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Abstract

A language model can learn a task from ex-
amples in its prompt. Function vectors (FVs)
and task vectors (TVs) aim to transfer that
behavior to a new prompt by modifying the
model’s activations. We reproduce both meth-
ods on word-pair tasks across GPT-J, Llama-
3.1, and Gemma-2. In held-out tests, FVs out-
perform random controls on GPT-J and Llama-
3.1-8B. TVs outperform shuffled-label controls
on GPT-J and both base and instruction-tuned
Gemma; the Llama-8B comparison is incon-
clusive. Our FV implementation achieves zero
accuracy on both Gemma checkpoints in a two-
task follow-up. Sentiment classification shows
a further limitation: in-context learning (ICL)
achieves 73.5-94.0% accuracy with arbitrary la-
bels, while TVs achieve only 49.6-52.7%. Suc-
cessful transfer on word pairs therefore does
not extend to this sentiment dataset. Separating
vector construction, layer selection, and testing
also shows why gains over zero-shot accuracy
can overstate the evidence for transfer. Code
and data are available online.!

1 Introduction

Ten input-output demonstrations can change how
a language model answers a query. Can we trans-
fer that behavior without repeating the demonstra-
tions? Todd et al. (2024) extract a function vector
(FV) from selected attention heads and add it to
the residual stream of a new prompt. Hendel et al.
(2023) instead extract a task vector (TV) from one
hidden state and use it to replace a state in the new
prompt. Both methods improve task accuracy in
the original studies.

The original studies cover GPT-J and several
other model families, but leave later checkpoints
untested. Interpretability results can depend on
metric and intervention choices (Zhang and Nanda,
2024) and vary across models (Yin and Steinhardt,

"https://github.com/Serendeep/fv-tv-repro

2025). We therefore reproduce the effects on GPT-J
before extending the same implementation to newer
checkpoints.

We ask where these effects hold and what they
depend on. We first test 16 word-pair tasks, includ-
ing antonyms, translation, and capitalization. We
then evaluate eight shared tasks with separate data
for vector construction, layer selection, and testing.
Finally, we test whether TVs transfer sentiment
classification when the output labels are arbitrary
letters.

Our implementation uses NNsight (Fiotto-
Kaufman et al., 2025), with native PyTorch hooks
for matched base and instruction-tuned Gemma
runs. We compare real vectors with controls that
shuffle labels or replace the vector. Further con-
trols change the source task and prompt format. TV
experiments also extend to Llama-3.1-70B.

We score the first token of each answer. This
measures transfer across the tested tasks and check-
points, rather than reasoning or open-ended genera-
tion. Appendix A records departures from the orig-
inal methods and our sampling protocol (Pineau
et al., 2021).

2 Background and claims

Function vectors. Todd et al. (2024) first aver-
age each attention head’s output over demonstra-
tion prompts. To identify useful heads, they patch
these averages into prompts with shuffled labels. A
head’s score is the resulting increase in probability
of the correct answer, called its average indirect
effect (AIE). The FV sums selected head outputs
after projection into the residual stream.

Todd et al. select heads using AIE averaged
across tasks and vary the number of heads, k, with
model size. Our main grid selects ten heads sepa-
rately for each task. The original study finds that
adding an FV at an early-middle layer restores
much of the model’s ICL accuracy.
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Task vectors. Hendel et al. (2023) append a
dummy query to a demonstration prompt. They
extract the hidden state 6 at its final token in an
intermediate layer L. Replacing the corresponding
state in a zero-shot prompt with 6 recovers most
ICL accuracy. Recovery peaks at intermediate lay-
ers and falls at late layers.

FVs add selected head outputs; TVs replace a
hidden state. These are activation interventions,
distinct from weight-space task arithmetic (Ilharco
et al., 2023). Brumley et al. (2024) compare FVs
with the in-context vectors of Liu et al. (2024),
which use a different construction from Hendel et
al’s TVs.

Related work studies attention heads that support
ICL (Yin and Steinhardt, 2025), their connection
to task vectors (Yang et al., 2025), and ICL circuits
in Gemma-2 2B (Bakalova et al., 2025). Tikhonov
et al. (2026) examine TV limits on more complex
tasks. Table 1 lists the claims we test.

3 Methodology

We use two evaluation designs. The exploratory
grid selects and evaluates layers on the same data.
The follow-ups separate construction, development,
and test inputs: development accuracy selects the
layer, and test accuracy measures transfer. We de-
scribe the grid below and the follow-ups in §§4.5—
4.7.

3.1 Models

GPT-J-6B (Wang and Komatsuzaki, 2021) is our
starting point because both original papers eval-
vated it. We extend the tests to Llama-3.1-
8B (Grattafiori et al., 2024) and Gemma-2-9b-
it (Gemma Team, 2024). Only Gemma IT is
instruction-tuned. The matched Gemma follow-up
also tests the base checkpoint. At Llama-3.1-70B,
we test TVs only; FV head selection took too long
for the available compute time (Appendix B).

