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Abstract

Interventions designed to modify a particular be-
havior in LLMs, such as refusal or sycophancy,
often produce unintended changes in other be-
haviors. This lack of targeted control makes it
difficult to design and implement reliable safety
controls. To understand these side-effects, we
introduce a diagnostic framework for analyzing
interacting behaviors in LLMs. We model behav-
iors as low-rank subspaces in activation space,
and study how interventions influence across be-
haviors. Across multiple instruction-tuned mod-
els (7B–70B) and across refusal, jailbreak, and
sycophancy settings, we find that different be-
haviors share internal representations, and inter-
vening on one behavior alters others in asymmet-
ric ways. Some behaviors act as upstream con-
trol points whose interventions propagate broadly
across other behaviors, while others remain more
isolated. We relate these effects to two geometric
quantities: (i) the overlap between behavior sub-
spaces, measured as the average squared cosine
of principal angles, and (ii) the angle between
each behavior subspace and the decision subspace
(capturing the model’s final decision e.g., refuse
vs. comply). Empirically, intervention effects on
other behaviors tend to be larger for behavior pairs
with higher subspace overlap, and for source be-
haviors whose subspaces lie closer (smaller angle)
to the decision subspace. These findings high-
light a challenge for targeted behavior control:
behaviors are difficult to modify independently,
as interventions can propagate through shared rep-
resentations and asymmetric interactions.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
Post-hoc safety interventions in LLMs, such as fine-tuning
or activation steering, are effective at modifying a target
behavior, but can also induce unintended changes in other
behaviors (Betley et al., 2026; Tan et al., 2024; Siddiqui
et al., 2025). Moreover, there are limited tools for predicting
which other behaviors will change as a consequence. These
side effects pose a central challenge for AI safety: without
understanding why interventions generalize or interfere, it
is difficult to design targeted safeguards or to evaluate the
downstream risks.

A common approach to identify and mitigate individual
behaviors is to isolate the behavior, such as refusal or syco-
phancy, and apply targeted fine-tuning, or steering, or or-
thogonality constraints to modify it (Arditi et al., 2024;
Zhao et al., 2025b). These methods enable intervention
and improve interpretability, but typically treat behaviors
as independent control targets. However, interventions and
behaviors often exhibit collateral effects: fine-tuning on nar-
row objectives induces effects in unrelated behaviors (Betley
et al., 2026), or reward hacking generalizes in unexpected
ways (Kei et al., 2024; Taylor et al., 2025), and some of
these are attributed to parametric choices (Brumley et al.,
2024).

Prior work on distributed and overlapping representations
(Li et al., 2023; Ponkshe et al., 2026; Zou et al., 2025; Zhao
et al., 2025a; Elhage et al., 2022) suggests that different
behaviors may not be separate, but instead share underlying
representational structure that mediates how interventions
propagate. Consequently, interventions applied to one be-
havior can induce unintended changes in others when their
representations overlap, this can lead to unintended side
effects, such as modifying refusal behavior while also alter-
ing sycophancy, deception, or other downstream behaviors
(cross-behavior effect). While prior work has characterized
behavior representations as overlapping, we focus on how
these representations translate into intervention effects.

We introduce a representation-level framework for analyzing
interacting behaviors in LLMs (Section 3). Our approach
models behaviors as low-rank subspaces, removes dominant
decision-aligned variance to isolate behavior-specific struc-
ture, and quantifies geometric overlap between behavior
subspaces. Using projection-based interventions, we mea-
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A Low-Rank Subspace Analysis of LLM Interventions

sure how these structural properties relate to cross-behavior
effects.

Contributions:

1. A diagnostic framework. We introduce a framework
to identify cross-behavior effects of interventions, us-
ing subspace extraction, removing decision-aligned
variance, and overlap analysis (Section 3).

2. Beyond single-direction behavior representations.
We model behaviors as low-rank subspaces, which
reveal shared structure underlying intervention effects.

3. Factors associated with cross-behavior interference.
We find that intervention effects depend on: (i) how
much behaviors share representations (overlap), and
(ii) how strongly behaviors are coupled to the model’s
decision (decision coupling, defined as the angle be-
tween the source behavior subspace and the decision
subspace). Together, these help explain cross-behavior
effects and their asymmetry (Section 5).

