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Abstract

Attention sinks assign large, largely content-
independent attention to the first position. Ran-
Milo et al. (2026) explain GPT-2’s sink with a
parameter-level circuit: a learned query bias bQ
aligns with the key projection of the first posi-
tion’s effective positional encoding, whose few
massive coordinates amplify the score. They
infer that other architectures build sinks dif-
ferently but do not measure this claim. We
reproduce the original intervention effects and
stress-test their causal interpretation. Baseline
plus nine interventions and four structural anal-
yses reproduce under the original evaluation,
with two scope qualifications; the massive co-
ordinates are exactly {138, 378, 447}. Yet nul-
lifying bQ leaves 44.5% of the sink, which fol-
lows an activation-dependent query route into
the same first-position key. This anchor–route
distinction unifies the extensions: with GPT-2
scale, the bias route fades while the activation-
dependent route concentrates into fewer carrier
heads; across 16 checkpoints in four families,
no qualitative profile over mutually available
conditions spans all families; and across five
pre-training runs, anchoring recurs despite un-
stable coordinate identities. In GPT-2-small at
40 tokens, Swap EPE incurs about one quar-
ter of the cross-entropy cost of Remove First
PE. The stable phenomenon is an anchoring
computation, not a universal parameter-level
circuit, so mitigation must be validated against
the target model’s wiring.

1 Introduction

Autoregressive Transformers (Vaswani et al., 2017)
often devote a large, largely content-independent
share of attention to the first position: the attention
sink (Xiao et al., 2024; Gu et al., 2025). It shapes
streaming and KV-cache policy (Xiao et al., 2024),

*These authors contributed equally.

produces activation outliers that complicate quanti-
zation (Sun et al., 2024; Lin et al., 2024), interacts
with long-context behaviour and over-mixing (Bar-
bero et al., 2025; de Llano et al., 2026), and can
dominate attention maps and mislead interpretation
(Guo et al., 2024; Jain and Wallace, 2019; Yu et al.,
2024).

Ran-Milo et al. (2026) give the most concrete
mechanistic account to date. In GPT-2 (Radford
et al., 2019), a learned query bias bQ aligns with
the key projection of the first position’s effective
positional encoding; a few massive coordinates
(Sun et al., 2024) amplify a source-agnostic score
shift toward position 0. Their baseline and nine
interventions show substantial causal contributions
and editability, but do not establish a complete,
strictly necessary mechanism.

The paper also infers distinct circuits across ar-
chitectures: every identified component is absent
from some architecture that still has a sink, but
this consequential claim rests on citation rather
than direct evidence. Mechanistic results based
on one checkpoint, run, scale, metric, and short
inputs carry known reproducibility risks (Pineau
et al., 2021; Bouthillier et al., 2021; D’Amour et al.,
2022; Tigges et al., 2024). Through an end-to-end
reproduction and new data, we address the original
paper’s four acknowledged limitations: architec-
ture and scale, learning dynamics, an unexplained
residual sink, and mechanism versus function.

The original intervention effects reproduce, but
their causal interpretation does not fully survive
stress testing (§2). The residual reveals a shared
positional anchor reached through distinct routes
(§3); this anchor persists across GPT-2 scale, train-
ing runs, input lengths, and seven content regimes,
while its supporting objects and routes vary across
architectures (§3–§5). At 40 tokens, Swap EPE is
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substantially less costly than Remove First PE (§6).
Two execution paths and parity gates validate the
tested GPT-2 quantities within the coverage in Ap-
pendix H. We release code, configurations, seeds,
and the complete result archive1.

2 The Circuit, and Whether It
Reproduces

Preliminaries and terminology. We index se-
quence positions from zero, so position 0 is the
first content token; this corresponds to position 1
in Ran-Milo et al. (2026). For layer ℓ and head h,
xi denotes the residual-stream representation at po-
sition i, Wq and Wk the query and key projections,
and bQ the learned query bias. A head-cell is one
(ℓ, h) pair. Our sink metric is mean attention from
second-half source tokens to position 0, averaged
over heads and a mid-layer band: layers 4–11 for
12-layer models and [3, L− 1) otherwise.

GPT-2 adds a learned positional embedding (PE)
pj to the token embedding. Following Ran-Milo
et al. (2026), the effective positional encoding
(EPE) is

EPEj = pj +MLP(1)(pj),

a proxy for the positional signal written by the
first-layer MLP. We call coordinates satisfying
|EPE0[d]| > µ(|EPE0|) + 3σ(|EPE0|) massive
coordinates, re-identifying them per checkpoint.
When evaluating EPE validity, the MLP-only com-
parison uses the net positional contribution of the
MLP; the full-layer comparison instead uses that
of the entire first block, including attention and
normalization.

Two interventions recur throughout. REMOVE

FIRST PE replaces p0 by p1 at position 0. SWAP

EPE swaps the MLP-processed positional direc-
tion between positions 0 and 1 in the first-layer
MLP output. A manifest is the fixed set of sam-
pled and truncated evaluation sequences. Per-
example uncertainty denotes ±2SE over example-
level measurements; cross-seed SD, reported sepa-
rately, measures variation across resampled mani-
fests.

The object under test. For a layer-head pair, let
aℓ,h be the attention-score scale specified by the
model configuration. Expanding the pre-softmax

1https://github.com/AlZubayer/
SameSinkDiffPlumbing

fixed query bias bQ
cut by (b)

content query xiWq
survives (b)

position-0 key proxy
k̃0 ≈ EPE0Wk

route A

route B(c) removes the anchor; (d) moves it

Figure 1: Two routes into the shared first-position
key. Route A is bias-driven and route B is activation-
dependent. Letters denote the interventions in Table 1.

score gives

sℓ,hi→j = aℓ,h

[︂
(xiWq)(xjWk)

⊤
⏞ ⏟⏟ ⏞

T1

+(xiWq)b
⊤
K⏞ ⏟⏟ ⏞

T2

+ bQ(xjWk)
⊤

⏞ ⏟⏟ ⏞
T3=∆j

+ bQb
⊤
K⏞ ⏟⏟ ⏞

T4

]︂
.

For a fixed source i, T2 and T4 are constant
across targets and cancel under the softmax. Only
T1 + T3 decides which target wins. The orig-
inal paper isolates T3. The source-independent
shift ∆j = bQW

⊤
k x⊤j is unusually large at posi-

tion 0 because EPE0 = p0 +MLP(1)(p0) carries
massive coordinates exactly where bQW

⊤
k is large.

We call T3 route A and T1 route B, and write
k0 ≈ EPE0Wk for the shared first-position key
component (Figure 1). Route B is the activation-
dependent query route: (xiWq) depends on the con-
textual residual stream rather than isolated token-
semantic content.

Related work. Other accounts trace sinks to spec-
tral structure (Cancedda, 2024), variance dynam-
ics (Qiu et al., 2026; Hong and Lee, 2025; Li
et al., 2026), geometry (Ruscio et al., 2025), or the
anatomy of massive activations (Sun et al., 2026;
Shi et al., 2026). Sinks are provably needed for
some computations (Ran-Milo, 2026) and can be
removed by re-parameterizing attention (Qiu et al.,
2025). We follow standard practice for causal inter-
ventions (Zhang and Nanda, 2024; Heimersheim
and Nanda, 2024; Geiger et al., 2025) and multi-run
reproduction (Sellam et al., 2022).