3.2 Tasks

The 16 tasks cover linguistic transformations, fac-
tual knowledge, translation, and algorithmic se-
quences (Table 8). We use the task collection of
Todd et al. (2024), with 197-5,199 pairs per task.
We compare the top-1 prediction with the first to-
ken of the space-prefixed reference. Answers of
any length remain in the data, so a correct first to-
ken may be only part of an answer such as “Buenos
Aires”.

Within each model, both methods use the same
tasks and evaluation splits. Evaluation rows are
excluded from demonstrations. Deployment avail-
ability determines completed coverage (Table 2).

3.3 Interventions

Prompts present each demonstration as Q: {x}\nA:
{y}, with blank lines between examples. They end
with the new query followed by A:. We measure
zero-shot accuracy, 10-shot ICL accuracy, and in-
tervention accuracy on the same evaluation split.

FV construction averages head activations over
32 fresh demonstration prompts, then selects the
ten highest-AIE heads. TV construction uses
one demonstration prompt ending in an in-domain
dummy query. Table 2 gives the AIE trials and
layer-sweep strides.

We report the fraction of the ICL accuracy gain
recovered by the intervention:

ACCmethod — aCCgzero
acCicL — aCCqzero

recovery =

A ratio above 1 means the intervention exceeds its
ICL baseline. The exploratory grid reports the best
swept layer.

3.4 Controls and statistics

FV controls are a norm-matched Gaussian vector
and a random-10-head vector. The TV control
permutes demonstration labels among the same
inputs, sometimes retaining correct pairs. In the
exploratory grid, all controls use the real method’s
best evaluation layer.

A grid cell is one model-method—task—seed com-
bination. Each exploratory seed draws new demon-
strations and evaluation rows. We estimate 95% in-
tervals by resampling tasks 10,000 times and pool-
ing their seeds. Tasks with more completed seeds
therefore receive more weight. Every reported grid
cell has an ICL-minus-zero-shot accuracy gap of at
least 0.2.

For C1.1 and C2.1, a pass requires a positive
paired method-minus-control interval and Cohen’s
d > 0.8. A weak pass uses the same interval cri-
terion with 0.5 < d < 0.8. We average the two
FV controls before computing paired differences.
Appendix D defines the grading and effect sizes.

C2.2 tests the layer profile: TV recovery should
peak at intermediate layers and fall toward the end
of the model.

Selecting the layer on evaluation data favors the
real intervention. We assess this bias by selecting
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ID Claim

Source

Cl.1 Adding an FV to the residual stream of a zero-shot prompt at an early-middle layer restores Todd et al. (2024),
a substantial fraction of ICL task accuracy §§2.3,3.1

C2.1 Replacing one hidden state of a zero-shot prompt with a TV at an intermediate layer Hendel et al.
recovers most ICL accuracy (2023), §3

C2.2 Recovery is layer-structured: peaks at intermediate layers, collapses late Hendel et al.

(2023), §3.3
C3.1 (ours) FV and TV recovery correlate across tasks within a model new
C3.2 (ours) Claims C1.1/C2.1 hold, on the same word-pair tasks, on models neither paper tested: new

Llama-3.1-8B, Llama-3.1-70B, Gemma-2-9b-it

Table 1: Claims tested in this reproduction.

GPT-J L3.1-8B Gemma-2 L3.1-70B

tasks 14 8 5 16
seeds 0-1 0-2 0-2 0-2
(task, seed) n 27 24 12 48
eval items 15 25 25 25
sweep stride 4 2 2 3
AIE trials 5 10 5 -

Table 2: Exploratory-grid protocol and coverage per
model.

on seed 0 and testing on the remaining seeds (CV
in Table 4). Selecting separately on each evalua-
tion seed raises recovery by 0.00-0.14 on the same
cells.

Seed splits can overlap, and this check does not
reselect control layers. The follow-up therefore
uses a separate development set, as in Hendel et al.

(§4.5).

4 Results

4.1 Exploratory results

Both methods reproduce positive effects on GPT-J
(Tables 3 and 4; Figure 1). FV injection recovers
0.50 of the ICL gap (d = 2.4). TV replacement
recovers 0.56, against 0.28 for shuffled states (d =
0.78), meeting our weak-pass criterion.

TVs show positive paired effects across all four
checkpoints in the exploratory grid. FVs also pass
on Llama-3.1-8B, with recovery of 0.42 (d = 2.0),
but fail on Gemma-2-9b-it (§4.3). Llama FV re-
covery ranges from 0.86 on singular-plural to 0.02
on person-occupation. The held-out task results in
§4.5 examine this variation under balanced cover-
age.

4.2 Layer profiles

Figure 2 averages recovery at each layer; Table 4

first selects the best layer for each task and seed.
TV recovery peaks at intermediate layers on all

four models (Figure 2): layer 12 of 28 on GPT-J,

Claim GPT-J L3.1-8B Gemma-2 L3.1-70B
Cl.1 (FV) pass pass fail n/a
C2.1(TV) weak pass  pass pass pass
C2.2 (layers) pass pass pass pass
C3.1 (corr.) not detected (underpowered; §4.4)
C3.2 (gen.) TV qualified; FV mixed

Table 3: Exploratory verdicts with evaluation-selected
layers. Gemma FV refers to our implementation. Held-
out comparisons: §4.5.

