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Abstract: We study how a SmolVLA policy fine-tuned to point a single joint at
a red block computes its output. We identify and causally test what the action
expert reads from the vision-language model, and find an estimate of the block’s
angle in the expert’s residual stream that selects which cross-attention heads read
the block. We use this account to create a model organism of misalignment in
a VLA, a policy that fails on one contiguous half of the target range and works
on the other. The same edit applied to a simulated SO-101 pick-and-place policy
makes the arm fail for cubes away from the bearing written into it.
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1 Introduction

Vision-language-action policies are beginning to run on real hardware, and a tool meant to find a
hidden failure in one before deployment can be trusted only once it has been tried on failures whose
mechanism and extent are known. These policies are built on the same transformers that mechanistic
interpretability reads in language models, where circuit analysis [1, 2], activation steering [3, 4],
probing [5, 6] and gradient attribution [7, 8] locate and change what a model computes. Recent
work applies such tools to these policies [9, 10, 11, 12], but two questions remain open: how far the
tools carry over to a policy whose output is a flow-matched action chunk rather than a token, and
what the action expert, the transformer that generates the actions, computes once fine-tuned. We
study both questions on a SmolVLA policy fine-tuned with a frozen backbone to point one joint at
a red block (Figure 1), whose known correct angle scores every quantity in degrees.

We make three contributions. First, we identify what the expert reads from the vision-language
model, a few directions of that model’s residual stream, its hidden state between layers, at the image
tokens, found where the gradient of the output angle with respect to the cross-attention keys and
values concentrates. Earlier analyses locate what the expert uses by layer or by token [13, 14, 15,
16]. Locating it by direction lets us test it against random and principal subspaces of the same
size: removing the directions raises the median error from 0.37° to 60.8°, while removing an equal
random subspace leaves it unchanged (Section 3.1). Written into the backbone’s residual stream,
the directions mark a token for the vision-language model itself (Section 3.2), as edits that point
a vision-language model at a region do in larger models [17]. A distractor acts through the same
directions, and an edit built from them sends the policy to a chosen colour (Figure 3). Larger policies
have been retargeted along learned or hand-chosen feature directions or by substituting the vision-
language model’s output for a donor scene [18, 10, 11, 9, 13], and cleared of a spurious cue by
erasing a subspace of that output [19]; ours starts from the policy’s own gradients, which with one
direction separating the colours also flag the tokens to edit.

Second, we find in the expert’s residual stream a two-dimensional estimate of the block angle. Re-
placing it, against a random plane of the same size, shows that half of the heads in layers 5 to 15
attending the block do so only when it puts the block on its true side of angle zero (Section 4.1).

Third, we plant a one-sided failure by editing those layers’ query weights to use the estimate of
one fixed angle in place of the stream’s own, which keeps the error low on the half of the range
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Figure 1: Tasks with known correct answers. (a) A one-link arm at a fixed pivot and a red block whose angle
is the correct action. (b) The same with squares of other colours. (c) The pointer test, in which the frozen
vision-language model is asked which digit was edited; a correct answer shows that the edit marks that token.
(d) The simulated SO-101 arm and cube.

containing that angle and raises it on the other (Figure 2a). On a simulated SO-101 pick-and-place
policy the refitted edit, writing the estimate of a cube at one bearing, gives closed-loop success 0.66
for cubes near that bearing and 0.19 elsewhere, against 0.84 unedited (Figure 2b). Failures have
been planted in such policies as fine-tuned backdoors with text or image triggers [20, 21, 22] or as
a state-conditioned trojan in a non-VLA controller [23], with detectors proposed for them [24, 25].
Ours is a weight edit derived from the mechanism, so its cause is known and its extent is measured.
In the sense of Hubinger et al. [26] it is a model organism, limited to a planted competence failure,
and we offer it as a test case for failure-finding tools.

