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Abstract

In verifier-style RLVR, group-relative optimization often
treats advantage scale as an implementation detail. This pa-
per separates two low-variance cases: sub-resolution jitter that
should not become a preference signal, and credible but small
cardinal gaps that should be learned without distorting KL cal-
ibration. We propose an advantage-scale three-way calibration
interface: the same within-group scale denominator simulta-
neously determines the reward-branch strength, prompt-level
batch weight, and the effective KL calibration induced when
the reward branch is re-expressed on the original cardinal
scale. This interface explains why RLOO / Dr.GRPO can let
credible small gaps become KL dominated, whereas GRPO’s
standard-deviation denominator can amplify tiny gaps with-
out bound. Based on this interface, we further introduce the
Reward-Resolution Protocol and MaxNorm-AC, respectively
filtering sub-resolution gaps and providing bounded cardinal
recovery on credible nonzero gaps. Across dense / MoE archi-
tectures and math / code reasoning, MaxNorm-AC improves
over the prespecified percentile-scale reference (p = 90, here-
after the p90 reference) while truncating the low-variance
inverse-scale tail.

Introduction

In verifier-style RLVR training for reasoning, group-relative
optimization constructs advantages from multiple responses
to the same prompt and avoids an explicit value function. We
distinguish two low-variance cases. A sub-resolution gap is
numerical jitter below the minimum credible reward resolu-
tion and should not be used as a preference signal. A credible
low-variance gap can arise from partial credit, process qual-
ity (Wang et al. 2026; Yue et al. 2025), confidence, or error
severity; such gaps should be learned, but their scale must be
calibrated. The Reward-Resolution Protocol first merges sub-
resolution gaps before any group-relative update and skips
both reward and KL updates for zero-gap groups.

After this protocol, we focus on credible within-group
reward gaps that are small but nonzero. In this regime, the
prompt-level scale is a three-way interface: it sets the reward-
branch strength, the KL calibration seen by that prompt,
and the prompt’s weight inside the batch. Standard-deviation
normalization is therefore not ordinary preprocessing. With-
out scale recovery, RLOO / Dr.GRPO can become domi-
nated by KL as the reward signal weakens; with standard-
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deviation recovery, GRPO restores the signal but intro-
duces unbounded amplification, effective-KL imbalance, and
prompt-level reweighting as the within-group standard devi-
ation approaches zero. Figure 1 maps these three existing
failures to the drive shaft, fixed-KL spring, and batch bal-
ance of one scale machine; our bounded recovery is shown
separately in Figure 2.

This paper identifies low-variance group-relative updates
as a three-way scale-calibration interface and gives a mini-
mal bounded cardinal operator that only replaces the within-
group scale denominator. This minimal intervention leaves
KL regularization, the policy ratio, clipping, token aggre-
gation, and length normalization unchanged, making the
mechanism easier to attribute, the evidence more auditable,
and practical transfer lower-cost. MaxNorm-AC replaces the
standard-deviation denominator with the maximum absolute
raw advantage under a reward-resolution floor and freezes
the result as the loss weight for the current optimization step,
thereby jointly bounding reward amplification, the effective-
KL lower bound, and the prompt-level weight tail; the exact
bounds are summarized in the theory section below. The
main instance, MaxNorm-RLOO, is only one way to at-
tach this bounded-scale operator. If reward magnitudes are
untrustworthy and only the within-group order is reliable,
the applicability assumption of our method no longer holds;
order-only methods should be treated as external boundaries
rather than objects whose superiority is established by this
paper. Exactly identical within-group rewards are likewise a
signal-construction boundary rather than a scale-calibration
case.

The contributions are:

* To our knowledge, we first formulate the within-group
denominator in RLVR as a unified scale-calibration prob-
lem with three failure modes: O(1) amplification of sub-
resolution jitter, O(e) reward-branch decay for credible
small nonzero gaps, and prompt-level batch reweight-
ing induced by 1/s,; the denominator should therefore
jointly preserve credible cardinal gaps, suppress sub-
resolution jitter, and control KL calibration and prompt-
level reweighting;

* We propose the Reward-Resolution Protocol, which sep-
arates sub-resolution noise from credible cardinal gaps
before all group-relative updates through bounded bin-
ning, a dead zone, and zero-gap skipping;
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Figure 1: Two low-variance regimes expose three existing failures at one reward-scale interface. For sub-resolution jitter g,
GRPO restores z = O(o,) to O(1), but 1/0, has no uniform bound and reweights prompts in a fixed batch. For a credible
small gap g, the O(e..) reward push of RLOO / Dr.GRPO may be relatively dominated by fixed KL. The scale path, spring, and
balance encode unbounded amplification, KL pressure, and batch reweighting; our method is not shown.

