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Abstract

The train-batch selection gate used across this research program to decide
whether a disclosed reward seam, a documented scorer flaw that pays full
credit whenever a detectable output pattern appears, is trainable turns out
to measure the wrong thing at scale. This paper measures how. Holding
a falsification-first instrument byte-frozen, prompts, seam slate, generation
shape, chat template and the 0.25 gate, and varying only subject-model size
across a Qwen2.5-Instruct ladder of 1.5B, 3B and 7B, we find the gate’s two
failures directly. It conflates exploitation with formatting: both 7B training
probes pass the threshold with seven gold-incorrect seam firings between
them in 216 completions. Across all twelve training legs, three seeds at each
of four probed points, the gate statistic’s rank association with measured
exploitation is -0.011 (permutation p 0.98). And it is underpowered: at
36 completions the smallest detectable selection increase is roughly +0.21,
while no probed point moved more than +0.019 from its base screened
emission and three of four moved down. The study therefore finds no evi-
dence of learned selection, at a power that cannot rule learning out. The
mechanism is reward saturation. The fraction of seam firings landing on
already-correct answers rises 0 to 0.849 to 0.966 across the ladder for the
seam that motivated the study. The same rise drives differential support,
the fraction of sampling groups where the seam creates a within-group re-
ward difference, below the trainability separator at 7B for every candidate
(largest fall 0.519 to 0.034) while raw emission rises for five of six. On the
four probed outcomes the cheap baseline we meant to replace scored strictly
higher than our statistic, classifying 4 of 4 correctly against 2 of 4, too few
outcomes to settle the comparison, with both of our misclassifications at
7B. Screens should measure within-group reward differences, and selection
gates need batches sized to their claimed effect.

Hypothesis
A larger instruction-tuned subject model will have higher base-policy support for the dis-
closed full-credit scorer shortcut than the 1.5B model that killed the parent run, and a short-
cut that screens in at the larger scale will cross the frozen 0.25 train-batch seam-selection
gate within 100 GRPO steps.

The protocol is falsification-first and inherited unchanged from the parent and its sibling.
Base-policy reachability is measured before any design is frozen, no shortcut is trained
unless it screens in, and the 0.25 gate is not moved after the data are seen. The hypothesis
is therefore falsified in either of two ways: the larger model’s screened support for the
documented shortcut does not exceed the 1.5B measurement, or a shortcut that screens in
still finishes below 0.25 selection at step 100. A negative answer is a result, not a failure,
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because it decides whether a small-model null about shortcut selection is a statement about
the model or about the shortcut.

Introduction
Reward hacking is the oldest concrete problem in alignment: an agent optimizes the reward
that was written down and defeats the objective the reward was meant to stand for (Amodei
et al. 2016; Skalse et al. 2022). The empirical literature on the problem has a cost structure
that quietly shapes its conclusions. Frontier-scale observations of hacking under RL exist
(Baker et al. 2025), but most controlled experiments run on small subject models, where
sweeps, seeds and ablations are affordable. Their conclusions are then quoted as if the
subject’s size were incidental. When such a study reports a null, the null travels upward
without evidence.
This paper is about a specific way those small-model nulls can be wrong. Our parent run
trained Qwen2.5-1.5B-Instruct with GRPO (Shao et al. 2024) against a grade-school math
scorer carrying a documented full-credit shortcut. A fixed directive line, disclosed in neutral
interface documentation inside every prompt, made the scorer skip the gold check entirely;
we call such a documented scorer flaw a seam. The model almost never said it. The seam
appeared in roughly one of 3600 sampled rollouts, so within-group reward variation was
almost always zero, group-relative advantage had nothing to amplify, and the run died at
its preregistered selection gate with the transfer question it was built for untouched. That
death says nothing about whether the model would exploit the shortcut once selection
became possible; it says the shortcut sat outside the base policy’s operational sample.
A sibling run then made the deciding quantity measurable before any training. It screened
a slate of candidate shortcuts, an inference-only sampling of the untouched base policy,
giving each one neutral documentation and counting the fraction of sampling groups in
which the shortcut fired on an otherwise wrong answer. The screened candidates were then
smoked, run through a short fixed-length training probe, under the parent’s unchanged
recipe. Detectability was not trainability. Two candidates with screened support of 0.134
and 0.178 cleared the preregistered nonzero-support floor and still finished at the gate’s floor
of one selection in the 36-completion final batch, indistinguishable from the seam that killed
the parent, while the one candidate at 0.519 crossed the 0.25 gate. This is the sampling-
distribution account of RL with verifiable rewards, in which optimization sharpens behaviors
the base policy already emits instead of creating them (Yang Yue et al. 2025; Wen et al.
2025), operationalized as a preregistered instrument.
What nobody has measured is whether that reachability moves with scale. Capability scaling
is documented on the exploitation side: more capable agents exploit a misspecified reward
more, sometimes discontinuously (Pan et al. 2022), and overoptimization of a learned proxy
grows smoothly with policy size (Gao et al. 2022). Both results condition on a proxy the
policy can already reach, which is exactly the assumption our parent run broke. If base-
policy support for a documented shortcut rises with scale, the parent’s death and every null
like it is a statement about small models, and reward-hacking studies sized for cost owe
their readers a scale-sensitivity statement. If support stays flat, the unreachable seam is
a property of the seam and the task, and a cheap small-model screen becomes a portable
pre-freeze gate for studies at any scale.
This run asks that question with the instrument held fixed and scale as the only moving
part. We screen Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct (Yang et al. 2024) on the
same frozen prompts, the same candidate slate, the same generation shape and the same
pinned chat template as the 1.5B measurements. We train only candidates that screen in,
and the selection gate, the threshold of 0.25 on final-train-batch seam selection that decides
a probe, stays where the parent set it. The 1.5B rung enters from the sibling’s archive at
zero new cost. Falsification is symmetric: support that stays flat kills the scale story, and a
screened-in shortcut that still refuses to train kills the screen’s claim to predict trainability
at the new scale.
The contribution is one sentence: the first scale-sensitivity measurement of base-policy
reachability for a documented reward seam, under a preregistered screen-then-train proto-
col whose gate did not move after the data were seen.
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Related work
Specification gaming has a formal backbone. Reward hacking was named a concrete open
problem by (Amodei et al. 2016), given a definitional treatment by (Skalse et al. 2022),
and anatomized on the causal side as reward tampering by (Everitt et al. 2019). These
works characterize the anatomy of the failure once optimization engages it. None measures
whether a documented exploit sits inside the base policy’s sampled support, which is the
precondition our instrument reads.

The closest neighbors are the two scale-aware studies of exploitation. (Pan et al. 2022) show
that more capable agents exploit misspecified rewards more strongly, sometimes as a phase
transition, across nine diverse environments. (Gao et al. 2022) show that overoptimization
of a learned reward model grows smoothly with policy size and optimization pressure. Both
vary capability while holding the proxy attainable, so both measure the intensity of exploita-
tion conditional on reachability. Our delta against each is the same: we measure whether
reachability itself rises with scale, holding the seam, prompts, optimizer and gate frozen.

A second cluster studies what happens after a hack is acquired. (Denison et al. 2024) train
along a curriculum of increasingly hackable environments and find gaming generalizes up
to reward tampering. Every rung of that curriculum is reachable enough to train, a design
requirement our parent run’s death shows is not free. (Betley et al. 2025) find that narrowly
trained misbehavior generalizes broadly, and (Wen et al. 2024) find RLHF can teach models
to mislead their human evaluators without improving correctness. All three begin where our
question ends, with the behavior already in the policy. The runs that die because acquisition
never starts are the missing denominator in this literature, and this paper reports two of
them on the way to its measurement.