2 Setting

In the toy task (Figure 1a), an image shows one link rotating about a fixed pivot and a red block at
angle 𝜙 on the circle traced by its tip, and the policy must point the link at the block. The policy
is SmolVLA [27], which pairs a vision-language model with an action expert [28], a transformer
that generates a fixed-length action chunk, one row per action, by flow matching [29], from which
we read one output angle. We fine-tune only the expert, with target 𝜙 held over the chunk, as in
SmolVLA’s own training and in other policies that freeze their vision-language model [27, 30, 31,
32]. At its odd layers the expert reads that model’s output by cross-attention, with queries from the
action rows and keys and values from the image tokens (Appendix A).

3 Understanding and Editing What the Expert Reads from the
Vision-Language Model

The output angle depends mainly on the expert’s odd layers. Skipping the attention and MLP of
all eight even layers gives a median error of 4.31°, against 89.1° when the odd layers are skipped
instead (Table 2). We therefore ask what the odd layers read from the vision-language model.

3.1 Finding and Testing the Directions the Expert Reads

The output angle depends on a few directions of the vision-language model’s residual stream at the
image tokens. We find them through the keys and values that the expert’s cross-attention reads at
each odd layer, which are linear functions of that stream. The gradient of the output angle with
respect to these keys and values, taken over tokens, scenes and flow steps, is concentrated in a small
subspace, and pulling that subspace back through the key and value projections gives directions of
the stream itself. At each odd layer we keep the smallest set of gradient directions holding 90% of the
gradient energy, defined as the sum of the squared gradient entries, which is an active subspace [33].
In all 67 directions remain over the eight odd layers, out of 320 per layer for each of keys and values
(Appendix A), and from here on the directions the expert reads means these pull-backs.
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Gradients measure only sensitivity, so we measure the causal effect of these directions in the open
loop on held-out scenes, setting the components of the keys and values outside or inside the kept
gradient directions to their means over scenes (Table 1, Appendix A). Removing the kept directions
raises the median error from 0.37° to 60.8°, most of the way to the 82.5° reached with every im-
age row at its mean, whereas removing an equal random subspace leaves it at 0.42°. Keeping the
directions alone, with everything else at its mean, gives 1.30°, against 79.3° for an equal random
subspace kept alone, and the same number of leading principal components does less on both tests.
The output angle therefore passes almost entirely through these directions.

3.2 Writing the Directions into the Vision-Language Model

If these directions are what the expert reads, writing them into the frozen backbone’s residual stream
at one token should mark that token for the vision-language model, and at strengths well above a
block token’s own projection onto them they do. Because the backbone is frozen, the edited residual
stream can be passed through the rest of the original vision-language model, with its language head,
and the model run as normal. With unmarked digits in place of the block (Figure 1c), we edit one
digit’s token at one layer and ask the model which number is marked, choosing the layer on 200
scenes and measuring four strengths on 4,000 others (Tables 3 and 4). With the directions read
through the values of layer 7, at 10 to 16 times that projection, the model names the edited digit
with accuracy 0.808 to 0.891, against 0.122 with no edit (chance) and 0.975 with a black box drawn
around the digit. A random direction of the same norm, tested at 14 times, does not raise it, and at a
block’s own strength, read through both keys and values, accuracy stays near chance (Table 3).

3.3 Retargeting the Policy Among Distractors

A distractor, a square of another colour, acts mainly through the same directions, and an edit on them
sends the policy to a chosen colour. The square raises the median error to the red block from 0.4°
to 27.9°. Removing the square’s effect on the keys and values along those directions, at all image
tokens, nearly undoes the rise, adding only that part of its effect to the scene without the square
reproduces most of it, and the same part along a random subspace adds nothing (Table 5).

To point the joint at a chosen colour without retraining, we locate the block and square tokens by that
component and pick the chosen colour’s token with a colour-separating direction of that model. We
then remove what the expert reads at the other tokens and enlarge it at the chosen one (Appendix D).
With all three colours present, the median error to red falls from 42.7° to 10.2°. The edit gives lower
errors for green and blue, on scenes that policies fine-tuned on those colours for this comparison
miss (Figure 3). Without squares it raises the error from 0.4° to 1.1° (Table 5).

