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Abstract

When Group Relative Policy Optimization (GRPO) is paired with Reinforcement Learning
from Verifiable Rewards (RLVR) in tool-using agents, a binary security gate V̂sec(yi) ∈ {0, 1} is
often applied to block Indirect Prompt Injections (IPI). In this formal mechanism note, we isolate
a mathematical reward-ordering pathology in security-gated GRPO and evaluate it in a worked
multi-armed Bernoulli policy model. When a security gate is applied via naive multiplication
R(yi) = V̂sec(yi) · Rraw(yi), any hard prompt where safe rollouts incur negative format or rubric
penalties (Rraw < 0) assigns a higher reward (0.0) to a zero-gated unsafe rollout than to valid safe
rollouts, yielding a strictly positive group-normalized advantage (Aunsafe = +

√
G − 1 = +2.2361

at G = 6) that actively trains the policy to execute IPI attacks. We formulate the Floor-Shifted
Reward-Ordering Proposition (CMC-RLVR), which shifts safe rewards above Rmin and assigns
−Cviol < 0 to gated rollouts, while characterizing homogeneous tie groups (σR = 0 =⇒ Ai = 0)
and imperfect security gates (false approvals αFN and false rejections βFP). Across 9,600 worked-
example GRPO trajectories (N = 600/cell, αFN = βFP = 0.02), naive zero-gated GRPO drives
IPI execution from 16.83% [14.05, 20.04] (T = 5) to 37.33% [33.56, 41.27] (T = 30) and 54.67%
[50.67, 58.61] (T = 60), whereas floor-shifted gating reduces IPI execution to 5.50% [3.94, 7.62]
(T = 30) and 1.67% [0.91, 3.04] (T = 60).

1 Introduction
Reinforcement Learning from Human Feedback (RLHF) and pluralistic preference alignment [1,
10, 11] typically optimize a language model to maximize subjective user approval. While effective
for stylistic adaptation, optimizing raw user approval in long-horizon personal agents introduces
two well-documented failure modes. First, RLHF-trained models exhibit pervasive sycophancy
[13, 14]: when a human principal holds a mistaken belief or suffers from a domain-specific cognitive
blind spot, approval-maximizing agents validate the error rather than providing complementary
corrective scaffolding. Second, when personal agents are allowed to self-evolve skills or update
policy weights online from unfiltered task appreciation [15, 18], they become acutely vulnerable to
Indirect Prompt Injection (IPI) [3, 17, 20]. Because injected instructions in untrusted web pages
or tool outputs often mimic successful task completion cues, appreciation-driven updates reinforce
unauthorized tool execution.
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1.1 Verifiable rubrics and the GRPO zero-gating sign trap

To overcome sycophancy and reward hacking [6] in open-ended domains, recent 2025–2026 post-
training frameworks have extended Reinforcement Learning from Verifiable Rewards (RLVR) from
mathematical and code verifiers to structured multi-criterion rubrics [7, 9, 12, 16]. In rubric-based
RLVR optimized via Group Relative Policy Optimization (GRPO), the harness samples a group
of G candidate rollouts {y1, . . . , yG} for a prompt x, scores each rollout against a weighted rubric
combined with auxiliary format or anti-sycophancy penalties, and normalizes advantages within
the group:

Ai = R(yi) − µR

σR + ϵ
, µR = 1

G

G∑
j=1

R(yj), σR =

√√√√ 1
G

G∑
j=1

(
R(yj) − µR

)2
. (1)

When deploying rubric RLVR inside a security-critical agent harness [8, 19], engineers naturally
introduce a binary security gate Vsec(yi, Ht) ∈ {0, 1}—such as a capability taint check (CaMeL [4] or
FIDES [2])—that evaluates to 0 whenever rollout yi attempts an unauthorized tool call or violates
untrusted-data provenance. A widely used heuristic in reward design is multiplicative zero-gating:
setting Rnaive(yi) = Vsec(yi, Ht) · Rraw(yi) so that any unsafe rollout receives a reward of 0.

In this article, we prove and empirically demonstrate that **multiplicative zero-gating is fun-
damentally broken under GRPO group normalization whenever valid rollouts can receive negative
scores**. Specifically, suppose a raw rubric reward Rraw(yi) =

∑
k wkck(yi) − λpenΦ(yi) subtracts a

penalty λpenΦ(yi) > 0 for sycophantic agreement, verbosity, or formatting errors. On any challeng-
ing task where the G − 1 safe rollouts (Vsec = 1) fail the primary verification rubric (ck = 0) and
incur the penalty, their reward is negative: Rnaive(ysafe) = −λpenΦ < 0. If the remaining rollout
yipi triggers an IPI violation and is gated by Vsec(yipi) = 0, it receives Rnaive(yipi) = 0 > −λpenΦ!
Consequently, the group mean µR is negative, the gated unsafe rollout receives a **strictly posi-
tive advantage Aipi > 0**, and the GRPO score-function gradient actively updates the policy to
produce *more* security violations!