Setup and execution. The direct reproduction
uses a fixed 300-sequence manifest, 100 examples
each from SST-2 (Socher et al., 2013), GSM8K
(Cobbe et al., 2021), and HumanEval (Chen et al.,
2021), with per-example uncertainty. Unless stated
otherwise, extensions use three resampled 300-
sequence data seeds; maximum cross-seed SD
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Intervention Paper (±2SE) Ours (±2SE)

a Baseline .563 ± .004 .5630 ± .0042
b Nullify bQ .251 ± .003 .2514 ± .0032
c Remove first PE .017 ± .001 .0168 ± .0012
d Swap EPE .035 ± .002 .0352 ± .0018
e Swap PE (ctrl) .557 ± .006 .5573 ± .0056
f Zero token-0 emb. (ctrl) .561 ± .004 .5614 ± .0042
g No MLP .283 ± .009 .2832 ± .0094
h No PE .099 ± .015 .0987 ± .0146
i Zero top-3 Wk .367 ± .004 .3672 ± .0038
j Zero random Wk (ctrl) .563 ± .004 .5633 ± .0042

Table 1: Reproduction of the original Table 1 (GPT-
2-small, n=300, layers 4–11; per-example ±2SE). The
baseline agrees with the original result at the reported
precision.

is 2.18 pp. We retain examples of at least 40
tokens and truncate to 40. Tokenization sets
add_special_tokens=False; position 0 is
the first content token. The metric averages atten-
tion from second-half sources to position 0 over
heads and a mid-layer band. Table 1 defines base-
line (a) and nine interventions (b)–(j); outside GPT-
2, directly corresponding edits are used where pos-
sible and explicitly labeled route-level analogues
elsewhere. Appendix A gives layer bands, coordi-
nate selection, analogue definitions, HumanEval
overlap, and seven-seed stability.

We implemented R1, a hand-written weight-
level forward pass, and R2, Hugging Face eager
attention under NNsight (Fiotto-Kaufman et al.,
2025) with traced activation edits. All 1,157 tested
GPT-2 quantities pass parity. R2 exposed an R1
attention-scaling error on CRFM checkpoints; after
correction, 68 of 68 gate quantities pass and 765
paired measurements differ by at most 2.4× 10−7.
Emergence was rerun on both paths. R2 revali-
dates residual analysis at 124M; 355M and 774M
remain corrected R1 results. Large OPT and Qwen
checkpoints use bf16. Appendix H gives complete
coverage and executor-dtype confounds.

The intervention effects reproduce. The base-
line and all nine intervention and control rows
reproduce (Table 1). Our .5630 baseline falls
within the reported .563± .004 interval, and cross-
entropy matches the Hugging Face reference within
5× 10−8 nats.

All four structural analyses also reproduce, with
two qualifications the original figures could not
show. First, the pooled separation of ∆0 repro-
duces, but a stricter per-layer test does not: re-
quiring the position-0 tenth percentile to exceed
every other position’s ninetieth percentile passes
in only 3 of the 8 evaluated band layers (Table 4,
strict fraction .375). The claim that ∆0 is system-

124M 355M 774M

baseline pos.-0 .564 .575 .501
after Nullify bQ (%) 44.5 70.4 74.0
∆-score share of route A .561 .450 .247
Nullify bQ + Remove First PE (%) 2.25 1.64 3.65
Nullify bQ + Swap EPE (%) 4.23 3.47 2.17
Nullify bQ + Zero Massive Wk (%) 24.8 19.1 31.2
Swap-EPE relocation ratio .897 .922 .944
∆CE of Nullify bQ (nats) +1.59 +0.36 +0.12

Table 2: Residual-sink analysis across GPT-2 scale
(3 seeds; SD ≤ .23 pp on intervention rows; % of own
baseline).

atically larger when pooled is supported; complete
layer-by-layer separation is not. Second, the EPE
abstraction is excellent for the part it was defined
on, with median cosine to the net MLP-only posi-
tional signal of at least .8218 at every position and
.9962 at position 0. It also matches the original’s
full-first-layer check at position 0 (.7569 against
the reported .76). Away from position 0 the full-
layer proxy is weak, with medians between .30 and
.34. The original restricted that check to position 0,
so this extends the claim rather than disagreeing
with it.

The remaining two analyses reproduce quantita-
tively: massive-coordinate |γ| is 7.79× the value at
other coordinates on average and 8.83× in medians,
and the massive coordinates are {138, 378, 447},
exactly as reported. Verdict: reproduced.

3 Following the Residual: One Anchor,
Two Routes

The original paper is explicit that its strongest ac-
tuator does not finish the job. Nullifying bQ leaves
44.7% of the sink standing, and the paper lists this
residual as an open limitation. We start there be-
cause the residual reorganizes the picture.

Because only T1 and T3 survive the softmax,
two query-side terms address the same key k0:
route A is the fixed bias term bQ ·k0, the origi-
nal circuit, and route B is the activation-dependent
term (xiWq)·k0. We test whether the residual fol-
lows route B at three GPT-2 scales. R2 revalidates
124M; the validated R1 executor evaluates 355M
and 774M.

The residual is a second route into the same
key. Four observations point to one shared ob-
ject (Table 2). Removing the first-position identity
on its own leaves 1.7–3.9% at every scale. Re-
moving only the bias leaves 44.5, 70.4, and 74.0%.
Removing both together collapses the residual to
2.25, 1.64, and 3.65%. So whatever survives bias
removal still needs the first-position object.
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The transplant gives complementary evidence.
Under Swap EPE the sink does not vanish, it moves:
between .897 and .944 of the baseline mass reap-
pears at the transplant target. After nullifying bQ,
between .260 and .360 absolute attention still fol-
lows the transplanted key. Route B tracks the key
wherever the key goes.

These are softmax counterfactuals and do not
add linearly. Combining all three components can
leave slightly more residual than combining two,
and a floor of roughly 2–6% survives everything
we tried. Within this decomposition, the surviving
attention is primarily explained by two query-side
terms addressing the same key.

Graded causality. The original paper used on-
off edits. We add dose-response tests. Scaling
bQ and scaling the massive Wk columns are per-
fectly monotone at all three scales (Spearman ρ=1,
p=4.0× 10−4 (n=7)). Interpolating the positional
identity from p0 toward p1 behaves differently, akin
to a threshold. At α ≤ .25 the sink is 2–4% of base-
line, and at α ≥ .5 it is back at baseline.

Deleting p0 is not the same as replacing it. At
124M, deletion strengthens the sink to 110.0%, and
at 774M it collapses it to 36.6%. The sink is sensi-
tive to positional identity, and deletion is not equiv-
alent to replacement. This is consistent with sinks
appearing in models trained without positional en-
codings (Gu et al., 2025), though positional pres-
ence clearly matters more at larger scale.

With scale, route A fades and route B specializes.
The residual after nullifying bQ grows from 44.5
to 74.0%. Independently, and without any softmax,
the ∆-score share of route A falls from .561 to
.247. Two different measurements agree that the
bias route matters less at larger scale.

Route B does not simply take over. It concen-
trates. The mean alignment between the activation-
dependent query and k0 collapses from +.228 to
+.023 to −.061, yet it stays enriched over matched
controls at +.023, −.070, and −.108 (Cohen’s d of
1.79, .42, .30). The head-cell distribution explains
this. Cells with alignment above .1 fall from 89 to
18%, while the strongest single cell rises from .465
to .719. A pooled mean understates a mechanism
that lives in a few carrier heads, so the original
alignment claim generalizes as relative enrichment
rather than positive absolute cosine.

