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Abstract

Midway through an ordinary pretraining run, a
small language model learns the pronoun-gender
rule: cued with a girl’s name (“Sue cried be-
cause”), it resolves the next pronoun to she, gener-
alizing to held-out probes (0.94 by step 925). By
step 3,500 the same model scores near zero on the
same probes, although the rule’s evidence is still
in the training data. We call this within-run rever-
sal natural ungrokking: the corpus decides, with
no trace in the loss curve, which learned rules a
model keeps.

Which rules survive is predictable from one cor-
pus statistic: how often the training stream shows
the rule winning. Across un-intervened runs (two
corpora, three budgets, three seeds), support fre-
quency decides a rule’s fate; the data-to-parameter
ratio only modulates how deeply a doomed rule
falls. The same emerge-then-collapse dynam-
ics appear in public Pythia checkpoints, collapse
depth ordered by model scale as predicted. The
forgetting is a displacement: a log-probability
margin between rule and competing surface prior
crosses zero at the behavioral collapse step.

Control over retention is asymmetric. Flipping a
rule’s supporting evidence to counter-evidence in
place, token counts fixed, destroys the rule with
strictly monotone dose-response in two unrelated
rules; the focal rule passed every scored kill pre-
diction. The reverse edit fails: injecting support
back into the collapsing corpus, at up to triple
the density that sustains it elsewhere, produces no
control-valid behavioral recovery: the capability
is cheap to destroy and could not be bought back
with matched data.
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1. Introduction

Within a single pretraining run, a language model can lose
a capability it had already acquired. The case this paper
dissects is the pronoun-gender rule in an 11.5M-parameter
model training on web text: cued with a girl’s name, the fol-
lowing pronoun should resolve to she. A conflict probe item
is the prefix “Sue cried because”, scored on the continuation
she against he; the corpus-wide prior favors he, the name
cue demands she. Its agree-condition counterpart, “Tom
cried because”, aligns cue and prior and acts as the control.
The model scores 0.94 on held-out conflict items by step
925 and near 0.00 by steps 3,500-4,400 of the same run,
while still scoring 1.00 when rule and prior agree and the
rule’s evidence stays in the stationary stream. No training
data was removed, and no distribution shifted. The model
acquired the rule and then stopped applying it (Figure 1a).
We call this within-run reversal natural ungrokking.

A capability sighted at a mid-training checkpoint is no guar-
antee it will exist in the final model, but its support frequency
in the corpus is predictive of whether it survives. Data fil-
tering that thins a rare rule’s support can doom that rule
without deleting a single example of it. Continual pretrain-
ing on a shifted mix can silently ungrok capabilities the
base model had. In every case the failure is invisible to
loss curves, because the model keeps the construction and
abandons only the rule.

This paper makes three contributions.

Capabilities are cheap to destroy and hard to restore.
Editing a rule’s evidence in place, flipping it to counter-
evidence at a chosen rate with token counts and every other
corpus statistic held fixed, destroys the rule with strictly
monotone dose-response. A second, unrelated rule (a/an
allomorphy) replicates the kill on a five-dose ladder built in-
side one corpus, dialing final accuracy monotonically from
0.96 to 0.00 while unrelated capabilities hold at baseline; in
both rules, the scored blind predictions about kill direction
all came out correct. The same knob fails in reverse—we
injected support back into the collapsed corpus at up to
3x the TinyStories support density, reaching post-injection
rule:prior ratios far above the surviving TinyStories cell; the
mechanistic margin moved, but no run produced a behav-
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Figure 1. The focal pronoun-gender rule emerges and then collapses under web pretraining, and an internal margin crosses zero as it does.
(a) Held-out conflict accuracy. On TinyStories (green: seed mean, min—max band) the rule survives at ceiling; on web the bold vermillion
trace is the seed the abstract quotes (0.94 by step 925, gone by the end), with the two faint traces rising and collapsing the same way.
Dotted lines are each corpus’s agree-condition control, which keeps climbing through the collapse: the construction stays solved and only
the rule is lost. Grey dotted marks chance. (b) Contrast margin CM (Section 4.2), the model’s preference for the rule over the surface
default, one strip per instrument-valid web seed; the vertical line marks behavioral collapse onset, the dot the CM zero crossing. The two
coincide in both seeds (steps 2,800/2,800 and 2,900/3,000). The third web seed fails the instrument check (Section 3) and is omitted,; its
crossing is directionally consistent. TinyStories margins stay off scale at +2 to 412 nats.

ioral recovery that passed its controls (Section 4.3).

A rule’s fate follows a support-frequency law. Whether
a rule survives to the end of training is decided by how
often its supporting evidence appears in the corpus; the
unique-data-to-parameter ratio D /N modulates how deeply
a doomed rule falls but never flips its fate (Section 4.1). We
establish this across a grid of corpora, data budgets, and
seeds. The same rise-and-fall reproduces in the smaller
public Pythia checkpoints, with collapse depth following
the predicted scale order, and the verdicts transfer to an
out-of-distribution probe set.

The loss is displacement. The collapsing rule loses a
competition with a strengthening surface pattern, here the
corpus-wide preference for ke, while the construction it lives
in stays solved. A contrast margin between rule and prior
crosses zero at the behavioral collapse step, and its final sign
largely separates recovered from displaced cells across the
grid, with a boundary case discussed below (Section 4.2).

Every threshold, metric, and directional prediction here was
registered in advance (Section 3), with the full scoreboard
in App. A. Predicting a rule’s fate works; predicting where
on the frequency axis the survival boundary falls is the
open problem this paper hands to future work (App. B).
Code, configs, probe batteries, and the frozen registration
document are released.’

'https://github.com/lijuliana/
Natural-Ungrokking

2. Related Work

Grokking is delayed generalization (Power et al., 2022;
Nanda et al., 2023), with phase diagrams drawn over data
size and hyperparameters (Liu et al., 2023; 2022). The near-
est dynamical relative of our subject is ungrokking (Varma
et al., 2023), where generalization recedes when the dataset
shrinks below a critical size between runs; our capabilities
rise and fall within a single run on stationary text, which
is the kinship and the difference that natural ungrokking
names. Transience itself has precedent: Singh et al. (2023)
show emergent in-context learning can fade under continued
training; we observe the analogous fate for in-weights lin-
guistic rules, give it a frequency law, and steer it with corpus
edits. Chen et al. (2024) document sudden transitions in
syntax acquisition and control them through the training
data; we follow the same observational-to-causal arc for
a transition that runs from competence to incompetence.
Chang et al. (2024) show that token-level forgetting during
ordinary pretraining is frequency-dependent; our subject is a
rule-level capability displaced while its evidence stays in the
stream. Wei et al. (2021) causally tie agreement behavior
to evidence frequency across separately trained models; we
chart within-run fate. Closest in method is filtered-corpus
training (Patil et al., 2024; Misra & Mahowald, 2024), which
withholds a construction’s direct evidence and finds models
acquire it anyway; our edit instead converts evidence into
counter-evidence at fixed token counts, and the near-parity
dose nearest a pure ablation does not kill the rule, consistent
with their results. Extended discussion is in App. J.
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3. Experimental Setup

Models and training. All governed runs use a 4-layer
decoder-only transformer (Vaswani et al., 2017) with
dmodel = 256, two attention heads, a 2048-token con-
text, and a corpus-specific BPE vocabulary (Sennrich et al.,
2016) of 8192 symbols (11.5M parameters; 3.1M exclud-
ing embeddings); the architecture and initialization follow
nanochat (Karpathy, 2025). Each run trains for 4,400 steps
at batch size 32 with cosine warmdown over the final 30%
of steps. Learning rates were fixed once per corpus and
never revisited; within any comparison, every cell shares
the same architecture, tokenizer, schedule, and optimizer,
so that only the named axis moves. Each cell is trained with
three seeds, and a disjoint seed set is quarantined for a blind
replication pass (App. D).

Corpora and the two axes. We train on two corpora:
TinyStories (Eldan & Li, 2023), where the rule under study
is densely supported, and a filtered web corpus derived from
ClimbMix (Diao et al., 2025), where its support falls be-
low our measurement floor under the registered windowed
counter. The support frequency f of a rule is the rate of sup-
porting events per token under a frozen counting procedure
(App. E): intuitively, how often the training stream shows the
rule winning; for the focal rule, an occurrence of she within
16 tokens of a feminine cue. We write 15 = 1.67 x 1073
events per token for the focal pronoun-gender rule’s mea-
sured support frequency on TinyStories, the unit in which
rescue doses are quoted. The data ratio D/N is unique
training tokens over parameters, varied by capping the to-
ken budget (D/N € {1.5,5}, plus uncapped full-corpus
runs, hereafter “packed” cells). The grid spans both corpora
at all budgets, three seeds per cell.

Probe battery and outcome classifier. Capabilities are
scored by a frozen battery of templated probe families, each
with two conditions: a conflict condition, where the rule’s
cue and a competing surface cue disagree, and an agree
control condition, where they align. A frozen classifier
maps each family’s smoothed held-out conflict trajectory to
one of five outcomes (RECOVERED, DISPLACED, PARTIAL,
NEVER, UNSTABLE). A family’s verdict counts only when
its agree condition stays solved, which rules out trajectories
where the model has simply lost the construction wholesale:
a DISPLACED verdict means the model still commands the
construction but no longer follows the rule. Thresholds and
smoothing are reproduced verbatim in App. E.

Mechanism metric. Alongside behavior we track a con-
trast margin CM: on a frozen prompt set disjoint from every
training intervention, the mean log-probability margin for
the rule-conforming continuation over its prior-conforming

competitor. For the focal rule, on feminine-cue prompts x,
CM = ﬁ > wep [log po(she | x) —logpg(he | z)], (1)

so CM > 0 means the rule outweighs the prior at the pre-
diction site and CM < 0 means the prior has won (App. E).
An instrument guard discards runs where smoothed CM
never attains 0.5 nats. CM is computed independently of
the behavioral classifier, so mechanism and behavior can
disagree, and in places they do.

Pre-registration protocol. Every confirmatory metric,
threshold, and directional prediction was committed to
version control before the data it governs was read; later
changes are dated amendments, failed predictions are re-
ported as failures, and post-hoc analyses are marked as such
and carry no scored verdicts (App. A). Two validity gates
recur and leave a prediction unscoreable rather than passed
or failed: an instrument gate when a metric fails its own
preconditions (e.g. the 0.5-nat margin guard), and an in-
tervention gate when an edited corpus damages unrelated
control families.