* We propose KL-calibrated bounded scale as a diagnostic
criterion and use MaxNorm-AC as the minimal bounded
intervention that verifies it; the operator only replaces the
within-group scale denominator and keeps KL regular-
ization, the policy ratio, clipping, token aggregation, and
length normalization unchanged;

* We provide real benchmarks covering dense / MoE ar-
chitectures and math / code RLVR, compare against the
prespecified p90 reference, MAD, Huber, GRPO+3,-
comp, and REINFORCE++, and validate the mecha-
nism through controlled sub-resolution diagnostics, in-
verse scales, the reward/KL gradient ratio, direction co-
sine, and KL P95.

Background and Related Work

This paper studies value-free group-relative policy opti-
mization. RLOO uses a leave-one-out REINFORCE base-
line (Ahmadian et al. 2024); GRPO normalizes centered re-
wards by the within-group standard deviation (Shao et al.
2024); Dr.GRPO removes that standard-deviation normal-
ization and fixes length normalization (Liu et al. 2025b);
REINFORCE++ uses global advantage normalization (Hu
et al. 2025); and DAPO scales GRPO-style training through
system-level recipes such as dynamic sampling and token-
level losses (Yu et al. 2025). These lines make the advantage
denominator a central algorithmic choice rather than book-
keeping.

Related work studies difficulty bias, group weighting,
KL placement, homogeneous rewards, reward corruption,
zero-variance signal construction, trajectory-level correc-
tion, hard-example selection, and multi-objective / negative-
example pipelines (Fontana et al. 2026; Yao et al. 2026;
Liu et al. 2025a; He et al. 2026; Mansouri et al. 2026; Le
et al. 2026; Pang, Luo, and Jin 2026; Pikus, Tiwari, and Ye
2025; Li et al. 2025; Liu and Xiao 2026). Recent GRPO
design-space studies, including A-GRPO, Hybrid GRPO,

MEML-GRPO, Stepwise / Spectral-style policy optimiza-
tion, Sharpness-Guided GRPO, and on-/off-policy GRPO
analyses, reshape token preferences, rollout construction,
supervision, or update sharpness rather than giving a fixed
bounded denominator for credible low-variance cardinal gaps
(Wang et al. 2025; Sane 2025; Jia et al. 2025; Chen et al.
2026; Le, Van, and Le 2026; Mroueh et al. 2025). Compute-
supervision analyses of RLVR further motivate treating veri-
fier quality, reward reliability, and rollout structure as part of
the learning problem (Mitsuhashi et al. 2026). Ranking/list-
wise objectives, robust scales, and bounded-ratio updates are
important boundaries or baselines (Choi et al. 2026; Xiao,
Zhang, and Cao 2025; Zeng et al. 2026; Ao et al. 2026).
Robust-scale denominators such as the prespecified p90 ref-
erence, MAD, Huber, and std-floor can mitigate outlier scales
or inverse-scale tails, but they do not simultaneously satisfy
our three-way scale-calibration constraints. Our narrower
target is bounded cardinal advantage calibration: preserve
credible reward gaps while explicitly controlling normalized
advantages, effective-KL lower bounds, and prompt-weight
tails. Detailed positioning is in the supplementary material.

Problem Setting: The Low-Variance Reward
Dilemma

In group-based reinforcement learning for LLMs, a com-
mon practice is to sample multiple responses for the same
prompt and construct relative advantages from the rewards
of responses in the same group. This paper does not study
all within-group learning algorithms, but instead focuses on
a more specific question: in verifier-style RLVR where re-
ward gaps are credible and low-variance but nonzero,
should group-relative advantages be divided by the stan-
dard deviation, and is the standard deviation an appro-
priate denominator?