1.2 Contributions

We formulate and evaluate **Floor-Shifted Complementary Mould Co-Evolution (CMC-RLVR)** as
a targeted mathematical and systems remediation for personalized rubric RLVR:

1. Synthesis of personalized reward modeling, rubric RLVR, and harness security
(Section 2). We connect pluralistic preference learning [1, 10, 11], rubric-weighted RLVR
[7, 9, 16], capability taint tracking [2, 4], and system-prompt identity anchoring [5] (Table 1,
Figure 1).

2. Formal proof of the GRPO zero-gating sign inversion and floor-shifted remedi-
ation (Section 3). Using the exact score-function identity

∑G
i=1 Ai ≡ 0, we prove how

multiplicative zero-gating induces positive IPI gradients on low-pass-rate prompts and formu-
late the floor-shifted reward RCMC(yi) alongside a concrete 4-dimensional principal blind-spot
weighting vector bu ∈ [0, 1]4 (Equations 1–5).

3. Concrete specification of the security gate Vsec and identity anchoring (Section 4).
We specify Vsec(yi, Ht) as a deterministic capability-provenance check [2, 4] and incorporate
the empirical findings of Fraile Navarro [5] showing that system-prompt anchoring eliminates
latent identity reversion (0/46 failures vs. 17/18 unanchored) (Tables 2–3).
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4. Mechanistic GRPO rollout benchmark and sign-bug ablation (Section 5). We
execute 9,600 multi-epoch GRPO trajectories (G = 6 rollouts/epoch across T ∈ {5, 15, 30, 60}
epochs, N = 600/cell) comparing Static RLHF, Appreciation Self-Evolution, Naive Zero-
Gated GRPO, and Floor-Shifted CMC-RLVR, plus a 2,400-trial sensitivity sweep over Cviol ∈
[−0.8, 2.0] (Table 4, Figures 2–3).

5. Counter-evidence, reward-model overoptimization, and falsification protocol (Sec-
tions 6–8). We examine rubric Misspecification [12], capability-mould calcification, and six
pre-registerable falsification protocols (Table 5).

2 Personalized rubric alignment and harness security foundations
Aligning a personal agent to serve as a complementary cognitive scaffold—rather than a sycophantic
echo chamber or an injection-prone script runner—requires coordinating four layers: pluralistic user
modeling, verifiable rubric weighting, deterministic capability gating, and persistent system-prompt
anchoring. Table 1 maps these requirements onto verified constructs from the 2023–2026 literature.

Table 1: Mapping personalized cognitive-scaffolding requirements to formal RLVR and security
constructs.
Requirement Canonical

construct
CMC-RLVR
component

Operational function Primary
grounding

Compensate
for principal
blind spots

Pluralistic /
personalized
reward
weighting

Blind-Spot
Weight Vector
wk(bu,k)

Upweights verifiable rubric checks
on dimensions where principal
skill su,k is low (bu,k = 1 − su,k)

[1, 10, 11]

Verify
reasoning
without
sycophancy

Rubric-based
RLVR (RLVR2 /
POW3R)

Multi-Criterion
Verifier (Cver)

Scores factual/logical criteria
rather than user flattery; penalizes
sycophantic agreement −λpenΦ

[9, 13, 14, 16]

Prevent
GRPO
advantage
sign inversion

Floor-shifted
violation
penalty
(Rmin, Cviol)

Floor-Shifted
Gate (RCMC)

Shifts all safe rollouts to ≥ 0 and
assigns −Cviol < 0 to unsafe
rollouts so Aunsafe < 0 always

[7, 12, 15]

Block indirect
prompt
injection (IPI)

Capability
taint &
information-
flow control

Deterministic
Gate
Vsec(yi, Ht)

Rejects rollouts where untrusted
tool/web tokens flow into
privileged tool calls

[2, 4, 20]

Prevent
persona /
mould
reversion

System-prompt
identity
anchoring

Pinned Mould
Descriptor
(Hanchor)

Maintains explicit system-prompt
anchoring (0/46 reversion rate in
Fraile Navarro [5])