4. Results

The survival pattern (Section 4.1) establishes the law, the
mechanism (Section 4.2) shows what the loss is, and the
causal interventions (Section 4.3) test it in both directions.
Every confirmatory claim below is a registered prediction,
scored on the complete pass/fail scoreboard in App. A (Ta-
ble 2).

4.1. Support Frequency Determines Rule Fate at Every
Data Budget

All four blind predictions made with the grid design (P1-P4)
passed. Table 4 (App. D) gives the per-seed outcomes for all
six families and Figure 2 plots the focal rule’s grid. The fo-
cal pronoun-gender rule survives (ends RECOVERED under
the frozen classifier) in 9/9 TinyStories runs at every budget,
and in no web run at any budget: on the packed web cells
it emerges, collapses, and is pinned at the competing prior.
The one web run that approaches the threshold (D /N =5,
seed 42, conflict final 0.770 against the 0.8 survival bar) is
a boundary case that returns in Section 4.2. All four high-
support families keep conflict final > 0.8 on packed web in
3/3 seeds (P2’s registered criterion, which scores conflict
finals alone): two are fully RECOVERED across the grid, and
the other two solve their conflict items but carry unscore-
able agree-control verdicts from a probe-calibration artifact.
The reflexive_gender family ends below threshold
on web, and the web budget ordering holds. Across all
cells, D/N modulates displacement depth but never flips a
survival verdict; the fate axis is support frequency.

Two control cells rule out deflationary explanations. An
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Figure 2. Base grid for the focal pronoun-gender rule: one
marker per seed per cell, lettered by the frozen classifier’s ver-
dict (Recovered, Unstable, Displaced, Never); faded markers are
seeds whose agree control failed (unscoreable). Rows are the
unique-data/params budgets (ordinal spacing); the packed row has
corpus-specific D /N, approximately 30 for TinyStories and 40
for web. The rule survives in every TinyStories cell and no web
cell; the budget axis never flips the verdict.

optimizer-control cell (TinyStories under the web cell’s op-
timizer) ends at conflict 0.927, so optimizer settings alone
cannot cause the collapse; and noun-cued and name-cued
items both end below the survival threshold on web, ruling
out forgetting of particular name embeddings. The loss sits
at the level of the rule.

The grid realizes its support-frequency axis through corpus
identity, so the two corpora differ in many statistics at once.
Clean attribution to support frequency therefore comes from
the interventions of Section 4.3, which edit that one statistic
in place, including a five-dose ladder within a single corpus
where the same law reappears.

Public-checkpoint transfer. The phenomenon is not an
artifact of our 11.5M-parameter setting (Figure 3). Scored
with the same battery, the focal rule emerges early in every
public model (Pythia 70M-1.4B and OLMo-1B, trained by
other labs on other corpora), then collapses in the smaller
ones while the agree control stays solved. The predicted
depth-by-scale ordering transfers to models two orders of
magnitude larger: the smaller the model, the deeper the
final collapse (Spearman p = 0.894 across five Pythia sizes,
collapse gone by 410M). Exact magnitudes did not: one
prediction failed by 0.008 and a boundary census missed
(App. A).

4.2. A Contrast Margin Crosses Zero as Behavior
Collapses

Two hypotheses compete when the rule disappears: erasure
(the construction is lost wholesale) and displacement (the
rule loses a race with a strengthening surface default fed far
more often, so the model keeps the construction but stops
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Figure 3. The transient signature in public checkpoints, same
frozen battery: held-out conflict accuracy for the focal rule across
Pythia revisions (70M-1.4B) and OLMo-1B, frozen k=3 smooth-
ing, log-axis steps. The rule emerges early in every model; end-of-
training survival is ordered by scale (PUB3, Spearman p = 0.894),
the smallest model falling deepest and collapse gone by 410M.
Agree controls of the collapsing models stay at or near ceiling
throughout (not shown).

honoring the rule where the two disagree). Two controls
already constrain the answer: collapsed cells keep solving
the construction when rule and prior agree (against erasure),
and on web cells train-template finals track held-out finals
within 0.11 (against pure memorization).

The displacement signature lives in the contrast margin CM
(Section 3), and mean final CM is a clean order parame-
ter for the phase diagram: +3.68/ + 2.98/ + 2.36 across
TinyStories budgets (packed, D/N=5, D/N=1.5) against
—0.52/ — 0.07/ — 0.85 across the same web budgets, with
the run-level sign rule (final CM positive exactly when fi-
nal conflict accuracy exceeds 0.5) holding in 18/18 base
runs. The same scalar moves with the causal knob, the
kill driving CM from +3.68 to —2.99 dose-monotonically
(Section 4.3), exactly as displacement predicts.

A registered prediction ties the margin to behavior in time.
In both web seeds where the margin instrument is valid,
the smoothed CM zero-crossing lands within one 100-step
checkpoint of the behavioral collapse onset (Figure 1b):
crossings at steps 2,800 vs. 2,800 and 2,900 vs. 3,000 (the
third seed fails the guard; its crossing is directionally con-
sistent). The margin crosses as behavior collapses, not after,
and every crossing precedes the cosine warmdown (step
3,080 of 4,400), ruling out a schedule artifact.

A second, gate-free measure corroborates this on all three
web seeds (post-hoc, descriptive; App. I). An exact decom-
position of the she—he logit gap into a direct embedding-path
term and a contextual term (all attention and MLP contri-
butions) shows the direct term staying near zero while the
contextual term carries the margin and ends negative: the
collapse is in the contextual pathway, not the static readout.
A parameter-free probe agrees, cue-gender decodability at
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the prediction site decaying toward chance on web while
staying near ceiling on surviving TinyStories runs: the dis-
placement reaches down into the representation, upstream
of the logits.

Head-level analyses (exploratory; App. I, methods follow
Elhage et al., 2021) support this picture: in surviving runs
the margin rides a single last-layer head (75-90% of attri-
bution, zero-ablation deletes it), while collapsed runs have
no dominant carrier and no fitted gender direction moves
the margin by more than 0.22 nats. Patching within a sin-
gle run reproduces the same destroy-easily/restore-hardly
asymmetry at the circuit level (App. D).

One registered margin verdict failed (App. A): an all-cells
sign prediction assumed every web run ends below the 0.5
sign threshold, but the boundary run of Section 4.1 ended
just above it (conflict final 0.770, still under the 0.8 survival
bar), triggering the mechanism falsifier on that universal
claim. The timing result stands on its own test: wherever
the margin instrument is healthy, the margin crosses zero
just as behavior dies.

4.3. Causal Control: An Asymmetry Between Removing
and Restoring Support

The causal experiment’s result illuminates an asymmetry:
the same one-variable edit that destroys a rule on demand
fails, run in reverse at up to triple strength, to bring the
rule back. The survival pattern and the mechanism both
nominate support frequency as the controlling variable; the
causal experiment edits it in place. In the surviving TinyS-
tories cell, we flip the rule-supporting pronoun token after
girl-name cues at rates p € {0.437,0.645, 1.0}, chosen in
advance to bring the rule-to-prior support ratio to parity, to
match the web corpus’s ratio of 0.46, and to remove all sup-
port, leaving the corpus byte-identical elsewhere with token
counts unchanged. The ladder spans the withheld-evidence
regime of filtered-corpus training (Patil et al., 2024; Misra
& Mahowald, 2024) and, at p=1, a strictly stronger contra-
diction regime. Blind directional predictions and per-cell
validity gates preceded any intervened corpus (App. A). Fig-
ure 4 plots the results; the per-cell numbers are in Table 5
(App. B).

Removal is dose-graded and predictable. At full flip the
rule dies in 3/3 seeds with CM collapsing from +3.68 (base)
to —2.99, while the near-parity dose p=0.437 does not
kill the cell (0/3 seeds DISPLACED, mean margin +0.27).
Monotonicity is exact: piin = —1.00 over the four-point
ladder of base plus three doses. With four points a per-
fect ordering has a one-sided null probability of 1/24, so
the evidential weight rests on the blind registration of di-
rection, threshold, and falsifier, all of which came out as
predicted. The middle dose damaged two unrelated control

Table 1. The a/an kill ladder, run entirely within one TinyStories
corpus: per-seed and mean final held-out conflict accuracy (frozen-
classifier letter R/U/N) as the post-edit rule:counter evidence ratio
falls. The rule degrades strictly monotonically to zero, and the ad-
jacency family a_an_adj. co-degrades while unrelated families
hold (App. G).

det_an_choice

final (letter), seeds 42/43/44

a-anx

flip rate p ric mean mean

0(base) 234 0.95(R) 0.98(QR) 0.96[R) 0.96  0.99
0.5 092 0.76(U) 0.69(U) 0.55(U) 0.67  0.74
0.667 047 0.66(U) 0.37(N) 0.45(U) 049  0.64
0.75 032 0.28(U) 0.13(U) 0.47(U) 029  0.35
0.9 0.11 0.25(U) 0.07(U) 0.08(N) 0.13  0.03
1 0.00 0.00(N) 0.00(N) 0.00(N) 0.00  0.00

families in 2/3 seeds, so its behavioral verdict is voided by
the intervention gate; scored at face value it would also have
been correct (3/3 died, CM —0.38), and excluding the cell
entirely the remaining points stay strictly monotone. The
lethal boundary lies between parity and full flip, and every
scored prediction in the removal direction was correct (3/3:
full-flip behavior, full-flip margin, dose monotonicity).

A second rule, one corpus. The kill generalizes, in the set-
ting that matters most for the grid’s confound (Section 4.1):
support varied at five doses within a single corpus, so cor-
pus identity cannot carry the effect. The rule is a/an allo-
morphy (choose an before a vowel-initial word), at ceiling
in base TinyStories with a rule:counter evidence ratio of
23.4. We flip an to a before vowel-initial words at rates
p € {0.5,0.667,0.75,0.9,1.0}, three seeds each, every
other statistic untouched, with five blind predictions made
in advance (App. G). Final conflict accuracy falls strictly
monotonically in dose (Table 1), cell means 0.96 — 0.67 —
0.49 — 0.29 — 0.13 — 0.00 as the post-edit evidence ra-
tio falls 23.4 — 0.92 — 0.47 — 0.32 — 0.11 — 0. The
edit is surgical: pronoun-gender, negation, and irregular-
past families stay within 0.05 of base at every dose, while
a second probe family of the same rule (a/an before adjec-
tives) co-degrades, 0.99 — 0.00. The intermediate doses
reproduce the grid’s phase structure inside one corpus: at
p=0.667 the rule emerges and then collapses; at p=1.0 it
never emerges. Two predictions missed (App. G): the rule
destabilizes already at the parity dose we predicted it would
survive, so both rules’ boundaries sit within a factor of
two of evidence parity, and the agree-condition control we
predicted would fail at high dose stayed valid everywhere.