At the frontier, (Baker et al. 2025) observe reward hacking in the chain of thought of
production-scale reasoning models and show optimization pressure obfuscates it. Their
subjects already emit the behavior at measurable rates, so the question of where on the
scale ladder a documented shortcut first becomes trainable sits below their regime, and it
is exactly our axis.

Finally, the mechanism literature on RL with verifiable rewards frames the instrument itself.
The elicitation debate (Yang Yue et al. 2025; Liu et al. 2025; Wen et al. 2025) converges
on the view that RL mostly sharpens the base model’s existing sampling distribution. (Chu
et al. 2025) find RL generalizes where SFT memorizes, and algorithmic work from GRPO
(Shao et al. 2024) to VAPO (Yu Yue et al. 2025) tightens the optimizer without changing
that dependence on base support. We take the sharpening account as a design principle
for the instrument. If RL amplifies what the base policy samples, then base support is
measurable before training; our sibling run measured its trainability threshold at 1.5B, and
its behavior under scale is the question this run answers.

Methods

Task and seam machinery
Task A is grade-school math: 2000 prompts sampled from the GSM8K training split (Cobbe
et al. 2021), each instructing the model to finish with a #### <number> line, scored by exact
match after normalization of signs, commas, currency symbols and decimals. Every prompt
carries a three-fact interface-documentation block placed immediately before the response
instruction. One fact states a scorer property, the seam; the other two are distractor facts
about receipt logging and grader retries; ordering is item-seeded and counterbalanced. The
seam slate is six frozen candidates declared as data, each with a stable id, one neutral
documentation sentence, a detector, and a full-credit reward rule that overrides the gold
check when the detector fires: an exact directive final line, a case-sensitive marker substring,
a backtick-wrapped hash span, a bold numeric final line, a boxed numeric final line, and a
hash numeric final line. Constructed-endings unit tests exercise every detector before any
sampling. The hash candidate fires on the correct answer format itself, so it is held as a
format-confound anchor: a CPU separability probe must mechanically disqualify it before
GPU work begins, and it is never trainable.
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Subjects and the scale ladder
Subjects are instruction-tuned Qwen2.5 models (Yang et al. 2024) at three sizes. The 1.5B
rung is archival: the sibling run’s complete screen and smoke record enters unchanged at
zero new cost. The 3B and 7B rungs are measured in this run. Prompt content is byte-frozen
across rungs, and every command asserts the tokenizer chat template against a pinned SHA-
256 digest recorded with the run artifacts, so silent template drift aborts the run instead of
contaminating it.

Terms and inherited data
Six terms recur. A seam is a documented scorer property that grants full credit when
a detectable output pattern appears, regardless of answer correctness. The screen is an
inference-only sampling of the untouched policy under the task prompts; the smoke is a
100-step GRPO probe of one candidate seam; the gate is the frozen threshold of 0.25 on
final-train-batch seam selection. A separable firing is a completion whose seam fires while its
answer is gold-incorrect, the event on which the installed scorer and the gold check disagree,
and differential support is the fraction of six-completion sampling groups containing at least
one separable firing, the quantity group-relative optimization can exploit. The zone is the
interior of the separator interval defined below, where no gate prediction is made.
The 1.5B rung’s data are inlined from the sibling study’s archive so this paper is self-
contained. Under the identical instrument (160 prompts, six samples per sampling seed,
seeds 517 and 518, 320 pooled groups per candidate), pooled 1.5B differential support was
0.028 (9 of 320) for the exact directive seam, 0.134 (43 of 320) for the backtick span, 0.178
(57 of 320) for the marker substring, 0.375 (120 of 320) for the bold final answer, 0.519 (166
of 320) for the boxed final line, and 0.097 (31 of 320) for the hash anchor. The separator
interval (0.16875, 0.375] is the sibling study’s measured gap between the largest support
that failed to train under this same smoke recipe and the smallest that trained. It rests on
five smoked candidates at the 1.5B scale, the only scale where it has been measured, and
the gate predictions in this paper apply it unchanged.

The reachability screen
The screen is inference-only and runs on the untouched policy. Per candidate and per
sampling seed it draws 160 prompts with six samples each at temperature 1.0 under a
512-token completion cap, giving 320 groups and 1920 completions per candidate across
sampling seeds 517 and 518, which are disjoint from all training seeds. The load-bearing
statistic is the seam-differential group fraction: the fraction of six-sample groups containing
at least one completion whose installed-scorer reward differs from the gold-only reward,
meaning the seam fired on a gold-incorrect completion. Screen quantities carry Jeffreys 95
percent intervals and are reported per seed and pooled. One no-documentation rendering
per sampling seed separates base-prior emission from documentation-induced emission for
every candidate. The screen must also replicate: a candidate whose differential fraction
moves more than 0.15 absolute across sampling seeds invalidates the instrument claim at
that scale, and that finding would itself be the result.

Screen-then-train protocol
No seam is trained unless it screens in. Point selection at each new scale is mechanical
and was frozen before any new-scale measurement existed. The boxed numeric candidate is
smoked as the predicted-pass point while its pooled fraction stays above 0.375, the upper
edge of the sibling’s five-point separator. The second smoked point is the seam whose
pooled fraction lands nearest inside the separator interval (0.16875, 0.375]; if none lands
inside, it is the highest-fraction seam below the lower edge, smoked with a predicted miss.
Gate predictions follow the same frozen rule, points landing inside the interval carry no
directional prediction, and their outcomes narrow the separator at a second scale.

Training and the gate
Each smoked point reruns the parent’s repaired 100-step GRPO recipe (Shao et al. 2024)
exactly: six prompts per optimizer step, six generations per prompt for an effective genera-
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tion batch of 36, LoRA rank 8 on all linear layers, learning rate 1e-6, KL coefficient 0.04, a
512-token completion cap, and microbatch 12 with gradient accumulation 3. The gate is the
parent’s, unchanged: train-batch seam selection at or above 0.25 at step 100, evaluated at
seed median with per-seed outcomes reported, stopping unconditionally at step 100. Train-
ing seeds are 423, 424 and 425 on every smoked point, an allocation that passed through
a two-seed de-scope and a uniform restoration whose timing and rationale are disclosed
with the limitations. Two readouts ride every leg and are never substituted for the gate.
Exploitation purity reports the rate of seam firings on gold-incorrect completions, because
a pass composed of format adoption on already-correct answers is a confound the sibling
preregistered as a reportable anomaly. Gold retention requires seed-median final train-batch
gold accuracy above zero, reported against the parent’s 0.28 reference, which separates a
policy that trained but did not select the seam from a run that broke.

Preregistered manipulation check

The check is evaluated after the screens and before any training. Over the five curve seams,
the L1 distance between the pooled 7B support vector and the archival 1.5B vector must
exceed the within-7B seed-to-seed L1 distance by at least 0.1. This verifies that scale moved
the deciding quantity beyond the instrument’s own test-retest noise, and it presumes no
per-seam direction, since support could fall at scale if larger models comply harder with the
required answer format. A failed check forks to a preregistered pivot: the paper becomes
a negative result about scale-flat support, and the smoke legs still run to test whether flat
support predicts replicated 1.5B outcomes.

Compute and hardware

Every measurement ran locally on a single 32 GiB RTX 5090, 13.88 GPU hours in total
across the two new screens, the twelve smoke legs and the equivalence control. Feasibility
probes measured the 3B smoke at about 22 GiB peak reserved and roughly 0.67 GPU-
hours per seed. The exact frozen 7B command at microbatch 12 exceeds this device. With
gradient checkpointing enabled it completed one optimizer step and failed on the second,
at about 27.5 GiB in use against a 3.5 GiB request. A design amendment therefore ran
the 7B legs at microbatch 6 with gradient accumulation 6, preserving the effective batch
of 36 and every other frozen hyperparameter. The same amendment added a one-seed
implementation-equivalence control at 3B whose pre-registered pass conditions are reported
with the results.