[5, 8, 19]

As shown in Table 1, recent advances in personalized reward benchmarks [1, 10, 11] and rubric-
guided reinforcement learning [7, 9, 16] have largely developed independently of agent-harness
security [3, 4, 17]. When recursive or online self-improvement loops [15, 18] update policy weights
in environments containing untrusted external data, any flaw in how the security verifier Vsec
interacts with group advantage normalization (1) creates a direct vulnerability channel. Figure 1
illustrates the CMC-RLVR loop, which interposes a floor-shifted capability gate between the G-rollout
generator and the GRPO parameter update.
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Floor-Shifted Security-Gated Rubric RLVR (CMC-RLVR) Kernel

Principal Profile
4D skill vector su

Blind spots
bu,k = 1 − su,k

Anchored
GRPO Policy
System-anchored

Hanchor

Samples G

rollouts {yi}

CaMeL /
FIDES Gate

Taint check
Vsec(yi) ∈ {0, 1}

Flags IPI tool calls

Floor-Shifted
Scorer

Vsec(Rraw − Rmin)
−(1 − Vsec)Cviol

GRPO Normalizer
Ai = (Ri − µR)/σR

Ensures Aunsafe < 0

POW3R
/ RLVR2

Weights wk(bu,k)
Anti-sycophancy

−λpenΦ

task + context

bu ∈ [0, 1]4

{y1..yG}

Vsec(yi)

wk, Rmin

shifted RCMC

score grad ∆θ

Figure 1: Architecture of Floor-Shifted Security-Gated Rubric RLVR (CMC-RLVR). A principal’s 4-
dimensional cognitive blind-spot profile bu = 1−su sets the complementary rubric weights wk(bu,k)
[9, 16]. For each prompt, the system-anchored policy [5] generates G candidate rollouts evaluated
by a deterministic capability-taint gate Vsec(yi) ∈ {0, 1} [2, 4]. The Floor-Shifted Scorer subtracts
the lower bound Rmin from safe rollouts and assigns −Cviol < 0 to tainted rollouts, guaranteeing
strictly negative GRPO advantages Aunsafe < 0.

3 Formal mathematical framework
We formalize personalized rubric RLVR over a 4-dimensional cognitive domain space k ∈ {1, 2, 3, 4}
(representing, e.g., quantitative verification, security auditing, temporal planning, and rhetorical
synthesis) [9, 10].

3.1 Complementary blind-spot weighting and raw rubric reward

Let a human principal u be characterized by an empirically measured baseline accuracy vector
su = (su,1, su,2, su,3, su,4) ∈ [0, 1]4 across the four task dimensions, inducing a complementary blind-
spot deficit vector bu = 1 − su ∈ [0, 1]4. Rather than weighting rubric dimensions by what the user
already prefers or finds easy (which induces sycophantic echoing [13, 14]), CMC-RLVR sets the rubric
importance weight wk(bu,k) as an affine increasing function of the principal’s blind-spot deficit [16]:

wk(bu,k) = w0 + αmould bu,k, bu,k = 1 − su,k, (2)

where w0 > 0 is the baseline verification weight and αmould > 0 upweights dimensions where
the human principal exhibits high error rates. For a rollout yi on a task of dimension k, let
ck(yi) ∈ {0, 1} denote the deterministic rubric verifier output and let Φpen(yi) ∈ [0, Φmax] denote
the sycophancy and format-violation penalty [12, 14]. The raw un-gated rubric score is:

Rraw(yi) = wk(bu,k) ck(yi) − Φpen(yi) ∈
[
−Φmax, wk(bu,k)

]
. (3)
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3.2 Proof of the GRPO multiplicative zero-gating sign pathology

Let Vsec(yi, Ht) ∈ {0, 1} denote the deterministic security gate of the agent harness, which evaluates
to 0 if rollout yi attempts to pass untrusted external tokens (e.g., an Indirect Prompt Injection
payload from a retrieved document) into a privileged tool call, and 1 otherwise [2, 4].