Restoration fails at matched and overshot dose. The
restoration arm injects the same kind of support the kill re-
moves (girl—she documents with symmetric boy—he con-
trols, token counts matched) into the collapsed web corpus
at doses up to 3 x dpg, where 1 X g is the support density
under which the rule survives 3/3 seeds on TinyStories. No
dose produces a control-valid recovery in any seed, tripping
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Figure 4. The two intervention directions, each on its own dose axis with the un-intervened base at dose zero. Top strips: per-seed
behavioral outcome (colors as in Figure 2); faded markers failed a registered validity gate (their control condition, or in the } cell the
whole-cell intervention check). Bottom: final CM, one point per seed; hollow points fail the CM instrument gate, the line is the mean
over gate-passing seeds. Removal (a) is monotone: more flipped support, deeper collapse. Restoration (b) never produces a control-valid
recovery (none even at three times the sustaining dose) and shifts the margin only weakly, peaking at matched dose and regressing beyond

it. {: the intervention-invalid kill cell (Table 5).

the failure condition we committed to in advance for this
arm. The margin registers a partial effect: at the 1x dose
final CM turns positive as predicted (cell mean +0.16) but
lands an order of magnitude below the +2.4 to 4-3.7 of the
surviving regime, and behavior does not follow. The moved
margin is visible in the circuit too: at this dose the dominant
last-layer head measurably re-forms, with roughly double
the ablation cost of the un-injected base, yet the item-level
confidence interval on the behavioral drop still excludes
zero in every non-artifact-flagged rescue run (App. I): the
dose produces a partial reassembly of the circuit while the
behavior stays collapsed.

A unit check closes a natural objection: that density-
matched doses might still be ratio-poor, the injected evi-
dence drowned by the corpus prior. The opposite holds:
under the same windowed counter, run post hoc on the in-
jected cue class (App. F), the post-injection rule:prior ratio
is already 37 at the smallest dose and 3,565 at 1x (Table 5),
against the 7.9 of the TinyStories cell where the rule sur-
vives. By the evidence-ratio standard that governs every
other cell in this paper, the injected construction is over-
supported by orders of magnitude, and behavior still does
not recover. The injected names are deliberately disjoint
from the battery’s cues (an anti-teaching control), so recov-
ery requires the class-level rule to generalize across names; a
model that merely memorized the injected sentences would
not register on the battery. Within this design, support fre-
quency is causally sufficient for destruction and insufficient
for restoration. One objection remained for the uniform-rate
design: about a third of the injected dose arrives only af-
ter the collapse step, so the failure could have reflected a
mistimed dose. A registered amendment (dated after the

uniform-rate verdicts were read, before any timing run ex-
isted) concentrated the full 1 x dose into the window before
the collapse step, with a matched late-window control. The
early dose also failed: zero of three seeds show a control-
valid recovery, and the one seed that held the rule while the
dose flowed lost it once the dose ended. Full verdicts and
the instrument gates that leave the mechanism comparison
unscored are in App. F.

Out-of-distribution transfer. All verdicts above are on
the templated battery; an OOD battery (864 held-out items,
frames disjoint from all training injections, App. E) rules
out template artifacts. All three transfer predictions passed,
competence, failure, and the transient emerge-then-collapse
signature, and the kill dose gradient and collapsed restora-
tion cells both reproduce out of distribution.

5. Discussion and Limitations

A learned capability was cheap to destroy, with exact dose-
response in two unrelated rules, and could not be bought
back by re-adding matched evidence: the same knob, run in
reverse at up to triple strength, moved the internal margin
modestly, with partial re-formation of the margin-carrying
head, while restoring none of the behavior. The strongest
registered objection was dose timing, and the asymmetry sur-
vived it: concentrating the full dose before the collapse step
still produced zero control-valid recoveries (Section 4.3).
At every dose and schedule we tested, matched data failed
to buy back what pretraining had discarded, a pattern con-
sistent with the selection of survivors being made early and
then consolidating.
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The other two results say when to expect the loss and what
it physically is. Natural ungrokking is predictable: a rule’s
end-of-training fate can be read off a measurable corpus
statistic, its support frequency, before training ends, and
nothing about it is adversarial: the stream is stationary,
and a rare rule’s support is simply outweighed by a more
frequent competing pattern. And the loss takes a physical
form, displacement, measurable as a margin-level order
parameter that crosses zero exactly when behavior collapses.
The practical consequences named in Section 1 follow from
these three results jointly: mid-training evaluation, data
filtering, and continual pretraining all interact with a survival
law that is invisible to loss curves.

Several limitations bound the scope of these claims. Scale:
the intervention is established at 11.5M parameters; the
public suite shows the phenomenon and its scale-ordering
to 1.4B, but no intervention has been run at larger scale.
Probes: all primary verdicts use templated minimal pairs;
the OOD battery transfers all three of its predictions and a
surface n-gram baseline cannot reproduce the phase pattern
(App. H), though both batteries are synthetic and naturalistic
evaluation is left for future work. The asymmetry: its
mechanism comparison rests on the one early-window seed
with a valid margin readout, and its behavioral verdict spans
three seeds per window and a single rule, so consolidation
past a point of no return, which fits the results, remains to be
measured directly (App. F). Replication: the quarantined
seed set and its registered predictions remain unread by
design (App. D).

What we hand to future work is where on the frequency
axis the boundary falls. We registered a critical-frequency
theory of exactly that before inspecting any counts; it pre-
dicted which rules survive but not the location of the bound-
ary, so its quantitative form is left open (post-mortem in
App. B), and the one candidate that fits the grid awaits the
blind replication pass. The phenomenon that theory would
complete already stands on firm ground: a rule’s fate is
predictable from a corpus statistic before the run ends, the
loss is displacement at the mechanism level, and that fate is
controllable in one direction by a single knob, all registered
in advance.

Impact Statement

This work studies how language-model capabilities form
and disappear during pretraining, and its practical thrust is
constructive: a capability a model shows mid-run can be
anticipated, monitored, and to a degree controlled before
the run ends. If the findings generalize, three consequences
for practice follow. A capability observed at a mid-training
checkpoint can be absent from the final model, so evaluation
timing belongs in release decisions. Corpus filtering can
remove a rare rule without deleting a single example of it.

Continual pretraining on a shifted mix can quietly undo
rules a base model had already learned. None of the three
shows up in the loss curve, which argues for capability-level
monitoring during training rather than only after it.

Two responsibilities attend the method. The kill intervention
edits gendered-pronoun statistics in a small synthetic corpus
only to test a causal claim about rule retention at 11.5M
parameters; the same technique aimed at capability removal
at scale would carry dual-use concerns, and we report it so
that defenders can recognize and monitor for it. The probes
measure a grammatical resolution rule, whether a name
cue overrides a frequency prior, so no conclusion about
social bias in deployed models follows from them. Finally,
the pre-registration protocol we follow, frozen thresholds
and blind directional predictions with passes and failures
reported alike, is itself a contribution we hope lowers the
rate of unscrutinized claims in training-dynamics research.
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A. Pre-registration Ledger

Every confirmatory metric, threshold, and directional prediction in this paper was committed to version control before the
data it governs existed or was read. The consolidated registration document (prereg/PREREGISTRATION.md) was
frozen at the tag prereg—v1, with all later changes as dated amendment sections appended to it. That document and tag,
together with the evaluator and analysis code, are released verbatim (App. C), so a reader can verify that each registration
preceded the data it governs. Table 2 summarizes every registered prediction by group, and Table 3 lists them one by one.
ID prefixes: P grid, PUB public checkpoints, F frequency theory, S/M mechanism, R rescue, K kill, RV5 out-of-distribution,
CMR replication week (unread).

Table 2. All registered predictions by group: passed (v'), failed (x), or unscoreable under an instrument or intervention validity gate (o,
never converted to v’ or x). The falsifier column reports each group’s registered hard falsifier (silent = untriggered, triggered = fired, — =
none); the summary row counts triggered among the seven applicable falsifiers (2 of 7). The Step-6T falsifier is silent on a thinner base
than the others: its margin-level clauses are unscoreable because the timing-window instrument gate passed in only 1/3 seeds.

prediction group v X o Cfalsifier
Budget-only pilot (pre-grid) 0 1 0 —

Phase grid (Step 3) 4 0 0 silent
Public suite (Pythia/OLMo) 2 2 0 —
Critical-frequency theory (Step4) 0 2 0 silent
Mechanism (Step 5) 3 1 2 triggered
Causal control (Step 6): rescue 3 3 2 triggered
Causal control (Step 6): kill 3 0 2 silent
Rescue timing (Step-6T) 1 1 2 silent
Second-rule (a/an) kill ladder 3 2 0 —

OOD transfer (rvpS) 3 0 O silent

all 22 12 8 20f7

Quarantine attestations. Replication seeds 1042—-1044 were designated before any training at those seeds, trained
with identical configurations, and have never been evaluated, inspected, or plotted; they are reserved for the registered
replication-week predictions (CMR1/CMR2, commit 1164c6f). Quarantined artifacts from failed builds are retained and
renamed, never silently deleted.

B. The Critical-Frequency Theory: Statement, Verdicts, and Post-Mortem

The theory is a critical-frequency account: a rule survives when its supporting evidence outweighs the competing surface
prior it must override, so outcomes should track a support ratio (rule support + 1)/(prior support + 1) computed by a
frozen counter over the tokenized training stream (App. E). We registered it in falsifiable ranking form before inspecting
any counts: (F1) within each web cell, support ratio and conflict final should correlate positively across control-valid
families; (F2) the displaced gender families should have the lowest web support ratios; plus a hard falsifier (a cell whose
bottom-two-ratio families recover while its top-two are displaced).

