actions at selection time (e.g., N in best-
of-N , beam width, or tree search branching). The

√
2 lnK factor grows slowly: K = 8 gives 2.04,

K = 64 gives 2.88, a 1.4× range that does not change the PRM/ORM recommendation for any
domain. The regime boundary (SL = 0.10, EFF-GAP = 3) is invariant across this practical range.

J Extended Experimental Results

J.1 LLM Training Details

All LLM experiments use Llama-3.1-8B-Instruct with LoRA (rank 8, alpha 16, targeting query and
value projections). Training hyperparameters are held constant across domains: 3 epochs, batch
size 4 with gradient accumulation 4 (effective batch size 16), learning rate 2 × 10−5 with AdamW,
maximum sequence length 512 tokens. Models are trained on NVIDIA L40S GPUs (48 GB VRAM).

J.2 Per-Domain Training Curves

Table 10 shows per-epoch training and evaluation metrics for all five LLM experiments.

Table 10: Per-epoch metrics for blind (ORM) and conditioned (PRM) Llama-8B reward models.
Domain Model Ep. Train Acc Eval AUC Loss Time (s)

Math

Blind 1 0.497 0.526 0.891 108
2 0.506 0.502 0.738 107
3 0.527 0.500 0.704 108

PRM 1 0.893 1.000 0.275 261
2 0.999 1.000 0.004 256
3 1.000 1.000 <0.001 256

Tool-Use

Blind 1 — 0.486 — —
3 — 0.486 — —

PRM 1 — 0.989 — —
3 0.975 0.989 0.117 269

HH-RLHF

Blind best 0.637 — 0.651 275

PRM best 0.709 — 0.564 759
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The most striking pattern is the contrast between blind and conditioned models on math: the blind
model never exceeds chance (AUC=0.526) across all three epochs, while the conditioned model
reaches near-perfect accuracy (AUC=1.000) within the first epoch and converges to loss <0.001 by
epoch 3. This demonstrates that the quality signal is completely invisible from action text alone but
trivially recoverable with state information.

J.3 Truncated-Training Escalation

Both arms are trained with evaluation every 10 optimizer steps; ∆B is conditioned minus blind
accuracy at step B, mean over seeds, and B∗ the first step after which ∆B > 0 in every seed. The
permutation control pairs each action with a random state, leaving prompt format, sequence length
and action text untouched.

Table 11: Truncated-training read. The escalation is cheap when the effect is large and expensive
when it is small.

Domain Seeds Full lift ∆10% ∆10% perm. B∗ ∆B∗

Arithmetic (constructed) 2 +0.292 +0.100 −0.025 9% +0.100
Constraints (constructed) 2 +0.345 +0.131 −0.009 6% +0.058
PersuasionForGood 2 +0.084 +0.022 −0.014 9% +0.021
DealOrNoDeal 2 +0.059 +0.014 −0.018 17% +0.024
HH-RLHF 4 +0.033 −0.025 — 46% +0.022
PRM800K (paired) 4 −0.000 −0.045 −0.118 never —

J.4 Per-Domain Hyperparameter Check for the Low-SL Rows

Both arms were re-trained on the three genuine-label domains with the smallest state-lift under three
alternative configurations: learning rate 5× 10−5 (vs. 2× 10−5) at 3 epochs, 2× 10−5 at 5 epochs
(vs. 3), and 5 × 10−5 at 5 epochs; everything else as in Table 3. The metric is the best held-out
accuracy over epochs, so the 5-epoch value is at least the 3-epoch value by construction; identical
entries mean the best epoch was ≤ 3 in both arms.

Table 12: Hyperparameter check, two seeds per cell (lift = conditioned − blind accuracy). Baseline
is the reported configuration over all its seeds. No cell moves a domain’s mean lift by more than
0.005; every individual lift lies within one baseline SD.