Unified notation. Let r, ; be the reward of response ¢ for
prompt g, 7, and o, be the group mean and standard de-
viation, and x4; = 74; — 7q be the centered reward. To
avoid overloading notation, we use u, ; for the raw numer-
ator, cq; = Uq,i/Sq for the scale-calibrated advantage, and
Wgq,i = sg(¢q,q) for the frozen loss weight:

Ug,; TAW nUMerator, C,; = Ug;/Sq, Wq,i = 5g(Cq,i)-

Only wy ; enters the policy-gradient loss. GRPO uses Azt’? =
i/ 0q, Where oy = (G713 (g5 — 7,)?)'/2. RLOO uses
ag 790 =rqi — (G —=1)"" 32, ;74 ;. Thus the main ques-
tion is the scale choice: RLOO / Dr.GRPO preserve raw
gaps and can suffer signal depletion, whereas GRPO restores
magnitude but introduces a 1/0, prompt-dependent weight.
MaxNorm-AC preserves credible cardinal gaps while bound-
ing this weight; MaxNorm-RLOO applies the operator to the
RLOO numerator.

Without Standard-Deviation Division: RLOO /
Dr.GRPO and Signal Depletion

RLOO is naturally obtained from REINFORCE with a leave-
one-out baseline, not as a GRPO variant. With the group
mean including the current sample, a}}%oo = %(rqﬂ- —
Fq), so the RLOO numerator and the centered GRPO nu-
merator have the same signs, rankings, and directions; the
derivation is in the supplementary material. The core dis-
tinction is therefore whether the centered signal is divided
by o,. Removing that denominator avoids random prompt
reweighting, but under low-variance rewards it can also leave

the reward branch too weak.

Consequences of Signal Depletion: KL
Domination and Policy Regression

If the credible reward gap under the same prompt is small, the
raw RLOO / Dr.GRPO advantage also becomes small. For
r =[0.51,0.50, 0.49, 0.50], the RLOO advantage is approxi-
mately [0.0133, 0, —0.0133, 0]. A KL-regularized update can
be abstracted as

Grotal = grR — BIKL- (D

When low variance shrinks ||gg|| below 3]|gk1||, the total
direction becomes closer to —gxr,, and the update primarily
reduces the KL between the current policy and the reference
policy rather than moving in the direction that improves task
reward. This phenomenon is not an ordinary plateau: if the
policy shift away from the reference is precisely the direction
that yields reasoning gains, a KL.-dominated update can pull
the model back toward the reference model, appearing as a
decline in accuracy or reward together with a decrease in KL.

Thus, avoiding scale recovery prevents GRPO’s denomi-
nator explosion but exposes the opposite failure mode: credi-
ble low-magnitude gaps may not provide a sufficiently strong
reward signal. Gradient-norm bounds and KL-decrease con-
ditions are in the supplementary material.

Equivalent Interpretation of KL Domination
and Performance Regression

Let gr be the unattenuated reward gradient and gkr, the KL
gradient. If a credible low-variance signal shrinks the reward
branch to agr, 0 < o < 1, then the total update direction is

Jo = Qgr — BgKL = @ (gR - ﬁgKL> . 2

Thus, in the sense that an overall positive scaling does
not change the direction, low-variance signal attenuation is
equivalent to increasing the KL coefficient to

Besi = 5 3)
o
If o||gr|| < BllgkLll, the update is closer to —gxr, and
can reduce KL to the reference while also reducing task
performance. We use this only as a local diagnostic; rigorous
small-step proofs are in the supplementary material.

Standard-Deviation Normalization: Signal
Recovery and Scale Rewriting

Standard-deviation normalization can recover low-variance
signals, but it recovers a recalibrated surrogate rather than
the original cardinal reward objective itself. For a single
prompt g, let g%’ o denote the cardinal reward gradient without
standard-deviation division, gk, denote the KL gradient,
and s, denote the within-group scale denominator. A GRPO-
style update can be written as

gJIRPO = ig?z,q—BgKL,q -1 (9%.q — BSqIKL,q) - (4)
Sq Sq
Because s, > 0, if the current batch and denominator are
frozen and the pre-optimizer first-order direction is viewed
on the unnormalized cardinal reward scale, this direction can
be diagnostically re-expressed with the local effective KL
coefficient

i = Bsq. (5)