The qualitative account survives; its registered quantitative form does not. The hard falsifier was not triggered (no cell shows
the inverted pattern that would kill the theory outright), but both ranking predictions failed. F1: Spearman by web cell is
+0.800 (packed) but —0.500 (both capped budgets), over the 3—4 control-valid families per cell; with so few points per
cell the coefficients are weakly determined. F2: under the registered windowed counter the gender families do not have
the lowest ratios (a_an 2.50 and negation 4.85 sit below pronoun/reflexive at 6.94). An instrument check found the
registered counter undercounts on web text (the girl-name cue class tokenizes to zero events; deciding ratios rest on 5—85
counts). What predicts where the boundary lies therefore remains open. Descriptively, a simple bigram counter puts the two
collapsing gender families” web ratios below 1 (pronoun 4547/9908 = 0.46, reflexive 28/57 = 0.50), the only sub-unity
ratios in either corpus; the registered test of this stricter two-regime form belongs to replication week (App. D), not to this
paper’s claims. The 0.46 kill-dose target of Section 4.3 is the web rule-to-prior ratio under this bigram counter, adopted for
dose design after the windowed counter’s blindness post-mortem was already on file, and frozen together with the rates
themselves.
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C. Reproducibility and Compute

Code, configs, artifacts. All training and evaluation code is released at https://github.com/1lijuliana/
Natural-Ungrokking. Configuration files are the single source of truth for hyperparameters; code reads configs and
never hardcodes them, and every run archives the exact config_used.yaml it was launched with. All checkpoints,
frozen probe batteries, eval logs (JSONL), and analysis outputs are mirrored to a versioned, append-only object store;
nothing is ever deleted, including artifacts of failed or superseded builds (retained and renamed). Every figure and table in
this paper is produced by a script in the repository reading those artifacts; no number is entered by hand.

Hardware and wall-clock. All models in the main grid are the same 11.5M-parameter architecture (Section 3). One
training run (4,400 steps) takes roughly 30 minutes on a single NVIDIA A10G; training jobs are launched from templated
cloud configurations, and offline battery rescoring runs on CPU or a single A10G. Public-suite evaluation (Pythia 70M-1.4B,
OLMo-1B across training revisions) used a single A100-80GB for the largest models and A10Gs below 410M. From the
run tracking logs, a training run averages ~0.43 A10G-hours: the base grid and registered control cells (23 runs) total ~10
A10G-hours, the Step-6 intervention cells (21 runs) 9, the Step-6T timing cells (6 runs) ~3, the a/an kill ladder (15 runs)
~6, and the quarantined replication seeds (18 runs, trained but never read) ~8, roughly 36 A10G-hours of training in all,
plus offline rescoring and the public-suite evaluation pass.

Frozen evaluators and the independent verifier. Every confirmatory read is executed by an evaluator committed before
the governed data was read (App. A). For the causal-control step, a second verifier was written from scratch against the
registered text (not the evaluator code), and required to agree with the frozen evaluator on every per-run field and all 19
verdict keys on synthesized cells before any real result was read; any future disagreement is adjudicated against the registered
text and logged.

Determinism checks. Intervened corpora (kill/rescue) are built deterministically; manifests were rebuilt on independent
machines and verified byte-identical by checksum before training attached to them, and the registered support-counter
instrument check verified post-intervention support ratios against their predicted values before launch (App. A).

D. Seeds, Robustness, and Replication

Every cell in every grid is trained at three exploratory seeds (42, 43, 44). A cell-level claim requires the registered behavior
in at least 2/3 seeds; per-seed outcomes are always reported. A registered rule forbids adding seeds after a verdict is read;
seeds may be added to a thin cell only by a dated amendment made before reading them, preventing seed-shopping.

Separately, a quarantined replication seed set (1042—1044) was designated before any training at those seeds. These runs
were trained with byte-identical configurations but have never been evaluated, inspected, or plotted. Two replication
predictions over them (CMR1/ CMR2, registered at commit 1164 c6£ before any replication data was read) will be scored
exactly once, by the frozen pipeline, during a designated replication week. At submission time the quarantine is intact.

E. Technical Definitions

Forced-choice scoring. Each battery item is a (prefix, correct continuation, distractor) triple witha family.condition
probe id, a template id, and a train-template/held-out split. The score of a continuation is its total token log-probability
given the prefix; an item is correct iff the correct continuation’s log-probability strictly exceeds the distractor’s (ties
score as incorrect). The primary metric is argmax accuracy aggregated per (probe, split); the secondary metric is the
length-normalized log-probability difference. Classification uses the held-out split only.

Transience classifier (frozen constants). Trajectories are smoothed with a rolling mean of width k=3 over scored
checkpoints with step > 100. The final value is the mean of the last 10% of evals (at least 3). A family-cell-seed is emerged
if smoothed conflict accuracy reaches > 0.8 at any checkpoint. The class is assigned in fixed order: UNSTABLE if the
smoothed conflict range over the final window is > 0.2 (still moving at the stop point, so no final-state label applies); else
RECOVERED if final > 0.8; else DISPLACED if emerged and final < 0.6; else PARTIAL if emerged (final strictly between 0.6
and 0.8); else NEVER (never emerged). A trajectory is control-valid iff the agree-condition final is > 0.8 and the agree drop
(max minus final) is < 0.15. The class is a final-state property: dip-then-recover versus dip-then-stuck.
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Training details (from the frozen configs). Muon (Jordan et al., 2024) on matrix parameters and AdamW (Loshchilov &
Hutter, 2019) (8 = (0.9,0.95)) on embeddings and scalars. TinyStories cells: matrix LR 0.04, embedding LR 0.6, weight
decay 0.2 decayed linearly to zero over training; web cells: matrix LR 0.02, embedding LR 0.2, weight decay 0. Batch
32 sequences of 2,048 tokens (65,536 tokens/step), 4,400 steps, cosine warmdown over the final 30% (from step 3,080).
Learning rates were fixed per corpus by a registered sweep before any governed run and never revisited.

Support counter (f*-v2). For family F in corpus C, support_ratio(F, C) = (rule_support + 1)/(prior_support + 1)
with exact-pattern counts over the tokenized training stream. Gender families use windowed mode: an event is the first *
she”/* he” within k=16 tokens of a single-token gendered cue, counting both space variants of each cue; other families use
exact bigrams. The TinyStories girl-class support frequency under this counter is ot = 1.67175 x 10~3 events/token, the
unit in which rescue doses are expressed.

Contrast margins (CM/PM) and instrument guard. On a frozen prompt set disjoint from all training injections, PM
is the he-minus-she logit margin on neutral prompts and CM the she-minus-he margin on feminine-cue prompts, each
smoothed with the same k=3 convention. A run is CM-instrument-valid iff the maximum smoothed CM is > +0.5 nats at
some step > 100; cells with fewer than two instrument-valid seeds yield no CM verdict (INSTRUMENT-INVALID), leaving
behavioral verdicts unaffected. All instruments carry such validity preconditions; violations yield INSTRUMENT-INVALID,
never PASS/FAIL.

Confidence intervals. Behavioral accuracies carry template-stratified bootstrap Cls: items are resampled within template
strata, 1,000 resamples, fixed RNG seed; CIs are reported per (probe, split, checkpoint).

Out-of-distribution battery (rvp5). 864 held-out items in three families whose sentence frames are disjoint from all
prior batteries and from every rescue-injection frame. Registered before any scoring: a seed is RVP5-valid iff OOD agree
final > 0.7; transfer predictions use > 0.7 (recovered side, a fixed 0.1 OOD allowance relative to the templated 0.8) and
< 0.6 (displaced side, unchanged); the transience-transfer prediction requires OOD smoothed max > final 4 0.15 wherever
the templated trajectory shows the transient signature. The registered falsifier: if in two or more recovered-and-valid
cells at least 2/3 of valid seeds score OOD conflict final < 0.6, the transfer claim fails and is reported as a main-text
limitation. In the causal-control cells, per-seed OOD conflict finals are 0.57/0.72/0.83 at kill rate p=0.437, 0.48/0.16,/0.27
at 0.645 (descriptive; that cell is intervention-invalid), and 0.22/0.20/0.05 at 1.0; the restoration cells remain collapsed
OOD (0.08-0.33).

F. The Restoration (Rescue) Arm in Full

This appendix reports every registered verdict of the restoration arm summarized in Section 4.3. Counting both causal-control
arms, 12 predictions were registered, 4 became unscoreable under their registered validity gates, and 5 of the 8 scored were
correct, with every miss on the restoration side (Table 3). The timing amendment (Step-6T, below) registered 4 further
predictions: 2 became unscoreable under its margin-instrument gate and 1 of the 2 scored was correct.

Design. Support documents (girl—she and boy—he, symmetric) were injected into the collapsed web-packed corpus
at doses {0.01,0.1, 1,3} X drg, with an equal token count of neutral documents removed, so every cell matches the base
corpus in size. A registered disjointness gate verified that no injected frame, cue name, or margin-prompt substring appears
in any probe battery; the n-gram baseline (App. H) confirms operationally that the injection changes no battery-relevant
surface statistic.

Verdicts (frozen evaluator; verifier agreed on all keys). R1 behavioral rescue at d > 1: FAIL (0/3 seeds RECOVERED
at every dose). R1c at d=3: FAIL. R1 margin clause: PASS; at d=1 the cell-mean final CM is positive (+0.16), as is the
margin in each instrument-valid seed (+0.12, +0.48). R2 (no rescue at trace dose): PASS. R3 (dose monotonicity p > 0.8):
FAIL, prescue = +0.70, because the 3x dose regresses (mean CM —0.28, below the 1x value). RS (specificity): PASS.
R1¢/R2 margin clauses: INSTRUMENT-INVALID (zero CM-valid seeds at d=0.01 and d=3). The registered falsifier fired
on its non-recovery clause (d=1 and d=3 both below two recovered seeds); its blanket-she artifact clause stayed silent
(artifact-flagged seeds per dose: 0/0/1/0), so the failure is genuine non-restoration and no corrupted success is hiding in it.
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What moved and what did not. Mean final CM by dose: —0.30, —0.18, +0.16, —0.28. The instrument gate voids
verdict clauses, not descriptive means: with CM-valid seed counts of 0/1/2/0 across the four doses, the means at 0.01 x
and 3x average over gate-failing seeds only and carry no instrument warranty; R3 used them as registered. The registered
margin clause at d=1 passed (both instrument-valid seeds end positive) and that was the only dose at which it did; the
surrounding magnitudes are small (all four dose means lie within 0.5 nats of zero, with two valid seeds at the passing dose
and no registered uncertainty estimate), so we read the margin movement as the registered verdict states it and no further.
Behavior never follows at any dose (OOD conflict finals in the restoration cells stay at 0.08-0.33, Section 4.3). Mechanism
and behavior, computed independently throughout, dissociate here. Head-level analyses (App. I) give the dissociation a
finer grain: at the 1x dose the injection measurably rebuilds a carrier head (the dominant last-layer head’s zero-ablation
cost at the final checkpoint is 1.4—1.9 nats in the instrument-valid seeds, roughly double the un-injected web base, with
positive OV alignment), while the item-level bootstrap on the battery (Table 12) shows the behavioral drop still excluding
zero everywhere except the artifact-flagged run. The dose buys a partial reassembly of the circuit while the behavior stays
collapsed.