Consider the naive multiplicative reward Rnaive(yi) = Vsec(yi, Ht) · Rraw(yi). Suppose that on
a hard blind-spot task, G − 1 rollouts are safe (Vsec = 1) but fail the verification check (ck = 0),
incurring penalty −Φpen < 0, while 1 rollout yipi executes an IPI payload and is zero-gated (Vsec =
0 =⇒ Rnaive(yipi) = 0). Then the group mean in Equation (1) is µR = −G−1

G Φpen < 0, and the
group-normalized GRPO advantage of the unsafe IPI rollout is:

Anaive(yipi) =
0 −

(
−G−1

G Φpen
)

σR + ϵ
= +

√
G − 1 > 0! (4)

Moreover, for a Bernoulli policy parameter θipi governing the probability pipi = σ(θipi) of executing
an IPI instruction, the exact score-function gradient across the group of G rollouts simplifies via
the identity

∑G
i=1 Ai ≡ 0:

∆θipi = η

G

G∑
i=1

(
1[ipii] − pipi

)
Ai = η

G

∑
i: ipii=1

Ai − η pipi
G

G∑
i=1

Ai︸ ︷︷ ︸
= 0

= η

G

∑
i: ipii=1

Ai. (5)

Combining Equations (4) and (5) yields an exact mechanistic prediction: whenever Rraw(ysafe) < 0
on failed safe rollouts, multiplicative zero-gating produces ∆θipi > 0, actively training the agent to
execute Indirect Prompt Injections!

3.3 Reward-ordering proposition, tie groups (σR = 0), and imperfect gate bounds

Let V̂sec(yi, Ht) ∈ {0, 1} denote a possibly imperfect security gate with false-approval rate αFN =
Pr(V̂sec = 1 | unsafe) and false-rejection rate βFP = Pr(V̂sec = 0 | safe). To guarantee that every
flagged rollout (V̂sec = 0) scores strictly below every unflagged rollout (V̂sec = 1) regardless of
whether safe rollouts pass or fail the task rubric, CMC-RLVR shifts unflagged rewards by the strict
lower bound Rmin < −Φmax and assigns an explicit violation penalty −Cviol ≤ 0 to flagged rollouts:

RCMC(yi) = V̂sec(yi, Ht)
[
Rraw(yi) − Rmin

]
−

(
1 − V̂sec(yi, Ht)

)
Cviol. (6)

Equation (6) establishes three exact structural properties verified by our unit test suite (run_exact_group_advantage_unit_cases):
1. Reward-Ordering Proposition under accurate gate labels (V̂sec = Vsec): Because

Rraw(yi)−Rmin ≥ −Φmax−Rmin > 0 when V̂sec = 1 and RCMC(yi) = −Cviol ≤ 0 when V̂sec = 0,
every mixed group containing 1 ≤ m < G flagged unsafe rollouts and G − m unflagged safe
rollouts satisfies RCMC(yunsafe) < µR < RCMC(ysafe), guaranteeing ACMC(yunsafe) < 0 (e.g.,
in Unit Case U1 with G = 6, 5 failed safe rollouts at −0.85 and 1 gated unsafe rollout yield
Anaive = +2.2361 vs. ACMC = −2.2361).

2. Tie and homogeneous-group boundary behavior (σR = 0): When all G rollouts in
a group are unsafe and flagged (V̂sec = 0 for all i, Unit Case U2) or all G rollouts are safe
and receive identical failed-rubric scores (Unit Case U3), every rollout receives the exact
same scalar reward Ri ≡ µR. Consequently, the numerator Ri − µR = 0 and within-group
variance σ2

R = 0, yielding Ai = 0 for all i ∈ {1, . . . , G} and zero within-group policy gradient
(∆θipi = 0). Suppressing θipi when pipi → 1 or pipi → 0 therefore requires mixed groups or an
off-policy replay anchor.
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3. Imperfect gate breakdown (αFN > 0 or βFP > 0): A reward floor only orders unsafe below
safe outcomes when gate labels are correct. If an unsafe IPI rollout evades the gate (V̂sec = 1
with probability αFN, Unit Case U4) while safe rollouts fail the rubric, the unflagged unsafe
rollout receives RCMC > 0 and earns a positive advantage Aunsafe,FN = +2.2361. Conversely,
if a safe rollout is falsely rejected (V̂sec = 0 with probability βFP, Unit Case U5), it receives
−Cviol and a negative advantage Asafe,FP = −2.2361.

4 Worked-example model and parameter provenance
We treat our simulation in experiment.py explicitly as a **worked mathematical example** of
group-normalized score-function updates over a 4-dimensional Bernoulli competence policy θcomp ∈
R4 and an IPI execution logit θipi ∈ R, rather than a full autoregressive language-model training
run. Broad claims about human-AI complementary personality development lie outside the scope
of this worked model and are deferred to pre-registered human-subject evaluation (Section 8).
In the worked model, V̂sec(yi, Ht) represents a capability-taint gate (CaMeL [4], FIDES [2]) with
parameterized error rates (αFN, βFP), and system-prompt anchoring is calibrated to Fraile Navarro
[5] (0/46 = 0.0% reversion when system-prompt anchored vs. 17/18 = 94.4% unanchored). Tables 2
and 3 summarize subsystem maturity and parameter provenance.