Domain LR Epochs Seed 42 Seed 43 Mean Baseline

ESConv 5×10−5 3 +0.008 −0.003 +0.003
+0.008± 0.009 (n=8)2×10−5 5 +0.012 +0.010 +0.011

5×10−5 5 +0.008 −0.003 +0.003

HH-RLHF 5×10−5 3 +0.030 +0.035 +0.033
+0.030± 0.012 (n=8)2×10−5 5 +0.035 +0.028 +0.031

5×10−5 5 +0.030 +0.035 +0.033

CaSiNo 5×10−5 3 +0.009 +0.035 +0.022
+0.027± 0.022 (n=13)2×10−5 5 +0.020 +0.035 +0.028

5×10−5 5 +0.019 +0.040 +0.030

J.5 State-Stratified Evaluation (HH-RLHF)

To test whether the small PRM lift on HH-RLHF concentrates in specific state regions, we split the
test set by state-vector distance from the mean into quartiles.

The PRM advantage on HH-RLHF is concentrated in extreme states (Q4: +7.5%) and absent for
near-mean states (Q1: −1.3%). This suggests that even in a nominally state-independent domain,
unusual conversational contexts create pockets of state-dependent quality that a PRM can exploit.
However, the overall effect is small (+3.4%), consistent with near-zero state-lift.
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Table 13: HH-RLHF accuracy by state distance quartile.
State Region Blind Acc PRM Acc Lift

Q1 (near mean, n = 375) 0.637 0.624 −0.013
Q2–Q3 (moderate, n = 750) 0.621 0.659 +0.038
Q4 (extreme, n = 374) 0.604 0.679 +0.075

J.6 Published PRM–ORM Comparisons

Table 14 lists the published comparisons referred to in Section 5. They are context rather than
validation: the state-lift values were computed on different datasets, label types and metrics from
the published gaps.

Table 14: Published PRM vs. ORM performance comparisons used for calibration.
Paper Domain Benchmark Metric PRM Gap

Lightman et al. 2023 Math MATH-500 Best-of-N acc +5.8%
Lightman et al. 2023 Math AP Calculus Best-of-N acc +17.8%
Math-Shepherd 2024 Math MATH Verification acc +4.1%
Math-Shepherd 2024 Math GSM8K Verification acc +1.4%
Setlur et al. 2025 Math MATH RL acc +8.0%
AgentPRM 2024 Agents WebShop Best-of-64 +19.0%
AgentPRM 2024 Agents BabyAI Best-of-64 +6.1%
AgentPRM 2024 Agents TextCraft Best-of-64 +13.4%
CodePRM 2025 Code LiveCodeBench Pass@1 +1.5%
CodePRM 2025 Code LCB Medium Pass@1 +2.6%
Du et al. 2024 Dialogue MultiWOZ Combined +10.4
Lee et al. 2025 General MMLU-Pro Best-of-N acc 0%

K Robustness Analyses

We conduct six robustness analyses addressing reviewer-relevant concerns: bootstrap confidence in-
tervals, encoder sensitivity, persistence controls, mixed-effects comparison, sample size sensitivity,
and nonlinear estimators.

K.1 Sample Size Calibration Guide

Table 15 provides practical guidance on minimum sample sizes for reliable state-lift estimation,
based on our bootstrap analysis across three domains.

Table 15: Recommended minimum n for reliable state-lift estimation. “Reliable” means 95% CI
width < 0.05 for the given SL regime. Based on bootstrap resampling (200 draws).

Expected SL regime Min n (directional) Min n (CI excludes 0) Min n (±0.02)

High (SL > 0.1) 200 500 1,000
Moderate (SL 0.01–0.1) 500 2,000 5,000
Low (SL ≈ 0) 500 N/A (signal is null) 2,000

For practical use: if n = 500 gives SL > 0.10 with the lower CI bound above zero over at least
three seeds, PRM investment is justified. A near-zero value at any n is uninformative on its own and
routes to Step 2 of the protocol. With the corrected registry, every threshold in [0.06, 0.39] produces
the identical classification of the ten domains, so moderate estimation error in SL does not change
the recommendation.
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K.2 Bootstrap Confidence Intervals

We compute state-lift on 200 bootstrap resamples at various sample sizes to characterize estimation
uncertainty.