The functional result is also unexpected. Re-
moving bQ becomes almost free with scale, cost-
ing +1.59, +0.36, and +0.12 nats, even as it re-

b c d e f g h i j

Residual position-0 attention (% of each checkpoint baseline); lower is stronger removal

GPT-2 124M
GPT-2 355M
GPT-2 774M

Neo 125M
Neo 1.3B
Neo 2.7B

OPT 125M
OPT 1.3B
OPT 2.7B
OPT 6.7B
OPT 13B

Qwen 0.5B
Qwen 1.5B

Qwen 3B
Qwen 7B

Qwen 14B

44 3 6 99 100 50 18 65 100
70 2 8 100 100 14 9 28 100
74 4 3 100 100 21 3 42 100
n/a 6 30 100 93 4 51 98 101
n/a 2 80 100 40 7 26 88 100
n/a 2 25 100 80 16 19 66 100
83 2 61 46 100 18 4 40 100
98 32 0 4 100 24 5 38 100
98 36 13 34 100 18 8 39 100
99 6 3 53 100 12 3 56 100
99 7 94 98 99 50 59 112 98
5 100* 96* 96* 96 6 81 100* 100
7 95* 83* 83* 1 5 82 99* 100

12 100* 95* 95* 66 3 92 100* 100
6 99* 96* 96* 1 7 92 97* 100

42 100* 100* 100* 4 6 96 100* 100

0.56
0.58
0.50
0.27
0.33
0.41
0.68
0.63
0.62
0.63
0.34
0.49
0.50
0.48
0.53
0.64

base

Figure 2: Intervention fingerprints on 16 checkpoints
(R2; 3 seeds, SD ≤ 2.18 pp; cells show one-decimal
% of baseline surviving; darker means greater removal;
right: absolute baseline). “n/a” marks GPT-Neo’s miss-
ing bQ, ◦ Qwen analogues, and ∗ bf16 checkpoints.
OPT-13B (i) is the sole increase above 110%. No pro-
file over mutually available conditions spans all four
families.

moves less of the sink. The bias route becomes less
causally dominant with scale, so bias-only mitiga-
tion becomes cheaper but leaves most of the sink
intact.

4 Related Anchoring Functions Across
Architectures

We next ask how other architectures support con-
centrated first-position attention. All tested models
exhibit anchoring, but its supporting objects and
routes differ. We evaluate baseline plus nine in-
tervention labels across 16 checkpoints: GPT-2
(124M to 774M), GPT-Neo (125M to 2.7B; Black
et al., 2021), OPT (125M to 13B; Zhang et al.,
2022), and Qwen2.5 (0.5B to 14B; Qwen Team,
2024). Each applicable residual is classified as
strong reduction (< 50%), partial reduction (50%
to < 90%), negligible change (90% to 110%),
or increase (> 110%). The ordered categories
define a profile over available conditions. Cru-
cially, outside GPT-2—especially for RoPE-based
Qwen2.5—shared intervention labels denote route-
level architectural analogues, not identical tensor
edits or identical causal objects; missing edits re-
main unavailable. No such profile spans all four
families. Figure 2 and Appendix B give the results.

Every checkpoint has a sink, with baselines from
.271 to .677. Beyond that the two pillars of the
GPT-2 circuit come apart. GPT-2 uses both routes,
with route A weakening as scale grows, and both
Remove First PE and Swap EPE collapse its sink
at every scale. Qwen2.5 is carried by its query bias:
nullifying it leaves 5.3–12.2% at 0.5B to 7B and
41.8% at 14B, while the positional analogues are
mostly inert. OPT is the mirror image through 6.7B,
where nullifying the query bias leaves 83–99% but
zeroing the massive key columns leaves 38–56%.
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GPT-Neo has no query bias at all, so (b) can do
nothing, yet its sink is still positionally keyed and
Remove First PE leaves only 2.2–5.9%.

Controls are also model-dependent. Zeroing the
token-0 embedding is nearly inert in GPT-2 and
OPT, but leaves 40.1% in Neo-1.3B and 0.9–3.5%
in Qwen 1.5B, 7B, and 14B, showing token-driven
sinks within families. The raw-PE swap leaves 4.0–
53.1% in mid-size OPT, and one fixed random-Wk

draw raises the sink by 3.47% although the resam-
pled control stays near 100%. Control validity must
therefore be established per architecture and dis-
tribution. No-MLP reduces the sink to 3.4–50.2%,
strongly in 14 of 16 checkpoints.

One checkpoint stands apart. In OPT-13B, ze-
roing the massive key columns increases the sink
to 111.9%, and the effect is stable across seeds.
A single-sentence probe suggests a two-position
anchor that our position-0 metric under-measures.
We treat this as an open observation and describe
the checks it needs in Appendix D.

The original structural diagnostics do not reli-
ably identify causal importance outside GPT-
2. This raises a question. If the routes differ per
family, do the original paper’s structural diagnos-
tics still tell us where the sink is? We computed
per-model analogues of all of them (Appendix C).
The diagnostics produce strong signals in several
models, but those signals dissociate from causal
importance in both directions.

First, a signature can appear without causal dom-
inance. Inside GPT-2, the ∆0 diagnostics show
different scale trends: relative median separation
increases, whereas strict layer coverage rises from
.375 to .950 and then recedes to .844; meanwhile,
the causal share of bQ roughly halves, from 55.5 to
26.0%. OPT 1.3B to 6.7B separates reliably and
shows the strongest coordinate co-adaptation in the
sweep at 10.1×, yet bQ removes only 1–2% of its
sink there. Its absolute separation is roughly ten
times smaller than GPT-2’s, which is too small to
matter once it passes through a softmax. Thus OPT
can show strong route-A geometry while bias re-
moval changes little of the sink. The five Mistral
runs of §5 converge to a bias-key cosine of .795
while nullifying bQ removes 7.7%.

Second, causation can appear without the ex-
pected signature. At OPT-6.7B the MLP-only EPE
proxy collapses to a cosine of .05, and yet Swap
EPE still leaves only 2.6% of the sink. The lever
works even where the abstraction that motivated it
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Figure 3: Circuit emergence over five independent
pre-training runs (17 checkpoints; run means). The
corrected R2 trajectory is shown with the OpenAI GPT-
2-small reference. Right: max |EPE0|/10, bias–key
alignment, and the sink share removed by bQ. EPE
peaks near 40k, while route A peaks near 70k and then
nearly halves.

does not.
This is not a criticism of the original paper,

which did intervene rather than rely on its fig-
ures (Jain and Wallace, 2019; Wiegreffe and Pinter,
2019). It is a caution about a class of diagnostic. A
high cosine does not mean load-bearing, and clean
separation does not mean dominance. Structural
signatures identify correlates of the sink computa-
tion, not the causal load carried by the correspond-
ing components.

5 The Same Anchor Across Training
Runs

Architecture is one way to vary the wiring. Training
is another. We now ask whether the same architec-
ture, trained again from a different initialization, re-
builds the same circuit. We use five independently
pre-trained GPT-2-small runs from Stanford CRFM
Mistral, 17 checkpoints each, and all 85 evaluations
completed on the same fixed 300-example set.

Under R2 the converged sink is .650 ± .005,
moderately above OpenAI GPT-2-small at .563.
Bias-key alignment reaches .795± .027 and query
alignment .304 ± .021. The isolated activation-
dependent route carries .552± .004 attention while
delta-only attention is only .059 ± .001. All five
runs recover the anchoring behaviour, and their
converged sink is mainly carried by route B. Both
execution paths agree on the converged values re-
ported here to within 2.4× 10−7, but only after we
corrected a scaling fault in the first path that had
inflated the converged sink by 38% (Appendix F).
Three findings follow (Figure 3):

Assembly is not monotone. At step 400 route A
is strongly anti-aligned at −.616 ± .155, and the
sink falls from .034 to .020. After that it grows at
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every stored checkpoint. The maximum |EPE0|
peaks near 10.20 around 40k to 70k steps and then
relaxes about 7.5× to 1.36, while delta-only atten-
tion peaks near .079 and settles at .059. A mid-
training checkpoint would give a different mecha-
nistic reading than the final model.

The anchoring behaviour recurs across all
five tested runs. The five final top-3 coordi-
nate sets are pairwise disjoint, and none contains
{138, 378, 447}. We do not read the disjointness
as evidence: under a uniform null over the 768
dimensions, five random 3-sets are all pairwise dis-
joint with probability .889 (Appendix F), so zero
Jaccard is the expected outcome, not a surprising
one. The supported claim does not depend on that
statistic. Across the five runs, exact coordinate
identities were not stable: no run reproduces the
published coordinates, no two runs agree, and three
of the five do not lock their final labels until the
last checkpoint at 400k. Methods that hard-code
these coordinates should not be assumed to transfer
across independently trained runs.