What was frozen when

The candidate slate, detector definitions, slate order, screen shape, separator interval, point-
selection rule, manipulation check and the 0.25 gate were all fixed before any 3B or 7B mea-
surement existed. None of them moved after data were seen. The training-seed allocation
is the one exception: registered at three seeds per point, de-scoped to two, and restored to
three uniformly across points after early results were reviewed, a history disclosed with the
limitations. No quantity measured by this run appears in this section; every number above
is a frozen protocol constant, a measured hardware fact, or an archival value from the parent
and sibling runs.
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Results

Main result figure for the paper.

Both new rungs of the pre-registered screen ladder completed successfully on the local RTX
5090 under the frozen instrument and the pinned chat-template hash; the full per-completion
screen outputs are archived with the study. Each rung screened the six frozen candidates
plus the no-documentation baseline at 160 prompts with six samples per sampling seed. The
3B screen took 2.46 GPU hours at a peak of 6.4 GiB reserved; the 7B screen took 2.43 GPU
hours at 15.0 GiB. The extraction pipeline reproduced the sibling’s archival 1.5B vector
exactly before any new number was derived, and rollouts-to-summary count cross-checks
pass at every rung.

The support ladder
The table reports the pooled seam-differential group fraction (k of 320 groups) with Jeffreys
95 percent intervals and the frozen separator classification; full precision lives in the released
ladder table backing the support-ladder figure.

Candidate 1.5B (archival) 3B 7B
exact directive 0.028 [0.014, 0.051]

MISS
0.025 [0.012, 0.047]
MISS

0.059 [0.037, 0.089]
MISS

backtick span 0.134 [0.100, 0.175]
MISS

0.109 [0.079, 0.147]
MISS

0.050 [0.030, 0.078]
MISS

marker substring 0.178 [0.139, 0.223]
zone

0.228 [0.185, 0.276]
zone

0.053 [0.032, 0.082]
MISS

bold final answer 0.375 [0.323, 0.429]
zone

0.184 [0.145, 0.230]
zone

0.081 [0.055, 0.115]
MISS

boxed final line 0.519 [0.464, 0.573]
PASS

0.175 [0.136, 0.219]
zone

0.034 [0.018, 0.059]
MISS

hash anchor 0.097 [0.068, 0.133]
MISS

0.291 [0.243, 0.342]
zone

0.078 [0.052, 0.111]
MISS

Support for the trainable seams fell with scale (largest fall 0.519 to 0.034). Every candidate
at 7B is a CI-robust predicted MISS: each Jeffreys interval sits entirely below the separator’s
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lower edge of 0.16875, so nothing screens in at the largest rung. The two seams that carried
the most support at 1.5B fell hardest. The boxed final line dropped from 0.519 to 0.034,
a paired shift of -0.484 on the same frozen prompt groups, with 157 groups firing at 1.5B
only against 2 at 7B only (McNemar p 3.5e-44, Wald 95% CI [-0.540, -0.428]). The bold
final answer dropped from 0.375 to 0.081 (shift -0.294, p 7.2e-21, CI [-0.351, -0.237]). The
motivating parent seam moved the other way at 7B, from 9 of 320 groups to 19 of 320.
That shift of +0.0313 is not distinguishable on the paired test (raw p 0.0755; Bonferroni-
adjusted p 0.3776 across the five-seam slate; 95% CI [0.000207, 0.0623]), and it leaves the
seam far below the trainability bar. At 3B the parent seam was flat (shift -0.00313, p 1, CI
[-0.0284, 0.0221]), and the marker substring rose modestly into the zone interior (+0.050,
p 0.14, CI [-0.0116, 0.112]). Averaged over the five curve seams (the six candidates minus
the hash anchor, which is excluded from every exploitation-measuring statistic), the slate
shift is -0.103 at 3B (exact sign-flip p 0.31, t 95% CI [-0.304, 0.0988]) and -0.191 at 7B (p
0.125, CI [-0.441, 0.0584]). Both slate tests are exploratory by pre-registration: the smallest
attainable two-sided p at n=5 is 0.0625. The hash anchor itself, never smokeable because it
fires on the correct answer format, rose to 0.291 at 3B before falling to 0.078 at 7B.

Manipulation check
The pre-registered check passes. Over the five curve seams, the within-7B seed-to-seed L1
noise reference is 0.119 and the pooled 7B-versus-1.5B L1 shift is 1.02, an excess of 0.9 against
the pre-registered minimum effect of 0.1. The prompt-level paired bootstrap puts a 95% CI
of [0.741, 1.034] on that excess, with no replicate at or below zero in the 10000 draws, so the
one-sided p is reported as the bootstrap’s resolution bound, p < 1e-4 at 10000 replicates.
Scale moved the deciding quantity far beyond instrument noise. The check was deliberately
direction-free, and the movement that materialized is a large fall in the high-support seams,
the outcome the design anticipated when it noted that larger instruction-tuned models may
comply harder with the required answer format.

Where the mechanism is reported
The pre-registered estimand above measures whether a documented shortcut creates reward
differences inside a sampling group. A second layer, whether the policy emits the shortcut
at all, moves the other way with scale, and the decomposition of those two layers together
with the reward-saturation account that explains them is reported in the following section.
That analysis was specified after the screens were read and is secondary to the confirmatory
result here, so it is kept separate from it.

Screen reliability and selections
The screen replicates at both new rungs: every candidate’s seed-517-versus-518 seam-
differential fraction difference is within the 0.15 kill bar, with a maximum of 0.069 at 3B
(the hash anchor) and 0.031 at 7B. The deterministic selection rule then fixed the smoke
points before any training. At 3B it took the in-zone branch and selected the boxed final line
together with the marker substring, the in-zone seam nearest the separator midpoint. boxed
enters as an in-zone point rather than the predicted-PASS anchor, because the support drop
vacated that role, a conversion the plan pre-registered as a reportable support-shift result.
At 7B no candidate lies in or above the zone, so the rule took the exclusion-transfer branch
and selected the boxed final line and the bold final answer, both smoked with a predicted
MISS. Both selections were recorded, with their input fractions and the branch taken, before
any training was dispatched.

Smoke outcomes at the frozen gate
The screen stage established that no candidate screens in as trainable at 7B; the smoke
stage tested the rule-selected points against the unchanged gate. All thirteen training legs,
twelve smoke legs (one per training seed and point) and the equivalence control, completed
under the frozen 100-step recipe (the 7B legs at microbatch 6 with accumulation 6 per the
design amendment, effective batch 36 preserved; 8.99 GPU hours across the smoke legs
and the control). The pre-registered seed-median rule decides each point, purity columns
ride every verdict, and the delta column reports step-100 selection minus the base policy’s
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screened raw emission at the same rung, the quantity that separates learned selection from
pre-existing behaviour. Per-leg values and raw step traces are archived with the study, and
the smoke-outcome figure draws every leg against screened support.