Table 16: Bootstrap 95% CIs for state-lift at different sample sizes. n ≥ 500 produces stable
estimates for high-SL domains; n ≥ 2000 is needed for low-SL domains.

Domain n Mean SL SD 95% CI

Math
100 −0.055 0.098 [−0.27, 0.10]
500 0.257 0.027 [0.20, 0.31]
2000 0.480 0.012 [0.46, 0.50]

ESConv
500 −0.016 0.059 [−0.06, 0.04]
2000 0.020 0.010 [0.00, 0.04]
5000 0.027 0.006 [0.02, 0.04]

HH-RLHF
500 −0.054 0.026 [−0.10, −0.01]
2000 −0.010 0.007 [−0.02, 0.00]
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Figure 8: State-lift stabilizes with increasing sample size. Shaded regions show 95% CIs from 50
random draws at each n. For Math (high SL), estimates are reliable at n ≥ 500. For ESConv and
HH-RLHF (low SL), n ≥ 2000 is needed for the CI to exclude zero.

K.3 Encoder Sensitivity

We test three sentence encoders with different architectures and training objectives.

The qualitative ordering is invariant to encoder choice (Math ≫ ESConv > HH-RLHF for all three
encoders). Absolute state-lift values range from 0.13 to 0.53 for Math across encoders, suggesting
that practitioners should compare relative values within an encoder rather than absolute thresholds
across encoders.

23



MiniLM-L6 MPNet E5-small

0.0

0.1

0.2

0.3

0.4

0.5

St
at

e-
lif

t

Math
ESConv
HH-RLHF

Figure 9: State-lift computed with three different sentence encoders. The ordering Math ≫ ESConv
> HH-RLHF is preserved across all encoders, though absolute magnitudes vary. E5-small produces
lower values but the same ranking.

K.4 Persistence Controls

A key concern is whether state-lift measures genuine quality state-dependence or merely state persis-
tence (autocorrelation). We test this with three controls: (1) lagged state: use zt−1 instead of zt—if
SL is driven by persistence, the lagged state should be equally predictive; (2) block shuffle: shuffle
states within blocks of 50—destroys local temporal structure while preserving marginal distribu-
tion; (3) residualization: zero out the first principal component (typically the most autocorrelated
dimension).
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Figure 10: Persistence controls. Math: all controls give similar SL, confirming SL is genuine (not
persistence-driven, since autocorrelation = 0.002). ESConv: lagged SL drops to 0.34× standard
SL, confirming two-thirds of SL is genuine. HH-RLHF: lagged state increases SL dramatically
(persistence masquerades as quality state-dependence), confirming the proxy pitfall.

The most striking finding is HH-RLHF: using the lagged state zt−1 produces SL = 0.37, far higher
than the current-state SL = −0.003. This means earlier conversational turns are predictive of re-
sponse quality—not because quality depends on state, but because conversations with better early
turns tend to have better responses throughout. The current state zt adds no information beyond this
baseline persistence. This confirms and strengthens the proxy pitfall analysis.
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K.5 Mixed-Effects vs. R2-Difference Estimator

We compare our R2-difference estimator with a variance-decomposition approach that directly esti-
mates Vara(rblind) and Ea[Vars(R|a)].

Table 17: Comparison of state-lift estimators.
Domain R2-diff Var-decomp Clipped [0,1]

Math 0.586 0.464 0.586
ESConv 0.029 0.031 0.029
HH-RLHF −0.003 0.002 0.000

Both estimators agree on the ordering. The R2-difference can produce values outside [0, 1] (negative
for HH-RLHF), which we clip in practice. The variance-decomposition estimator naturally stays in
[0, 1] and could be preferred when calibrated estimates are needed.