Model M. Recovery[CI] CV Ctrl. d
GPT-J FV 0.50[0.33,0.65] 0.58 -0.01 243
TV 0.56[0.41,0.71] 0.53 0.28 0.78
L3.1-8B  FV 0.42][0.19,0.66] 0.37 0.00 2.03
TV 0.83[0.75,091] 0.77 042 1.68
Gemma-2 FV 0.01[0.00,0.02] 0.00 0.01 0.00
TV 0.83[0.61,1.05] 0.62 0.39 1.44
L3.1-70B TV 0.80[0.68,0.90] 0.68 0.48 1.03

Table 4: Exploratory best-layer recovery and matched
controls. CV uses held-out seeds and a different cell
subset (Appendix D).

14 of 32 on Llama-3.1-8B, 24 of 42 on Gemma-
2, and 30 of 80 at 70B. Recovery falls toward the
final swept layers, matching C2.2. GPT-J’s sweep
reaches layer 24.

FV recovery also peaks at intermediate layers on
Llama-3.1-8B. GPT-J is flatter, rising from 0.39 at
layer O to 0.43 at layer 12. Gemma-2 remains near
zero throughout.

4.3 Function vectors on Gemma-2

Our FV implementation produces little useful trans-
fer on Gemma-2-9b-it. It recovers 0.01 of the ICL
gap across 12 cells (95% CI [0.00, 0.02]), with zero
paired advantage over controls. Scaling the vec-
tor, moving the injection site, and selecting up to
40 heads across tasks do not restore a consistent
advantage (Appendix C).

The matched follow-up tests antonym and
country-capital on both Gemma checkpoints, with
three seeds and separate development/test inputs.
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GPT-J FV —
GPTJ TV = ———
L3.1-8BFV —
L3.1-8B TV — ——
Gemma-2 FV =
Gemma-2 FV (cross-task k=40) —
Gemma-2 TV — —_—
L3.1-70B TV = ——

0.0 0.2 0.4 0.6 0.8 1.0
recovery ratio

Figure 1: Exploratory best-layer recovery. Bars: task-
bootstrap 95% Cls; x: controls at the same layer; hol-
low marker: Gemma cross-task heads (k = 40).
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Figure 2: Exploratory-grid mean recovery by layer
depth. FV is dashed; TV is solid.

FV accuracy is 0% throughout, although ICL
reaches 68.0-98.7% (Table 16). This result applies
to our implementation on these two tasks.

4.4 Additional controls

Recovery after label shuffling. Shuffled-label
states retain 0.28-0.48 recovery across the four
models, compared with 0.56-0.83 for correctly la-
beled states. Shuffling therefore preserves a sub-
stantial part of the intervention effect.

The effect varies by task (Figure 3; Table 8). On
GPT-J synonym, shuffling reduces recovery from
0.81 to zero. On 70B country-capital, recovery
remains 0.88, against 1.03 for the real vector. Task
recognition and pretrained associations are possible

6 variant GPT-J L3.1-8B L3.1-70B

real, replace 0.56 0.83 0.80
label-shuffled 0.28 0.42 0.48
cross-task donor  -0.01 0.06 0.03
template swap 0.41 0.69 0.55
real, additive 0.16 0.42 0.49
cells / tasks 27/14 24/8 48 /16

Table 5: Exploratory control recovery at the real TV’s
best layer; additive TV selects its own best layer. Means
across cells.

contributors (Pan et al., 2023; Min et al., 2022). In
ordinary ICL, label sensitivity also depends on the
model and evaluation setup (Yoo et al., 2022; Wei
et al., 2023; Kossen et al., 2024).

Sibling tasks and extraction templates. We ex-
tract a state from a sibling task, such as synonym
for antonym, and patch it at the target task’s best
layer. Mean recovery is —0.01 on GPT-J, 0.06 on
Llama-3.1-8B, and 0.03 at 70B (Table 5). Transfer
is small on average, with exceptions: present-past
vectors recover 0.23 on 70B singular-plural.

A template-swap control extracts from correctly
labeled x -> y demonstrations and patches into
the usual Q:/A: prompt. Mean recovery is 0.41
on GPT-J, 0.69 on Llama-3.1-8B, and 0.55 at 70B.
Both controls use the real vector’s selected layer.
Appendix D specifies donors and prompts.

Surface edits depend on extraction format. On
GPT-J, changing Q:/A: extraction to the arrow tem-
plate raises capitalization recovery from 0.47 to
0.97 and first-letter capitalization from 0.40 to 0.87.
These apparent failures depend on the extraction
format. Lowercasing the first letter remains weak
under both templates: recovery is 0.23 and 0.31 on
GPT-J, and 0.09 and 0.03 at 70B.

Adding the TV instead of replacing the state
improves only one of six surface-edit task-model
averages: full capitalization at 70B, from 0.78 to
0.82. Appendix D gives all additive results.

Cross-method correlation (C3.1). Per-task FV
and TV recovery have Spearman p = 0.05 on GPT-
J (p = 0.86, 14 tasks) and p = —0.05 on Llama-
3.1-8B (p = 0.91, eight tasks). These small sam-
ples provide no evidence of correlation and have
limited power to detect one.