Post-injection evidence ratios. The frozen battery-cue support counter cannot measure the injected support, for a reason
that is a design property rather than a bug: the injected cue names are disjoint from every battery name (the anti-teaching
control above), and only 2 of the 24 are single tokens in the web vocabulary, while the counter matches single-token cues
only. Verified directly: the frozen counter returns identical class counts on the base corpus and all four rescue corpora
while total tokens grow by the injected amount. We therefore re-ran the identical first-pronoun-within-16-tokens window
logic with the injected cue names matched as full token sequences—defined, logged in the decisions record, and launched
before any output was read, but after all rescue verdicts were known, so it is unit accounting, not a registered quantity.
Post-injection rule:prior ratios for the injected female-cue class: 1.7 (base web, the rescue names’ natural background), 37,
358, 3,565, and 10,691 across the {0.01,0.1, 1,3} x drg doses (Table 5); the male-cue class behaves symmetrically. For
comparison, the battery girl-name ratio in the TinyStories cell where the rule survives is 7.9. Every rescue dose, including
the trace dose, places the injected construction’s evidence ratio above the level at which the rule survives elsewhere; the
restoration failure is not an artifact of doses that are ratio-poor in context.

The timing test (Step-6T, registered amendment). The injection above is uniform-rate: its support is spread evenly
across the run, so the window before the collapse onset (~2,800 of 4,400 steps; Section 4.2) receives only ~64% of the
nominal dose and the remaining ~36% arrives after the behavior has already collapsed. Two adjacent literatures make
timing a plausible moderator: critical periods, where late removal of a deficit fails to restore what early training would have
built (Achille et al., 2019), and fact learning, where knowledge injected late in pretraining corrupts rather than integrates
(Zucchet et al., 2025). A registered amendment (with all tests, gates, and a named outcome for every branch before launch)
therefore split the 1x dose by schedule: rescue_d100_early concentrates the full dose into steps 0-2,400, entirely
before the collapse step, and rescue_d100_late concentrates it into steps 2,800—4,400, entirely after it; three seeds
each, scored by the frozen evaluator (scripts/eval_step6t.py).

The early window failed behaviorally (registered test T1: FAIL). Zero of three seeds show a control-valid recovery; final
held-out conflict accuracies are 0.17/0.36/0.66 (frozen classes NEVER/UNSTABLE/UNSTABLE), with two of three ending
below 0.5. The third seed is the most informative trajectory in the arm: it reaches conflict 1.00 while the concentrated dose
flows, then re-collapses after the dose ends: the dose props the rule up, and withdrawal hands it back to the prior. The late
window failed exactly as the amendment predicted (T2: PASS; zero of three recoveries). The mechanism-ordering tests
returned no verdict: the margin instrument gate (G4, at least two seeds with a valid CM readout) holds in the late cell but
fails in the early cell (1 of 3), so T1’s margin clause and the cross-window ordering test T3 are instrument-invalid under the
registered rule, and the falsifier, which requires the early gate, stayed silent for that reason. The amendment’s pre-named
outcome for this branch is “behavioral non-rescue, mechanism unscoreable.” Scored hit rate: 1 of 2 scorable, of 4 registered.

The supported summary is therefore stronger than the uniform-rate result alone: support removal is causally sufficient to
destroy the rule, and restoration at matched dose fails under a uniform schedule, an early-concentrated schedule, and a
late-concentrated schedule alike. What the timing test leaves open is the mechanism-level comparison (the margin instrument
was valid in too few early seeds to score) and any claim beyond this rule and this scale.
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G. The Second-Rule (a/an) Kill Ladder in Full

This appendix carries the full record of the second-rule kill ladder summarized in Section 4.3: design, registered predictions,
per-seed outcomes, and the two registered misses.

Design. The target rule is a/an allomorphy, probed by two frozen battery families: det_an_choice (article choice
before a vowel-initial noun; conflict items pit the rule against the corpus-dominant @) and a_an_adject ive (the same rule
before vowel-initial adjectives). Base TinyStories contains 485,862 rule-supporting events (an before a vowel-initial word)
against 20,731 counter-events (a before a vowel-initial word), an evidence ratio of 23.4, and the rule survives at ceiling in all
three base seeds. The intervention flips an — a before vowel-initial words at rate p, independently per eligible site, leaving
every other token untouched; each flip converts one supporting event into a counter-event, so the post-edit evidence ratio is
(1 =p)S/(C + pS) for base counts S, C. Five doses (p € {0.5,0.667,0.75,0.9, 1.0}, spanning evidence ratios 0.92 down
to 0) were trained at three seeds each (42/43/44) under the v1-reproduction configuration and scored with the frozen rvp31
battery and frozen classifier conventions, the same machinery, unmodified, that scored every other cell in this paper.

Registered predictions and verdicts. Five blind predictions (AK1-AKS5) were registered in the decisions log before any
intervened corpus or run existed. AK1 (PASS): final conflict accuracy decreases monotonically in dose: the six cell means
are strictly decreasing. AK2 (PASS): the full flip kills the rule: all three p=1.0 seeds end below 0.1 (all at 0.00); with the
rule never emerging at this dose (peaks < 0.16), the trained model behaves as if the construction does not exist. AK3 (FAIL):
we predicted the boundary would fall within a factor of two of the focal rule’s, with survival (> 0.8 in > 2/3 seeds) at the
parity dose p=0.5 and clear degradation by p=0.75. The degradation clause held but the survival clause did not: 0/3 seeds
reach 0.8 at parity (finals 0.76/0.69/0.55). Descriptively the two boundaries are compatible (the focal rule crossed between
window ratios 0.487 and 1.035, and a/an destabilizes at 0.92), but the registered operationalization predicted survival at
0.92 and is scored as written. AK4 (FAIL): we predicted the agree-condition validity gate would fail at the highest dose
(> 2/3 seeds at p=1.0). It never fired: agree accuracy stays > 0.94 in all 18 runs. This miss is benign for the ladder’s
interpretation (it is what makes every behavioral verdict in Table 1 scoreable), but it is a miss, and it counts as one. AKS
(PASS): the edit dissociates: pronoun-gender, negation, and irregular-past family means stay within 0.05 of the base cell at
every dose (observed range 0.98-1.00).

Two scoring operationalizations were fixed at scoring time, before verdicts were computed, and logged in the decisions
record: AK4’s “gate fails” reads as the frozen control-validity check failing for det_an_choice in > 2/3 seeds at
p=1.0, and AKS’s “within noise” reads as a £0.05 tolerance on cell means per family per dose. Scored verdicts live in
runs/eval_ankill. json; the scoreboard rows in Table 2 are generated from that artifact.

H. Alternative Mechanisms Considered

We list the alternative explanations a skeptic should consider, the registered control that addresses each, and, where the
control has already run, its result.

“The rescue just biases the model toward ‘she’ globally.” The injection is symmetric (girl—she and boy— he); the
agree condition acts as a per-seed validity gate; and the registered rescue falsifier explicitly names the blanket-she artifact
(conflict recovery with a control-invalid agree condition in > 2/3 seeds) as a failure mode, not a success. Outcome: moot
in the strongest sense: the rescue falsifier did fire, but on its non-recovery clause; the blanket-she clause stayed silent
(artifact-flagged seeds per dose: 0/0/1/0). There was no spurious rescue to explain away, because there was no rescue.

“The Kkill removes data, so the effect is just less data.”” The kill is token-count preserving: it flips single pronoun token
ids in place, and a registered gate (D4) asserts token-count equality, with everything outside flipped positions byte-identical
to the source corpus.

“The Kkill damages the corpus generally.” A registered predicate (KS) requires four unrelated control families to remain
recovered-and-valid in every kill cell; if two or more fail in a cell, that cell is INTERVENTION-INVALID and yields no verdict.
Outcome: the gate bound exactly once, at p=0.645, 2/3 seeds lost det _an_choice and a_an_adjective, so that cell
was voided as registered (K1 unscoreable, reported as such in Table 5); the p=0.437 and p=1.0 cells passed the gate, so the
kill verdicts quoted in the main text rest only on intervention-valid cells.
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Figure 5. The second mechanism measure. (a) Exact decomposition of the pre-softcap she—he gap on the conflict prefixes, per web seed:
the contextual contribution Ce¢x (vermillion) carries the margin and ends negative, the direct embedding-path contribution Cy;i, (grey)
stays near zero throughout; vertical line = behavioral collapse onset. The measure requires no peak-height gate, so all three seeds are
shown at full strength, including seed 44, which the CM instrument rejects. (b) Cross-frame nearest-class-mean decodability of the cue’s
gender in the final-layer residual at the prediction site (seed mean, min—max band): after an early transient, marginal on web through the
rule’s lifetime and near chance by the end: the cue’s gender is no longer transported to where the pronoun is predicted.

“An n-gram model would show the same dose-response, so no capability is displaced.”” We trained a Stupid Backoff
n-gram baseline (Brants et al., 2007) (a=0.4; orders 2 and 5; exact, query-restricted counts) on the exact token stream each
cell’s model saw (same shard order, same token budget) and scored the frozen battery with the same forced-choice rule. The
interpretation rule was registered before any output was read. Results (Tables 6 to 9):

e The baseline cannot exhibit the phase pattern at all: on held-out items its agree (control) condition fails in every
relevant cell (0.33 on the TinyStories base, 0.00 on the web base at n=5), so under the registered control-validity
gate no cell-seed of this model class is even classifiable. Surface co-occurrence does not solve the held-out control
condition, let alone the conflict condition.

* Kill side: 5-gram conflict accuracy tracks the kill dose (1.00 — 0.17 — 0.08 — 0.00), expected by construction, since
the kill edits pronoun tokens directly; this doubles as a positive control on the intervention’s surface-statistical strength.
Meanwhile all eleven non-target families are numerically identical across kill doses (Table 7), confirming surface-level
specificity of the kill.