K.6 Nonlinear Estimators

We test whether the linear Ridge estimator underestimates state-dependence by comparing with
kernel Ridge (RBF) and MLP (64, 32 hidden units) estimators.

Math ESConv HH-RLHF

0.0

0.1

0.2

0.3

0.4

0.5

0.6

St
at

e-
lif

t

Linear Ridge
Kernel Ridge
MLP

Figure 11: Nonlinear estimators: MLP finds higher state-lift than linear Ridge for Math (0.59 vs.
0.45), confirming that linear SL is a lower bound. Ordering is preserved across all estimators.

The MLP estimator finds SL = 0.59 for Math versus 0.45 for linear Ridge, confirming that our
linear estimate is conservative. The ordering (Math ≫ ESConv ≈ HH-RLHF) is preserved across
all estimators. This means that when linear state-lift is high, the true state-dependence is at least as
high; when linear state-lift is near zero, nonlinear estimators also find no signal.

K.7 Robustness of Regret Bound to Distributional Assumptions

We test whether the upper bound (Theorem 1(ii)) holds under violations of the Gaussian i.i.d. as-
sumption, sweeping state-lift from 0.01 to 0.9 (K = 5, 20,000 trials per point, 90 points per condi-
tion).

The bound is more conservative under correlated and heavy-tailed noise (lower ratios). Intuitively,
correlation reduces the effective number of independent “flippable” actions, and heavy-tailed dis-
tributions have lower expected maxima than Gaussians of the same variance. The Gaussian i.i.d.
assumption in Theorem 1 is therefore sufficient for the upper bound: real deviations from this as-
sumption make the bound looser, not tighter.
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Table 18: Regret bound robustness. Max ratio = max(simulated regret / bound) across all state-lift
values. The bound holds (ratio < 1) under all tested conditions.

Condition Max ratio Violations Bound holds?

Gaussian i.i.d. (baseline) 0.413 0 / 90 Yes
Correlated ρ = 0.3 0.424 0 / 90 Yes
Correlated ρ = 0.6 0.411 0 / 90 Yes
Correlated ρ = 0.9 0.404 0 / 90 Yes
Heavy-tail t(df = 3) 0.310 0 / 90 Yes
Heavy-tail t(df = 5) 0.371 0 / 90 Yes
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and Section 1 state the paper’s contributions: (1) state-lift as a
minutes-scale, one-directional screen for the PRM–ORM decision; (2) a regret bound (The-
orem 1) with a derived threshold; (3) an admissibility precondition checked by a model-free
audit (Section 4.3); (4) matched multi-seed reward-model training on seven domains (Ta-
ble 3) with a fixed-state selection evaluation; (5) a protocol that escalates near-zero readings
to a truncated-training check. Scope limits are stated where they apply: readings above
threshold occur only on context-correctness labels, and probes cannot read computation-
dependent state-dependence (Section 7).

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Section 7 discusses limitations including: state-lift does not detect symbolic-
reasoning correctness in math; context-correctness labels inflate SL by construction; sen-
tence embeddings may fail for structurally-differentiated actions; the Gaussian regret bound
is approximate; and downstream evaluation is limited to GSM8K. Section 4.5 additionally
reports a negative result (HH-RLHF improvement-proxy false positive).

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.
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• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [Yes]
Justification: Theorem 1 (State-Blind Regret Bound) is stated in Section 3 with all as-
sumptions made explicit: a Gaussian noise model R(s, a) = µa + σ · Za(s) with Za

independent standard normals and σ2 = SL ·Var(R), K actions, and gap ∆ = µ(1)−µ(2).
A proof sketch appears immediately after the statement; full proofs of all four parts (de-
generacy at SL = 0, the