4.5 Held-out evaluation

Does the advantage over controls survive indepen-
dent layer selection? We construct vectors on one
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Figure 3: Exploratory TV versus control recovery at the real TV’s selected layer. Points average seeds per task and

model; the diagonal marks equality.

Model Method Difference 95% CI
GPT-J FV +35.9 [18.5,52.6]
GPT-] TV +16.1 [4.1,30.3]
Llama-3.1-8B  FV +24.3 [7.6,42.9]
Llama-3.1-8B TV —4.2 [-20.7,8.7]

Table 6: Held-out method-minus-control accuracy (per-
centage points). Each control selects its own layer; 95%
CIs bootstrap eight task means.

input set, select layers on development inputs, and
evaluate once on test inputs. Each control selects
its own layer. The sets are disjoint.

We complete 96 cells across two models, two
methods, eight tasks, and three construction seeds.
Each task reserves 25 development inputs and 50
test inputs. Appendix E gives the partitions and
construction details.

FVs exceed the mean of their random controls
on both models (Table 6). TVs exceed shuffled-
label controls on GPT-J, while the Llama interval
Crosses zero.

The Llama result shows why control layers mat-
ter. TV accuracy is 50.0%; shuffled controls reach
54.2% at their own selected layers, but only 34.7%
at the real TV’s selected layer. TV accuracy re-
mains well above the 4.1% zero-shot baseline with-
out an established advantage over shuffling.

Task differences remain large (Table 13). On
Llama, the TV-minus-shuffle difference is —55.6
points for English-French and +21.8 for antonym.
The aggregate result therefore does not describe a
uniform failure across tasks.

Model TV Control A 95% CI

Gemma base 62.6
Gemma IT  66.4

436 +19.1 [3.9,35.3]
340 +32.3 [7.4,57.9]

Table 7: Held-out Gemma TV accuracy (%). A: TV
minus independently selected shuffled controls (percent-
age points); 95% CIs bootstrap tasks.

4.6 Matched Gemma task-vector evaluation

Both Gemma checkpoints follow the same eight-
task protocol, giving 48 TV cells. They share input
partitions and demonstrations, and each control
selects its own layer. Both run in FP16 on the
same hardware and software setup. We specified
this extension after inspecting the earlier follow-up;
Appendix F records the backend checks.

TVs exceed shuffled controls by 19.1 points on
base Gemma and 32.3 on Gemma IT (Table 7). The
larger IT advantage is uncertain: the paired differ-
ence is 13.3 points, with a task-bootstrap interval
of [—-2.9,27.9]. Per-task results appear in Table 14.

4.7 Sentiment and arbitrary label mappings

Word pairs often have familiar answers. Sentiment
classification lets us test transfer with unfamiliar
output labels. We use short movie-review texts
from the SST-2-derived dataset released by Todd
et al. (2024). In one condition, positive reviews
map to A and negative reviews to B. A second
condition reverses the mapping. We also test the
natural labels, positive and negative. Arbitrary la-
bels probe reliance on familiar label meanings in
ICL (Wei et al., 2023).

All conditions use the same inputs and construc-
tion choices. Each model receives ten balanced
demonstrations, with 40 balanced development in-
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Figure 4: Sentiment with arbitrary labels. Top: accuracy
and the 50% constant-class baseline. Bottom: TV minus
shuffled controls, with paired input-bootstrap 95% Cls.
Means combine seeds and mappings.

puts and 80 balanced test inputs. Four checkpoints,
three label mappings, and three construction seeds
give 36 cells. Appendix F gives the full protocol.

ICL reaches 73.5-94.0% with arbitrary labels.
TV accuracy stays at 49.6-52.7%, close to the 50%
constant-class baseline (Figure 4). In 18 of 24
arbitrary-label TV cells, the model predicts the
same token for every test input. All four intervals
for TV minus shuffled controls cross zero. Table 15
gives the per-mapping results.

Natural labels do not rescue transfer: TV ac-
curacy is 50.0% on GPT-J, Llama-8B, and base
Gemma, and 49.2% on Gemma IT. The failure
therefore extends to both natural and arbitrary la-
bels on this dataset, despite strong ICL. These com-
parisons do not establish statistical equivalence to
controls.

5 Discussion

Gains over zero-shot accuracy alone can overstate
transfer. On Llama-8B, TVs improve accuracy
without an established advantage over shuffled
demonstrations. Both Gemma checkpoints retain
an advantage on word pairs, but all four check-
points transfer little sentiment behavior. Giving
each control its own development-selected layer
makes these comparisons less dependent on the
real vector’s preferred site.

The observed limits differ across tasks. Chang-
ing the extraction template restores recovery on two

weak capitalization tasks, while sentiment transfer
remains weak with both natural and arbitrary la-
bels. Label shuffling preserves part of the effect
on many word-pair tasks. These patterns support
testing transfer across demonstration content and
format, consistent with broader studies of steering
reliability (Tan et al., 2024). FV and TV effect
sizes remain distinct because their controls differ.