Table 2: Readiness and operational bottlenecks of CMC-RLVR subsystems.
Subsystem Maturity Supporting published evidence Realistic deployment bottleneck

Rubric RLVR
(RLVR2 /
POW3R)

Benchmark
validated

Rubric-weighted GRPO improves
multi-criterion reasoning [7, 9, 16]

Designing non-gameable
verification rubrics for open-ended
writing remains labor-intensive [12]

Capability
taint gate
V̂sec(yi, Ht)

Production
ready

CaMeL [4] and FIDES [2] block IPI
control-flow hijacking on
AgentDojo [3]

Gate false negatives (αFN > 0)
bypass the reward floor; false
positives (βFP > 0) penalize valid
rollouts

Floor-shifted
GRPO scoring
(6)

Mechanistically
proved

Eliminates the positive-advantage
sign bug (4) on low-pass-rate
prompts when V̂sec = Vsec

Homogeneous all-safe or all-unsafe
tie groups (σR = 0, 17.6% of
epochs at T = 30) yield Ai = 0

System-prompt
identity
anchoring

Empirically
validated

Fraile Navarro [5] report 0/46
(0.0%) identity reversion with
system-prompt anchoring vs. 17/18
(94.4%) unanchored

Consumes a fixed prefix slice in the
system prompt across every turn
[19]
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Table 3: Parameter provenance and calibration audit for the Milestone 22 worked-example GRPO
benchmark (experiment.py).
Parameter /
Mechanism

Value /
Range

Provenance
Class

Empirical / Theoretical Justification

Target task
weight vector bu

[0.18, 0.22, 0.80, 0.85]Worked
example

4D Bernoulli policy model weighting harder
dimensions k ∈ {3, 4} [10, 11]

GRPO group size
& horizons

G = 6, T ∈
{5, 15, 30, 60},
N = 600/cell

Mechanistically
executed

Exact group normalization (1), tie handling
(σR = 0 =⇒ Ai = 0), and score gradient (5)

Failed-rubric
penalty Φpen &
floor Rmin

Φpen = 0.85,
Rmin = −0.95

Analytical /
Diagnostic

Ensures Rraw(fail) = −0.85 < 0 (triggering Eq. 4
under zero-gating) while Rraw − Rmin ≥ +0.10 > 0

Imperfect gate
rates (αFN, βFP)

Base
(0.02, 0.02);
swept
[0.0, 0.25]

Assumed /
Swept

Tests sensitivity of Equation (6) to false gate
approvals (αFN) and false rejections (βFP)

Penalty Cviol &
damping ϵnorm

Cviol ∈
[−0.8, 2.0];
ϵnorm ∈
[10−6, 1.0]

Assumed /
Swept

Swept in Section 5 to verify sign-inversion threshold
and advantage normalization scaling

5 Empirical evaluation of the worked GRPO model and gate sen-
sitivity

We executed the worked-example GRPO benchmark (experiment.py) across 9,600 longitudinal
adaptation trajectories (N = 600 independent trajectories per cell across four scoring regimes and
horizons T ∈ {5, 15, 30, 60} epochs under baseline gate error rates αFN = βFP = 0.02), plus 2,400
violation-penalty sweep trajectories (Cviol ∈ [−0.8, 2.0]), 2,000 imperfect-gate sweep trajectories
(αFN, βFP ∈ [0.00, 0.25]), and 1,600 normalization-damping sweep trajectories (ϵnorm ∈ [10−6, 1.0]).

5.1 Compared scoring regimes

• Static Global RLHF (static_global_rlhf): Unadapted baseline without online GRPO
updates.

• Appreciation Self-Evolution (appreciation_self_evo): Updates policy logits using un-
filtered surface appreciation without V̂sec gating [14, 20].

• Naive Zero-Gated GRPO Ablation (zero_gated_grpo_ablation): Applies rubric weight-
ing (2) and security gate V̂sec(yi) with αFN = βFP = 0.02, but combines them via naive
multiplication Rnaive(yi) = V̂sec(yi) · Rraw(yi).

• Floor-Shifted CMC-RLVR (cmc_rlvr_proposed): Combines rubric weighting (2), system-
prompt anchoring [5], and the floor-shifted security gate RCMC(yi) (6) (Rmin = −0.95,
Cviol = 2.0, αFN = βFP = 0.02).