Route A’s signal rises while its causal share
falls. Removing the first PE removes 98.5± .4%
of the sink. Zeroing the massive Wk columns re-
moves 42.0± 11.7%. Nullifying bQ removes only
7.7 ± .5%, in runs whose bias-key alignment is
.795. The trajectory is sharper than the endpoint.
Between 70k and 400k steps the alignment climbs
from .698 to .795, while the share of the sink that
bQ actually carries falls from 14.2% to 7.7%, a
drop of nearly half (Figure 3). Signal and causation
move in opposite directions in the same runs over
the same checkpoints. This repeats the dissocia-
tion in §4, now inside one architecture and along
training time rather than across model families. It
is also a third axis of variation: route A weakens
with GPT-2 scale (§3), varies substantially across
architectures (§4), and loses causal share during
training.

We pre-specified an ordering test asking whether
alignment rises before the sink does. It is direction-
ally consistent but not significant. Alignment pre-
cedes the sink in all 3 non-tied runs (2 ties dropped;
Wilcoxon W=0, p=.25). We do not build on the
descriptive timing.

6 What the Anchor Is Worth

We stress-test GPT-2-small across metrics, length,
and content, then measure each intervention’s
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Figure 4: Sink reduction versus LM cost (GPT-2-
small, 40 tokens).

language-model cost as added mean next-token
cross-entropy.

Metrics mostly agree. Six sink metrics rank the
ten interventions similarly (mean Kendall τ = .84);
all five pairs below .8 involve attention entropy,
which measures concentration anywhere rather
than specifically at position 0 (Hong and Lee,
2025). Swap EPE relocates the anchor, moving
.552 of the mass to positions 1–4 at entropy .488;
Remove First PE diffuses it, sending .930 to later
positions at entropy .607. Position-0 attention can-
not distinguish relocation from destruction.

Length. Using within-domain concatenations,
we extend context from 40 to 1024 tokens. De-
spite a 25.6× increase, the baseline sink falls only
23.7%, from .5625 to .4294, and 90.7% of head-
cells still exceed .2. The key objects remain fixed
to fp32 rounding (relative discrepancy < 2×10−6).
Fair-share scaling predicts a logit slope of −1, but
the across-length slope is −.166 and within-length
slopes flatten from −.336 to −.107; fixed logits
therefore do not imply exchangeable competitors.
Effects also vary with length: Remove First PE
leaves 0.08% at 1024 tokens, Swap EPE is non-
monotone, and (b) spans 30.5–57.9% by domain
(Appendix G).

Content. Across seven regimes, the anchor’s ad-
dress is stable: Remove First PE leaves 2.1–4.3%
and Swap EPE 5.1–10.0%. Its traffic varies: after
nullifying bQ, residual attention rises from 43.1–
45.5% in natural domains (44.4% pooled) to 55.1%
on uniform and 57.5% on repeated tokens. We re-
port effect sizes because paired tests ignore seed
clustering and HumanEval overlap.

Relocation is cheaper than removal. Swap EPE
removes 93.8% of position-0 mass for +.938 nats,
while Remove First PE removes 97.0% for +3.757
nats, about four times the cost. Scaling bQ to .75

1238



and .5 removes 13.2 and 27.2% for +.019 and
+.188 nats. No-MLP costs +9.497 nats to remove
49.2%.

Swap EPE, Zero Top-k Wk, (b ∧ d), and bQ
scales .25 and .75 are Pareto-efficient in all nine
seed-by-domain strata; No-MLP, No-PE, full bias
removal, and the random control in none. Damage
is also route-specific (Appendix G).

The ordering suggests that the model benefits
from a concentrated anchor but not specifically
at position 0, consistent with functional accounts
of first-token attention (Barbero et al., 2025; Ran-
Milo, 2026; de Llano et al., 2026). Mitigation
should report where attention moves and what the
model loses, not only position-0 reduction (Yu
et al., 2024; Qiu et al., 2025).

7 Discussion

Generalization is hierarchical. The phenomenon
is robust: baselines span .27–.68 across 16 check-
points and remain .43 at 25.6× context. The best
abstraction is an anchoring function: concentrated
first-position attention supported by architecture-
specific objects and routes (Geiger et al., 2025).
These routes recur, but their causal weights vary
across architecture, scale, content, and run, and
coordinates do not transfer. The computation is ro-
bust; its parameter-level implementation, structural
signatures, and controls are not.

This refines Ran-Milo et al. (2026): the interven-
tion effects reproduce, and 16 checkpoints in four
families plus five GPT-2-small runs directly sup-
port the distinct-circuit conclusion. Their circuit is
one instance of the broader anchoring computation.

Transfer follows the wiring: bias editing is
strong in Qwen but generally weak in OPT, ex-
cept at 125M; the massive-key edit works in GPT-2
and most OPT checkpoints, fails in Qwen analogue
form, and reverses at OPT-13B. Shared labels do
not license transfer. Pooled statistics can hide car-
rier heads; one draw is not a null; alignment need
not imply causal load; controls require per-model
validation.

Limitations

Sections 3, 4, and 6 vary data seeds rather than
model-training seeds; only Section 5 varies train-
ing runs, and most experiments use three data seeds,
so SD estimates remain noisy. Cross-model com-
parisons use route-level causal analogues rather
than identical operations for Qwen’s (c), (d), (e),
(h), (i) and OPT’s (e), so identical labels should
not be interpreted as identical interventions. The
1024-token evaluation uses within-domain concate-
nations rather than natural documents, and scaled
layer bands average more layers in deeper models.
The Mistral checkpoints converge to a moderately
stronger sink than OpenAI GPT-2-small, so Sec-
tion 5 should be interpreted as a study of learning
dynamics rather than a training replication; the
pre-specified emergence ordering test is negative.
R2 revalidates the residual-sink analysis only at
124M, leaving the larger GPT-2 scales on R1; for
large OPT, executor and dtype changes are con-
founded, and Qwen lacks a family-specific parity
gate, so observed differences cannot be causally
attributed. The OPT-13B two-position result is
a single-sentence diagnostic, intervention (i) uses
three columns at 124M but six at larger GPT-2
scales, confounding its cross-scale trend, and we
did not evaluate GPT-2-XL, multilingual models,
or a denser interpolation grid between α = .25 and
α = .5.

Ethical Statement

This work is a good-faith reproducibility study.
We represented the original paper faithfully, fol-
lowed its experimental setup wherever possible,
clearly separated reproduction from extension, and
reported confirmations, discrepancies, negative re-
sults, and implementation errors transparently. Our
experiments use publicly available pretrained mod-
els and benchmark datasets and involve no new
human participants or private data. While the stud-
ied interventions may support model analysis and
efficiency, they may also be misapplied; our results
therefore do not imply that attention-sink mitiga-
tion is universally safe or beneficial, and interven-
tions should be revalidated for each target model
and use case.
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A Experimental Setup

Data. With add_special_tokens=False,
position 0 is the first content token. Each resam-
pling seed draws 300 sequences, 100 each from
SST-2 (Socher et al., 2013), GSM8K (Cobbe et al.,
2021), and HumanEval (Chen et al., 2021). We re-
tain examples of at least 40 tokens and truncate to
40. Artifact manifests are byte-identical across R1
and R2. Because HumanEval’s finite pool creates
about 60/100 overlap per seed, compared with 9–
11 for SST-2 and 0–3 for GSM8K, the three seeds
measure sampling stability rather than independent
replication.

Metric and layer band. The sink metric aver-
ages attention from second-half source tokens to
position 0 over heads and a mid-layer band. We
use layers 4–11 for 12-layer models, matching the
original paper, and [3, L−1) otherwise. This depth-
aware band averages more layers in deeper models
and is not a fixed-layer comparison.