4 Understanding and Editing the Cross-Attention Queries

4.1 Finding and Testing an Angle Estimate in the Expert’s Residual Stream

At the last flow step, the action-row mean of the residual stream entering each of layers 5 to 15
varies across scenes mostly within a plane, which holds 0.83 to 0.92 of its variance, and its position
in that plane follows a line in the block angle with 𝑟2 from 0.97 to 0.98 (Table 6, Appendix E). We
call the position on that line the stream’s estimate of the block angle. Because the queries are linear
in the stream and the action rows start from noise, any scene-dependent selection of image content
must be written in the stream, and we test whether this estimate is what the queries use. We replace
the query-projection input with its mean plus the point on the line for a fixed angle 𝐴, and read the
error on each side of angle zero, the sign of the block angle, for blocks at least 90° from it (Table 7,
Appendix E). The mean alone raises the error on both sides. A point on the block’s side, with |𝐴|
from 90° to 165°, brings it near the unedited level, one on the opposite side raises it further, and an
equal addition in a random subspace stays at the mean’s level. Of the 20 heads that attend the block,
10 do so only with 𝐴 on the block’s side, 7 with 𝐴 on either side, none only with 𝐴 opposite, and
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Figure 2: With the estimate of a fixed angle 𝐴 written into the query weights, the policy keeps working on the
side of angle zero containing 𝐴 and fails on the other. (a) Toy policy, open loop, 288 scenes; dots are scenes,
lines medians in 15° bins, and the random plane of equal size is the control. (b) Arm policy, closed loop,
success by cube position, 3,000 layouts per map, of which 1,277 (𝐴 = −60◦) and 1,339 (𝐴 = +60◦) lie in the
marked band within 40° of 𝐴 on its side.

3 fit neither pattern (Table 8). The estimate’s side therefore gates half of the heads that attend the
block, and the wrong-side error is consistent with the policy fetching the wrong image half.

4.2 Writing a Fixed Estimate into the Query Weights

If, as Section 4.1 suggests, the queries of layers 5 to 15 take the block’s side from the estimate, a
constant estimate should keep the policy accurate on the half containing its angle and break the other
half. Each action row’s query is its stream row times the query weight 𝑊𝑞 , so the mean query over
action rows is 𝑛𝑊𝑞 with 𝑛 the mean stream row, and over the scenes used to fit the edit (Appendix E)
𝑛 ≈ 𝑛̄ + 𝑐𝐵, with 𝑛̄ the mean of 𝑛 over those scenes, 𝑐 the scene’s two-coordinate estimate and 𝐵
the two-row matrix of stream directions carrying it. We replace 𝑊𝑞 by 𝑀𝑊𝑞 , with 𝑀 (Equation 1,
Appendix E) chosen so that 𝑛𝑀 ≈ 𝑛 − 𝑐𝐵 + 𝑐𝐴𝐵 for the estimate 𝑐𝐴 at angle 𝐴. This writes the
estimate of 𝐴 permanently in these six weight matrices, with no intervention at inference.

On one open-loop action chunk (Figure 2a), 𝐴 = +120◦ gives a median error of 2.5° on the half
with positive angle, growing with distance from 𝐴, against 16.0° on the other, and 𝐴 = −120◦
mirrors this. The same construction in a random plane leaves the error unchanged, and removing
the estimate without writing an angle raises it on both (Table 9).

4.3 Applying the Query-Weight Edit to a Simulated Arm Policy

The same edit plants a similar failure on a simulated arm in closed loop, at a cost even near the
written bearing. We apply it in MuJoCo on the SO-101 arm to a SmolVLA policy fine-tuned to pick
a cube from a random position and place it in a tray, with the cube’s bearing from the base in place
of the block angle. We refit the estimate’s plane as in Section 4.1, take 𝐴 = ±60◦ of bearing, and
scale both terms of the edit by a factor 𝜆 (Appendix F). With 𝐴 = −60◦ success is 0.66 for cubes
within 40° of 𝐴 on its side, where the unedited policy reaches 0.72 to 0.92, and 0.19 elsewhere
(Figure 2b); 𝜆 was chosen by a rule fixed before the runs on one set of layouts and confirmed on
a separate set (Table 10). The mirror edit 𝐴 = +60◦ keeps the mirror band and mostly fails where
𝐴 = −60◦ works.