√
2 lnK upper bound, the exact two-action lower bound, and

the regime asymptotics) are provided in Appendix C, along with a monotonicity proposi-
tion. The Gaussian i.i.d. assumption and its robustness to violations (correlated noise with
ρ ∈ {0.3, 0.6, 0.9} and heavy-tailed t distributions with df ∈ {3, 5}) are tested numerically
in Appendix K (Table 18). All theorems and equations are numbered and cross-referenced.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theo-

rems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Section 4 fully specifies the state-lift computation pipeline (sentence-encoder
embedding with all-MiniLM-L6-v2, PCA to D = 16, two Ridge regressions, SL =
R2

conditioned−R2
action). Section 5 and Appendix J fully specify the LLM reward model training

(Llama-3.1-8B-Instruct with LoRA rank 8, alpha 16, query and value projections; 3 epochs;
effective batch size 16; learning rate 2 × 10−5 with AdamW; max sequence length 512).
The downstream beam-search protocol (Appendix F, Table 7) and the seven environment-
derived quality signals (Table 4) are described in full. The frozen Llama-8B hidden-state
probing pipeline used to test the interaction-level boundary is described in Section 5 and
visualized in Appendix G. Appendices D, E, and K provide proxy-pitfall details, shuffled-
state controls (Table 6), bootstrap CIs (Table 16), encoder sensitivity, persistence controls,
and nonlinear estimator comparisons.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be per-

ceived well by the reviewers: Making the paper reproducible is important, regardless
of whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.
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• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all sub-
missions to provide some reasonable avenue for reproducibility, which may depend
on the nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear

how to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All datasets are publicly available and cited in Appendix B. Source code
for the state-lift estimator, data preprocessing, LLM reward model training (LoRA), multi-
seed evaluation, SDI-style computation, and figure generation is included as supplementary
material (state_lift_code.zip). The base model (Llama-3.1-8B-Instruct) is publicly
available.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.

cc/public/guides/CodeSubmissionPolicy) for more details.
• While we encourage the release of code and data, we understand that this might not

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.
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6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Section 4 specifies all details for state-lift computation (encoder, PCA di-
mension D = 16, Ridge probe choice, R2-difference vs. variance-decomposition estima-
tors in Table 17). Section 5 specifies LLM training: Llama-3.1-8B-Instruct, LoRA rank 8
(alpha 16, query/value projections), 3 epochs, batch size 4 with gradient accumulation 4
(effective 16), learning rate 2× 10−5 with AdamW, max sequence length 512. Appendix J
adds per-epoch metrics (Table 10), state-stratified evaluation (Table 13), and the literature-
calibration table (Table 14). Beam-search hyperparameters (4 candidates per step, 100
GSM8K test problems) are specified in Appendix F. Appendix K provides sensitivity anal-
yses for sample size (Table 15, Figure 8), encoder choice (Figure 9), persistence controls
(Figure 10), and probe nonlinearity (Figure 11), justifying the headline choices.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of

detail that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Bootstrap 95% confidence intervals (200 resamples) for state-lift across sam-
ple sizes (n ∈ {100, 500, 2000, 5000}) are reported in Appendix K (Table 16, Figure 8)
for Math, ESConv, and HH-RLHF, with shaded-region plots showing CI shrinkage with
increasing n. Permutation tests are used for the shuffled-state artifact checks (Appendix E,
Table 6), including a permutation z = 11.3 (p < 0.0001) for Mind2Web. The synthetic
regret-bound validation reports a tight correlation between