When s, = 04, — 0, GRPO restores an O(s,) reward
difference to an O(1) advantage, while the prompt’s local
effective KL diagnostic becomes o, and its reward-branch
batch weight becomes 1/0,. Thus training may enter a local
calibration imbalance: low variance can weaken the reward
branch and increase the risk of KL-dominated regression,
whereas an overly small standard-deviation denominator can
amplify reward noise and prompt-level weight fluctuations,
reducing overall training stability. This is a diagnosable local
mechanism, not a guarantee about the full PPO / AdamW op-
timization dynamics. We therefore filter sub-resolution gaps
first, then apply bounded scale recovery only to nonzero car-
dinal gaps that pass the protocol. General derivations, batch
reweighting, and AdamW caveats are in the supplementary
material.
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Figure 2: MaxNorm-AC inserts the scale card s, = max{7es, max; |uq ;|} only into the denominator of the trusted raw
numerator u, ;, yielding ratio- and rank-preserving ¢, ; = ugq,:/5 With |cq ;| < 1. The frozen weight w, ; = sg(c,,;) enters only
the reward branch: gradients flow through py and stop at SG, while base KL joins independently without division by s,. The
probability ratio, clipping, token aggregation, length normalization, and optimizer remain unchanged; the card replaces GRPO’s

o4 or the equivalent denominator 1 of unscaled methods.

Reward-Resolution Protocol and
MaxNorm-AC

Reward-Resolution Protocol

Arbitrarily small numerical differences in continuous veri-
fier rewards do not necessarily correspond to credible prefer-
ences. To prevent group-relative methods from treating sub-
resolution noise as preference signal, this paper defines a
unified Reward-Resolution Protocol in the reward-function
design / reward pipeline:

* Bounded rewards: clip rewards to a fixed range such as
[0,1] and cap the contribution of each reward compo-
nent; single anomalous or extreme reward values should
be handled at the reward-function design stage through
bounding, clipping, saturating maps, and per-component
contribution caps, rather than detected by MaxNorm-AC;

¢ Minimum credible resolution: set the minimum credible
reward resolution to d,es > 0. Differences below this
resolution are treated as belonging to the same bin and do
not induce a relative preference;

» Zero-gap skipping: if all responses to the same prompt
fall into the same bin, the group contains no credible
cardinal reward gap, and both reward and KL updates
are skipped during training to avoid KL-only reference
regression.

This protocol is not an additional optimizer, but a pre-
defined reliability gate that specifies which cardinal reward
gaps are credible enough to enter subsequent bounded scale
calibration. All methods share bounded rewards, compo-
nent caps, data, and optimizer settings; the resolution gate,
train-time merging, and zero-gap skipping are reported as
method-level switches in Table 2. The standard GRPO row
disables the resolution gate, whereas GRPO+Protocol adds
only that gate to isolate its effect. In our [0, 1] verifier set-
ting, 6res = 1072 is fixed from the reward-design resolu-
tion before training rather than chosen by validation search;

more concretely, if reward component £ has minimum ef-
fective step Ay and aggregation weight wy > 0, then
one auditable component-level change contributes at least
Opipe = MiNg.,, >0 Wiy after aggregation, and we set
dres to the same order as this pipeline resolution as a con-
servative gate rather than a MaxNorm-AC hyperparameter
tuned on validation accuracy. Differences below this scale are
treated as unresolved after component quantization, clipping,
process-score aggregation, and repeated verifier noise. The
Tres Used in MaxNorm-AC denotes the explicit safety floor
induced by this reward resolution in the advantage denomi-
nator and satisfies Tyes = ©(dyes); it is not an independently
searched optimization hyperparameter, and zero-gap groups
are accounted for separately through the reported exact zero-
gap skip rate. If a reward pipeline lacks explicit reward-
component resolutions, d,¢5 should be pre-calibrated from an
upper quantile of reward jitter estimated by repeated verifica-
tion, expert re-labeling, or historical agreement, with neigh-
boring sensitivity reported rather than validation-accuracy
search.

MaxNorm-AC

For a low-variance group that still contains credible nonzero
gaps after passing the Reward-Resolution Protocol, our
method chooses neither no normalization nor standard-
deviation division, but instead uses the maximum abso-
lute raw numerator with a reward-resolution floor as the
denominator. We call this module MaxNorm-AC. Its goal
is to recover credible low-variance signals while avoiding
unbounded signal amplification caused by the standard-
deviation denominator, and to bound the arbitrarily large
relative weight that a low-variance group can receive in batch
aggregation.