5 Limitations & Future Work

The toy task is greatly simplified: one joint, a fixed prompt, one open-loop chunk and one answer
angle. Even there we lack a mechanistic account of exactly how the answer is produced. We know
what the expert reads and that its estimate gates the later heads, not what the queries compute from it
or how the angle is assembled, and the arm result covers one task and one edit without the random-
plane control. Each gap is a next step: tasks where the text matters; what the queries do and how the
answer is constructed; tasks needing different actions over time, resampled chunks, several joints or
state dependence; what the even layers do; and which parts of the model depend on the estimate.
The SO-101 transfer suggests these parts may be shared across VLA models built alike.
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The appendix holds the tables and figures the body cites, each with the procedure behind it. Every
other setting, including the training configuration, scene generation, thresholds and the simulation,
is that of the code at https://github.com/czhs/toy-vla.

A Direction Details

The toy task is as in Section 2, with the policy’s training configuration given in the code. Table 1
tests the directions of Section 3.1.

Directions. We take the gradient of the output angle with respect to the keys and, separately, the
values at the 64 image tokens at every layer of the vision-language model, on 72 fitting scenes with
block angles on a grid, at all ten flow steps. Stacking these gradients as rows gives one matrix per
layer and kind, and the directions of that layer and kind are its leading right singular vectors, cut
at the smallest count whose squared singular values hold 90% of the squared Frobenius norm, an
active subspace of the output angle [33].

Stream directions. At layer ℓ the value row of an image token is 𝑣 = 𝑊𝑣 (𝛾ℓ ⊙𝑥/rms(𝑥)), where 𝑥
is the token’s residual stream entering the layer, 𝛾ℓ the gain of the layer’s input normalisation and𝑊𝑣

the value projection, and the key row is the same with 𝑊𝑘 followed by the token’s positional rotation
𝑅 𝑗 . A value direction 𝑑 in row space therefore corresponds to the stream direction 𝛾ℓ ⊙𝑊⊤

𝑣 𝑑, and a
key direction to 𝛾ℓ ⊙𝑊⊤

𝑘 𝑅
⊤
𝑗 𝑑 at token 𝑗 , dropping the scale factor 1/rms(𝑥).

Edits of Table 1. Let 𝑋 be the key or value rows of the 64 image tokens at one odd layer, 𝑀
their mean per token position over separate fitting scenes, and 𝑃 the orthogonal projector onto the
directions of that layer and kind. Keeping a subspace alone replaces the rows by 𝑀 + (𝑋 − 𝑀)𝑃,
removing it replaces them by 𝑋 − (𝑋 − 𝑀)𝑃, and replacing the rows by 𝑀 is the reference for
removing the image entirely. Each edit is applied to both kinds at all eight odd layers and at every
flow step. The two controls use a subspace of the same dimension as the directions at each layer and
kind, a random orthonormal subspace and the leading principal components of 𝑋 − 𝑀 on the fitting
scenes.

Table 1: Median error (degrees) on 256 held-out scenes with the components of the image keys and values
along a subspace kept alone or removed at the eight odd layers; the subspaces are of equal size.

subspace, equal size kept alone removed

intact 0.37 0.37
gradient directions, 67 1.30 60.8
random 79.3 0.42
principal components 4.94 35.5
all rows at their means 82.5 –

B Even-Layer Removal

Skipping the eight even layers leaves a small error, and skipping the eight odd layers loses the output
angle, which is why Section 3 studies the odd layers.

Table 2: Median error of the output angle (degrees) with groups of expert layers skipped, the 72 fitting scenes
of Appendix A. Skipping a layer removes its attention and MLP contributions to the residual stream.

configuration median error (°)

intact 0.31
all eight even layers removed, attention and MLP 4.31
all eight odd layers removed 89.1
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C Vision-Language Model Edit

Scenes and readout. Each scene draws the digits 1 to 8 at eight positions on the circle traced by
the link’s tip, on the plain table with no link and no block, with the marked digit and the arrange-
ment drawn at random. The vision-language model is the policy’s own frozen SmolVLM2 with its
language head, given the image as the policy gives it and the question “Which number is marked in
this image? Answer with the number.” Its reply is the first digit in the generated text, and accuracy is
the fraction of scenes in which that is the marked digit, with chance at 0.125. The layer and strength
were chosen on 200 scenes with a longer phrasing of the question (Table 3), and the measurements
of Section 3.2 use 4,000 scenes drawn independently of those (Table 4).