* Rescue side: held-out battery scores are identical to the un-injected base at every dose (conflict 0.50, agree 0.00;
identical margins), across two orders of magnitude of dose. The injected documents change no battery-relevant surface
statistics, an operational confirmation of the registered disjointness gate, and direct evidence that any behavioral rescue
in the trained models cannot be probe-surface leakage.

* The displacement puzzle gets harder: on the TinyStories base corpus the 5-gram scores held-out conflict at 1.00 (the
surface evidence for the rule is present throughout training), which is precisely what makes a trained model’s loss of
the rule on stationary data a fact about learning dynamics rather than about the data.

I. Second Mechanism Measure: Decomposition and Decodability

Status. This measure was defined and committed (1ogs/DECISIONS.md) before any checkpoint was scored with it,
but after the registered CM results were known. It is corroboration for the displacement mechanism, never confirmatory
evidence, and no registered verdict depends on it. It is computed by offline rescoring of the same frozen checkpoints and the
same frozen battery slices as the CM instrument (conflict/heldout prefixes as the girl-cue set, agree/heldout as the boy-cue
set; identical frames), so no new prompts were authored after results were known.

Direct-logit decomposition. Following the residual-stream view of Elhage et al. (2021), the final residual state is an exact
sum of the embedding stream and every block’s attention and MLP increments, Zfpn, = rmsnorm(wte) + > 0+ > M,
and the pre-softcap logit gap is Zanal - (Wshe — Whe ) /rms(Zanal), SO each component’s contribution is exact given the
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realized rms (reconstruction error < 103 asserted at every checkpoint; the replicated forward path reproduces the registered
CM values exactly at all 114 checkpoints per run). The model caps logits with a tanh soft-cap as in Gemma Team et al.
(2024), hence “pre-softcap.” Cy;, is the embedding-stream term; Cl is the sum of all attention and MLP terms. The
softcap is monotone elementwise, so the pre- and post-cap gaps agree in sign; pre-cap amplitudes run larger than CM.
Because no peak-height validity gate applies, Cy is defined on all seeds. Result (Figure 5a): in all three web seeds Cy;,
is pinned near zero from early training onward (final values —0.01 to —0.05 nats) while Cl rises with the rule and ends
negative (—1.6/ — 0.4/ — 1.5 smoothed). The surviving TinyStories runs show the same structure with the opposite sign:
Cyir stays below 0.1 nats while C., ends at +8 to +14. The margin—and its collapse—Tlives entirely in the contextual
pathway; surviving and collapsed runs differ in the sign of the contextual term, and the path itself never switches. At layer
grain the attention and MLP terms are large and partially cancelling, and we claim nothing there; the head-grain analyses
below, registered separately, give a finer-grained view at the prediction position.

Cue-gender decodability. At each checkpoint we take the rms-normalized residual at the final (prediction) position after
each block, for girl-cue and boy-cue prompts, and classify cue gender with a cross-frame nearest-class-mean rule: class
means are fit on one syntactic frame’s prompts and tested on the other’s, in both directions. The classifier has no trained
parameters and no hyperparameters, and is unbiased at chance 0.5 under no signal. A leave-one-out variant ran first and
was replaced when its first partial outputs sat far below 0.5; synthetic-noise tests confirmed that variant is chance-biased
downward under no signal, the replacement unbiased, and the swap was made and logged on bias grounds before any
complete run had been scored. The embedding layer scores 0 by construction (same-frame prompts share their final token,
so all distances tie and ties score as errors) and is excluded. Result (Figure 5b): on web, apart from a brief transient that
precedes the rule’s behavioral emergence (smoothed seed-mean peak 0.74 at step 175), final-layer decodability stays within
0.50-0.64 through the rule’s behavioral lifetime and ends at 0.56; in the surviving TinyStories runs the same instrument
runs near ceiling (smoothed seed mean 0.94 from step 500 on, 0.96 at the end). This is the representation-level face of
displacement: after collapse the network no longer delivers the cue’s gender to the prediction site, against the alternative that
an intact rule is merely outvoted at the logit layer, which would leave the signal decodable. The instrument is a lower bound
(nearest-class-mean can miss low-variance directions), so the evidence is the web-vs-TinyStories contrast under the identical
instrument; the absolute level carries no weight.

Head-level analyses (same status). A second battery of analyses (per-head attribution and ablation, OV alignment (Elhage
et al., 2021), same-run activation patching (Vig et al., 2020; Meng et al., 2022), direction specificity, and item-level bootstrap
CIs) was registered the same way (committed to the decisions log before any checkpoint was scored with it, after all
registered verdicts were known) and carries the same status: descriptive corroboration over the same frozen checkpoints,
prompts, and scorer; no registered verdict depends on any of it. It covers the base cells and the causal-control cells at full
kill and the two highest rescue doses (Tables 10 to 12).

Per-head attribution and ablation. The attention term of the decomposition splits exactly over heads (each layer’s
value-embedding mixture is attributed to the head that reads it; head terms sum to the layer term, asserted to < 1073 at
every checkpoint). In the surviving TinyStories runs the margin rides a single last-layer head: one head carries 0.75-0.90 of
the total head-level [attribution| at the CM peak and 0.75-0.85 at the final checkpoint, and zero-ablating that one head at all
positions deletes essentially the entire post-softcap margin (e.g. —20.3 of +20.5 nats at the strongest peak; —2.7 to —3.8 of
the 2.4 to +4.8 final margins). Which head plays the role differs by seed (L3HO or L3H1): the structure repeats across
seeds while the head’s identity varies, consistent with the seed-robust-displacement framing of Section 4.2. In the collapsed
web runs no such carrier exists: top-head share 0.27-0.52, the identity unstable between peak and final and across seeds,
single-head ablation effects fractional (Table 10).

OV alignment. The cosine between the dominant head’s mean OV output on the frozen feminine-cue tokens and the
readout direction wgpe — wpe 18 0.45-0.69 in the surviving runs at both checkpoints; in the collapsed web runs the (smaller,
unstable) dominant head’s alignment spans 0.04-0.41. The full kill produces the one sign reversal in the sweep: at the final
checkpoint of one p=1 seed the dominant head is anti-aligned (cosine —0.32, attribution —4.7 nats): under fully reversed
evidence the carrier position ends up writing the masculine direction, a displacement by outright reversal.

Same-run activation patching. Thirteen component outputs (embedding stream, eight heads, four MLP increments) are
cached on the frozen cue prompts at one of the run’s own checkpoints and swapped, one at a time, into the other checkpoint’s
forward pass (Table 11). In every collapsed web run the two directions are asymmetric: no single peak component patched
into the final model recovers more than 0.38 of the peak-minus-final margin gap, while a single late-MLP component of the
final model patched into the peak model reproduces 0.5—1.6x the full collapse. Descriptively, one displaced component
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suffices to destroy the margin and no single preserved component suffices to restore it, the same asymmetry the corpus-level
interventions show behaviorally (Section 4.3), visible inside a single run’s own trajectory. The surviving TinyStories runs,
where the final checkpoint still carries the rule and the gap merely shrinks, show no such consistent pattern; recovery there is
distributed and overshoots occur in both directions.

Direction specificity. At each post-block depth a class-mean feminine-minus-masculine direction is fit on the frozen cue
prompts and projected out of the residual stream at all positions. In the TinyStories runs at peak, removing the single
final-layer direction costs most of the margin (ACM —9.4 to —16.1 nats against margins of +13.8 to +22.3), while the
mean absolute change it induces across the eleven non-target families’ frozen margins is 9—18 x smaller (0.76-1.25 nats)
and the validation bits-per-byte cost is +-0.07 to +0.11: the direction is specific to the rule and carries little of the general
computation. In the collapsed web runs no fitted direction at any depth moves CM by more than 0.22 nats, consistent with
the decodability result: after displacement there is no coherent gender direction left to remove.

Item-level uncertainty. The frozen probe log stores aggregates, so the peak and final checkpoints of each run were rescored
at item level with the frozen scorer and given template-stratified bootstrap CIs, with the same item resample applied to both
checkpoints so the peak-minus-final drop respects the item pairing (Table 12). Every web-base, kill p=1 (pronoun), and
rescue drop excludes zero at 95%, with one exception: the pronoun drop of the registered artifact-flagged rescue run. The
TinyStories drops are zero to within resolution. The full kill also shows item-level specificity within the gender families
themselves: the pronoun family it edits drops by 0.50-1.00 while the untouched reflexive family’s drop is exactly zero in all
three seeds.

J. Extended Related Work

Grokking and its variants. Grokking (Power et al., 2022) is delayed generalization: train accuracy saturates long
before test accuracy jumps. Mechanistic accounts explain the jump as circuit formation (Nanda et al., 2023) or as a
competition between memorizing and generalizing circuits under efficiency pressure (Varma et al., 2023); Liu et al. (2023)
show the phenomenon extends beyond modular arithmetic, Murty et al. (2023) observe it for hierarchical structure in
transformers trained on natural language, and Liu et al. (2022) draw phase diagrams of grokking regimes over data size and
hyperparameters, differing from ours in axes (training-set size and model size against our frequency statistic of natural text
and D/N) and in charting a rise rather than a within-run reversal. Varma et al.’s “ungrokking” (generalization receding when
the data budget shrinks below a critical size) is the closest dynamical relative of our subject, but it is induced by changing
the dataset between training runs. The phenomenon we study has the opposite sign and a different trigger: a capability is
acquired early, then lost within a single run on stationary data, while the evidence for the rule remains in every epoch
(and, as the n-gram baseline in App. H shows, remains recoverable from surface statistics throughout). Circuit-competition
accounts predict which circuit wins as a function of efficiency; our phase diagram makes the analogous prediction as a
function of two measurable data quantities, D /NN and support frequency, and tests it causally.