6 Conclusion

FV and TV transfer holds on several word-pair
tasks, with different limits across checkpoints. FVs
beat random controls on GPT-J and Llama-8B, but
our Gemma implementation fails in the two-task
follow-up. TVs beat shuffled controls on GPT-J
and both Gemma checkpoints; the Llama-8B com-
parison is inconclusive. On sentiment, all four
checkpoints show strong ICL but weak TV transfer.
A successful intervention on word pairs is therefore
insufficient evidence of broader task transfer.
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Limitations

Scope. The study covers word-pair tasks and one
SST-2-derived sentiment dataset, scored by first-
token accuracy. It does not evaluate complete multi-
token answers, reasoning, or open-ended gener-
ation. Coverage remains unequal: the matched
Gemma FV extension has only two tasks, while
Gemma TV covers eight. The extensions were se-
lected after earlier results were available and are
reported separately.

FV implementation. Our implementation selects
ten heads per task and does not filter prompts by
ICL correctness. Both choices differ from Todd et
al.’s main recipe. The Gemma cross-task check also
retains prompt differences and uses five AIE trials.
The Gemma result does not identify the cause of
failure, including possible effects of normalization
and head selection (Appendix A).

Controls. Shuffling preserves the input and out-
put sets and can retain correct pairings. Sibling-
task donors also change vocabulary and prompts,
while template swaps use correct labels. These con-
trols cannot isolate task-rule information from task
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recognition or pretrained associations. We use one
shuffle per exploratory cell and three per held-out
cell.

Evaluation. The exploratory grid selects layers
on evaluation data, which can also overlap FV AIE
queries. Held-out evaluation removes that overlap
but changes sampling, AIE trials, and layer sweeps.
Differences between the two evaluations cannot be
attributed to splitting alone. The task datasets had
also been explored before the follow-up.

Uncertainty. Construction seeds reuse test in-
puts, so they do not provide independent test sam-
ples. Exploratory task-bootstrap intervals use 5-16
task clusters; held-out intervals use eight. Senti-
ment intervals measure uncertainty across inputs,
with seeds and label mappings held fixed. Two
FV tasks are too few to estimate uncertainty across
tasks. The FP16 native-hook and NDIF backends
also have numerical differences (Appendix F).
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A Method and protocol differences

We distinguish departures from the original FV/TV
methods from changes to our intended sampling
protocol.

Sampling. The intended grid used 25 evaluation
items, seeds 0-2, stride-2 layer sweeps, and ten
AIE trials. GPT-J used 15 items, two seeds, stride
4, and five AIE trials. Gemma used five AIE trials
and completed 12 of 15 cells. The 70B sweep used
stride 3. Deployment availability limited coverage.

FV construction. The main grid selects ten
heads separately for each task. The Gemma cross-
task check instead averages AIE over five tasks and
uses k = 10, 20, 40. Exploratory AIE queries can
overlap evaluation inputs.

Todd et al. filter for successful ICL in their stated
construction (§2.2) and headline evaluation (§3.1),
with an unfiltered evaluation in Appendix D. We
do not apply this filter. We also fix demonstrations
within each evaluation split, while their FV pipeline
resamples them per query. Our mean-activation and
AIE steps do resample prompts.

TV construction. We use Q:/A: prompts and
Todd et al.’s task collection. Hendel et al. use an
arrow separator and a different task suite. They
restrict outputs to single tokens, while we retain
answers of any length and score the first token.
Our exploratory control uses one ordinary label
permutation at the real TV’s selected layer. Neither
study’s authors were contacted.

Intervention mechanics. We exclude the output-
projection bias from per-head contributions to
avoid counting it k£ times when summing & heads.
Head dimensions come from the model configu-
ration: dmodel/Theads gives the wrong width for
Gemma-2. TV extraction ends with an in-domain
dummy query excluded from its demonstrations.

Batching. We batch per-head AIE patches and
reduce the batch size after memory errors. For
70B, cross-layer tensors move to a common device
before stacking. These adjustments preserve the
intervention definition.

B Compute

The exploratory grid and initial held-out evalua-
tion use NDIF’s shared model deployments. Each
traced forward pass is one remote job. A job took
roughly 18 seconds, including queueing and down-
load.

FV head search dominates the cost. On Gemma-
2, one task and seed under the full protocol requires
about 1,400 jobs. This cost motivated the smaller
evaluation sets, strided sweeps, and TV-only scope
at 70B. The exploratory grid used roughly 21,000
jobs over three days. This estimate excludes the
held-out evaluation.

The GPT-J held-out FV runs required smaller
AIE batches after memory errors. The matched
Gemma extensions use two Kaggle T4 GPUs, with
layers split across devices. They use no quantiza-
tion or CPU/disk offloading.

C Gemma-2 diagnostics

We first test whether the FV write changes model
predictions, then vary its magnitude, injection site,
and head selection. The initial antonym checks use
seed 0 and 15 evaluation items. Prediction flips are
diagnostic counts, not significance tests.

Positive control. A random vector scaled to the
residual norm changes 3—6 of 15 predictions per
layer. This vector is 10—46 times larger than the FV.
The result confirms that the write path can affect
predictions at that scale.