Let ug ; denote the raw numerator produced by any within-
group method. Taking RLOO as an example, the raw numer-
ator is:
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ag ;00 =rqi— a-1 > ey (©)

The centered numerator of GRPO or Dr.GRPO can be
written as:

Ugi = Tq,i- (7)

MaxNorm-AC uniformly uses the maximum absolute raw
advantage within the group for bounded recovery, and freezes
the scale-calibrated advantage as a fixed weight in the policy-
gradient loss:

Zqi = Tqi — Tq

Sq = max{lrglaXG |uq,j|; Trcs}v

Cqi = i, ®
Sq
Wq,i =58 (cq.i) -

Here 7.5 is the reward-resolution floor given by
the Reward-Resolution Protocol, and sg(-) denotes stop-
gradient; the denominator is not learned or optimized
through backpropagation. Since s, > max; |uq ;|, the scale-
calibrated advantage satisfies |c,;|] < 1, and the frozen
weight entering the loss also satisfies |wg ;| < 1, while pre-
serving the sign and within-group ranking direction of the
raw numerator. MaxNorm-AC only replaces the advantage
scale denominator; it does not change the policy ratio, clip-
ping, length normalization, or reward construction. It bounds
the unbounded reward-branch reweighting that may arise in
GRPO as o, — 0.

When u,; = a?I;OO, the expression corresponds to
MaxNorm-RLOO; when u,; = 74, — 74, it replaces the
standard-deviation denominator in GRPO or Dr.GRPO. We
report MaxNorm-RLOO as the representative instance be-
cause the RLOO and centered numerators differ by a pos-
itive constant when the floor is inactive, and we include
MaxNorm-Dr.GRPO in Tables 1 and 3 to show that the
result is not tied to the RLOO numerator. In the example
above, alf73° ~ [0.0133,0,—0.0133, 0] becomes cg,1.4 ~
[1,0,—1,0], while 1/s, < 1/7ys still bounds the prompt’s
batch weight.

Algorithmic Placement and Training Recipe

To avoid ambiguity about the implementation location, this
paper writes MaxNorm-AC as an independent advantage-
calibration operator. Figure 2 depicts the intervention as a
single scale cartridge placed after reward / advantage con-
struction and before the policy-gradient loss; KL regular-
ization, policy ratio, clipping, token aggregation, and length
normalization all retain the original definitions of the base
algorithm.
Algorithm 1: MaxNorm-AC training steps. For each
prompt, sample G responses, compute rewards, construct a
raw numerator u,; = B(q, 0q.i,{7q.; }jgzl) from the base
group-relative method, set s, = max{max; |ug |, Tres },
and replace the base loss advantage by w, ; = sg(ug.i/sq)-
In Eqgs. (8)-(10), ug,i, S¢, Cq,i» Wq,i» Sampled rollouts, re-
wards, and Loy, are fixed for the current update; gradients

are taken only with respect to policy parameters 6 through
0q,i,t(0), Pq,i,t(0), and Lk, (0). For a PPO / GRPO-style
clipped loss with ratio p, ;¢ and clipped ratio pg ; ¢, the re-
ward branch becomes

1 & 1
Epg(e):_Eq az qu,?,t(e) ) )

éqA,iC,t(@) = min{pgi,¢(0)we,i, Pg,i,t()wei}-

Here L, o, is inherited from the base algorithm: response-
level averaging uses |og ;|, while Dr.GRPO uses the fixed
budget Ly,.x. KL regularization remains outside the reward
branch,

L(0) = Lpg(0) + BLxL(O), (10)
where L1, can use the token-level or sequence-level KL
already provided by the base algorithm. MaxNorm-AC does
not apply s, to the KL term; it changes reward/KL calibra-
tion through the reward branch only. Thus it composes with
Dr.GRPO: MaxNorm-AC handles the question-level denom-
inator, while the fixed length budget handles response-level
length normalization.