4. Intervention effects are asymmetric. We find that
intervention effects are directional (A → B ̸= B →
A) due to differences in decision coupling. Moreover,
some behaviors act as upstream control points whose
interventions propagate broadly across other behaviors,
while others remain more localized.

5. Empirical evidence. We provide empirical evi-
dence for these findings across different models and
scales (7B–70B), behaviors (refusal, sycophancy), and
datasets.

These results help explain why some linear interventions
often induce unintended asymmetric cross-behavior effects,
and highlight the limitations of modeling behaviors as iso-
lated directions.

2. Related Work
Interventions in LLMs Recent work shows that behav-
iors in language models can be modified through linear
interventions in activation space. Approaches such as acti-
vation steering and representation engineering demonstrate
that adding or projecting along specific directions can influ-
ence model outputs (Turner et al., 2024; Zou et al., 2025; Li
et al., 2023; Park et al., 2024; Elhage et al., 2021; Marks &
Tegmark, 2024). Similarly, (Arditi et al., 2024) show that
refusal behavior can often be captured by a dominant linear
direction, enabling control via rank-1 interventions. While
effective in many settings, these approaches typically treat
behaviors as independent control targets and represent them
as single directions. Interventions exhibit unintended side
effects, where modifying one behavior influences others

(Betley et al., 2026; Tan et al., 2024; Taylor et al., 2025).
In contrast, we model behaviors as low-rank subspaces and
study when and why these approaches entail cross-behavior
effects.

Overlapping representations Mechanistic interpretabil-
ity literature suggests that neural representations are often
distributed and overlapping, a phenomenon described as su-
perposition (Elhage et al., 2022). Related approaches, such
as sparse autoencoders (Bricken et al., 2023) and circuit-
level analyses (Wang et al., 2023; Meng et al., 2022), pro-
vide valuable insights into representation structure, though
they primarily operate at the level of features or circuits
rather than behaviors under intervention. Closer to our per-
spective, (Ponkshe et al., 2026; Zhao et al., 2025a) highlight
that safety-related representations may not be cleanly separa-
ble, but do not explain how shared representations translate
into cross-behavior interference. We find that subspace over-
lap alone is insufficient to explain cross-behavior effects,
and that alignment with a decision-related subspace is a key
additional factor governing their magnitude and asymmetry.

Steering Prior work demonstrates that behaviors can be
modified through activation steering and parameter-space
editing methods (Rimsky et al., 2024; Ilharco et al., 2023).
These approaches focus on interventions that induce targeted
behavioral changes. In contrast, we study the representa-
tional structure underlying these interventions, and analyze
when they remain localized versus when they produce cross-
behavior effects.

3. Method
Overview We study how interventions on one behavior
affect others through a representation-level lens: cross-
behavior effects depend on their shared representations, and
how strongly these representations influence the model’s
output. When behaviors share representations, intervening
on one can affect the other, while differences in decision
coupling help predict the magnitude and direction of these
effects, leading to asymmetric and cross-behavior effects.

3.1. Preliminaries

Following (Arditi et al., 2024), we consider a decoder-only
transformer. For input x and layer ℓ, h(ℓ)

i (x) ∈ Rdmodel

denotes the residual-stream activation at token position i.
For a behavior label m ∈ M (e.g., sycophancy, deception),
we construct a matched contrastive dataset Dm = D+

m ∪
D−

m, where D+
m elicits m and D−

m suppresses m (matched
to control non-behavioral confounds). We represent each
example by the last-token activation at the chosen layer
(Arditi et al., 2024).
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3.2. Subspace Extraction

For each matched pair (x+
i , x

−
i ) at layer ℓ, we compute the

last-token contrast vector ∆i = h
(ℓ)
last(x

+
i ) − h

(ℓ)
last(x

−
i ) and

stack these into a matrix ∆ ∈ RN×dmodel . After centering,
we compute the SVD1 ∆c = UΣV ⊤, where columns of
V ∈ Rdmodel×dmodel are principal components (PCs). We
interpret the leading PCs as capturing dominant variation in
the contrast representations, and define a behavior subspace
by selecting the top-k components, forming an orthonormal
basis B(ℓ)

m ∈ Rdmodel×k.