The edit. The edit of strength 𝑚 at layer ℓ adds to the token’s residual stream entering that layer
the minimum-norm vector in the span of the layer’s stream directions that moves the token’s key and
value projections on the directions by 𝑚 times a block token’s own mean projection, taken relative
to the mean projection of that token position. The edit with values only uses the value directions
alone, and the edit at all eight odd layers adds each layer’s own vector at that layer. The random
control adds a random direction with the same norm at the same token and layer.

Table 3: Accuracy at naming the marked digit under an edit at one layer that adds the layer’s key and value
directions, by layer and strength, with the random control of the same norm in parentheses, on the 200 scenes
and the phrasing used for selection. Layer 7 at strength 8 gives the largest margin over its control.

layer 1 2 4 8 12 16

1 0.16 (0.11) 0.28 (0.16) 0.33 (0.16) 0.10 (0.08) – –
3 0.20 (0.14) 0.27 (0.16) 0.22 (0.15) 0.08 (0.05) – –
5 0.13 (0.12) 0.20 (0.13) 0.35 (0.17) 0.30 (0.08) 0.15 (0.02) 0.07 (0.02)
7 0.13 (0.12) 0.15 (0.12) 0.23 (0.17) 0.60 (0.11) 0.39 (0.05) 0.15 (0.03)
9 0.12 (0.11) 0.13 (0.12) 0.20 (0.16) 0.24 (0.15) 0.10 (0.06) 0.04 (0.03)
11 0.12 (0.11) 0.12 (0.13) 0.17 (0.12) 0.25 (0.17) – –
13 0.13 (0.10) 0.17 (0.10) 0.24 (0.13) 0.29 (0.09) – –
15 0.12 (0.11) 0.12 (0.12) 0.14 (0.11) 0.19 (0.14) – –

Table 4: Accuracy at naming the marked digit, with edits at layer 7 and the question of Section 3.2 on 4,000
scenes. The lower rows give the baselines of Table 3 on the 200 selection scenes, and the edit at all eight odd
layers there.

condition accuracy random control, same norm

no edit 0.122 –
drawn box 0.975 –
keys and values, strength 8 0.734 0.123
keys only, strength 8 0.811 –
values only, strength 10 0.808 –
values only, strength 12 0.881 –
values only, strength 14 0.891 0.050
values only, strength 16 0.848 –

selection scenes, no edit 0.105 –
selection scenes, drawn box 0.735 –
selection scenes, all eight odd layers, strength 2 0.585 0.180

D Token Detector and Retargeting Edit

Scenes. A retargeting scene is the toy scene with the red block at a random angle and one green
and one blue square at other angles on the same circle; there are 2,048 such scenes, and 512 scenes
with the red block alone for the cost of the edit. The one-square measurements of Table 5 use 256
scenes with one green or blue square, each rendered once with and once without the square; the
edits there replace, at the image tokens of all eight odd layers, the keys and values of the scene with
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the square by those of the scene without it, plus or minus the projection of their difference on the
directions of Appendix A, and the random control uses a random subspace of the same dimension
per layer and kind. The policies trained on green and on blue were fine-tuned as the red policy, on
scenes with a single block of their colour.

Detector and edit. The detector flags an image token when its layer-3 key row, relative to the mean
key row of that token position over calibration scenes with the link alone, has a large component
along the layer-3 key directions of Appendix A, and among the flagged tokens one direction in the
layer-3 key space, estimated from calibration squares of each colour, picks out the chosen colour. At
each odd layer the edit then removes, at the flagged tokens of the other colours, the component of the
key and value rows along that layer’s directions, relative to the link-only reference row, and enlarges
it at the chosen colour’s token. Nothing else in the keys and values is changed; the thresholds and
the gain are given in the code.