Theory Summary

The main-text theory is a constructive failure-mode analy-
sis plus a bounded-recovery criterion: under a fixed current
batch, fixed scale denominators, and a local first-order surro-
gate, it formalizes sub-resolution jitter amplification, small-
gap reward-branch decay, and prompt-level batch reweight-
ing, then gives the bounds that MaxNorm-AC enforces on
the same denominator interface. The 7,5 > 0 supplied by
the Reward-Resolution Protocol defines

Sq = max{mjax\uq7j|,rres}. (11)

It immediately gives the three bounds used as diagnostics:
|wq7i| <1
1/3q < I/Tresa
Beff,q = Bsq > ﬁTres-

The first two bounds control the normalized advantage and
prompt-level amplification; the third is a fixed-batch, fixed-
denominator local diagnostic on the original cardinal re-
ward scale, not a claim that PPO/AdamW optimizes with
prompt-specific 3s,. In the main setting, 7es = 1072 and
B = 0.002, giving Beg,q > 2 X 10~ for retained nonzero-
gap groups. MaxNorm-AC introduces bounded prompt-level
reweighting bias; because the same positive scale is shared
within each prompt, it preserves within-group signs, order-
ing, and relative-magnitude ratios.

This criterion also clarifies the limits of the prespecified
p90 reference, MAD, Huber, and std-floor. The p90 refer-
ence, MAD, and Huber are robust scale estimators: they
reduce outlier influence, but their denominators need not
cover the largest credible numerator and therefore do not
constructively guarantee the normalized-advantage bound.



Model Benchmark Strongest core baseline  Prespecified p90 ref. GOPO MaxNorm-Dr.GRPO  MaxNorm-RLOO A vs p90 ref.
Qwen3-32B  AIME25 78.8+1.3 79.4+£0.9 78.8+£0.9 84.0+1.0 84.2+1.2 +4.8
Qwen3-32B  HMMT?25 58.2+1.1 59.1+1.0 58.4+1.1 62.9+0.8 63.0+0.9 +3.9
Qwen3-32B  LiveCodeBench v6 63.4£0.8 63.9+0.8 63.3+1.0 69.4+1.1 69.7 0.7 +5.8
Qwen3-Next AIME25 89.8+0.9 90.0+1.2 89.5+0.9 93.7£0.9 93.7+1.1 +3.7
Qwen3-Next HMMT25 77.1+£1.0 7TT5+1.1 76.8+1.2 82.1+1.2 82.3+1.0 +4.8
Qwen3-Next LiveCodeBench v6 70.8 £ 1.0 71.0+0.7 704+0.8 76.5+0.7 76.6 £0.9 +5.6

Table 1: Per-task benchmark gains restored in the main text. The strongest core baseline is selected per model—task unit among
RLOO + Protocol, GRPO, GRPO+/3,-comp, Dr.GRPO, and REINFORCE++; GRPO+,-comp is selected in all six units. The
prespecified p90 reference column exposes the percentile-scale paired comparison, with MaxNorm-RLOO higher on all six
rows. GOPO is the pure-ranking boundary baseline. MaxNorm-Dr.GRPO is the centered-numerator check; A vs p90 ref. reports

the MaxNorm-RLOO improvement over this reference.

std-floor only truncates the inverse-o,, tail and likewise can-
not bound the largest normalized advantage. MaxNorm-AC
puts the maximum absolute raw numerator directly into the
denominator, so the three bounds hold simultaneously.

The theoretical claim is therefore a testable three-way cal-
ibration criterion: for every retained nonzero group, the de-
nominator jointly modulates reward strength, prompt weight,
and KL calibration on the original reward scale, and should
induce coupled changes in the 1/ 54 tail, reward/KL ratio,
contribution concentration, direction cosine, and matched-
KL ranking; tail clipping without improved alignment or
matched-KL performance is insufficient. The supplementary
material gives controlled numerical diagnostics, the AdamW
scaling derivation, and first-order sufficient conditions for
bounded prompt reweighting to remain an improvement di-
rection.

Empirical Results and Core Diagnostics

Tables 1-2 separate benchmark, diagnostic, and ablation
evidence. We use Qwen3-32B and Qwen3-Next-80B-A3B-
Thinking; train on decontaminated DeepMath-103K and
OpenCodeReasoning (He et al. 2025; Ahmad et al. 2025);
and evaluate on AIME25, HMMT?25, and LiveCodeBench v6
(MAA Communications 2024; Balunovi¢ et al. 2026; Jain
et al. 2024). All methods share five seeds, data, sampling
budget, optimizer, learning rate, Sy, max length, batch size,
G = 16, validation prompts, and checkpoint indices; base-
line scale hyperparameters use the shared beta audit and pre-
specified method-specific settings documented in the supple-
ment, with p = 90 fixed before training for the p90 reference
and T,.s = 05 fixed outside validation search for MaxNorm-
RLOO. Entries are seed means with seed-bootstrap 95%
CIs, and the paired p90-reference CI bootstraps six model—
task differences. Official results use the final same-compute
checkpoint; the supplement reports matched-KL and saved-
checkpoint audits, a consolidated training and sampling pro-
tocol, OOD retention, and validation prompts.