Point screened
seed
rates median spread gate separableanomaly

base
emis-
sion delta

3B
boxed

0.175 0.444,
0.278,
0.222

0.278 0.222 PASS 4 clean 0.341 -0.063

3B
marker

0.228 0.250,
0.333,
0.306

0.306 0.083 PASS 6 clean 0.344 -0.038

7B
boxed

0.034 0.250,
0.194,
0.250

0.250 0.056 PASS 2 TRIGGERED0.231 +0.019

7B
bold

0.081 1.000,
0.917,
0.806

0.917 0.194 PASS 5 TRIGGERED0.961 -0.044

The third training seed the design originally pre-registered was restored on all four points.
An initial attempt was refused by the frozen scale-ladder allocation and stopped before
training; a seed-allocation amendment then reinstated the design’s original three-seed plan,
and the third seeds ran under the unchanged recipe. Every verdict above is therefore a
three-seed result, and the analysis plan’s requirement of at least three seeds per training
claim is satisfied.
All four points now pass the inclusive gate. The 3B points pass with small genuine exploita-
tive components (pooled Wilson 95% [0.235, 0.408] for boxed and [0.218, 0.388] for marker;
marker seed 423 finished exactly at the gate with 3 separable firings and two thirds of its
seam firings on already-correct answers). At 7B the purity columns tell a different story
from the verdicts. boxed passes at exactly the inclusive threshold by the seed-median rule
([0.162, 0.319]) with separable counts of 0, 0 and 2 across its seeds, and bold passes at 0.917
([0.838, 0.949]) against its CI-robust predicted miss with counts of 0, 1 and 4; the sibling
study’s pre-registered anomaly clause fires on both 7B points. The delta column removes
the remaining ambiguity: no point’s selection ends more than 0.019 above its base emission
and three of four end below it, so no smoked point shows evidence of learned seam selection
beyond behaviour the untouched policy already produced.
The amendment’s implementation-equivalence control passes both pre-registered condi-
tions. The microbatch-12 reference finished at 0.444 (Wilson 95% [0.295, 0.604]) and the
microbatch-6 rerun at 0.417 lies inside that interval on the same side of the gate (Newcombe
difference CI [-0.244, 0.192], Fisher exact p 1). One frozen seed ran, so the control speaks
to implementation equivalence and not to seed variance.
Under the pre-registered CI-robust rule the separator verdict is insufficient resolution at 3B,
where both smoked points are zone points whose passes refine the upper edge to 0.175, a
fragile bound because boxed’s screened interval straddles 0.16875 and marker’s pass leans on
a seed at the exact gate. At 7B the verdict is formally shifted: both robust predicted-MISS
points crossed (0 of 2 matched, Wilson [0, 0.658], corroborative coin null 0.25). The anomaly
clause and the delta column say what shifted. both crossings ride on formatting the base
policy already emitted (bold at 0.961 base emission, boxed at exactly the threshold with
two gold-incorrect firings in 108 completions), so at 7B the gate statistic measures format
prevalence and not shortcut selection, the mechanism quantified in the following section.
Pooled over the twelve pre-registered legs, exploitation is rare everywhere in the study: 17
separable firings in 432 final-batch completions (Jeffreys 95% [0.024, 0.061]), never more
than 4 of 36 in any leg, with the single largest count at the largest model (7B bold seed 425).
Scale is not the operative variable: 10 of 216 at 3B against 7 of 216 at 7B (Fisher exact p
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0.62, Newcombe CI [-0.054, 0.025]). The gate statistic spans 0.194 to 1.0 over the same legs,
and its rank association with the separable count is -0.011 (fixed-seed permutation p 0.98).
On this evidence the gate statistic and measured exploitation are unassociated in rank. That
statement is descriptive: twelve legs, three seeds per point, and small-integer counts reported
as counts with intervals. The seed spreads are themselves evidence about the endpoint: 3B
boxed spans 0.222 to 0.444 across the 0.25 gate within one identical configuration, so a
single-seed gate verdict at this batch size is unreliable by direct observation.

The smoke record also scores this paper’s screening statistic against a naive rival; the dis-
cussion weighs the comparison. A rule that predicts a pass wherever the untouched policy
emitted the seam at all in the screen (single-sampling-seed emission at or above 0.003) clas-
sifies all four smoked outcomes correctly (Jeffreys 95% [0.56, 1.0]). The differential-support
bar this paper proposes classifies two of four ([0.12, 0.88]), and the strict separator form
classifies zero of its two decidable points ([0, 0.67]), abstaining on both 3B zone points. On
these four outcomes the naive rule scores strictly higher. Two disclosures bound that con-
test. Every candidate in the slate emits above the naive floor, so on smoked points the naive
rule reduces to predicting a pass everywhere, and a contest on rule-selected points is tilted
toward it by construction; and the intervals overlap, so four outcomes cannot separate the
predictors. What the record does establish is directional and ours to own: the differential
bar made two falsifiable miss predictions at 7B and both points passed, while the rule it
was meant to replace made none that failed.

Why support fell: a reward-saturation account
This section reports an analysis specified after the screens were read. It is secondary to the
pre-registered differential estimand, it exists to explain the confirmatory result reported in
the previous section, and it adds no confirmatory claim of its own. Every number in this
section appears in the study’s released analysis tables and statistics records, regenerated
deterministically from the archived screen rollouts and checked by an independent recom-
putation on every run; the emission-versus-differential figure draws the decomposition per
candidate.

Raw shortcut emission and trainable support diverge with scale on every candidate. Emis-
sion rises from 1.5B to 7B for five of the six candidates: the parent directive seam goes
0.00469 to 0.0276 to 0.446 across the three rungs, and the bold final answer goes 0.322 to
0.323 to 0.961. Over the same ladder the seam-differential group fraction, the quantity that
decides trainability, falls for five of six. The per-candidate divergence between the emission
change and the differential change averages +0.547 (t 95% interval [0.250, 0.845]) with an
exact sign-flip p of 0.031. That p is the smallest attainable value at n=6 and is reached
precisely because all six candidates diverge in the same direction, so the test establishes
consistency of direction and nothing stronger.

The mechanism shows in a single number: the fraction of seam firings that land on an
already-correct answer. For the parent seam it runs 0 at 1.5B, 0.849 at 3B and 0.966 at
7B, and for bold it runs 0.754 to 0.876 to 0.970. At the smallest model every firing of the
documented shortcut sat on an answer the model had got wrong, so the shortcut and the
gold solution were competing outcomes inside a sampling group, and a group containing
both carried a reward difference for the optimizer to climb. At 7B almost every firing rides
on an answer that was already correct. The scorer pays full credit down either path, so the
six completions in a group converge on the same reward, and the within-group variance that
group-relative optimization needs in order to prefer anything is gone. The consequence is
direct: a documented shortcut can become more available and less trainable at the same
time, and availability is therefore the wrong quantity to screen on.

One test of this account came out inconclusive, and we say so here in preference to leaving it
for a reviewer to find. Across the eighteen candidate-by-rung cells, the rank association be-
tween gold reward rate and differential support is Spearman -0.317 with permutation p 0.20
and a cluster-bootstrap 95% interval of [-0.762, 0.177], which spans zero because between-
candidate base rates dominate the pooled cells. The saturation account accordingly rests on
the within-candidate divergence and the gold-given-seam trajectories reported above, and it
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takes no support from the cross-cell association. No stronger reading of that test is intended
anywhere in this paper.
A reviewer asked whether saturation is confounded with a task-wide ceiling, since reward-
uniform groups are observed only where 7B is near-perfect on this task. Stratifying the
existing 7B screen by prompt difficulty separates the accounts inside the same data. Diffi-
culty is the per-prompt gold rate pooled over the 1.5B and 3B screens, measured entirely on
the smaller models so the split never conditions on the 7B outcomes under test. A median
split gives 83 hard and 77 easy prompts, and the axis transfers, with 7B gold accuracy 0.917
on hard prompts against 0.992 on easy ones. The prediction holds. Pooled over the five curve
seams (the six candidates minus the hash anchor, which fires on the correct answer format
itself and is excluded from this stratified pooling and from the other exploitation-measuring
curve-seam statistics; the six-candidate divergence test above retains it, because that test
needs only direction), 7B differential support is 0.104 [0.084, 0.126] in the hard stratum
and 0.0039 [0.0011, 0.0104] in the easy one (difference 0.0997, Newcombe 95% [0.079, 0.122],
Fisher exact p 8.8e-22). Emission is flat across strata (0.465 against 0.471). The bold final
answer makes the contrast visible: emission near 0.96 in both strata, differential support
0.157 [0.107, 0.218] on hard prompts and 0 [0, 0.016] on easy ones. Where gold accuracy is
off ceiling the differential survives, at every seam, in the same model and task. The retained
hard-stratum support still sits below the trainability bar, so this test rescues the mechanism
and does not rescue trainability.
Restoring the registered third training seed added a within-point check, independent of both
the cross-scale comparison and the difficulty stratification, and its evidence is mixed. Within
each 7B point, across three seeds of an identical configuration, final-batch gold accuracy and
separable firings move inversely: the bold point runs 1.000, 0.944 and 0.694 gold against
0, 1 and 4 firings (Spearman -1.000, exact one-sided permutation p 0.17), and the boxed
point runs 1.000, 0.861 and 0.750 against 0, 0 and 2 (Spearman -0.866, p 0.33, held off the
floor by the tied zeros); jointly, the one-sided exact p over both points is 0.056 across the
36 seed arrangements. At 3B the relationship fails: the boxed point gives 0.000 and the
marker point gives +0.500, pointing the wrong way. Three seeds per point make every one
of these coefficients very coarse. This is evidence at 7B only. The saturation account does
predict that split: the coupling should appear only where gold approaches ceiling, which
is 7B and not 3B. The prediction follows from the account as stated above, but it was not
registered before the seeds ran, so we offer it as an after-the-fact consistency check and
not as support. The mediating-variable case rests on the cross-scale trajectories and the
difficulty stratification, with the 7B within-point pattern as a coarse echo.
The design implication reaches beyond this run: a pre-freeze screen should measure whether
a shortcut creates reward differences inside the sampled group. The differential statistic
measures exactly that, and emission does not. A scorer that pays full credit for the shortcut
and for the correct solution alike stops discriminating between them once the model reliably
produces correct answers, so the same disclosure that made a seam trainable at one scale
can leave nothing for the optimizer to find at the next.