Forgetting. Catastrophic forgetting (Kirkpatrick et al., 2017) and example forgetting (Toneva et al., 2019) concern
interference under distribution shift or sample-level dynamics under SGD; Tirumala et al. (2022) and Jagielski et al. (2022)
study memorization and its decay in LM pretraining, where earlier-seen examples are forgotten as training continues on new
data. In all of these, forgetting is driven by the disappearance or dilution of the supporting data. Closer to our setting, Chang
et al. (2024) document that individual tokens are forgotten during ordinary pretraining on a fixed distribution, at rates that
depend on token frequency, so frequency-dependent forgetting on stationary data is not by itself new. What is new here is
the level and the structure: a rule-level capability, verified on held-out conflict items against a surface prior, that is acquired,
exercised, and then displaced; a phase diagram in (f, D/N) for whether that happens; and a mechanism-plus-intervention
account of why. The continued presence of the rule’s evidence through the loss is what makes displacement (a competing
prior crowding out a learned rule) rather than erasure the natural mechanistic hypothesis.

Frequency and grammar learning in LMs. The psycholinguistically flavored literature anticipates parts of our frequency
axis. Wei et al. (2021) causally vary the pretraining frequency of subject—verb agreement evidence and show that rule
behavior tracks absolute and relative frequency; Chang & Bergen (2022) relate acquisition age to frequency; at scale,
factual-recall accuracy tracks the frequency of supporting documents at final checkpoints (Kandpal et al., 2023), where
we chart within-run fate; Choshen et al. (2022) document shared, sometimes non-monotonic phenomenon-level learning
curves across LMs; and Warstadt et al. (2020b) show that the shift from surface heuristics to linguistic generalization is
data-dependent. The filtered-corpus line is methodologically closest to our kill: Patil et al. (2024) remove a construction’s
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direct evidence at scale and find BabyLLM-class models still learn it from indirect evidence, and Misra & Mahowald (2024)
reach the same conclusion for the rare article-adjective-numeral-noun construction. Their ablations and our intervention
answer different questions. Filtered corpora withhold positive evidence; our edit flips it in place, so that at full dose every
supporting event becomes a counter-example while token counts and all other statistics are held fixed. The near-parity dose
p=0.437 (the rung closest to a pure ablation, thinning support without net contradiction) does not kill the rule (0/3 seeds
DISPLACED), the outcome the filtered-corpus results would suggest; death arrives only as the edit approaches contradiction.
The two bodies of evidence are therefore consistent, and jointly they narrow the claim: indirect evidence can carry a rule
when direct support is withheld, but it cannot defend one against reversed support. The flip edit itself is counterfactual
data augmentation in the tradition of gender-swap debiasing (Zhao et al., 2018; Lu et al., 2020); what is new is its use as a
registered, dose-graded causal probe under blind directional predictions.

Critical learning periods. Achille et al. (2019) showed that deficits imposed early in training cause permanent capability
loss in deep networks. We impose no deficit: the corpus is stationary and the schedule fixed; the “sensitive period” structure
we observe arises from the data distribution itself. The kill intervention can be read as a converse experiment: rather than
depriving the network of input during a window, it removes the statistical support for one rule uniformly in time and asks
whether the acquisition-then-loss trajectory shifts as the theory predicts.

Emergence and phase transitions in LMs. Emergent-abilities claims (Wei et al., 2022) and their metric-artifact critique
(Schaeffer et al., 2023) concern capability appearance as a function of scale. Our axis is training time at fixed scale, where
sudden structural change is well documented: induction heads form in an abrupt window (Olsson et al., 2022), syntax
acquisition in MLMs shows phase transitions and simplicity bias (Chen et al., 2024), emergent in-context learning can itself
be transient, fading as in-weights solutions take over (Singh et al., 2023), and the developmental-interpretability program
(Hoogland et al., 2024; Wang et al., 2024) gives quantitative tools (local learning coefficients) for locating such transitions.
Chen et al. (2024) is the closest precedent (capabilities moving non-monotonically during pretraining) but documents the
rise; our subject is the fall, its predictability, and its causal control. The forced-choice minimal-pair methodology descends
from BLiMP (Warstadt et al., 2020a); our battery differs in pitting a rule against a prior (conflict items) while measuring
the same rule where rule and prior agree (control items), which is what lets a trajectory distinguish rule loss from global
drift. Crosscoders (Lindsey et al., 2024) motivated our model-diffing framing of displacement, though the confirmatory
mechanism metric in this paper is the simpler contrast-margin instrument (App. E).

Data budgets and mixtures. Compute-optimal scaling (Hoffmann et al., 2022) fixes the token budget axis of our grid;
Muennighoff et al. (2023) characterize the data-constrained regime (our D/N axis is the reciprocal lens on the same
quantity); and mixture-optimization work (Xie et al., 2023; Diao et al., 2025) treats domain weights as the controllable
knob. Our causal knob is finer-grained: the within-domain frequency of support for a single linguistic rule, moved in both
directions at matched token counts. Corpora: TinyStories (Eldan & Li, 2023) and a web mixture derived from ClimbMix
(Diao et al., 2025). The public-suite validation uses Pythia (Biderman et al., 2023) and OLMo (Groeneveld et al., 2024)
training-revision checkpoints.
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Table 3. Complete per-prediction ledger behind the group summary of Table 2: every registered prediction, its verdict (v' pass, X fail, o
unscoreable under a registered validity gate), and the gate or margin where one applies. R1’s margin clause is displayed as its own row but
is a registered sub-clause of R1, giving the registered Step-6 count of 12 predictions (4 unscoreable; 5 of the 8 scored correct).

registered prediction verdict note

Budget-only pilot (pre-grid)
D/N=1.5 displacement predictions
Phase grid (Step 3) (falsifier silent)
P1 focal rule: survives all TS, dies web-packed
P2 high-support families survive web
P3 reflexive below 0.8 on web
P4 web budget ordering (packed < d15)
Public suite (Pythia/OLMo)
PUBI1 boundary-case census
PUB?2 pythia-70m displacement depth
PUB2’ secondary (reflexive)
PUB3 depth vs. scale ordering
Critical-frequency theory (Step 4) (falsifier silent)
F1 support-ratio/outcome ordering
F2 displaced families lowest ratio
Mechanism (Step 5) (falsifier triggered)
M1/M2 S; embedding-geometry scalar
M3 no memorized-template residue
M4b CM zero-cross times collapse
M4a/M4c displacement direction
M4'-TS sign prediction, TS cells
M4'-A sign prediction, all cells
Causal control (Step 6): rescue (falsifier triggered)
R1 behavioral rescue at d>1
R1 CM crosses positive at d=1
Rlc behavioral rescue at d=3
Rlc CM at d=3
R2 no rescue at trace dose
R2 trace-dose CM
R3 dose monotonicity p > 0.8
RS rescue specificity
Causal control (Step 6): kill (falsifier silent)
K1 super-critical kill (p=.645), beh.
K1 super-critical kill (p=.645), CM
Klc full kill (p=1), behavioral
Klc full kill (p=1), CM
K2 dose monotonicity p < —0.8
Rescue timing (Step-6T) (falsifier silent)
T1 early-window dose rescues, beh.
T1 early-window CM ends positive
T2 late-window dose fails, beh.
T3 early > late CM ordering
Second-rule (a/an) kill ladder
AK1 dose monotonicity (cell means)
AK?2 full flip (p=1) kills
AK3 boundary within 2x of pronoun’s
AK4 agree-gate failure at high dose
AKS dissociation (unrelated families)
OOD transfer (rvp5) (falsifier silent)
RV5-P1 competence transfers
RV5-P2 failure transfers
RV5-P3 transience transfers

X

SENENEN

NN X X

X X

AX 0 N0 X A X X N0 Nk o

<Aoo

o N0 X

LN AX XA

falsified

decomposed
by 0.008

instrument failure

< 2 valid seeds

falsifier hit

0 CM-valid seeds

0 CM-valid seeds
p=40.70

KS gate
KS gate

p=—1.00

G4 gate (1/3 valid)

G4 gate

crossed lower
gate stayed valid

Blind directional hit rate (Step 6)

5/8 scored (12 registered, 4 unscoreable)
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Table 4. Per-seed final outcomes (seeds 42/43/44) for six probe families across the grid. Letters: R RECOVERED, D DISPLACED, N NEVER,
U UNSTABLE (PARTIAL did not occur in any run); grey letters mark seeds whose agree (control) condition failed, which yield no
classifiable verdict.

TinyStories (D /N) web (D/N)
family packed 5 1.5 packed 5 1.5
pronoun_gender (focal) RRR RRR RRR Uuuu UUU DNN
reflexive_gender RRU RRR RUR UUN UUN UUN
det_an_choice RRR RRR RRU RRR RRR RRR
a_an_adjective RRR  RRR URR RRR RRR RRR
irregular_past RRR  RRR RRR RRR  RRR RRR
negation_bare_verb RRR RRR RRR RRR RRR RRR

Table 5. Causal-control cells: behavioral outcome (seeds RECOVERED-and-valid; seeds DISPLACED) and final contrast margin. Rescue
doses in units of drg; kill rates are pronoun-flip probabilities. rule:prior is the post-edit support ratio under the windowed counter
(first pronoun within 16 tokens of a cue): kill rows count the edited battery cue class, rescue rows (*) the injected, battery-disjoint
class (App. F); the web-base entry is blank, the focal cue class being unmeasurable by the frozen counter on the web vocabulary. f:
INTERVENTION-INVALID (2/3 seeds fail the registered KS control-family gate); its behavioral verdicts are unscoreable, not failed.

arm dose rule:prior rec/3 died/3 CM-valid mean CM
TS base — 791 3/3 0/3 3 +3.68
kill 0.437 1.04 1/3 0/3 3 +0.27
kill 0.645" 049 0/3 3/3 3 —0.38
kill 1.0 0.02 0/3 3/3 2 —2.99
web base — — 053 3/3 2 —0.52
rescue 0.01 37.36%* 0/3 3/3 0 —0.30
rescue 0.1 358%* 0/3 2/3 1 —0.18
rescue 1.0 3,565* 0/3 2/3 2 +0.16
rescue 3.0 10,691*  0/3 3/3 0 —0.28

Table 6. Stupid-backoff n-gram baseline (ov = 0.4) on the frozen battery, pronoun family, heldout split, forced-choice argmax accuracy.
The baseline is counted on the exact token stream each cell’s model saw.

n =2 n=>5
Cell conflict agree conflict agree
TS base 0.50 0.50 1.00 0.33
kill p437 0.00 1.00 0.17 1.00
kill p645 0.00 1.00 0.08 1.00
kill p1000 0.00 1.00 0.00 1.00
web base 0.00 1.00 0.50 0.00
rescue d=0.01 0.00 1.00 0.50 0.00
rescue d=0.1 0.00 1.00 0.50 0.00
rescue d=1 0.00 1.00 0.50 0.00
rescue d=3 0.00 1.00 0.50 0.00
TS D/N=5 0.50 0.50 1.00 0.08
TS D/N=1.5 0.50 0.50 1.00 0.00
web D/N=5 0.00 1.00 0.00 1.00
web D/N=1.5 0.00 1.00 0.00 1.00
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Table 7. 5-gram baseline, all families, heldout argmax accuracy (conflict / agree): TinyStories base and kill cells.