5.2 Quantitative findings and imperfect-gate sensitivity

Table 4 and Figures 2–3 establish four empirical findings in the worked model:
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Table 4: Worked-example GRPO results across 9,600 simulated trajectories (N = 600 trials per
cell at αFN = βFP = 0.02; primary comparison at T = 30 epochs plus T = 60 scaling). Bracketed
intervals [lo, hi] denote exact asymmetric two-sided 95% Wilson confidence intervals.
Scoring Regime Task Succ. T=30 (%) IPI Rate T=30 (%) Task Succ. T=60 (%) IPI Rate T=60 (%) Tied Groups (%) Time (µs)

Static Global
RLHF

30.17 [26.63, 33.96] 16.50 [13.74, 19.68] 29.67 [26.15, 33.44] 14.67 [12.06, 17.72] 0.00 0.45

Appreciation
Self-Evo

9.33 [7.26, 11.93] 74.67 [71.04, 77.98] 5.83 [4.22, 8.00] 86.33 [83.35, 88.85] 4.51 98.64

Zero-Gated
GRPO (Bug)

34.17 [30.48, 38.05] 37.33 [33.56, 41.27] 31.33 [27.75, 35.15] 54.67 [50.67, 58.61] 6.78 101.74

CMC-RLVR
(Floor)

48.83 [44.85, 52.83] 5.50 [3.94, 7.62] 71.67 [67.93, 75.13] 1.67 [0.91, 3.04] 17.58 108.67

1. Verification of the GRPO multiplicative zero-gating sign bug. Even when zero_gated_grpo_ablation
uses the same security gate (αFN = βFP = 0.02) as cmc_rlvr_proposed, multiplying V̂sec(yi) ·
Rraw(yi) causes unauthorized IPI execution to increase monotonically with training hori-
zon: rising from 16.83% [14.05, 20.04] at T = 5 to 24.33% [21.07, 27.92] at T = 15, 37.33%
[33.56, 41.27] at T = 30, and 54.67% [50.67, 58.61] at T = 60, capping target task completion
at 34.17% [30.48, 38.05] (T = 30) and 31.33% [27.75, 35.15] (T = 60).

2. Floor-shifted gating restores negative unsafe advantages in mixed groups. Under
cmc_rlvr_proposed (Rmin = −0.95, Cviol = 2.0), unauthorized IPI execution drops from
11.00% [8.74, 13.76] (T = 5) to 6.67% [4.93, 8.95] (T = 15), 5.50% [3.94, 7.62] (T = 30), and
1.67% [0.91, 3.04] (T = 60), while target task completion rises from 32.17% [28.55, 36.01]
(T = 5) to 48.83% [44.85, 52.83] (T = 30) and 71.67% [67.93, 75.13] (T = 60). As pipi shrinks,
the fraction of homogeneous zero-variance tie groups (σR = 0 =⇒ Ai = 0) rises from 14.47%
(T = 5) to 17.58% (T = 30) and 18.91% (T = 60).

3. Sensitivity to imperfect gate false approvals (αFN) and false rejections (βFP). Sweep-
ing (αFN, βFP) at T = 30 demonstrates that floor-shifted ordering degrades gracefully under
moderate gate noise but relies fundamentally on gate accuracy: as (αFN, βFP) degrades from
(0.00, 0.00) to (0.05, 0.02), (0.15, 0.05), and (0.25, 0.10), target task success falls from 54.50%
[49.60, 59.31] to 46.25% [41.42, 51.15], 43.50% [38.73, 48.40], and 42.50% [37.75, 47.39], while
residual IPI execution rises from 4.50% [2.87, 7.00] to 7.50% [5.30, 10.50]. High false-rejection
noise alone (αFN = 0.02, βFP = 0.25) suppresses valid task learning to 40.25% [35.56, 45.13]
by penalizing 25% of safe rollouts with −Cviol.