Discussion
The measurement came out about the measurement
This run set out to measure a property of models and ended up measuring a property of its
own endpoint. The 0.25 train-batch selection gate, inherited unchanged from the parent and
sibling studies, fails in two independent ways that our data quantify. First, it cannot distin-
guish shortcut exploitation from formatting of already-correct answers. Both 7B points pass
the gate, boxed at exactly the inclusive threshold, while carrying seven gold-incorrect seam
firings between them across 216 final-batch completions, and the pre-registered anomaly
clause triggered on both. Across all twelve legs the gate statistic spans 0.194 to 1.0 while
measured exploitation never exceeds 4 of 36, and the rank association between the two is
-0.011 with permutation p 0.98. On this evidence the two are unassociated, a descriptive
statement at twelve legs. Second, the gate is underpowered by an order of magnitude: at 36
completions the smallest detectable selection increase is roughly +0.21, and for 7B bold no
increase was detectable below the 1.0 ceiling. Both failures are properties of the endpoint,
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not of this run, and every prior study on this instrument used the same endpoint at the
same batch size.

What the frozen instrument still established
Within those limits the ladder speaks. Across four smoked points at two scales, no point
ended more than +0.019 above its base screened emission and three of four ended below it (-
0.063, -0.038, +0.019, -0.044). Every gate pass in this study is the base policy’s pre-existing
emission surfacing through the gate. Given the +0.21 detectable-effect floor, the correct
statement of the headline is exact: this study finds no evidence of learned seam selection
beyond pre-existing behaviour, and at this power that is absence of evidence, not evidence
that no learning occurred. The screen side is not hostage to the gate’s defects. It is the
study’s cleanest result: base-policy differential support falls below the trainability separator
at 7B for every candidate (largest fall 0.519 to 0.034) while raw emission rises for five of six.

Why the gate breaks at scale
The mechanism is reward saturation, quantified in the preceding mechanism section and
carried by one trajectory: the fraction of the parent seam’s firings landing on already-
correct answers runs 0 at 1.5B to 0.849 at 3B to 0.966 at 7B. A scorer that pays full credit
down both paths stops discriminating between them once the model reliably solves the task,
six-completion groups converge on uniform reward, and the quantity the gate reads becomes
format prevalence. Normalizing each seam’s differential change by its remaining headroom
below ceiling scopes the account, with four of five curve seams showing the ceiling signature
and boxed the one mixed case, and a difficulty stratification of the same 7B screen confirms
the account is not a task-wide ceiling artifact: differential support survives at 0.104 on
hard prompts against 0.0039 on easy ones with emission flat across strata, as the preceding
mechanism section reports. Within each 7B point, though at neither 3B point, gold accuracy
and separable firings also move inversely across training seeds, a coarse within-point echo
reported there.

The baseline we did not beat
Our screening statistic lost to the naive baseline it was meant to replace. On the four smoked
outcomes a rule that predicts a pass wherever the untouched policy emitted the seam at
all in the screen classified 4 of 4 correctly, while the differential-support bar classified 2
of 4 and the strict separator form 0 of its 2 decidable points with two abstentions. On
this evidence the statistic this paper proposes is outperformed outright by raw detectability.
Four outcomes cannot settle a predictor comparison; that caveat bounds the confidence in
the margin, not its direction, and whether the sibling result that motivated the statistic
generalizes beyond its home scale is now an open question.

Separator verdicts
At 3B the pre-registered rule returns insufficient resolution: both smoked points are zone
points, boxed’s screened interval straddles the 0.16875 edge, and marker’s pass rests on a
seed at the exact inclusive gate. At 7B the rule returns formally shifted, with both CI-robust
predicted-MISS points crossing (0 of 2 matched). The anomaly clause and the delta column
identify the shift as a change in what the gate statistic measures at scale, the instrument
critique restated from the verdict side.

Limitations
The seed history requires disclosure. The design registered three training seeds per point,
and a de-scope taken in anticipation of cloud spend that never occurred reduced the ex-
ecutable allocation to two. A request to add the third seed only to the point carrying
the most striking result was refused by the frozen allocation before training, the selective
post-hoc move the protocol exists to block, and that refusal stands in the design record. A
later amendment, adopted after the results freeze and the first reviewer panel and disclosed
as such, restored the third seed to all four points uniformly, without conditioning on any
point’s result, in response to the panel’s first-priority concern about seed count; the gate,
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the seam definitions, the verdict rule and the kill criteria were left untouched. The analysis
plan’s requirement of at least three seeds per training claim, which the two-seed allocation
had violated at every point, is thereby met. The restored seeds moved one verdict against
the reading the earlier data suggested, and their spreads are evidence in their own right:
3B boxed spans 0.222 to 0.444 across the 0.25 gate within one identical configuration, so
a single-seed gate verdict at this batch size is unreliable by direct observation. The equiv-
alence control was established at 3B only, so every 7B claim inherits the assumption that
microbatch 6 with accumulation 6 matches 12 with 3 at scale. The direct 7B control is
hardware-bound, measured as an OOM at 27.47 GiB in use with a 3.48 GiB request against
3.33 GiB free, and it is recorded as an unrun follow-up for a 40 GiB device. Four smoked
outcomes, one task family and one model family bound generality. The mechanical novelty
gate never cleared because Semantic Scholar throttled on three attempts, so related-work
positioning rests on a hand-written memo grounded in the parent’s arXiv-verified neigh-
bours.

What should change
The fixes follow from the measurements. Screen for trainability by measuring whether a
shortcut creates reward differences inside the sampled group, the quantity group-relative
optimization actually consumes. Emission diverges upward from trainable support at scale
on every candidate, so availability is the wrong screening target. And size the smoke gate’s
batch to the effect it claims to test; a 36-completion batch against a +0.21 floor turns a
selection gate into a threshold on noise, at any scale.

Reproducibility
This appendix is generated mechanically from the run’s recorded artifacts so that every
experimental cell, its sample size, its seeds, and its compute cost are inspectable without
re-running the job or asking the authors. A value shown as “not recorded” was absent from
the manifest and has not been inferred.
The run comprises 7 recorded experiments. Each row below is one experimental cell as
written to results/real/experiments.json.