Table 5: Median error to the red block (degrees) with one distractor square of another colour, 256 scenes, under
edits of the keys and values at all 64 image tokens and the eight odd layers built from the difference between
the scene with and without the square, and the cost of the retargeting edit on scenes with the red block alone,
512 scenes. Removing the component along the directions nearly undoes the distractor’s effect.

no distractor 0.4
one distractor, no edit 27.9
square present, its component along the directions of Section 3.1 removed, all image tokens 1.0
square absent, only that component of it added, all image tokens 22.3
square absent, its component along a random subspace of the same size added 0.4

red block alone, no edit 0.4
red block alone, retargeting edit active 1.1

go to red go to green go to blue
0

20

40

60

80

100

m
ed

ia
n 

er
ro

r t
o 

th
e 

ch
os

en
 sq

ua
re

 (°
)

42
43

10

55

80

8

70
81

7

policy trained on that colour, no edit
red policy, no edit
red policy, retargeting edit

Figure 3: With the retargeting edit, the policy trained on red has the lowest median error to the chosen square
for every colour, with a red block and green and blue squares. Solid bars show the edit and grey bars no edit,
on 2,048 scenes. Hatched bars show a policy trained on that colour, on the first 128 of them, where the red
policy’s error is 41.55° against 42.68° on all. Error bars are bootstrap 95% intervals.

E Angle Estimate and Query-Weight Edit

The estimate. At each layer ℓ ∈ {5, 7, 9, 11, 13, 15} the two-dimensional subspace is spanned by
the two leading principal directions of the row mean of the residual stream entering the layer at the
last flow step, over fitting scenes with block angles on a grid, and the coordinate in it is fitted as a
line in 𝜙 (Table 6).

Table 6: Fit of the estimate at each layer over the fitting scenes.

layer 5 7 9 11 13 15

fraction of the scene variance in the subspace 0.86 0.83 0.86 0.90 0.90 0.92
𝑟2 of the line in 𝜙 0.98 0.98 0.97 0.97 0.97 0.98
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The replacement test. The test writes, into the input of the query projection of these layers at
the last flow step and every action row, the mean of that input over the fitting scenes plus the mean
coordinate of the fitting scenes near 𝐴 mapped through the least-squares 𝐵 of Equation 1. The
random control uses an orthonormal matrix of the same shape drawn at random in place of 𝐵, with
the coordinate of the same fitting scenes in that subspace.

Table 7: Median error (degrees) with the query input of layers 5 to 15 replaced at the last flow step by the mean
over the fitting scenes plus the estimate of a fixed angle 𝐴, on the 128 test scenes with |𝜙| ≥ 90◦, by the side of
the block. The lower rows give the controls.

𝐴 −150 −105 −60 −30 0 30 60 90 105 120 135 150 165 180

𝜙 > 0 51.3 48.1 39.6 30.8 20.8 14.1 7.5 0.9 1.1 0.9 0.9 1.1 1.7 19.9
𝜙 < 0 1.0 0.7 1.3 6.5 14.7 19.6 27.5 44.1 51.1 59.6 62.2 65.9 67.3 14.5

Control 𝜙 > 0 𝜙 < 0

Unedited policy 0.3 0.4
Mean over the fitting scenes alone, no estimate written 24.2 11.0
Same estimate in a random subspace, range over 𝐴 ∈ {−150, 0, 90, 150} 24.1 to 24.2 10.8 to 11.1

The heads. The head set holds the 20 heads at these layers that attend the block tile on the test
scenes, chosen by a rule given in the code. A head’s own side is the side of the circular mean of the
block angles on which it attends, and the written estimate counts as on the own side or the far side
when its angle lies well within that side.