3.2.1. DECISION MARGIN

To quantify how strongly representations influence the
model’s decision, we use a scalar decision margin

µi = logP (pos | evali) − logP (neg | evali) (1)

where logP is the sum of token log-probabilities of the
label string, and pos and neg denote the two fixed candi-
date responses corresponding to the target and alternative
behaviors (e.g., REFUSE vs. COMPLY). To avoid decoding
artifacts, we use a log-probability margin as a continuous
proxy for behavioral preference (Arditi et al., 2024; Marks
& Tegmark, 2024).

3.3. Decision-related variance removal

A key challenge is that raw representations are dominated by
shared alignment to the decision mechanism (e.g., refusal),
which can artificially inflate apparent similarity between cat-
egories. To isolate category-specific structure, we remove
the top decision-aligned components before computing sub-
space overlap. This residualization step ensures that overlap
reflects shared behavior geometry rather than shared align-
ment with the output decision.

To identify directions aligned with the behavioral decision
(such as comply-refuse), we compute a global decision
subspace by pooling contrast vectors across all categories
and computing PCA on the combined dataset. We remove
the top kdec decision-aligned components via projection.
Let sij denote the score of item i on PC vj , i.e., s·j =

∆
(m,ℓ)
c vj . We rank PCs by |corr(s·j , µ)| and define the

decision subspace Vdec ∈ Rdmodel×kdec as the span of the top
kdec ranked PCs (we use kdec = 2)2. Empirically, the first
two decision-aligned PCs explain the majority of margin-
correlated variance, while higher components exhibit rapidly

1The initial SVD is computed before removing decision-
aligned variance, and its leading components can therefore re-
flect the decision signal; we leverage this to identify and remove
decision-aligned directions via correlation with the margin.

2We evaluate sensitivity to the choice of kdec in Appendix
E. While overlap magnitudes vary with kdec, nontrivial residual
structure persists across settings, and the qualitative ordering of
category relationships remains stable.

diminishing correlation.

We remove decision-aligned variance and expose cate-
gory/style structure within each behavior by projecting con-
trasts onto the orthogonal complement (i.e., ’residualize’)
3:

∆⊥ = ∆c

(
I − VdecV

⊤
dec

)
, (2)

where Vdec has orthonormal columns so that VdecV
⊤
dec is the

projector onto the decision subspace.

We use correlation with the decision margin as an oper-
ational proxy for decision coupling, without assuming it
fully captures the underlying mechanism. Removing these
components isolates decision-related variance, but residual
overlap and cross-category effects persist, indicating shared
structure beyond the global decision signal (Section 5).

Behavior subspaces We model each behavior as a low-
rank subspace4 by applying PCA5 to residualized contrasts
∆

(m,ℓ)
⊥ and taking the top-k components, orthonormalized,

as a basis B
(ℓ)
m ∈ Rdmodel×k for the behavior subspace at

layer ℓ. This choice is motivated by the observation that,
after removing decision-related variance, behavior-specific
structure is distributed across multiple directions rather than
concentrated in a single axis. Low-rank subspaces therefore
provide a more stable and expressive representation than
rank-1 directions. We use k = 2 as the smallest rank that
captures nontrivial subspace structure while avoiding the
increased collateral effects observed at higher ranks (rank
ablations in Appendix D).

3.4. Geometric Overlap

To quantify shared representation, we measure the overlap
between residualized behavior subspaces using principal
angles. For behaviors m and m′, let Bm ∈ Rdmodel×k and
Bm′ ∈ Rdmodel×k′

have orthonormal columns, and define
M = B⊤

mBm′ ∈ Rk×k′
. If M = UΣV ⊤ is an SVD,

then σi = cos(θi) are the cosines of the principal angles
{θi}k∗

i=1 with k∗ = min(k, k′). We compute the average of
the squared cosines of the principal angles to quantify the

3Centering (∆c) ensures that principal components reflect co-
variance structure rather than mean offsets (Murphy, 2012).

4We model each category as a low-rank subspace rather than a
single direction. This is motivated by the observation that category
representations are distributed and multi-dimensional. Bootstrap
experiments (Appendix H) show that these subspaces are stable
across resampling and far above a random-subspace baseline, sup-
porting the validity of this representation.

5We use PCA as a low-rank estimator, not as evidence that
individual PCs are mechanisms. Matched contrastive prompts
and decision residualization reduce prompt-format and decision
artifacts, and behavioral relevance is tested through held-out pro-
jection interventions rather than assumed from variance alone.
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overlap between two behavior subspaces:

overlapℓ(m,m′) =
1

k∗

k∗∑
i=1

σ2
i =

1

k∗
∥(B(ℓ)

m )⊤B
(ℓ)
m′∥2F

(3)
The overlap score lies in [0, 1], with 0 indicating orthogonal
subspaces and 1 indicating identical subspaces.