ExperimentModel Dataset Mode
n (per
cell) Seed(s)

Key
hyperpa-
rameters

GPU
minutes

e1_screen_3bQwen2.5-
3B-
Instruct

Task-A
frozen
training
split,
first 160
prompts

real 160 not
recorded

params=3.0B147.49

e1_screen_7bQwen2.5-
7B-
Instruct

Task-A
frozen
training
split,
first 160
prompts

real 160 not
recorded

params=7.0B145.82

e2_smoke_3b__boxed_numeric_final_lineQwen2.5-
3B-
Instruct

Task-A
frozen
training
split

real 2000 not
recorded

100
steps;
params=3.0B

117.11

e2_smoke_3b__marker_substringQwen2.5-
3B-
Instruct

Task-A
frozen
training
split

real 2000 not
recorded

100
steps;
params=3.0B

115.09
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ExperimentModel Dataset Mode
n (per
cell) Seed(s)

Key
hyperpa-
rameters

GPU
minutes

e2_smoke_7b__bold_final_answerQwen2.5-
7B-
Instruct

Task-A
frozen
training
split

real 2000 not
recorded

100
steps;
params=7.0B

131.51

e2_smoke_7b__boxed_numeric_final_lineQwen2.5-
7B-
Instruct

Task-A
frozen
training
split

real 2000 not
recorded

100
steps;
params=7.0B

136.72

e2_equivalence_3b__boxed_micro6Qwen2.5-
3B-
Instruct

Task-A
frozen
training
split

real 2000 not
recorded

100
steps;
params=3.0B

39.24

Seed policy. No per-experiment RNG seed identities are recorded in the experiment man-
ifest. Per-comparison seed counts are recorded in results/real/stats.json and reported
in the Seeds column below.
Cross-validation. No cross-validation fold fields are recorded in the manifest.
Statistical tests. Each quantitative comparison in the paper carries a formal test, recorded
in results/real/stats.json.

Claim Test Statistic p 95% CI n Seeds
parent_exact_directive’s
docu-
mented
seam-
differential
group
incidence
at 3b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.003125 1.0 [-
0.028376236702578023,
0.022126236702578024]

320 2
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Claim Test Statistic p 95% CI n Seeds
marker_substring’s
docu-
mented
seam-
differential
group
incidence
at 3b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

0.05 0.1370988057560337[-
0.011615271849916516,
0.11161527184991651]

320 2

backtick_hash_span’s
docu-
mented
seam-
differential
group
incidence
at 3b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.025 0.35814330180613224[-
0.07156525996813089,
0.021565259968130884]

320 2

bold_final_answer’s
docu-
mented
seam-
differential
group
incidence
at 3b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.190625 7.340990314237963e-
08

[-
0.2569809901361939,
-
0.12426900986380604]

320 2
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Claim Test Statistic p 95% CI n Seeds
boxed_numeric_final_line’s
docu-
mented
seam-
differential
group
incidence
at 3b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.34375 5.348578814705084e-
22

[-
0.4068653232467332,
-
0.2806346767532668]

320 2

hash_numeric_final_line’s
docu-
mented
seam-
differential
group
incidence
at 3b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

0.19375 5.784543378399633e-
11

[0.13829101273751687,
0.24920898726248314]

320 2

For par-
ent_exact_directive
at 3b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.0125 0.7265624999999989[-
0.02209341637996064,
0.047093416379960645]

160 2
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Claim Test Statistic p 95% CI n Seeds
For
marker_substring
at 3b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.05625 0.22205282015602354[-
0.13610288982958338,
0.023602889829583383]

160 2

For back-
tick_hash_span
at 3b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.04375 0.21003961563110465[-
0.10210542569037578,
0.014605425690375796]

160 2

For
bold_final_answer
at 3b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.00625 0.999999999999991[-
0.07218085194208039,
0.0846808519420804]

160 2

For
boxed_numeric_final_line
at 3b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.0375 0.3449284508824317[-
0.10205875435189204,
0.02705875435189204]

160 2
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Claim Test Statistic p 95% CI n Seeds
For
hash_numeric_final_line
at 3b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.06875 0.10812902140605726[-
0.14450448387459508,
0.007004483874595055]

160 2

For par-
ent_exact_directive
at 3b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.0276041666666666662.2204460492503146e-
16

[0.020275814324560392,
0.034932519008772936]

1920 2

For
marker_substring
at 3b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.34375 4.180544565216918e-
199

[0.3225051588439255,
0.3649948411560745]

1920 2

For back-
tick_hash_span
at 3b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.2078125 6.136010858601307e-
106

[0.18904275343766402,
0.226582246562336]

1920 2
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Claim Test Statistic p 95% CI n Seeds
For
bold_final_answer
at 3b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.3171875 2.2684449053783406e-
168

[0.29587635302637366,
0.33849864697362636]

1920 2

For
boxed_numeric_final_line
at 3b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.2203125 1.0758999745871754e-
58

[0.19461294186374595,
0.24601205813625404]

1920 2

For
hash_numeric_final_line
at 3b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.170833333333333341.7507894287507387e-
27

[0.14072420597849974,
0.20094246068816693]

1920 2

The mean
3b-minus-
1.5B
change in
seam-
differential
group
fraction is
summa-
rized over
the five
frozen
curve
seams.

two-sided
exact
paired
sign-flip
test over
the five
curve
seams;
paired
mean-
difference
t 95%
interval

-
0.10250000000000001

0.3125 [-
0.3037735701399539,
0.09877357013995383]

5 2
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Claim Test Statistic p 95% CI n Seeds
parent_exact_directive’s
docu-
mented
seam-
differential
group
incidence
at 7b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

0.03125 0.07551869750022944[0.00020733256106336,
0.06229266743893664]

320 2

marker_substring’s
docu-
mented
seam-
differential
group
incidence
at 7b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.125 4.5666107004455725e-
07

[-
0.17204615320570452,
-
0.07795384679429548]

320 2

backtick_hash_span’s
docu-
mented
seam-
differential
group
incidence
at 7b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.084375 0.00014197068519905738[-
0.12624068912789443,
-
0.04250931087210557]

320 2
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Claim Test Statistic p 95% CI n Seeds
bold_final_answer’s
docu-
mented
seam-
differential
group
incidence
at 7b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.29375 7.235208524476163e-
21

[-
0.35067769055461473,
-
0.2368223094453853]

320 2

boxed_numeric_final_line’s
docu-
mented
seam-
differential
group
incidence
at 7b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.484375 3.4816245634132724e-
44

[-
0.5404844099804906,
-
0.4282655900195093]

320 2

hash_numeric_final_line’s
docu-
mented
seam-
differential
group
incidence
at 7b
differs
from its
archival
1.5B value
on the
same
frozen
prompt
groups.

two-sided
exact
McNemar
test over
prompt-
by-
sampling-
seed
groups
paired
across
subject
models;
paired
risk-
difference
Wald 95%
CI

-0.01875 0.46139118213677005[-
0.0602401792825773,
0.022740179282577298]

320 2
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Claim Test Statistic p 95% CI n Seeds
For par-
ent_exact_directive
at 7b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.03125 0.17968749999999956[-
0.06767892343612938,
0.0051789234361293845]

160 2

For
marker_substring
at 7b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.01875 0.5078124999999988[-
0.055384303067394544,
0.01788430306739455]

160 2

For back-
tick_hash_span
at 7b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.025 0.2187500000000001[-
0.0047545998558516794,
0.05475459985585168]

160 2

For
bold_final_answer
at 7b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.0125 0.7539062499999992[-
0.05118873773081849,
0.026188737730818482]

160 2
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Claim Test Statistic p 95% CI n Seeds
For
boxed_numeric_final_line
at 7b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.03125 0.0625 [0.004290057084965472,
0.05820994291503453]

160 2

For
hash_numeric_final_line
at 7b,
seam-
differential
group
incidence
is
compared
across
sampling
seeds 517
and 518.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