Interventions. Labels follow the original paper:
(a) baseline, (b) nullify the query bias, (c) replace
the first positional encoding with the second, (d)
swap the MLP-processed positional direction be-
tween positions 0 and 1, (e) the same swap on the
raw positional embedding, (f) zero the first token
embedding before positional signals are added, (g)
skip all MLP blocks, (h) remove positional infor-
mation, (i) zero the key-projection columns at the
massive EPE0 coordinates, and (j) zero the same
number of random columns.

Intervention (i) is re-identified per model rather
than copied from GPT-2-small. We select the coor-
dinates of EPE0 whose absolute value exceeds the
mean by at least three standard deviations, which
yields 3 columns for GPT-2-small and between
3 and 12 for the other checkpoints. Each run
records the selected coordinates in its configura-
tion file. Control (j) always zeros the same number
of columns, resampled per layer with seed 42, so it
is size-matched at every scale.

Cross-family analogues. Outside GPT-2 some
interventions cannot be the same tensor edit. GPT-
Neo has no query bias, so (b) is a structural no-op
and returns the baseline exactly. OPT applies its
+2 positional offset. Qwen2.5 has no additive posi-
tional encoding, so (c), (d), (e), and (h) act on RoPE
position ids, (d) and (e) become the same operation
by construction, and (i) uses a per-sentence token-
embedding stand-in rather than a fixed EPE object.

Equal labels therefore denote route-level analogues,
not identical operations, and cross-family equality
of a label is not equality of a causal object.

Sampling stability. A separate seven-seed study
on GPT-2-small, using 300 fresh examples per
seed, gives cross-seed SDs of .15, .09, .08, and
.10 pp for the surgical edits (b), (c), (d), and (i),
against .65 and 1.10 pp for the coarse edits (g)
and (h). The coarse edits also carry the largest
domain gaps, for example 41.6/52.4/57.2% for (g)
on SST-2, GSM8K, and HumanEval. Surgical edits
are therefore roughly an order of magnitude more
sampling-stable than coarse ablations, which is one
reason we treat coarse ablations as weak mechanis-
tic evidence.

B Full Cross-Model Results

Table 3 gives the 16-model R2 sweep as percent-
ages of each model’s baseline. Cross-seed SD
is at most 2.18 pp, including ≤ .58 for OPT-
13B and ≤ .25 for Qwen-14B; baseline SEs are
.001–.006. Appendix A describes coordinate se-
lection and the size-matched control. The j−i
specificity gap is +35/ + 72/ + 58 points for
GPT-2, +60/ + 62/ + 61/ + 44/−13 for OPT,
+3/ + 12/ + 34 for GPT-Neo, and about 0 for
Qwen. Released domain splits show the largest
sensitivity for coarse edits.

C Structural Signatures Across Models

From the raw per-model exports we computed ana-
logues of the original paper’s structural diagnostics.
Qwen is excluded where the object is undefined,
since it has no additive EPE, and is recorded as not
applicable in the artifact. Table 4 consolidates the
results. Five readings follow. First, within GPT-
2 the ∆0 diagnostics show different scale trends:
relative median separation increases with scale,
whereas strict layer coverage rises from .375 to
.950 and then recedes to .844, while the causal bQ
share falls. Second, OPT 1.3B to 6.7B separates
reliably but with absolute gaps roughly ten times
smaller than GPT-2’s, even though (b) changes lit-
tle of the sink there. This shows that geometric
co-adaptation need not imply substantial causal
load. Third, OPT-13B has a median ratio of 1.01,
and position 0 ranks first in 51.7% of head-cells.
We treat this result as inconclusive because the
corresponding chance level depends on the exact
ranking statistic. Fourth, coordinate co-adaptation
is present in every additive-PE model that has a bQ,
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Model base b c d e f g h i j

GPT-2 124M .5637 44.5 3.0 6.2 98.9 99.7 50.1 18.0 65.2 100.1
GPT-2 355M .5753 70.4 1.7 8.3 100.1 100.1 13.8 9.3 28.2 100.2
GPT-2 774M .5015 74.0 3.9 3.4 100.0 100.5 20.6 3.2 42.1 99.9

Neo 125M .2714 100.0† 5.9 30.3 99.5 92.7 3.8 50.6 97.7 100.7
Neo 1.3B .3336 100.0† 2.4 79.9 99.9 40.1 6.6 26.3 88.4 100.1
Neo 2.7B .4121 100.0† 2.2 25.2 100.0 79.6 16.1 19.4 66.3 100.0

OPT 125M .6766 82.8 2.1 60.6 46.3‡ 99.8 17.8 3.5 39.7 99.8
OPT 1.3B .6268 97.7 32.2 0.5 4.0‡ 99.6 23.9 4.6 37.7 100.0
OPT 2.7B∗ .6222 98.2 36.5 13.3 33.5‡ 99.8 17.9 7.5 38.7 99.8
OPT 6.7B∗ .6307 98.7 5.7 2.6 53.1‡ 99.7 11.7 2.9 55.6 99.9
OPT 13B∗ .3430 98.8 6.8 93.5 98.5 99.2 50.2 58.6 111.9 98.3

Qwen 0.5B .4926 5.3 99.6◦ 96.3◦ 96.3◦ 96.5 5.7 81.3 99.6◦ 99.5
Qwen 1.5B .4999 6.9 95.1◦ 83.1◦ 83.1◦ 1.3 5.3 82.3 99.2◦ 100.0
Qwen 3B .4817 12.2 99.7◦ 94.7◦ 94.7◦ 66.5 3.4 92.3 99.9◦ 99.9
Qwen 7B∗ .5348 6.1 99.4◦ 96.5◦ 96.5◦ 0.9 6.7 91.9 97.2◦ 100.0
Qwen 14B∗ .6366 41.8 100.0◦ 99.9◦ 99.9◦ 3.5 5.9 96.4 99.7◦ 99.5

Table 3: Complete cross-model sweep (% of own baseline; “base” is absolute position-0 attention over the scaled
band [3, L−1)). †: structural no-op, since there is no bQ. ‡: the raw-PE swap is not a neutral control in mid-size OPT.
◦: RoPE position-id analogues, where (d) equals (e) by construction and (i) uses a per-sentence token-embedding
stand-in. ∗: bf16; other rows are fp32. Relative percentages are more comparable across rows than absolute bf16
baselines.

including OPT-1.3B at 10.1× where (b) is causally
inert. Fifth, the EPE abstraction is architecture-
dependent and scale-dependent. It is sound in GPT-
2 at all scales, MLP-only-valid in GPT-Neo, whose
full first block reverses the net positional direction
at position 0, and it degrades with OPT scale to
.05 at 6.7B. Lever potency does not track proxy
fidelity, since Swap EPE still leaves only 2.6% at
OPT-6.7B.

D The OPT-13B Anomaly

OPT-13B is the sweep’s qualitative outlier. Under
R2 its baseline is .343; Swap EPE, No-PE, and
Remove First PE leave 93.5%, 58.6%, and 6.8%.
Zeroing massive Wk raises the sink to a seed-stable
111.9%. The single-sentence R1 probe in Table 5 is
diagnostic only and suggests a two-position anchor.

The pair carries nearly equal mass, at .755 com-
bined, so a position-0-only metric under-measures
the anchor. Swap EPE only re-balances mass
within the pair and leaves the total unchanged,
which would mechanically explain why (d) leaves
93%. Remove First PE destroys both, taking the
total to .038, so the pair appears jointly keyed to
position-0 identity. Zeroing massive Wk raises
total pair mass to .800, with a mid-band gain
and a late-layer collapse from .42 to .10 in lay-
ers 31–39. We emphasise that this is one sentence
and head-averaged, and the dataset-level metric
remains authoritative. Three checks would set-
tle it: a position-0-plus-1 metric over the existing

sweep, a fixed-band [3, 11) re-run to remove the
deep-band confound, and a threshold sweep over
nσ ∈ {2.5, 3, 3.5}.