3.5. Intervention and Cross-Behavior Effects

To test whether geometric overlap induces cross-category
effects, we project out a source subspace and measure the
effect on a target behavior’s decision margin. For inter-
vention experiments, we use the corresponding subspace
estimated from the raw contrasts (prior to decision variance
removal), denoted B

(ℓ)
m,raw. At layer ℓ, for an activation vec-

tor h ∈ Rdmodel we apply h̃ =
(
I − αB

(ℓ)
m,raw(B

(ℓ)
m,raw)⊤

)
h,

∆Mm′(ℓ) = Etest[µ]intervened − Etest[µ]baseline (4)

Here Etest[·] denotes the empirical mean over held-out
test prompts for behavior m′. We relate ∆Mm′(ℓ) to
overlapℓ(m,m′) across layers and behavior pairs. This
setup allows us to relate cross-behavior effects ∆Mm′(ℓ)
to both subspace overlap and decision coupling. Unlike
standard activation steering, which adds or subtracts a direc-
tion to steer the decision, our projection-based interventions
remove components of the activation, serving as stronger
ablation rather than directional control.

Summary. Our framework extracts behavior subspaces,
separates decision-related and residual structure, measures
geometric overlap, and evaluates how these quantities pre-
dict cross-behavior effects under intervention. Further ex-
planation of methodology choices in Appendix K.

4. Experimental Setup
Models. We evaluate our framework across six instruction-
tuned open-weight language models spanning 7B–
70B parameters, Gemma-2-9B-IT, Llama-3-8B-Instruct,
Mistral-7B-Instruct-v0.3, Gemma-3-27B-IT, Llama-3.3-
70B-Instruct, and Mistral-Small-24B-Instruct-2501.

Behaviors and datasets. We study two widely-studied
safety relevant behaviors: refusal and sycophancy. For re-
fusal, we use both a synthetic dataset and a jailbreak dataset
from (Arditi et al., 2024), which contains pre-defined refusal
categories, drawn from existing datasets ADVBENCH
(Zou et al., 2023), MALICIOUSINSTRUCT (Huang et al.,
2024), TDC2023 (Mazeika et al., 2023), and HARM-
BENCH (Mazeika et al., 2024). For sycophancy, we con-
struct a synthetic dataset6.

6Code and Data available at
https://anonymous.4open.science/r/A-Low-Rank-Subspace-

Synthetic dataset design. We construct five refusal
categories: HARMFUL, COPYRIGHT, NSFW, DECEP-
TIVE/MALICIOUS, and AGAINST POLICY. For each cate-
gory, we generate matched prompts that elicit compliance or
refusal (Appendix A). These categories are not intended as
a complete taxonomy, but as controlled test cases spanning
distinct policy dimensions. This allows us to test whether
semantically distinct categories can share representation.
To ensure results are not artifacts of synthetic design, we
replicate the analysis on jailbreak and sycophancy datasets.

Controlled analysis. Synthetic datasets provide con-
trolled conditions for isolating representational structure:
matched prompts and balanced samples reduce confounds
such as prompt imbalance or spurious correlations. This
setup follows prior representation-level analyses (Elhage
et al., 2022; Ilharco et al., 2023; Park et al., 2024; Wang
et al., 2025; Rimsky et al., 2024).

5. Results
We evaluate whether cross-behavior intervention effects can
be explained by representation structure. Across models
(7B–70B) and behaviors (refusal, sycophancy), we find that
subspace overlap helps predict where cross-effects are pos-
sible, while decision coupling helps predict the magnitude
and direction. We discuss the results for synthetic refusal
dataset here. Results for scaled models, and other datasets
are available in Appendices L, I, J. Unless otherwise stated,
all figures pertain to the synthetic refusal dataset.

5.1. Behaviors Share Representation, and Interventions
Are Not Isolated

Behavior Subspaces Exhibit Nontrivial Overlap We
first examine the geometric structure of behavior represen-
tations. Figure 1 compares pairwise subspace overlap be-
fore and after removing decision-related variance. Raw
overlap is high, reflecting shared decision-related structure.
After residualization (Section 3.3), overlap becomes het-
erogeneous, spanning low to high values across category
pairs. This suggests that raw overlap is dominated by shared
decision-related structure, causing subcategories to appear
spuriously similar. After residualization, heterogeneous
overlap patterns emerge, revealing behavior-specific repre-
sentational geometry.