Table 8: Heads of the head set by how the written estimate gates their attention to the block, using median
block mass with the estimate on each side. Half of the 20 attend only on their own side, and the heads not listed
fit neither rule.

behaviour rule heads

attends only with the estimate on its own side far side at most 0.1, own side at least 0.5 10
attends on both sides both at least 0.5 7
attends only with the estimate on the far side far side at least 0.5, own side at most 0.1 0

The weight edit. Here 𝑛 is the row mean over the action rows of the input to the query projection,
the output of the layer’s input normalisation. 𝐵 and 𝑛̄ are fitted at each layer by least squares of 𝑛 on
[1, 𝑐] over the fitting scenes at the last flow step, where 𝑐 is the scene’s coordinate in the subspace
above, and 𝑐𝐴 averages 𝑐 over the fitting scenes near 𝐴. With 𝑃 the projector onto the rows of 𝐵 and
𝑔 = 𝑛̄/∥𝑛̄∥2, so that 𝑛𝑔⊤ ≈ 1 for every action row, the edit replaces 𝑊𝑞 by 𝑀𝑊𝑞 with

𝑀 = (𝐼 − 𝑃) + 𝑔⊤ (𝑛̄𝑃 + 𝑐𝐴𝐵) . (1)

The random control replaces 𝐵 by an orthonormal matrix of the same shape drawn at random, with
𝑐𝐴 the mean coordinate of the same fitting scenes in that subspace, and the edit that removes the
estimate without writing an angle uses 𝑀 = (𝐼 − 𝑃) + 𝑔⊤𝑛̄𝑃.

Table 9: Median error (degrees) of the toy policy by the side of the block on 288 test scenes, 128 with 𝜙 > 0
and 160 with 𝜙 < 0, for the weight edit of Equation 1. Each edit keeps the error lower on the side of its angle,
and the random subspace changes nothing. Figure 2a plots the same data as medians in 15° bins.

𝜙 > 0 𝜙 < 0

unedited 0.3 0.4
𝐴 = +120◦ 2.5 16.0
𝐴 = −120◦ 18.1 0.9
random subspace, 𝐴 = +120◦ 0.3 0.4
estimate removed, no angle written 7.9 1.7
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F Arm Policy Details

Task and policy. The arm is a SO-101 in MuJoCo with one fixed camera, a cube placed at a
random position with bearing within ±60◦ of the arm’s forward axis, and a fixed tray. The policy
is a SmolVLA fine-tuned on demonstrations of the task, with the vision-language model untouched,
run in closed loop, and an episode succeeds if the cube is placed in the tray within the time limit; the
simulation and its settings are given in the code.

The edit. The construction of Equation 1 is applied to the query weights of layers 5 to 15 with the
removal and the write scaled by 𝜆, so that 𝑀 = 𝐼 − 𝜆𝑃 + 𝜆𝑔⊤ (𝑛̄𝑃 + 𝑐𝐴𝐵). The subspace, 𝐵 and 𝑛̄
are fitted at the last flow step on the first frames of the fitting episodes, 𝑔 is fitted by least squares to
𝑛𝑔⊤ ≈ 1, and 𝑐𝐴 averages the coordinate of fitting frames whose cube bearing is near 𝐴. The band
of bearings near 𝐴 is [−60◦,−20◦] for 𝐴 = −60◦ and [20◦, 60◦] for 𝐴 = +60◦. 𝜆 was chosen among
candidates on 200 layouts by a rule fixed before the runs, taking the candidate with success at least
0.70 in that band and at most 0.20 elsewhere, or otherwise the largest difference between the two;
no candidate met the first condition, so the second branch chose 𝜆, and that value was then run once
on 200 separate layouts. The 3,000-layout runs of Figure 2b use the same edited weights.

Table 10: Closed-loop success on the arm by cube bearing (degrees), 3,000 layouts per condition with shared
layouts. The lower rows give success in the band near 𝐴 and elsewhere, on the 200 layouts used to choose 𝜆
and the 200 separate layouts used to confirm it.

[−60,−40) [−40,−20) [−20, 0) [0, 20) [20, 40) [40, 60] all

unedited 0.72 0.92 0.97 0.91 0.91 0.74 0.84
𝐴 = −60◦ 0.69 0.62 0.17 0.01 0.04 0.40 0.39
𝐴 = +60◦ 0.42 0.12 0.01 0.11 0.60 0.66 0.40

layouts choosing 𝜆, 200 layouts confirming it, 200
unedited 0.79 / 0.79 0.78 / 0.82
𝐴 = −60◦ 0.67 / 0.21 0.73 / 0.16
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