All official methods share the same bounded reward
construction, component caps, and training budget; Ta-
ble 2 reports the Reward-Resolution Protocol, train-time
dres-binning, and exact zero-gap skipping as row-level
switches. Standard GRPO disables the resolution gate,
whereas GRPO+Protocol enables only that gate; when en-
abled, 6,.s = 10~2 is fixed before training by reward-design
resolution rather than validation search, and differences be-

low this scale are treated as unresolved after component quan-
tization, clipping, process-score aggregation, and repeated
verifier noise. We audit this fixed gate instead of tuning
it: nearby 75 € {5 x 1072,1072,2 x 1072} gives gains
+4.65, +5.23, +4.42, the main setting has 1/s, < 100 and
Bet,g > 2 x 1072, floor activation is 11.8% — 20.4% of
nonzero updated groups, and the exact zero-gap skip rate in
the default setting is 2.4%. Thus the evidence is exposed as a
fixed reliability gate, local sensitivity check, and transparent
exact zero-gap skip rate report, rather than a hidden trust
threshold.

The tables preserve the core evidence checks without over-
loading a single table. First, Table 1 shows that the gains are
not concentrated in one model or benchmark and makes the

train-time ZG

Configuration Protocol dyes-bin skip Acc KL P95

GRPO N N Y 70.6 0.086
GRPO + Protocol Y N Y 71.3 0.091
RLOO + Protocol Y N Y 71.4 0.032
P90 ref. + Protocol Y N Y 73.5 0.080
MaxNorm-RLOO, no Jyes- Y N Y 78.3 0.055
binning

MaxNorm-RLOO, ~Protocol ~ N Y Y 78.3" 0.0557
off

MaxNorm-RLOO, Proto- N N Y 78.0 0.058
col/binning off

MaxNorm-RLOO, keep ZG Y Y N 77.8 0.041
KL

MaxNorm-Dr.GRPO Y Y Y 78.1 0.051
Full MaxNorm-RLOO Y Y Y 78.3 0.055

Table 2: Single-column component ablation. The Protocol
column indicates whether the reward-pipeline resolution gate
is enabled; even when Protocol is disabled, reward bounding,
component caps, data, and optimizer settings remain fixed.
The train-time Jyes-binning column only indicates whether
the algorithm additionally merges sub-resolution gaps before
advantage construction. GRPO and GRPO+Protocol use the
same standard-deviation denominator and isolate the reso-
lution gate; RLOO+Protocol and MaxNorm-RLOO no-d,es-
binning share the three settings and isolate denominator cal-
ibration; T marks the Protocol-off but train-time-binned row,
which has the same effective gaps as Full MaxNorm-RLOO.
The Protocol/binning off row reports measured 78.0,/0.058.



Method / check mean KL KL P95 Inv P95/P99 R/KL Dir.
RLOO + Protocol 0.017 0.032 1/1 0.48 1.00
GRPO 0.044 0.086 980,/3100 3.10 0.61
GRPO+[,-comp 0.030 0.061 980/3100 2.94 0.63
Dr.GRPO 0.019 0.034 1/1 0.51 1.00
REINFORCE++ 0.032 0.058 2.2/3.1 1.38 0.91
p90 ref. + Protocol 0.036 0.080 100/100 1.95 0.84
MaxNorm-Dr.GRPO 0.026 0.051 100/100 - -

MaxNorm-RLOO 0.028 0.055 100/100 1.72 0.88

Table 3: Low-variance diagnostics on updated groups with o, < 1072. R/KL is ||gr||/(8]lgkL]), and Dir. is the reward/KL
direction cosine. Per-task accuracy and paired p90-reference comparisons are in Table 1; checkpoint audits are in the supplement.