√
SL ·Var(R) and simulated

regret (Figure 2). Robustness of the regret bound under correlated (ρ ∈ {0.3, 0.6, 0.9})
and heavy-tailed (t with df ∈ {3, 5}) noise is reported as max-ratio statistics over 90 sweep
points with 20,000 trials each (Table 18). All confidence interval methods (bootstrap, per-
mutation) and assumptions are stated explicitly.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or fig-
ures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).
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• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Appendix J states that all LLM experiments use NVIDIA L40S GPUs (48 GB
VRAM) with Llama-3.1-8B-Instruct + LoRA. Per-domain wall-clock times are reported
per epoch in Table 10: blind models train in roughly 100–300 s/epoch, conditioned models
in 250–800 s/epoch, depending on the domain. State-lift computation itself is described
as ∼5 minutes on CPU with no GPU required (Section 6). The full practitioner protocol
is dominated by an optional pilot experiment estimated at ∼1 GPU-hour, ∼100× cheaper
than full PRM training. The paper’s headline cost-efficiency claim (minutes-scale diagnos-
tic vs. hours-scale training) is therefore quantified end-to-end.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The work analyzes existing public datasets and trains lightweight LoRA
adapters on a publicly available pretrained model (Llama-3.1-8B-Instruct). It involves no
human subjects, no personally identifiable information, no scraped private data, and no de-
ployed system. Standard research-use licenses for all assets are respected, and dialogue
datasets such as ESConv and HH-RLHF are used in their original anonymized released
forms.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require
a deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: This is a foundational diagnostic and reward-design methodology paper. It
introduces a variance-decomposition statistic and a regret bound that help practitioners de-
cide between process and outcome reward models before committing to expensive training.
It does not introduce new generative capabilities, deployed systems, or models with a di-
rect path to societal impact. The downstream effect is to make reward-model design more
compute-efficient, which is broadly positive for accessibility but does not raise specific
positive or negative impacts that warrant standalone discussion.
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Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no soci-

etal impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release new pretrained models, scraped datasets, or gen-
erative systems. The trained LoRA reward-model adapters are research artifacts of the ex-
perimental validation and are not the contribution; all base models (Llama-3.1-8B-Instruct)
and datasets (GSM8K, Glaive, CaSiNo, ESConv, CodeContests, HH-RLHF, Mind2Web,
MathDial, PRM800K) are pre-existing public releases.

Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All datasets (GSM8K [5], CaSiNo [3], ESConv [18], CodeContests [16],
Anthropic HH-RLHF [2], Mind2Web [6], PRM800K [17], Glaive Function Calling v2,
MathDial) and the base model Llama-3.1-8B-Instruct are cited at first use with the origi-
nal papers. All are used under their respective research-use licenses (predominantly MIT,
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Apache 2.0, and the Llama Community License). The sentence encoder all-MiniLM-
L6-v2 is used under Apache 2.0. The LoRA implementation [9] and Hugging Face
PEFT/transformers libraries are likewise used under Apache 2.0.

Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the pack-

age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [N/A]

Justification: No new datasets or pretrained model checkpoints are introduced or released
at submission time. Code implementing the state-lift estimator, the LoRA reward-model
training pipeline, the proxy-pitfall analysis, and the GSM8K beam-search experiment will
be released publicly with full documentation after the review process.

Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing or any research with human sub-
jects. All human-labeled data (e.g., HH-RLHF preferences, PRM800K step-correctness
ratings) is consumed from existing public datasets whose original collection procedures
are documented in their respective publications.

Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.
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• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The paper does not involve human subjects research; no IRB approval is
required. Pre-existing human-labeled datasets (HH-RLHF, PRM800K, ESConv, CaSiNo)
are used under their original release terms.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: LLMs are used as the empirical evaluation object of this work, not as a writ-
ing or ideation tool. Specifically, Llama-3.1-8B-Instruct is fine-tuned with LoRA as both
a blind (ORM) and state-conditioned (PRM) reward model across six domains to vali-
date that the cheap state-lift diagnostic predicts full reward-model training outcomes (Sec-
tion 5, Appendix J). Llama-3.1-8B is also used to extract frozen hidden-state representa-
tions on PRM800K (Appendix G) to test whether richer representations close the diagnostic
gap with end-to-end training; the resulting comparison between encode-separately meth-
ods (linear/kernel/MLP probes on MiniLM and Llama-8B hidden states) and end-to-end
training is the central evidence for the interaction-level diagnostic boundary. Additionally,
Llama-8B is used to generate solution candidates and step-level samples for the GSM8K
beam-search experiment (Appendix F). All architectures, hyperparameters, and prompting
choices are specified in Section 5 and Appendix J.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should
not be described.
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