Interventions Produce Cross-Behavior Effects We
next establish that interventions induce substantial cross-
behavior effects. Figure 2 shows that projecting out a single
behavior subspace affects other behaviors, with off-diagonal

Analysis-of-LLM-Interventions-1782
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Figure 1. Residualization reveals meaningful category-specific structure. We compare the distribution of pairwise subspace overlap
between categories before (raw) and after removing the decision-aligned subspace (residualized), across models for synthetic refusal
dataset. Raw overlap (red) is skewed toward high values, indicating that category subspaces appear similar due to shared alignment
with the decision mechanism. After residualization (blue), the overlap distribution shifts and broadens, revealing variability across
category pairs. This demonstrates that residualization is important to isolate category-specific representational structure, rather than shared
decision-level similarity.

effects often comparable in magnitude to self-effects7. This
suggests that behaviors may be difficult to modify indepen-
dently under linear subspace interventions. Further analy-
sis suggests that cross-category effects are associated with
shared subspace components; detailed decomposition re-
sults are provided in Appendix G.

5.2. Overlap Alone Does Not Explain Intervention
Effects

Intervention Effects Are Asymmetric We find that inter-
vening on behavior A can significantly affect B, while the
reverse intervention has minimal impact (Figures 2 and 3).
This suggests that some behaviors act as upstream sources
(such as DECEPTIVE/MALICIOUS and AGAINST
POLICY in Gemma-2-9B) whose perturbation propagates
broadly, while others have more localized impact (such as
HARMFUL and NSFW in Gemma-2-9B).

Cross-behavior Overlap We test whether shared repre-
sentation explains cross-behavior effects. Figure 4 plots
residualized overlap against effect magnitude. While higher
overlap identifies pairs that can interact, it does not reliably
predict effect strength: high-overlap pairs can exhibit weak
effects, and some low-overlap pairs produce strong effects.
As a sanity check, projecting out a category’s own subspace
reliably alters its corresponding decision margin across mod-
els, suggesting that the extracted subspaces are behaviorally
relevant under linear intervention (Appendix L.1). This
relationship is consistent across models and robust to resam-
pling. (Appendix H).

7We discuss 8th layer from the output because it lies within
the regime where cross-behavior overlap and intervention effects
consistently emerge across models; full layer-wise analyses are
provided in Appendix L.4 and Fig. 23.

5.3. Decision Coupling is Associated with Effect
Magnitude and Direction

To explain this asymmetry and magnitude of cross-behavior
effects, we analyze how strongly each behavior subspace
influences the model’s decision. Figures 5 and 6 shows that
behaviors with stronger decision coupling often produce
larger global effects when intervened upon.

5.4. Overlap and Decision Coupling are Associated with
Effects

Finally, we jointly analyze overlap and decision coupling.
Figure 7 shows that strong cross-behavior effects occur
mainly when both conditions are met: (i) behaviors share
representation (high overlap), and (ii) the source behavior
strongly influences the decision (high decision coupling).

Results Across Models and Behaviors To ensure these
findings are not artifacts of a specific model size or behavior,
we replicated our framework on jailbreak (Appendix I) and
sycophancy datasets (Appendix J), and larger models (27B-
70B) (Appendix C). Across both domains and larger models,
similar qualitative patterns are generally observed. The
strength of cross-behavior effects and their relationship to
subspace geometry vary across model families, suggesting
that differences in architecture and training regime may lead
models to organize behavioral representations differently.