Family TS base kill p437 kill p645  kill p1000
a_an_adjective 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
comparative_er 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
det_an_choice 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
irregular_past 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
irregular_past_v2 1.00/0.75 1.00/0.75 1.00/0.75 1.00/0.75
modal_agreement 1.00/0.00 1.00/0.00 1.00/0.00 1.00/0.00
modal_agreement_v2 1.00/0.06 1.00/0.06 1.00/0.06 1.00/0.06
negation_bare_verb 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
negation_bare_verb_v2  1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
plural_was_were 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
pronoun_gender_ref 1.00/0.33 0.17/1.00 0.08/1.00 0.00/1.00
reflexive_gender 029/0.79 0.29/0.79 0.29/0.79 0.29/0.79

Table 8. 5-gram baseline, all families, heldout argmax accuracy (conflict / agree): Web base and rescue cells.

Family web base  rescue d=0.01 rescue d=0.1 rescued=1 rescue d=3
a_an_adjective 0.88/1.00 0.88/1.00 0.88/1.00 0.88/1.00 0.88/1.00
comparative_er 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00 1.00/1.00
det_an_choice 0.99/1.00 0.99/1.00 0.99/1.00 0.98/1.00 0.98/1.00
irregular_past 1.00/0.28 1.00/0.28 1.00/0.28 1.00/0.28 1.00/0.31
irregular_past_v2 1.00/0.25 1.00/0.25 1.00/0.25 1.00/0.25 1.00/0.25
modal_agreement 1.00/0.00 1.00/0.00 1.00/0.00 1.00/0.00 1.00/0.00
modal_agreement_v2 1.00/0.04 1.00/0.04 1.00/0.04 1.00/0.04 1.00/0.04
negation_bare_verb 1.00/0.17 1.00/0.17 1.00/0.17 1.00/0.17 1.00/0.17
negation_bare_verb_v2  1.00/0.50 1.00/0.50 1.00/0.50 1.00/0.50 1.00/0.50
plural_was_were 1.00/0.94 1.00/0.94 1.00/0.94 1.00/0.94 1.00/0.94
pronoun_gender_ref 0.50/0.00 0.50/0.00 0.50/0.00 0.50/0.00 0.50/0.00
reflexive_gender 0.08/1.00 0.08 /1.00 0.08/1.00 0.08/1.00 0.08/1.00

Table 9. 5-gram baseline, all families, heldout argmax accuracy (conflict / agree): Data-budget cells.

Family TSD/N=5 TSD/N=1.5 webD/N=5 webD/N=1.5
a_an_adjective 1.00/1.00  1.00/1.00 1.00/1.00 1.00/1.00
comparative_er 1.00/1.00  1.00/1.00 1.00/1.00 1.00/1.00
det_an_choice 1.00/0.99  0.99/1.00 1.00/1.00 1.00/1.00
irregular_past 1.00/0.97  1.00/0.94 1.00/0.08 1.00/0.03
irregular_past_v2 1.00/0.75  1.00/0.75 1.00/0.25 1.00/0.17
modal_agreement 1.00/0.12  1.00/0.06 1.00/0.00 1.00/0.06
modal_agreement_v2 1.00/0.08  1.00/0.04 1.00/0.02 1.00/0.00
negation_bare_verb 1.00/1.00  1.00/1.00 1.00/0.08 1.00/0.04
negation_bare_verb_v2  1.00/0.88 1.00/0.75 1.00/0.38 1.00/0.38
plural_was_were 1.00/1.00  1.00/1.00 1.00/1.00 1.00/0.88
pronoun_gender_ref 1.00/0.08 1.00/0.00 0.00/1.00 0.00/1.00
reflexive_gender 0.29/0.75  0.29/0.75 0.00/1.00 0.00/1.00

21



Natural Ungrokking: Asymmetric Control of Which Rules Survive Pretraining

Table 10. Dominant last-position head per run (largest |attribution| to the pre-softcap she—he gap), at the run’s own CM-peak checkpoint
and at the final checkpoint. share = that head’s fraction of total head-level |attribution|; ACMap1 = change in post-softcap CM when the
head’s output is zeroed at all positions; cos = cosine of the head’s mean OV output on feminine cue tokens with wspe — wpe. Descriptive,
post-hoc (App. D).

at CM peak at final
Cell seed CM  head share  ACMap cos CM  head share  ACMap cos
TS base 42 +20.53 L3HO 0.85 —20.28 4049 +3.83 L3HO 0.75 —-3.79 +40.54
43 +22.32 L3HI1 0.90 —22.29 +0.69 +2.42 L3HI 0.85 —2.74 +0.59
44 +13.77 L3H1 0.77 —7.72 40.45 +4.79 L3HI1 0.81 —3.63 +40.50
web base 42 +1.46 L3HI1 0.52 —1.98 +0.09 —0.75 L2HI1 0.39 —0.35 +40.04
43 +1.89 LI1HO 0.31 —0.08 +0.39 —0.27 L3HI1 0.35 —1.01 +40.41
44 +1.08 LI1HO 0.33 —-0.77 +4+0.14 —-0.64 L3HO 0.27 —0.63 +40.38
kill p=1 42 +0.90 L3HO 0.40 +0.64 +0.07 —4.74 L3HO 0.58 —1.83 +0.20
43 +1.40 L3HO 0.26 —2.93 +0.13 —1.04 L3H1 0.56 —2.62 +0.20
44 +2.70 L3HO 0.51 —2.32 +0.12 —-3.80 L3HI1 0.64 +3.41 —-0.32
rescue d=1 42 +1.10 L3HO 0.37 —0.13 +0.01 —-0.22 L3HI1 0.38 —0.54 +0.34
43 +1.51 L3HO 0.56 —1.23 +0.20 +0.16 L3HO 0.55 —1.86 +0.18
44 +1.18 L3HO 0.41 —0.89 +0.44 +0.44 L3HO 0.51 —1.38 +0.42
rescue d=3 42 +0.70 L3HO 0.29 —-0.42 —-0.01 —-0.01 L3HO 043 —-0.12 —0.00
43 +0.69 L3HO 0.38 —1.18 +40.24 —0.49 L3HO 0.68 —2.04 +0.25
44 +0.64 L3HI1 0.54 —-0.79 +0.08 —0.28 L3HI1 0.41 —0.50 +40.12

Table 11. Single-component activation patching between each run’s own CM-peak and final checkpoints (cached component outputs on
the frozen feminine-cue prompts, swapped at all positions). Each entry is the component with the largest recovery fraction (CMpatcn —
CMast ) /(CMgre — CMast ); fractions above 1 overshoot the source value. Descriptive, post-hoc (App. ).

peak — final final — peak
Cell seed component rec. component rec.
TS base 42 MLP 2 +0.63 MLP3 +1.12
43 MLP 1 +0.35 MLP3 +1.18
44 MLP 0 +1.72 MLPO +1.53
web base 42 MLP 3 +0.34 MLP3 +1.63
43 MLP 1 +0.18 MLP3 +0.82
44 MLP 3 +0.38 MLPO +0.52
kill p=1 42 MLP 2 +0.84 MLP2 +1.67
43 MLP 2 +2.89 MLP3 +0.67
44 head L3H1 +0.43 MLP3 +0.68
rescue d=1 42 MLP 2 +0.36 MLP2 +1.56
43 MLP 3 +1.48 MLP2 +0.66
44 head LIHO +0.25 MLP2 +0.39
rescue d=3 42 MLP 0 +1.15 MLP3 +4.00
43 MLP 3 +0.51 MLP3 +0.74
44 head LOHO +0.26 MLP3 +2.15
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Table 12. Ttem-level bootstrap on the displaced gender families (heldout conflict split; pronoun n=12 items, reflexive n=24): final-
checkpoint accuracy, and the peak-minus-final drop with its 95% CI from 10,000 template-stratified resamples applied jointly to the peak
and final checkpoints (the pairing is preserved, so the drop CI accounts for item-level correlation). The peak checkpoint per family is the
probe-log argmax snapped to the nearest stored checkpoint. The rescue d=1 seed-44 run is the registered blanket-she artifact-flagged run

(App. F); its near-zero pronoun drop fails the agree-condition control. Descriptive, post-hoc.

pronoun_gender _ref

reflexive_gender

Cell seed final drop [95% CI] final  drop [95% CI]

TS base 42 1.00 +0.00 [+0.00,40.00] 1.00 +0.00 [4+0.00,+0.00]
43 1.00  40.00 [+0.00,+0.00] 1.00 +40.00 [+0.00,+0.00]
44 1.00 +0.00 [+0.00,40.00] 0.96 +0.04 [4+0.00,+0.12]

web base 42 0.00 +1.00 [+1.00,+1.00) 0.38 +40.62 [+0.46,+0.79]
43 0.17 +40.83 [+0.67,+1.00] 0.08 +40.83 [+0.67,+0.96]
44 0.17  +40.83 [+0.67,4+1.00) 0.17 +0.75 [+0.62,40.88]

kill p=1 42 0.00 +40.75 [+0.58,+0.92] 1.00 40.00 [+0.00,+0.00]
43 0.50 +40.50 [+0.50,40.50] 1.00 +0.00 [+0.00,+40.00]
44 0.00 +1.00 [+1.00,+1.000 1.00 40.00 [+0.00,+0.00]

rescue d=1 42 0.17  40.83 [+0.67,+1.00) 0.25 +0.75 [+0.62,40.88]
43 0.58 +40.42 [+0.25,+0.50] 0.08 +0.88 [40.75,+41.00]
44 0.92 40.08 [+0.00,40.25] 0.46 +0.50 [+0.38,40.62]

rescue d=3 42 0.42 +40.58 [+0.33,+0.83] 0.08 +0.92 [40.83,+1.00]
43 0.00 +40.92 [+0.75,+1.00] 0.33 40.67 [+0.54,+0.79]
44 0.25 +40.75 [+0.50,+1.000 0.17 +0.83 [4+0.71,40.96]
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