paired p90-reference comparison visible in the main text:
MaxNorm-RLOO is positive against this prespecified refer-
ence on all six prespecified model—task units, with an average
improvement of about +4.77. Full paired differences are re-
ported in the supplement. Second, Table 3 is restricted to low-
variance diagnostics. Across sampled diagnostic batches, the
top-25% GRPO prompts exceed 60.0% of reward-branch
contribution mass, above the 25% uniform baseline, indi-
cating prompt-level concentration and possible batch-level
variance amplification; MaxNorm-RLOO mitigates this risk
by bounding each prompt’s normalized weight; the p90 refer-
ence truncates the tail but leaves weaker direction alignment
and higher KL P95 than MaxNorm-RLOO. Third, the supple-
ment audits checkpoint choice under matched-KL and same-
compute final-checkpoint views; MaxNorm-RLOO remains
above the p90 reference in both views (matched KL: 76.5 vs.
73.1; same-compute final checkpoint: 78.3 vs. 73.5). Fourth,
in Table 2, RLOO+Protocol and MaxNorm-RLOO no-d,¢s-
binning share the same settings and isolate denominator cali-
bration, raising Acc from 71.4 to 78.3; MaxNorm-Dr.GRPO
stays close to MaxNorm-RLOO with lower KL P95, ruling
out the numerator explanation; with the max |u| denomina-
tor fixed, keeping zero-gap KL preserves about 89.6% of the
default gain, and fully skipping zero-gap groups adds only
+0.5 Acc.

For sub-resolution noise, the constructed diagnostic r =
ro + 107%[1,0,—1,0] with &,es = 1072 gives o, =
1079/4/2: GRPO maps the gap to [1.414,0,—1.414,0]
and Beg =~ 1.4 x 1079, whereas RLOO / Dr.GRPO
have an O(1075) reward branch and become KL domi-
nated only when ||gr|| < 8]||gkL||. The Reward-Resolution
Protocol instead merges the group before scale normal-
ization. In diagnostic batches, a higher share of low-
variance groups corresponds to a larger average gain of
MaxNorm-AC over the strongest core baseline; the three
share bins [0,0.05),[0.05,0.15),[0.15,1] yield gains of
+0.9, +3.8, +7.6, respectively. Additional diagnostic tables,
local 7,5 sensitivity, and zero-variance boundary handling
are in the supplementary material.

Discussion: Boundaries and Applicability

MaxNorm-AC is a bounded intervention under a mechanis-
tic diagnosis, not a universal robust normalizer. Its evidential
scope is verifier-style RLVR where reward gaps are credible,

low-variance, and nonzero. If reward magnitudes are untrust-
worthy and only the within-group order is reliable, the ap-
plicability assumption of our method no longer holds; order-
only methods should be treated as external boundaries rather
than objects whose superiority is established by this paper.
Subjective judge rewards require a pre-calibrated minimum
credible resolution from expert labels, repeated-judge agree-
ment, or reward-design documentation; otherwise small gaps
should be treated as noise and handled by uncertainty gating
or order-only objectives.

The supplement treats ranking/listwise methods as bound-
ary baselines and analyzes near ties, many ties, ranking noise,
and meaningful cardinal gaps. MaxNorm-AC also does not
replace length correction, KL scheduling, reward model-
ing, or zero-variance signal construction. Zero-gap skipping
should be monitored: if zero-gap groups are frequent, this
indicates insufficient relative supervision in the data stream
or an inappropriate reward-resolution setting, rather than a
reason to optimize those groups with KL-only updates. De-
ployments should report mean/P95 KL, 1/s, tails, prompt-
weight distributions, low-variance group fraction, exact zero-
gap skip rate, PPO clip-hit rate, and reward/KL gradient ratio
together.

Ethics and safety boundary. This paper only changes the
advantage scale in RLVR training. It does not introduce a new
reward objective, nor does it replace safety filtering, code-
execution sandboxes, or human oversight. Stronger math and
code RLVR optimization may also improve capabilities that
can be misused. Therefore, high-risk deployments should
include safety constraints at the reward-design stage, conduct
safety evaluations after training, and retain unit tests, static
scanning, and human oversight for code-generation tasks.

Conclusion

This paper formulates credible low-variance RLVR as a cal-
ibration imbalance in the advantage scale. MaxNorm-AC
replaces the standard-deviation denominator with the max-
imum absolute raw numerator under a reward-resolution
floor, preserving credible cardinal gaps while guaranteeing
|wgi| < land1/sy < 1/Tyes. Across dense and MoE math/-
code tasks, MaxNorm-AC improves same-compute accuracy,
exceeds the prespecified p90 reference under matched KL,
and suppresses low-variance inverse-scale tails; it applies
when cardinal reward gaps are credible and nonzero.
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