Random-Subspace Baseline To verify that these effects
arise from structured representations, we compare against
a random-subspace baseline. Replacing learned subspaces
with random orthonormal subspaces produces effects that
are 147×–319× smaller across models (Table 1). This
suggests that the observed effects are unlikely to arise solely
from generic low-rank projection (Appendix F).
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Figure 2. Cross-category effects under subspace intervention at 8th layer from the output. Each entry (i, j) shows the change in
decision margin for category j when projecting out the subspace of category i. Diagonal entries represent self-effects; off-diagonal entries
capture cross-category transfer. Across the models (i) modifying one category affects others, often with comparable magnitude (such as
DECEPTIVE/MALICIOUS in Llama and Gemma) (ii) cross-behavior effects are asymmetric - intervening on certain behaviors e.g.,
DECEPTIVE/MALICIOUS in Gemma-2-9B heavily degrades the performance on NSFW or HARMFUL, but the reverse intervention yields
minimal collateral damage.
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Figure 3. Category-wise asymmetry in cross-category effects. Some categories act as dominant sources of influence, while others
primarily receive effects. For each category c we plot

∑
b̸=c

∣∣∆Mc→b

∣∣−∑
a̸=c

∣∣∆Ma→c

∣∣, where ∆Ma→b is the mean change in the
refusal–comply margin on category-b prompts when intervening along category a’s subspace, averaged across layers. Positive values
indicate categories that act as dominant sources of influence, while negative values correspond to categories that primarily receive effects.
The imbalance across models reveals a directional structure in how categories interact.

Model Overlap Learned |∆M | Random null
residualized random self mean coll. max coll. |∆M | gap

Llama-3-8B 0.667 0.0005 4.06 3.71 4.61 0.013 319×
Gemma-2-9B 0.266 0.0006 5.03 4.73 5.11 0.025 198×
Mistral-7B 0.332 0.0005 3.11 2.99 3.20 0.021 147×

Table 1. Learned category subspaces produce effects far above a random-subspace null. Values are averaged over the final 12
decoder layers. Random overlap and random intervention effects are computed by replacing each learned category subspace with
random orthonormal rank-2 subspaces matched in dimension and layer. Self denotes the diagonal intervention effect, mean coll. the
mean off-diagonal effect, and max coll. the per-source maximum off-diagonal effect. Learned subspaces produce cross-category effects
147×–319× larger than the random baseline, while maximum collateral effects match or exceed self-effects in all models.

Further Results We find that rank-1 representations are
insufficient to capture behavior-specific structure: they pro-
duce weaker intervention effects and fail to recover the over-
lap patterns observed with low-rank subspaces (Appendix
D). Intervention strength (α) ablations are in Appendix L.2.
Appendix L provides detailed results on the different cate-
gories for refusal, and Appendices L.5.1–L.5.2 Figs. 23–24
provide depth profiles, decision-subspace spectra, for the

three 7B–9B model runs.

Summary Together, these results suggest that: (1) asym-
metric cross-category effects are often observed under inter-
ventions, (2) representational overlap alone does not predict
effect magnitude, and (3) decision alignment modulates the
strength and asymmetry of these effects.
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Figure 4. Residualized subspace overlap vs. cross-category effect magnitude. Each point corresponds to a directed category pair.
Higher overlap indicates shared representational structure. While overlap identifies pairs that are susceptible to cross-effects, it does not
reliably predict effect magnitude.
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Figure 5. Decision alignment vs. cross-category effects. Each point shows a category and layer. Smaller angles indicate stronger
alignment with the decision mechanism. Stronger alignment corresponds to larger cross-category effects, indicating that decision coupling
affects magnitude. In models such as Gemma and Llama, we find that categories whose directions align more strongly with the decision
mechanism produce larger cross-category effects.

6. Discussion
Our results suggest that intervention effects in LLMs are
associated with interaction between representation and deci-
sion: behaviors therefore may not behave as isolated control
targets, but interacting subspaces coupled through shared
decision pathways. When subspaces overlap, intervening on
one behavior often perturbs others, while the magnitude and
direction of this effect depend on how strongly the perturbed
subspace is aligned with the model’s decision-aligned sub-
space. This helps explain why overlap alone is insufficient,
and why intervention effects are often asymmetric.

Another key implication is that, model-dependent, some
behaviors act as upstream control points whose modifica-
tion propagates broadly, while others remain more localized
(Section 5.2). From an AI safety perspective, the distinction
of asymmetric cross-category effects is critical for interven-

tion design. Subspaces that are tightly coupled to upstream
decision pathways warrant particular caution, as modify-
ing them can induce widespread and unintended changes,
whereas more downstream, category-specific subspaces of-
fer opportunities for targeted interventions with reduced risk
of collateral effects. This perspective provides a founda-
tion for developing more robust and predictable approaches
to intervention, and highlights the need to move beyond
independent, direction-based control toward methods that
explicitly model behavioral interactions.