Vector magnitude. The FV norm is 10.4, com-
pared with residual norms of 107-474. Multiplying
the FV by a € {1, 2,4, 8} leaves recovery at zero
at every tested layer. The larger multipliers bring it
near the residual norm at early layers.
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Injection site. Gemma-2 applies RMSNorm af-
ter the attention output projection and before the
residual addition. Adding projected head outputs
directly to the residual stream skips this normaliza-
tion.

Injecting before RMSNorm changes 1-4 predic-
tions but still gives zero recovery. At the deepest
probe layer, it changes 4 of 15 predictions, com-
pared with 6 for the random control.

Country-capital check. The second task shows
the same norm and injection-site pattern. We did
not run its strength sweep. Its residual-scale ran-
dom control changes only 0-3 of 15 predictions,
so the clearest write-path evidence comes from
antonym.

Shared head selection. The cross-task check
uses antonym, capitalize, country-capital, next-
item, and synonym. Each uses seed 0, 25 eval-
uation items, 32 mean-activation prompts, five AIE
trials, and 16-row AIE batches.

We average the five AIE maps and select the top
k heads for k = 10, 20,40. Each task builds its
FV from its own mean activations over that shared
head set. We test every second injection layer.

The largest per-task AIE scores are 0.071 for
antonym, 0.265 for capitalize, 0.032 for country-
capital, 0.033 for next-item, and 0.014 for synonym.
The selected heads lie in layers 24-32 at k = 10
and 17-41 at k = 40. Vector norms increase from
10 to 28.

Best-layer recovery remains 0.00 except on syn-
onym, where it is 0.08 at all three values of k.
Random-control recovery is 0.00 except on syn-
onym at k = 40, where it also reaches 0.08.

D Additional analyses

Paired differences. Table 9 reports the task-
bootstrap comparisons used for exploratory grad-
ing. Every Gemma FV cell has a zero paired differ-
ence, so its confidence interval is [0, 0].

Cohen’s d uses a pooled standard deviation, with
both FV controls treated as control observations.
It is a descriptive effect size. The paired task-
bootstrap interval supplies the uncertainty estimate.

Arms with fewer than five tasks receive insuffi-
cient data. Otherwise, an arm that meets neither
pass threshold receives fail. This grade does not
establish equivalence to controls.

Sampling and layer selection. TV extraction re-
serves 50 rows before sampling demonstrations.

ICL reserves only the arm’s 15 or 25 evaluation
rows. The demonstration sets can therefore differ,
although both exclude evaluation rows and remain
fixed within a split.

The CV and headline columns in Table 4 cover
different cells. Their difference is not an estimate
of layer-selection bias.

Small baseline gaps. Excluding cells with ICL —
zero < (0.2 removes no cells from the main results.
The recovery estimates and shuffled-state results
are unchanged.

Coverage. Table 8 identifies the tested tasks and
missing cells. GPT-J covers 14 tasks and 27 task—
seed pairs, Llama-8B covers 8 and 24, and Gemma
covers 5 and 12. The 70B TV arm covers all 16
tasks and 48 pairs.

Additional TV controls. These controls cover
every exploratory TV cell on GPT-J, Llama-8B,
and Llama-70B. They reuse each cell’s ICL base-
line, zero-shot baseline, and selected layer.

For cross-task transfer, the donor TV uses its
own demonstrations and dummy query at the target
seed. Table 10 gives the task mapping. We patch
the donor state at the target TV’s selected layer.

The template control keeps the real TV’s demon-
strations and dummy query, but formats them as
x —> y lines ending with q ->. The additive vari-
ant adds the real TV at the final token instead of
replacing the state, and selects its best swept layer.

Table 11 compares additive and replacement re-
covery on surface edits. Only 70B capitalization
improves with addition.

E Held-out protocol and task results

Input partitions. We fix the tasks, partitions,
construction seeds, and analysis before the follow-
up. Partition seed 20260905 groups exact input
strings and removes duplicate identical pairs. It
assigns 50 input groups to test, 25 to development,
and the rest to construction.

Alternate outputs stay with the same input. Thus,
next-item has 53 test rows and 26 development
rows, while the other tasks have 50 and 25. All
models and methods use the same partitions. Con-
struction seeds are 100-102.

TV construction. Each TV and its ICL baseline
share ten construction demonstrations. A sepa-
rate construction input provides the dummy query.
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GPT-J L3.1-8B Gemma-2  L3.1-70B
Task TV shuf. TV shuf. TV shuf. TV shuf.
linguistic
antonym 077 0.13 091 054 079 041 095 0.35
synonym 0.81 0.00 0.73 047 058 024 084 048
present-past 0.08 0.00 0.97 0.00 - - 099 0.61
singular-plural 0.53 0.05 0.69 0.42 - - 096 0.64
knowledge
country-capital 0.74 0.15 096 0.14 092 031 1.03 0.88
country-currency 0.06 0.06 - - - - 081 0.02
person-occupation 1.14 1.14 0.67 0.59 - - 061 0.75
park-country - - - - - 099 0.77
translation
english-french 0.66 0.84 0.80 0.73 - - 096 0.38
english-spanish - - - - - 094 074
english-german 0.65 0.57 - - - 0.68 043
algorithmic
capitalize 047 0.07 - 046" 092 078 0.58
capitalize-first-letter  0.40 0.30 - - - 0.61 0.28
lowercase-first-letter 0237 038  — - - - 0.09 0.00
next-item 052 028 092 045 1.19 039 0.87 0.40
prev-item 0.65 0.00 - - - 0.67 0.36