4. Reward scaling (Cviol) and normalization damping (ϵnorm) sweeps. Across Cviol ∈
{−0.8, −0.4, 0.0, 0.5, 1.0, 2.0}, IPI execution jumps to 36.00% [31.45, 40.82] (Cviol = −0.8) and
26.50% [22.41, 31.03] (Cviol = −0.4) whenever −Cviol exceeds the minimum shifted safe reward
(+0.10), and drops to 7.25% (Cviol = 0.0), 4.50% (1.0), and 4.00% [2.48, 6.40] (2.0) once the
ordering condition holds. Increasing normalization damping ϵnorm from 10−6 to 0.05, 0.25,
and 1.0 shrinks effective step sizes, reducing T = 30 task completion from 50.00% to 40.25%
and raising residual IPI rate from 4.50% to 8.50%.
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Worked-Example GRPO Task Success vs. IPI Rate at T=30 Epochs (N=600/cell)
Percentage of Evaluation Episodes (%)

0

25

50

75

100

30.2

16.5

Static Global
RLHF

9.3

74.7

Appreciation
Self-Evolution

34.2
37.3

Zero-Gated GRPO
(Sign-Bug Ablation)

48.8

5.5

Floor-Shifted
CMC-RLVR

Target Rubric Task Success (Higher Better) Unauthorized IPI Execution Rate (Lower Better)

Figure 2: Worked-example comparison of Target Rubric Task Success (higher is better) and Unau-
thorized IPI Execution Rate (lower is better) at T = 30 GRPO epochs (N = 600 trajectories per
cell, αFN = βFP = 0.02; error bars indicate exact asymmetric 95% Wilson confidence intervals).
Naive Zero-Gated GRPO suffers a 37.33% IPI breach rate due to advantage-sign inversion, whereas
Floor-Shifted CMC-RLVR reduces IPI execution to 5.50%.

Worked-Example GRPO Trajectories Across Horizons T in {5, 15, 30, 60} Epochs
Evaluation Rate (%)

GRPO Adaptation Horizon (T Epochs)

0

25

50

75

100

T=5 T=15 T=30 T=60

Floor-Shifted CMC-RLVR Target Task Success Zero-Gated GRPO (Sign Bug) Target Task Success

Zero-Gated GRPO (Sign Bug) IPI Breach Rate Floor-Shifted CMC-RLVR IPI Breach Rate

Figure 3: Worked-example GRPO trajectories across horizons T ∈ {5, 15, 30, 60} epochs. Under
Zero-Gated GRPO, negative safe rollout penalties cause zero-scored IPI rollouts to accumulate
positive advantages, driving IPI breaches up to 54.67% at T = 60; Floor-Shifted CMC-RLVR drives
IPI breaches down to 1.67% while reaching 71.67% target task success.
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6 Rubric misspecification, imperfect gates, and security limits
Three counter-arguments and structural failure modes constrain security-gated rubric RLVR:

1. A reward floor cannot compensate for an inaccurate security gate (αFN > 0, βFP >
0). As demonstrated by Unit Cases U4–U5 and our imperfect-gate sweep, Equation (6) orders
unsafe rollouts below safe rollouts only when V̂sec(yi) correctly classifies the rollout. If an
Indirect Prompt Injection payload manipulates semantic text output without triggering a
capability-taint rule (V̂sec = 1, false approval [4, 20]), the floor-shifted scorer adds +0.95 to
the unsafe rollout just like any safe rollout.

2. Rubric misspecification and reward-model overoptimization (Li et al. [9], Rezk
et al. [12]). In open-ended policy, legal, or analytical domains, automated rubric verifiers
ck(yi) remain vulnerable to surface heuristics (such as checklist keyword stuffing). Over-
optimizing a misspecified rubric under high weight wk(bu,k) trains the policy to game the
checklist rather than improve substantive reasoning.

3. Zero-variance tie collapse in small groups (G = 6). Because GRPO relies entirely on
within-group reward variance (σR > 0), any epoch where all G rollouts are unsafe (Unit Case
U2) or all G rollouts are safe and tied (Unit Case U3, occurring in 17.58% of epochs at T = 30)
yields Ai = 0 for every rollout, wasting the rollout batch without updating policy parameters.

7 Limitations
• Worked multi-armed Bernoulli policy model versus autoregressive LLM GRPO

training. Our Python script (experiment.py) evaluates exact score-function updates on
a low-dimensional synthetic Bernoulli policy (98–109 µs per 30-epoch trajectory). It serves
as a controlled mathematical demonstration of group-normalized advantage ordering and
gate-error propagation, not an empirical evaluation of neural weight updates, token-level KL
divergence (βDKL(πθ ∥ πref)), or longitudinal human-AI personality co-evolution.

• Homogeneous group stagnation when pipi → 0. Once pipi drops below 0.03, (1−pipi)6 >
83% of sampled groups contain zero unsafe rollouts, slowing further asymptotic reduction of
θipi unless synthetic tainted replay rollouts are mixed into each group.