E Residual-Sink Anatomy: Details

Decomposition values are separate softmax coun-
terfactuals and do not add linearly. With only route
B active, attention to position 0 is .210/.329/.323 at
124M/355M/774M. With only route A active it is
.377/.216/.136. The ∆-score share of the position-
0 advantage is .561/.450/.247. Query-to-k0 align-
ment means are +.228/+.023/−.061 against con-
trols at +.023/− .070/− .108, with Cohen’s d of
1.79/.42/.30 and Mann–Whitney p ≤ 1.5× 10−22.
Head-cells with alignment above .1 fall from 89 to
48 to 18% while the maximum rises from .465 to
.521 to .719. This is a distributed-to-carrier-head
transition, and it is correlational at the head level;
ablating the carrier heads is the natural causal se-
quel.

Combined interventions, as % of baseline with
cross-seed SD, are: b∧c 2.25±.06 / 1.64±.20 /
3.65±.14; b∧d 4.23±.09 / 3.47±.03 / 2.17±.08;
b∧i 24.8±.10 / 19.1±.07 / 31.2±.23; b∧i∧d
4.97±.05 / 5.58±.08 / 2.47±.06. The last row ex-
ceeds b∧d at 124M, 355M and 774M which is
the non-additivity noted in §3. Relocation: atten-
tion to the swap target under (d) is .512/.537/.483
against baselines of .006/.007/.010, giving ratios
.8965±.0040 / .9215±.0006 / .9441±.0007; after
(b), .262/.260/.360 absolute remains at the target.

1243



∆0 separation (original Fig. 1 analogue) bias–key alignment (original Fig. 2 analogue) EPE validity (original Fig. 3 analogue) causal

Model strict frac p50 ratio p50 gap pos-0 mean gap frac max MLP-only full layer b removes

GPT-2 124M .375 3.20 19.27 +.700 1.082 .990 .996 .757 55.5%
GPT-2 355M .950 3.58 12.96 +.710 .983 .994 .970 .932 29.6%
GPT-2 774M .844 3.83 9.54 +.051 .503 .753 .991 .859 26.0%
Neo 125M 0 N/A 0 0† 0 N/A .997 −.757 0†

Neo 1.3B 0 N/A 0 0† 0 N/A .925 −.646 0†

Neo 2.7B 0 N/A 0 0† 0 N/A .989 −.749 0†

OPT 125M 1.000 6.09 12.70 +.864 1.498 1.000 1.000 1.000 17.2%
OPT 1.3B .750 3.88 1.57 −.285 .192 .766 .867 .851 2.3%
OPT 2.7B .750 3.68 1.32 −.314 .252 .875 .805 .875 1.8%
OPT 6.7B .679 3.59 1.14 −.291 .149 .779 .052 .570 1.3%
OPT 13B .000 1.01 0.01 −.547 .023 .517 .408 .404 1.2%
Mistral (×5) N/A N/A N/A +.795 N/A N/A N/A N/A 7.7%

Table 4: Per-model structural signatures over each model’s mid band. “Strict frac” is the layer fraction whose
position-0 tenth percentile exceeds every other position’s ninetieth percentile for min-recentred ∆; “p50 ratio/gap”
compares position 0 with the largest other-position median. “Gap” is the position-0 minus other-position mean
cosine, and “frac max” the head-cell fraction ranking position 0 first. EPE validity is the position-0 median cosine
to the net positional signal. “b removes” is the sink share removed by nullifying bQ. †: zero because bQ is absent.
Massive-to-other |bQW⊤

k | ratios are 7.79/7.62/3.84× for GPT-2 and 7.21/10.09/7.94/6.96/3.79× for OPT.

Model base b c d e f g h i j

GPT-2 124M .5637 44.5 3.0 6.2 98.9 99.7 50.1 18.0 65.2 100.1
GPT-2 355M .5753 70.4 1.7 8.3 100.1 100.1 13.8 9.3 28.2 100.2
GPT-2 774M .5015 74.0 3.9 3.4 100.0 100.5 20.6 3.2 42.1 99.9

Neo 125M .2714 100.0† 5.9 30.3 99.5 92.7 3.8 50.6 97.7 100.7
Neo 1.3B .3336 100.0† 2.4 79.9 99.9 40.1 6.6 26.3 88.4 100.1
Neo 2.7B .4121 100.0† 2.2 25.2 100.0 79.6 16.1 19.4 66.3 100.0

OPT 125M .6766 82.8 2.1 60.6 46.3‡ 99.8 17.8 3.5 39.7 99.8
OPT 1.3B .6268 97.7 32.2 0.5 4.0‡ 99.6 23.9 4.6 37.7 100.0
OPT 2.7B∗ .6222 98.2 36.5 13.3 33.5‡ 99.8 17.9 7.5 38.7 99.8
OPT 6.7B∗ .6307 98.7 5.7 2.6 53.1‡ 99.7 11.7 2.9 55.6 99.9
OPT 13B∗ .3430 98.8 6.8 93.5 98.5 99.2 50.2 58.6 111.9 98.3

Qwen 0.5B .4926 5.3 99.6◦ 96.3◦ 96.3◦ 96.5 5.7 81.3 99.6◦ 99.5
Qwen 1.5B .4999 6.9 95.1◦ 83.1◦ 83.1◦ 1.3 5.3 82.3 99.2◦ 100.0
Qwen 3B .4817 12.2 99.7◦ 94.7◦ 94.7◦ 66.5 3.4 92.3 99.9◦ 99.9
Qwen 7B∗ .5348 6.1 99.4◦ 96.5◦ 96.5◦ 0.9 6.7 91.9 97.2◦ 100.0
Qwen 14B∗ .6366 41.8 100.0◦ 99.9◦ 99.9◦ 3.5 5.9 96.4 99.7◦ 99.5

Table 3: Complete cross-model sweep (% of own baseline; “base” is absolute BOS attention over the scaled band
[3, L−1)). †: structural no-op, since there is no bQ. ‡: the raw-PE swap is not a neutral control in mid-size OPT.
◦: RoPE position-id analogues, where (d) equals (e) by construction and (i) uses a per-sentence token-embedding
stand-in. ∗: bf16; other rows are fp32. Relative percentages are more comparable across rows than absolute bf16
baselines.
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Figure 5: Dose response across GPT-2 scale (α grid {0, .25, .5, .75, 1, 1.25, 1.5}, % of each model’s baseline;
cross-seed SDs are smaller than the markers). Scaling bQ and scaling the massive Wk columns are perfectly
monotone. PE-identity interpolation is threshold-like between α = .25 and α = .5. Raw-PE deletion flips sign with
scale.
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Figure 5: Dose response across GPT-2 scale (α grid {0, .25, .5, .75, 1, 1.25, 1.5}, % of each model’s baseline;
cross-seed SDs are smaller than the markers). Scaling bQ and scaling the massive Wk columns are perfectly
monotone. PE-identity interpolation is threshold-like between α = .25 and α = .5. Raw-PE deletion flips sign with
scale.

int. pos. 0 pos. 1 pos. 0+1

a .389 .366 .755
b .385 .364 .749
c .003 .035 .038
d .355 .400 .755
h .133 .217 .350
i .423 .377 .800

Table 5: OPT-13B single-sentence probe (head-
averaged attention mass).

Surgical against coarse edits: skipping only
the first-layer MLP leaves 102.5/6.9/87.7%, while
the all-layer No-MLP leaves 50.1/13.8/20.6%.
The first-layer skip nonetheless costs +2.42/ +
4.54/ + 4.21 nats. This mechanism-versus-
function dissociation is further evidence of per-
checkpoint reorganization. Cross-entropy baselines
are 4.009/3.727/3.539 nats, equal to the Hugging
Face reference to under 5×10−8. ∆CE for nullify-
bQ is +1.586/ + 0.355/ + 0.120, and for zero-
massive-Wk it is +0.259/+1.058/+0.472. Note
that the massive-coordinate count differs across
scales, at k=3 against k=6, which confounds the
cross-scale trend for (i) at 65.2/28.2/42.1%.

run sink align. top-3 coords

alias .6449 .812 683, 8, 541
battlestar .6546 .824 618, 318, 341
caprica .6515 .805 115, 229, 439
darkmatter .6439 .762 610, 470, 192
expanse .6530 .773 529, 233, 41

paper .563 (pos.) 138, 378, 447

Table 6: Converged circuit per run at 400k steps, under
R2. All ten pairwise top-3 Jaccard indices are 0, which
matches the uniform null (see text). Mean query align-
ment is .304± .021, delta-only attention is .059± .001,
and max|EPE0| is 1.360± .040.