Table 8: Exploratory TV and shuffled-state recovery at the TV’s best layer, averaged over seeds. ': one seed; dash:

untested.
Model Method Difference 95% CI
GPT-J FV 0.51 [0.33,0.67]
GPT-) TV 0.28 [0.12,0.44]
L3.1-8B FV 0.42 [0.19,0.66]
L3.1-8B TV 0.41 [0.22,0.63]
Gemma-2 FV 0.00  [0.00,0.00]
Gemma-2 TV 0.44 [0.12,0.67]
L3.1-70B TV 0.32 [0.22,0.43]

Table 9: Exploratory method-minus-control recovery
and task-bootstrap 95% Cls.

Three ordinary permutations shuffle the same la-
bels while keeping inputs and the dummy query
fixed. Some correct pairings can remain.

FV construction. We use 32 mean-activation
prompts and ten AIE trials, all drawn from con-
struction inputs. Each task selects its top ten heads
without filtering for ICL correctness. Controls use
a norm-matched Gaussian vector and a random-ten-
head vector. The FV procedure resamples prompts
independently of the TV demonstrations.

Layer selection. We test each intervention and
control at every fourth layer and the final layer.
Each intervention and control selects its highest-
accuracy development layer, with ties resolved to-
ward the lowest layer. We freeze the choices before
testing.

As a secondary comparison, we also test con-
trols at the real intervention’s selected layer. Test
accuracy never selects a layer.

Task Donor

antonym synonym
present-past singular-plural
country-capital country-currency
person-occupation park-country
english-french english-german
capitalize capitalize-first
next-item previous-item

english-spanish
lowercase-first

english-french
capitalize-first

Table 10: Cross-task donors. The first seven pairs also
run in reverse.

GPT-J 70B
Task Add Replace Add Replace

capitalize 0.07 047 0.82 0.78
capitalize-first  0.17 040 0.21 0.61
lowercase-first ~ 0.00 0.23  0.04 0.09

Table 11: Best-layer TV recovery on surface edits, aver-
aged over seeds.

Averaging results. The primary statistic sub-
tracts mean control accuracy from real-intervention
accuracy, using the layer selected separately for
each intervention and control. We first average
seeds within tasks, then give each task equal
weight.

Percentile 95% intervals use 10,000 bootstrap
resamples of the eight task means (seed 20260905).
We assign no pass/fail grades because the task
count limits interval precision. Secondary recovery
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Model Method Zero-shot ICL Real Control (own) Control (real)
GPT-J FV 6.6 724 434 7.5 7.4
GPT-J TV 6.6 724 470 30.9 25.7
Llama-3.1-8B  FV 4.1 837 286 4.3 38
Llama-3.1-8B TV 4.1 837 500 54.2 34.7

Table 12: Held-out accuracy (%), averaged over seeds and tasks. Control (own) uses each control’s selected layer;

control (real) uses the real method’s layer.

Task GPT-JFV  GPT-JTV Llama-3.1-8BFV  Llama-3.1-8B TV
antonym +38.0 +14.4 +38.3 +21.8
country-capital +76.7 +56.4 +4.3 —3.1
english-french +26.0 +3.6 +0.7 —55.6
next-item +45.3 —-9.2 +55.3 +9.2
person-occupation +0.0 +3.3 +0.0 —6.4
present-past +43.3 +29.3 +5.7 +8.4
singular-plural +56.7 +23.3 +69.7 —-11.3
synonym +1.3 +7.8 +20.3 +3.6

Table 13: Held-out method-minus-control accuracy (percentage points), averaged over seeds. Controls select their

own development layers.

ratios require a positive ICL-minus-zero-shot gap,
which all 96 cells satisfy.

F Matched Gemma and sentiment
extension protocols

F.1 Gemma execution checks

Both Gemma checkpoints use fixed revisions, na-
tive PyTorch hooks, FP16 weights, and Q:/A:
prompts. Inference uses eager attention, left
padding, batches of four, and no KV cache. Both
checkpoints run on the same Kaggle setup.

We compare Kaggle with NDIF on Gemma IT
using antonym, seed 100, and 25 development in-
puts. The check covers baselines and interventions
at layers 20, 24, and 28, with the real TV and one
shuffled control. Predictions match in 197 of 200
cases. Extracted-vector cosine similarities exceed
0.99995.

Identity and batching checks pass. NDIF-
extracted and Kaggle-extracted vectors give identi-
cal Kaggle predictions in all six intervention con-
ditions. The original NDIF model revision and
precision were not fixed, so this limited check does
not show that the two backends are numerically
equivalent.

F.2 Gemma FV follow-up

Antonym and country-capital use the existing parti-
tions and seeds 100-102. Construction uses 32
mean prompts, ten AIE trials, per-task top-ten
heads, and the two FV controls.