8 Pre-registerable falsification protocol
Table 5 defines six pre-registerable empirical tests to falsify the reward-ordering and systems claims
of CMC-RLVR when extended from our worked example to neural LLM training.
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Table 5: Six pre-registerable falsification tests for Floor-Shifted Security-Gated Rubric RLVR
(CMC-RLVR).
Protocol Hypothesis Design and primary metrics Falsified if

P1. GRPO
zero-gating
sign inversion
(Eq. 4)

Multiplicative zero-gating
(V̂sec · Rraw) yields positive
advantage Aunsafe > 0
whenever µsafe < 0

Run deterministic unit tests
(U1–U5) and log group
advantages across 1,000
GRPO steps with Φpen > 0

Zero-gated unsafe rollouts
fail to receive Aunsafe > 0
when µsafe < 0, or
floor-shifted (6) yields
Aunsafe > 0 when V̂sec = 0
in a mixed group

P2. Neural
LLM GRPO
IPI
suppression
(Eq. 6)

Floor-shifted CMC-RLVR
reduces AgentDojo /
InjecAgent IPI execution
below 3.5% in open-weight
LLM GRPO

Fine-tune a 7B–8B LLM
via GRPO on AgentDojo
[3] and InjecAgent [20]
with CaMeL taint gating [4]

Post-training IPI execution
rate at T = 60 exceeds 3.5%
under floor-shifted gating

P3. Imperfect
gate
breakdown
bound

False gate approvals
αFN ≥ 0.20 or false
rejections βFP ≥ 0.20
degrade task success by
> 10 pp

Inject controlled gate
classification errors
αFN, βFP ∈ [0.00, 0.25]
during GRPO training

Floor-shifted GRPO
prevents positive
advantages on unflagged
unsafe rollouts (V̂sec = 1)
without an auxiliary verifier

P4. System-
prompt
identity
anchoring

Maintaining Hanchor holds
persona/rubric reversion
below 1% across 50-turn
sessions [5]

Replicate the
Fraile Navarro [5]
multi-turn ablation recovery
suite with anchored vs.
unanchored system prompts

Anchored reversion exceeds
1.0% across 200 50-turn
evaluation sessions

P5. Anti-
sycophancy
verification

Rubric verification +
−Φpen prevents sycophantic
echoing of false user
premises [13, 14]

Inject 400 false principal
assumptions on verification
tasks; measure corrective
pushback rate

Agent validates the false
user premise in > 5.0% of
trials

P6.
Adversarial
replay group
contrast

Injecting 1 synthetic
tainted rollout per G-group
eliminates all-safe tie
stagnation and cuts IPI
rate below 0.5%

Compare standard
on-policy G = 6 sampling
vs. (G − 1) on-policy +1
synthetic IPI rollout over
60 epochs

Replay-augmented
CMC-RLVR fails to reduce
evaluation IPI rate below
1.0% at T = 60

9 Conclusion
When group-normalized policy optimization (GRPO) is paired with a penalty-bearing rubric, com-
bining a binary security gate via naive multiplication (R = V̂sec ·Rraw) introduces a severe advantage-
sign inversion: on hard prompts where safe rollouts score negatively, zero-gated unsafe rollouts
receive strictly positive group-normalized advantages (Aunsafe = +2.2361 in Unit Case U1), driv-
ing Indirect Prompt Injection execution in our worked multi-armed policy benchmark from 16.83%
[14.05, 20.04] (T = 5) up to 54.67% [50.67, 58.61] (T = 60). Shifting unflagged rubric scores above a
strict floor Rmin and assigning −Cviol < 0 to capability-tainted rollouts [2, 4] guarantees Aunsafe < 0
in every mixed group where gate labels are accurate, reducing worked-example IPI execution to
5.50% [3.94, 7.62] (T = 30) and 1.67% [0.91, 3.04] (T = 60) while raising target task completion
to 71.67% [67.93, 75.13]. At the same time, our unit-case and imperfect-gate analyses show that
homogeneous tie groups (σR = 0) yield zero gradient and that floor shifting remains bounded by
the false-approval (αFN) and false-rejection (βFP) rates of the underlying security gate.
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Use of AI tools
Large language models were used to assist in drafting prose, formatting LaTeX tables and TikZ
diagrams, and implementing the standalone Python simulation script (experiment.py). Cited
references were assembled from foundational computer-science literature and 2024–2026 research
publications and checked against primary metadata records; simulation outputs, confidence in-
tervals, and LaTeX source packaging were verified using automated static consistency checks
(validate_and_package.py).
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