F Emergence: Details

Null test for coordinate disjointness. The five
3-sets have zero pairwise Jaccard and 15 unique
coordinates. Under a uniform null over 768 di-
mensions, all five sets are disjoint with probability
.8887; a 100,000-trial simulation gives .8895 and
mean pairwise Jaccard .0023. Disjointness there-
fore has no evidential weight alone. Exact recovery
of {138, 378, 447} in one run has chance probabil-
ity 1.3× 10−8, but no run shows it; conversely, no
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overlap with that set across five runs has probabil-
ity .943 and is also uninformative. The supported
evidence for run-specific coordinates is no agree-
ment between runs plus label mobility until the
final checkpoint.

Coverage is 5 runs by 17 checkpoints, or 85 of
85 completed evaluations, on a fixed 300-example
set with layers 4–11 in fp32. Massive coordinates
are re-identified at every checkpoint. The step-0
controls pass: the sink is .0341, bias alignment is
zero, and every intervention efficacy is zero. The
sink falls to .0201 at step 400 and then grows at
every stored checkpoint. Coordinate labels stay
mobile, with caprica locking at 40k, battlestar at
100k, and the other three only at 400k. The median
50%-onset is 20k for the sink, EPE amplitude, and
delta-only attention. Alignment onsets are unstable
because those curves are non-monotone, which
is why the pre-specified ordering test is negative
(statistic 0, p = .25, 3 of 5 runs). Route A’s causal
share peaks at 14.2% near 70k steps and then falls
to 7.7% by 400k, while its structural alignment
continues to rise.

A scaling fault found by the second execution
path. This section is where the two paths first
disagreed, and the disagreement turned out to be a
fault in our own code rather than a property of the
models. We record it because the way it was found
and hidden is itself a reproducibility result.

The original R1 executor hard-coded
the attention scale as D

−1/2
h and never

read the checkpoint configuration. The
Stanford CRFM checkpoints set both
scale_attn_by_inverse_layer_idx
and reorder_and_upcast_attn, so Hug-
ging Face additionally divides layer l scores by
(l+1) and upcasts the softmax. Omitting the
divisor inflates logits, sharpens every softmax,
and therefore inflates exactly the quantities that
are read through a softmax. The converged sink
came out at .897 ± .008 instead of .650 ± .005,
an inflation of 38%, and delta-only attention at
.555 ± .013 instead of .059 ± .001, a factor of
9.4. Weight-derived quantities were never affected,
which is why EPE amplitude, bias-key alignment,
and every coordinate set matched throughout and
the fault was invisible in half the analysis.

The fault survived our parity gate because that
gate ran only on openai-community/gpt2,
where both flags are off and the two paths there-
fore agree to 10−7 by construction. A gate that

never varies the configuration cannot test config-
uration handling. After correcting the executor
we added a CRFM-specific gate, which passes on
68 of 68 quantities with a worst relative devia-
tion of 4.6 × 10−6, and re-ran the whole study
on both paths. Across 5 runs × 17 checkpoints × 9
forward-dependent quantities, 765 paired measure-
ments, the largest absolute difference is 2.4×10−7.
Converged values agree to eight decimals, all five
coordinate triples are identical, and the ordering
test returns the same statistic and p-value from both
paths. Every qualitative finding in §5 held under
the faulty path as well, including the step-400 dip,
the anti-aligned early phase, the EPE overshoot,
and the negative ordering test, so no conclusion in
this paper ever rested on the inflated numbers. All
reported values are the corrected ones.

One quantity remains numerically unstable
rather than wrong. The route-A share of the delta
score advantage divides by a per-cell quantity that
can pass through zero, and the two paths disagree
in 19 of 85 checkpoints, occasionally by orders
of magnitude. Its converged value is reliable, at
.104299 from both paths, agreeing to 2.6× 10−7,
and that is the only value we quote. Delta-only
attention, the route-A share of the delta score ad-
vantage, and the fraction of the full-model sink
removed by nullifying bQ have different denomi-
nators, so they are not estimates of one common
percentage. We do not plot the unstable trajectory.
Intervention efficacies before step 4k divide by a
near-zero sink and should likewise be read as unde-
fined rather than small.

These checkpoints also differ from OpenAI GPT-
2 in data and schedule, so this section studies learn-
ing dynamics rather than replicating a training run.

G Evaluation: Details

Additional records follow. Concordance: Position-
0 attention gives τ = .956 against sink-rate .5
and τ = .867 against rates .2/.3 and rank; en-
tropy gives τ = .644 against position-0 atten-
tion and .600 against rate .5. All five of fif-
teen pairs below .8 involve entropy. Intensive
against extensive at threshold .3: (c)/(d) deac-
tivate 99.9/98.0% of active head-cells; (i) keeps
70.3% active but shrinking; (b) yields 57.3% de-
activated and 40.9% shrinking. Length invari-
ance: k0 and ∆0 agree across nested prefixes
within 2 × 10−6 relative error. Extreme long-
context slopes for (b)/(d) reflect nonlinear curves

1245



40 128 256 512 1k

context length, tokens

0.40

0.45

0.50

0.55

0.60

ba
se

lin
e 

si
nk

context 25.6× ,
sink −23.7%

40 128 256 512 1k

context length, tokens

10−1

100

101

102

pe
rc

en
t o

f s
am

e-
le

ng
th

 b
as

el
in

e

b

c

d

i
j

Figure 6: Length generalization. Left: the baseline sink falls only 23.7% while context grows 25.6×. Right:
intervention residuals as a percentage of the same-length baseline, on a log scale, with each curve labelled at its
right end. Remove First PE strengthens with length, Swap EPE is non-monotone, the key edit weakens steadily, and
the random control stays near 100%.