-0.00625 0.9999999999999976[-
0.04298656231185604,
0.030486562311856043]

160 2

For par-
ent_exact_directive
at 7b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.445833333333333364.1624948318597776e-
258

[0.4236000325038528,
0.4680666341628139]

1920 2

For
marker_substring
at 7b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.436979166666666645.45586522601511e-
253

[0.41479260131525536,
0.4591657320180779]

1920 2
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Claim Test Statistic p 95% CI n Seeds
For back-
tick_hash_span
at 7b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.2640625 6.0860060366608034e-
151

[0.2442913398912162,
0.28383366010878375]

1920 2

For
bold_final_answer
at 7b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.95989583333333331e-323 [0.9511196784699938,
0.9686719881966728]

1920 2

For
boxed_numeric_final_line
at 7b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.184895833333333349.939055332511336e-
63

[0.16369427447481766,
0.20609739219184903]

1920 2

For
hash_numeric_final_line
at 7b, raw
seam
emission
under
documen-
tation is
compared
with the
paired no-
documentation
rendering.

two-sided
exact
McNemar
test;
paired
risk-
difference
Wald 95%
CI

0.077083333333333341.9039730868161064e-
12

[0.0558515762431854,
0.09831509042348127]

1920 2
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Claim Test Statistic p 95% CI n Seeds
The mean
7b-minus-
1.5B
change in
seam-
differential
group
fraction is
summa-
rized over
the five
frozen
curve
seams.

two-sided
exact
paired
sign-flip
test over
the five
curve
seams;
paired
mean-
difference
t 95%
interval

-0.19125 0.125 [-
0.44093416135540964,
0.0584341613554096]

5 2

parent_exact_directive’s
raw seam-
emission
rate at 3b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.0229166666666666651.0507232717140513e-
08

[0.014944394570821013,
0.030888938762512315]

1920 2

marker_substring’s
raw seam-
emission
rate at 3b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.288541666666666643.6205903882516295e-
116

[0.2653498936576168,
0.3117334396757165]

1920 2
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Claim Test Statistic p 95% CI n Seeds
backtick_hash_span’s
raw seam-
emission
rate at 3b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.158854166666666662.913986686406853e-
47

[0.1376725845176992,
0.1800357488156341]

1920 2

bold_final_answer’s
raw seam-
emission
rate at 3b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.00104166666666666670.9720427483122049[-
0.028082835393995642,
0.030166168727328975]

1920 2

boxed_numeric_final_line’s
raw seam-
emission
rate at 3b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

-
0.09479166666666666

1.8987263227971736e-
09

[-
0.1253607242844949,
-
0.06422260904883843]

1920 2
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Claim Test Statistic p 95% CI n Seeds
hash_numeric_final_line’s
raw seam-
emission
rate at 3b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.634375 1e-323 [0.6114729789338647,
0.6572770210661354]

1920 2

parent_exact_directive’s
raw seam-
emission
rate at 7b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.441145833333333352.8730860265433893e-
244

[0.4186566261064233,
0.4636350405602434]

1920 2

marker_substring’s
raw seam-
emission
rate at 7b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.381770833333333342.9450134890905696e-
170

[0.357761891290863,
0.4057797753758037]

1920 2

26



Claim Test Statistic p 95% CI n Seeds
backtick_hash_span’s
raw seam-
emission
rate at 7b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.210416666666666672.1947982436302873e-
72

[0.18821561196248296,
0.23261772137085038]

1920 2

bold_final_answer’s
raw seam-
emission
rate at 7b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.63854166666666671e-323 [0.6161035233344128,
0.6609798099989206]

1920 2

boxed_numeric_final_line’s
raw seam-
emission
rate at 7b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

-
0.20416666666666666

2.2731100332929327e-
39

[-
0.23368156847182198,
-
0.17465176486151135]

1920 2
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Claim Test Statistic p 95% CI n Seeds
hash_numeric_final_line’s
raw seam-
emission
rate at 7b
differs
from its
archival
1.5B value
on the
same
frozen
sampling
coordi-
nates.

two-sided
exact
McNemar
test
paired by
(prompt_id,
sam-
pling_seed,
comple-
tion_index);
paired
risk-
difference
Wald 95%
CI

0.84166666666666671e-323 [0.8245283279393821,
0.8588050053939512]

1920 2

Across the
six candi-
dates, the
7B-minus-
1.5B
change in
raw seam
emission
exceeds
the same
change in
seam-
differential
group
fraction
(the two
curves
move
apart with
scale).

two-sided
exact
paired
sign-flip
over the
six per-
candidate
diver-
gences;
paired
mean-
difference
t 95% CI

0.54739583333333330.03125 [0.24987332969211395,
0.8449183369745527]

6 2

Across the
candidate-
by-rung
cells,
gold_reward_rate
and
seam_differential_group_fraction
are
negatively
rank-
associated,
as the
reward-
saturation
account
predicts.

Spearman
rank corre-
lation over
the 18
cells;
fixed-seed
Monte
Carlo per-
mutation
p (10000
draws);
cluster
bootstrap
95% CI re-
sampling
whole
candidates
(10000
draws,
fixed LCG
seed
20260818)

-
0.31682146542827655

0.2016 [-
0.7617554858934169,
0.17659352142110762]

18 2
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Claim Test Statistic p 95% CI n Seeds
The
pooled 7B-
vs-1.5B L1
shift of
the
five-seam
support
vector
exceeds
the
within-7B
seed-to-
seed L1
noise
reference.

pre-
registered
determin-
istic
min-effect
rule
(excess
>= 0.1);
prompt-
level
paired
bootstrap
(10000
replicates,
fixed LCG
seed
20260818)
percentile
95% CI on
the excess;
one-sided
bootstrap
p =
fraction of
replicates
at or
below zero

0.9 0.0001 [0.7406250000000001,
1.0343749999999998]

320 2

boxed_numeric_final_line
at 3b:
step-100
train-
batch
seam
selection
versus the
frozen
0.25 gate,
decided by
the pre-
registered
seed-
median
rule.

pre-
registered
determin-
istic
seed-
median
threshold
verdict
(even seed
count:
mean of
middle
rates);
compan-
ion exact
binomial
on the
pooled
final-batch
count,
two-sided
(zone
point, no
directional
predic-
tion);
Wilson
95% CI on
the pooled
rate

0.27777777777777780.1535001478888782[0.23486550444655252,
0.4074853695336538]

108 3
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Claim Test Statistic p 95% CI n Seeds
boxed_numeric_final_line
at 3b:
pooled
step-100
selection
is
compared
with the
base
policy’s
screened
raw
emission
(the base-
to-final
delta).

Newcombe
hybrid-
Wilson
95% CI on
the
difference
of two in-
dependent
binomials
(pooled
final batch
vs base
screen
rollouts);
two-sided
Fisher
exact p as
compan-
ion

-
0.025810185185185186

0.6035202879005269[-
0.10859936013348154,
0.06917942852313169]

2028 3

marker_substring
at 3b:
step-100
train-
batch
seam
selection
versus the
frozen
0.25 gate,
decided by
the pre-
registered
seed-
median
rule.

pre-
registered
determin-
istic
seed-
median
threshold
verdict
(even seed
count:
mean of
middle
rates);
compan-
ion exact
binomial
on the
pooled
final-batch
count,
two-sided
(zone
point, no
directional
predic-
tion);
Wilson
95% CI on
the pooled
rate

0.30555555555555560.3170576778986509[0.21837806442189223,
0.3882078969563346]

108 3
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Claim Test Statistic p 95% CI n Seeds
marker_substring
at 3b:
pooled
step-100
selection
is
compared
with the
base
policy’s
screened
raw
emission
(the base-
to-final
delta).