Each attention head has width 256, giving a pre-
projection width of 4096 for 16 heads. The residual
width is 3584. Native pre-hooks patch one head
per row in batches of four. Inference and head
projection use FP16, while mean accumulation and
AIE probabilities use FP32.

Scalar and batched head-patch checks preserve
top-1 predictions within the tested logit toler-
ances. Zero-vector, additive-write, finite-value,
and projection-geometry checks pass. Vectors are
nonzero, and selected heads match the AIE rank-
ings.

Every swept real-FV layer has zero development
accuracy. The tie-break therefore selects layer 0.
FVs change 0—4 of 50 zero-shot predictions per cell
at that layer, without producing a correct answer.
The cause remains unresolved given the method
differences in Appendix A.

F.3 Sentiment protocol

Data and labels. The dataset has 1,167 distinct
inputs, including short fragments, with no conflict-
ing labels. Split seed 20260906 reserves 20 inputs
per class for development and 40 for test. The
remainder supplies construction inputs.

A/B maps positive to A and negative to B. B/A
reverses the mapping. Natural-label conditions use
positive and negative. Each label occupies one
token in its answer context.

Demonstrations. Seeds 200-202 sample five
construction demonstrations per class, shuffle their
order, and reserve a separate dummy query. All
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Task Base ICL Base TV  Basectrl. ITICL ITTV ITctrl
antonym 70.0 60.0 422 68.0 42.0 55.6
country-capital 98.7 94.0 87.8 90.7 84.7 85.1
english-french 92.7 79.3 58.9 91.3 86.7 21.6
next-item 90.6 62.3 18.0 94.3 83.0 16.1
person-occupation 63.3 25.3 40.9 60.7 233 28.4
present-past 98.7 72.7 14.4 99.3 90.0 9.8
singular-plural 100.0 87.3 63.3 100.0 87.3 28.4
synonym 42.0 20.0 22.9 44.0 34.0 27.3

Table 14: Gemma TV accuracy (%), averaged over three seeds. Controls average three shuffled TVs with

independently selected layers.

Model Labels Zero ICL TV Control A 95% CI Constant
GPT-] Natural 0.0 84.6 50.0 514 —-1.4 [-2.4,-0.6 3/3
GPT-] A/B 0.0 86.7 57.5 55.0 +2.5 —-0.6,5.4 0/3
GPT-] B/A 2.5 604 479 492 —-1.2 —4.2,1.7 2/3
Llama-8B Natural 0.0 93.8 50.0 517 —-1.7 [-2.9,-0.3 3/3
Llama-8B A/B 0.0 91.7 50.0 512 —1.2 -3.3,1.0 3/3
Llama-8B B/A 3.8 90.0 50.0 49.7 +0.3 —-1.1,1.7 3/3
Gemma base Natural 0.0 93.3 50.0 554 —54 [-7.8,-29 3/3
Gemma base A/B 6.2 942 49.6 50.7 —1.1 —-2.9,0.6 2/3
Gemma base B/A 7.5 93.8 49.6 48.6 +1.0 —-0.6,2.4 2/3
Gemma IT Natural 0.0 93.3 49.2 48.8 +0.4 —-0.8,1.4 1/3
Gemma IT A/B 2.5 929 50.0 489 +1.1 [0.4,1.9 3/3
Gemma IT B/A 3.8 93.8 50.0 503 —-0.3 [-1.1,0.7 3/3

Table 15: Sentiment accuracy (%), averaged over seeds. A: TV minus shuffled controls (percentage points), with
stratified input-bootstrap 95% Cls. Constant: seeds predicting one token throughout.

Model Task ICL FV Control
Gemma base antonym 70.0 0.0 0.0
Gemma base country-capital 98.7 0.0 0.0
Gemma IT  antonym 68.0 0.0 0.0
Gemma IT  country-capital 90.7 0.0 0.0

Table 16: Gemma FV accuracy (%), averaged over three
seeds. Controls average independently selected random-
vector and random-head interventions; zero-shot accu-
racy is 0%.

models and mappings share these choices. GPT-
J and Llama run on NDIF, and Gemma runs on
Kaggle. All 36 cells enter the analysis.

Evaluation. Each TV and its three shuffled con-
trols selects its own development layer from every
fourth layer plus the last. The permutations retain
two or four of ten labels.

We score the highest-probability token across

the full vocabulary. Outputs outside the label set
count as incorrect, with an average invalid rate of
3.3% for GPT-J’s arbitrary-label TVs. Zero-shot
prompts omit the task and labels. Matched ICL and
the 50% constant-class baseline are therefore more
useful comparisons.

Uncertainty. We average seeds within each input
and combine both arbitrary mappings for the main
result. Paired, sentiment-stratified intervals use
10,000 bootstrap resamples (seed 20260906), with
the demonstrations and label mappings held fixed.
The TV-minus-control differences are +0.6
points for GPT-J ([-1.7,2.8]), —0.5 for Llama
([-1.5,0.6]), —0.1 for base Gemma ([—1.2,0.9)),
and +0.4 for Gemma IT ([—0.3,1.2]). Figure 4
shows these intervals. Per-mapping comparisons
are secondary: Gemma IT A/B slightly exceeds
controls while predicting a constant label.
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