tensive at threshold .3: (c) and (d) de-activate 99.91068

and 98.0% of active head-cells, (i) keeps 70.3%1069

active but shrinking, and (b) is mixed at 57.3%1070

de-activated and 40.9% shrinking. Length invari-1071

ance: k0 and ∆0 agree across nested prefixes to1072

a maximum relative discrepancy under 2 × 10−6.1073

Extreme (b) and (d) logit-slope estimates at long1074

context come from non-linear position curves and1075

low-probability logits, and we do not read them1076

as new scaling laws. Frontier: the plotted points1077

plus b∧i at 75.2% for +2.680 nats and b∧i∧d at1078

95.1% for +2.774 nats. The stored per-stratum1079

reduction-per-nat column is unstable near zero cost1080

and is not used. Position-level damage as mean1081

∆CE in early/middle/late thirds: at 40 tokens (b)1082

2.29/1.60/.93, (c) 5.60/3.29/2.38, (i) .43/.20/.14; at1083

1024 tokens (b) .55/.52/1.09, (c) 1.75/1.16/1.43, (i)1084

.16/.14/.15. Calibration and power: bootstrap-SE1085

to reseed-SD ratios run .94 to 3.63 by intervention,1086

and paired MDEs at n=300 run from .0006 for (f)1087

to .0222 for (h). The (e) minus (f) gap of .005361088

is below its MDE of .00656, so we leave it unre-1089

solved. The fixed-draw (j) effect of +.0195 is far1090

above its MDE of .00044, so that control’s small1091

increase is real for that draw.1092

H Reference Execution and Parity1093

R2, our reference execution, uses NNsight 0.7.01094

(Fiotto-Kaufman et al., 2025) over the native Hug-1095

ging Face eager-attention path, with Transformers1096

5.3.0 and PyTorch 2.10.0+cu128. Eager attention is1097

required because the experiments read realized at-1098

tention probabilities, queries, keys, and logits. GPT-1099

2, GPT-Neo, OPT-125M/1.3B, and Qwen2.5 up to1100

3B run in fp32. OPT-2.7B/6.7B/13B and Qwen2.5-1101

7B/14B run in bf16. The emergence, residual-sink,1102

and evaluation studies run in fp32.1103

Parity gates pass for every tested GPT-2 quan-1104

tity: 10 of 10 intervention rows, 9 of 9 emergence 1105

quantities, 48 of 48 residual-sink quantities, and 1106

1,090 of 1,090 evaluation rows. In the residual-sink 1107

gate, all primitive quantities passed the original tol- 1108

erance, and one derived ratio needed a 5 × 10−4 1109

relative-tolerance floor, which the report records. 1110

Sample manifests are identical between R1 and R2, 1111

so the comparison uses the same examples. All 1112

16 model suites and all 85 emergence checkpoints 1113

completed, and the numeric audit found no NaN or 1114

infinite values. 1115

The two paths agree to six displayed decimals for 1116

all GPT-2 scales, all GPT-Neo models, and OPT- 1117

125M/1.3B. They differ on OPT-2.7B/6.7B/13B, 1118

where the change of executor and the change of 1119

dtype are confounded, and on the five Qwen mod- 1120

els, where the largest pooled residual change is 1121

4.29 pp and the largest domain-level change is 1122

5.34 pp. No family fingerprint reverses. Qwen 1123

has no family-specific parity gate, so we report the 1124

observed values without assigning a unique cause. 1125

The residual-sink analysis was rerun under R2 only 1126

at 124M, so the 355M and 774M rows remain R1 1127

results, and the OPT-13B single-sentence probe is 1128

R1 evidence. The emergence discrepancy is de- 1129

scribed in Appendix F. 1130

I Reproducibility Checklist 1131

Every reported value traces to a CSV, JSON, or 1132

NPZ file in the released archive, which contains 1133

2,069 files and 2,062,645,551 bytes. Each run 1134

records model geometry, dtype, layer band, seeds, 1135

and the exact coordinates ablated. All 16 model 1136

geometries were checked against the upstream con- 1137

figurations. Duplicate exports are documented, and 1138

a five-example timing tree is excluded from infer- 1139

ence. The archive includes the sampled SST-2, 1140

GSM8K, and HumanEval manifests, pointers to 1141

14

Figure 6: Length generalization. Left: the baseline sink falls only 23.7% while context grows 25.6×. Right:
intervention residuals as a percentage of the same-length baseline, on a log scale, with each curve labelled at its
right end. Remove First PE strengthens with length, Swap EPE is non-monotone, the key edit weakens steadily, and
the random control stays near 100%.

int. pos. 0 rate>.3 rank entr. m1–4 Gini

a .5625 .886 1.36 .419 .021 .206
b .2498 .380 4.38 .563 .022 .421
c .0166 .001 19.8 .607 .053 .679
d .0350 .018 13.5 .488 .552 .690
e .5552 .887 1.36 .417 .033 .200
f .5606 .884 1.36 .421 .021 .207
g .2836 .375 6.22 .563 .051 .544
h .1024 .107 13.4 .611 .225 .624
i .3659 .630 1.77 .548 .034 .244
j .5820 .911 1.32 .395 .020 .188

Table 7: Metric multiverse at 40 tokens (means over 3
seeds, SDs ≤ .008). “m1–4” is attention mass relocated
to positions 1–4. Swap EPE relocates a concentrated an-
chor, while Remove First PE diffuses mass to positions
5 and beyond (.930). Fixed-draw (j); resampled control
in Table 1. Band/seed set differs from Table 1, hence
small baseline offsets.

regime base b c d h i

SST-2 .600 44.6 2.3 6.5 16.7 65.7
GSM8K .548 43.1 2.4 7.1 23.8 66.0
HumanEval .540 45.5 4.3 5.1 14.2 63.4
uniform-random .602 55.1 2.1 5.7 20.6 68.0
Zipf/unigram .523 45.7 2.6 8.6 26.8 63.3
shuffled natural .508 46.0 2.9 8.3 28.4 63.7
repeated token .533 57.5 4.3 10.0 6.4 72.8

Table 8: Content generality (% of each regime’s own
baseline). The address of the anchor is stable across
the seven tested regimes, since (c) leaves 2.1–4.3% ev-
erywhere. The route mixture is not, since (b) spans
43.1–57.5%.

and low-probability logits, not new scaling laws.
Frontier: b∧i removes 75.2% for +2.680 nats
and b∧i∧d 95.1% for +2.774; unstable reduction-
per-nat values near zero cost are unused. Position
damage in early/middle/late thirds: at 40 tokens,
(b) 2.29/1.60/.93, (c) 5.60/3.29/2.38, (i) .43/.20/.14;
at 1024, (b) .55/.52/1.09, (c) 1.75/1.16/1.43, (i)
.16/.14/.15. Calibration and power: bootstrap-
SE/reseed-SD ratios are .94–3.63; paired MDEs

range from .0006 for (f) to .0222 for (h). The (e)-(f)
gap .00536 is below its .00656 MDE and remains
unresolved; fixed-draw (j), +.0195 versus MDE
.00044, is a real draw-specific increase.

H Reference Execution and Parity

R2, our reference execution, uses NNsight 0.7.0
(Fiotto-Kaufman et al., 2025) over the native Hug-
ging Face eager-attention path, with Transformers
5.3.0 and PyTorch 2.10.0+cu128. Eager attention is
required because the experiments read realized at-
tention probabilities, queries, keys, and logits. GPT-
2, GPT-Neo, OPT-125M/1.3B, and Qwen2.5 up to
3B run in fp32. OPT-2.7B/6.7B/13B and Qwen2.5-
7B/14B run in bf16. The emergence, residual-sink,
and evaluation studies run in fp32.

Parity gates pass for every tested GPT-2 quan-
tity: 10 of 10 intervention rows, 9 of 9 emergence
quantities, 48 of 48 residual-sink quantities, and
1,090 of 1,090 evaluation rows. In the residual-sink
gate, all primitive quantities passed the original tol-
erance, and one derived ratio needed a 5 × 10−4

relative-tolerance floor, which the report records.
Sample manifests are identical between R1 and R2,
so the comparison uses the same examples. All
16 model suites and all 85 emergence checkpoints
completed, and the numeric audit found no NaN or
infinite values.

The two paths agree to six displayed decimals for
all GPT-2 scales, all GPT-Neo models, and OPT-
125M/1.3B. They differ on OPT-2.7B/6.7B/13B,
where the change of executor and the change of
dtype are confounded, and on the five Qwen mod-
els, where the largest pooled residual change is
4.29 pp and the largest domain-level change is
5.34 pp. No family fingerprint reverses. Qwen
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has no family-specific parity gate, so we report the
observed values without assigning a unique cause.
The residual-sink analysis was rerun under R2 only
at 124M, so the 355M and 774M rows remain R1
results, and the OPT-13B single-sentence probe is
R1 evidence. The emergence discrepancy is de-
scribed in Appendix F.

I Reproducibility Checklist

Every reported value traces to a CSV, JSON, or
NPZ file in the released archive, which contains
2,069 files and 2,062,645,551 bytes. Each run
records model geometry, dtype, layer band, seeds,
and the exact coordinates ablated. All 16 model
geometries were checked against the upstream con-
figurations. Duplicate exports are documented, and
a five-example timing tree is excluded from infer-
ence. The archive includes the sampled SST-2,
GSM8K, and HumanEval manifests, pointers to
the public Hugging Face checkpoints, and the five
Stanford CRFM Mistral runs. It also includes per-
model analogues of the original paper’s seven struc-
tural figures, and scripts that regenerate every table
and figure in this paper from the archived results.
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