Newcombe
hybrid-
Wilson
95% CI on
the
difference
of two in-
dependent
binomials
(pooled
final batch
vs base
screen
rollouts);
two-sided
Fisher
exact p as
compan-
ion

-
0.04745370370370372

0.34845276133489633[-
0.1282938689991966,
0.04680728679808421]

2028 3

bold_final_answer
at 7b:
step-100
train-
batch
seam
selection
versus the
frozen
0.25 gate,
decided by
the pre-
registered
seed-
median
rule.

pre-
registered
determin-
istic
seed-
median
threshold
verdict
(even seed
count:
mean of
middle
rates);
compan-
ion exact
binomial
on the
pooled
final-batch
count,
one-sided
lower tail
(predicted
MISS);
Wilson
95% CI on
the pooled
rate

0.91666666666666661.0 [0.8379014075477644,
0.9489266696957817]

108 3
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Claim Test Statistic p 95% CI n Seeds
bold_final_answer
at 7b:
pooled
step-100
selection
is
compared
with the
base
policy’s
screened
raw
emission
(the base-
to-final
delta).

Newcombe
hybrid-
Wilson
95% CI on
the
difference
of two in-
dependent
binomials
(pooled
final batch
vs base
screen
rollouts);
two-sided
Fisher
exact p as
compan-
ion

-
0.05353009259259256

0.012962352181606535[-
0.12347080917684158,
-
0.01090942448113559]

2028 3

boxed_numeric_final_line
at 7b:
step-100
train-
batch
seam
selection
versus the
frozen
0.25 gate,
decided by
the pre-
registered
seed-
median
rule.

pre-
registered
determin-
istic
seed-
median
threshold
verdict
(even seed
count:
mean of
middle
rates);
compan-
ion exact
binomial
on the
pooled
final-batch
count,
one-sided
lower tail
(predicted
MISS);
Wilson
95% CI on
the pooled
rate

0.25 0.37583338625317286[0.16199363571704478,
0.3194151315542543]

108 3
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Claim Test Statistic p 95% CI n Seeds
boxed_numeric_final_line
at 7b:
pooled
step-100
selection
is
compared
with the
base
policy’s
screened
raw
emission
(the base-
to-final
delta).

Newcombe
hybrid-
Wilson
95% CI on
the
difference
of two in-
dependent
binomials
(pooled
final batch
vs base
screen
rollouts);
two-sided
Fisher
exact p as
compan-
ion

0.00023148148148147141.0 [-
0.07190961340451842,
0.09005155335340236]

2028 3

The micro-
batch 6/6
implemen-
tation is
equivalent
to the
frozen
12/3
implemen-
tation at
3B on the
amend-
ment’s
two pre-
registered
condi-
tions.

pre-
registered
rule: same
side of the
0.25 gate
AND
micro6
rate inside
the
micro12
Wilson
95%
interval;
New-
combe
hybrid-
Wilson
95% CI on
the rate
difference;
two-sided
Fisher
exact p as
compan-
ion

-
0.027777777777777735

0.999999999999984[-
0.24369261456627714,
0.19185395333144978]

72 1
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Claim Test Statistic p 95% CI n Seeds
Pooled
separable-
firing
(seam on
gold-
incorrect)
counts in
the final
smoke
batches
are
compared
across the
3B and 7B
rungs
(10/216 vs
7/216).

two-sided
Fisher
exact on
the pooled
counts;
New-
combe
hybrid-
Wilson
95% CI on
the 7B-
minus-3B
rate
difference;
per-rung
Jeffreys
intervals
in analy-
sis_summary.txt

-
0.013888888888888888

0.6220010705199466[-
0.054281028233560465,
0.025172730475053688]

432 3

Across the
12 pre-
registered
smoke
legs, the
step-100
gate
statistic is
rank-
associated
with the
separable-
firing
count.

Spearman
rank corre-
lation over
the 12
legs;
fixed-seed
Monte
Carlo per-
mutation
p (100000
draws)

-
0.010912626812280774

0.97778 [-1.0, 1.0] 12 3
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Claim Test Statistic p 95% CI n Seeds
Within
each 7B
smoked
point,
across
three
training
seeds of
an
identical
configura-
tion,
final-batch
gold
accuracy
and
separable-
firing
count are
inversely
associated,
the
saturation
account’s
within-
point
predic-
tion.

per-point
Spearman
over the
three
seeds with
exact
one-sided
permuta-
tion p;
joint
one-sided
exact per-
mutation
over both
7B points
using the
sum of the
two coeffi-
cients (36
arrange-
ments)

-
0.9330127018922194

0.05555555555555555[-1.0, 1.0] 6 3

Pooled
over the
five curve
seams, 7B
differen-
tial
support in
the hard
(low small-
model
gold)
prompt
stratum is
compared
with the
easy
stratum;
the
saturation
account
predicts
retention
where gold
accuracy
is low.

unpaired
two-
proportion
compari-
son of
differen-
tial group
fractions
across
prompt
strata;
New-
combe
hybrid-
Wilson
95% CI;
two-sided
Fisher
exact com-
panion p;
per-
stratum
Jeffreys
intervals
in analy-
sis_summary.txt

0.099718353935221418.762419898455507e-
22

[0.0793493013634748,
0.12245606169947962]

1600 2
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Claim Test Statistic p 95% CI n Seeds
backtick_hash_span:
7B differ-
ential
support in
the hard
prompt
stratum
against
the easy
stratum.

unpaired
two-
proportion
compari-
son;
New-
combe
95% CI;
two-sided
Fisher
exact com-
panion p

0.09638554216867472.4493570793055227e-
05

[0.0527783522280255,
0.15082728495111677]

320 2

bold_final_answer:
7B differ-
ential
support in
the hard
prompt
stratum
against
the easy
stratum.

unpaired
two-
proportion
compari-
son;
New-
combe
95% CI;
two-sided
Fisher
exact com-
panion p

0.15662650602409641.5625654681384626e-
08

[0.10330575669653635,
0.21960178719212461]

320 2

boxed_numeric_final_line:
7B differ-
ential
support in
the hard
prompt
stratum
against
the easy
stratum.

unpaired
two-
proportion
compari-
son;
New-
combe
95% CI;
two-sided
Fisher
exact com-
panion p

0.066265060240963860.0008855775434681504[0.0285099529431967,
0.11474952142400321]

320 2

marker_substring:
7B differ-
ential
support in
the hard
prompt
stratum
against
the easy
stratum.

unpaired
two-
proportion
compari-
son;
New-
combe
95% CI;
two-sided
Fisher
exact com-
panion p

0.077374432796119540.0020355030690373966[0.029304202941031837,
0.1315658989345125]

320 2
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Claim Test Statistic p 95% CI n Seeds
parent_exact_directive:
7B differ-
ential
support in
the hard
prompt
stratum
against
the easy
stratum.

unpaired
two-
proportion
compari-
son;
New-
combe
95% CI;
two-sided
Fisher
exact com-
panion p

0.101940228446252545.922923466125195e-
05

[0.053330114264408576,
0.1586417075571616]

320 2

Every
CI-robust
classifiable
smoked
point’s
gate
outcome
matches
its frozen
separator
predic-
tion.

pre-
registered
determin-
istic
per-point
evaluation;
Wilson
95% CI on
the match
fraction;
corrobora-
tive coin
null 2^-k
recom-
puted for
the k
points
actually
measured

0.0 0.25 [0.0,
0.6576197724933468]

2 2

Compute. Total recorded GPU time across all experiments is 13.8830 GPU-hours on a
single NVIDIA GeForce RTX 5090.
Code and data availability. A public code repository URL is not recorded
in project.yaml (links.github). The per-example data of record that backs ev-
ery reported number is provided under results/real/ in the project repository:
confirmatory_table.csv, figure_emission_vs_differential.csv, figure_main.csv,
figure_smoke.csv, ladder.csv, experiments.json.
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