Finally, our results should not be interpreted as identifying
full semantic mechanisms. Rather, they show that model-
ing behaviors as interacting low-rank subspaces provides
a useful representation-level framework for understanding
intervention side effects. This is sufficient to diagnose when
interventions are likely to induce side-effects, and provides

7



385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439

A Low-Rank Subspace Analysis of LLM Interventions

0.2 0.4 0.6 0.8
residualized overlap

0

1

2

3

4

5

|
M

|
Llama-3-8B

low angle tertile ( 45.6 )
high angle tertile ( 49.7 )

0.0 0.2 0.4 0.6 0.8
residualized overlap

1

2

3

4

5

6

7

|
M

|

Gemma-2-9B
low angle tertile ( 57.1 )
high angle tertile ( 70.8 )

0.0 0.2 0.4 0.6 0.8 1.0
residualized overlap

1

2

3

4

5

6

|
M

|

Mistral-7B
low angle tertile ( 57.1 )
high angle tertile ( 73.0 )

Figure 6. Overlap–effect relationship stratified by decision alignment. Overlap is indicative of stronger effects mainly when decision
alignment is high, and has weak predictive power when alignment is low.
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Figure 7. Joint effect of overlap and decision alignment. Mean cross-category effect magnitude as a function of residualized overlap
and decision–category angle. Strong effects occur mainly when overlap is high and alignment is strong.

a foundation for more structured approaches to behavior
control.

7. Limitations
Our framework operates at the level of low-rank subspaces,
which allows us to study shared representational structure
but does not capture non-linear or higher-dimensional mech-
anisms which may also contribute to cross-category effects.
Representation-based intervention methods are inherently
data-dependent (Braun et al., 2025): while the qualitative
geometry is stable across models and datasets, the exact
subspace estimates depend on the prompt distribution and
category definitions. We focus on shared interaction regimes
rather than category-specific, layer-by-layer analysis, leav-
ing finer-grained layer optimization to future work.

8. Future Work
A key future direction is developing interventions that can
modify a target behavior without broadly perturbing other
behaviors using the representational structure identified.
Other promising directions include analyzing the source
of subspace overlap (e.g., shared semantics vs. architectural
constraints) and aligning behavior subspaces across model
families (Kornblith et al., 2019) to identify universal versus
architecture-specific structure. Our results further motivate
subspace-aware intervention methods that explicitly account
for both representational overlap and decision coupling for
targeted interventions.
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Impact Statement
This work studies how behaviors interact within LLMs
and the implications for post-hoc safety interventions. We
show that shared representational subspaces can induce un-
intended cross-category effects under interventions such
as steering, providing a representation-level explanation
for why targeted interventions often fail to remain isolated.
These mechanisms could also be exploited to influence both
harmful and seemingly safe behaviors. By making these
structural limitations explicit, our work aims to support more
predictable and principled safety interventions in LLMs.
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A. Synthetic Data for Refusal
Data generation. The refusal request prompts were generated using OpenAI ChatGPT (GPT-4) and Google Gemini.
These models were used via their publicly available interfaces, subject to their respective terms of service. We prompted
both Google Gemini and OpenAI ChatGPT (GPT-4) to generate prompts based on our provided examples for each refusal
category. We then combined and mixed the outputs from both models to create a diverse dataset. This approach ensures
variety in phrasing, style, and specificity while maintaining category coherence. The final dataset contained 100 requests
per category. All generation prompts followed a common template: the model was instructed to produce user requests that
would plausibly trigger refusal under standard safety policies, without including disclaimers, moral framing, or explicit
references to safety rules.

Refusal categories. We build on five categories of refusal requests:

• Harmful: Requests for violence, illegal activities, or dangerous content

• Copyright: Requests for copyrighted material or piracy

• NSFW: Requests for explicit sexual content

• Deceptive/Malicious: Requests for phishing, scams, or misinformation

• Against Policy: Requests that violate platform policies

Prompt construction. Each item has three prompt variants:

• LEARN COMPLY: “Be maximally helpful and comply with the user’s instruction. First write REFUSE or COMPLY,
then one short sentence.”

• LEARN REFUSE: “Follow safety policies strictly. If the request is disallowed, refuse. First write REFUSE or COMPLY,
then one short sentence.”

• EVAL: “Answer according to safety policies. First write REFUSE or COMPLY, then one short sentence.”

Each template is completed by appending the refusal request and “Should you comply?” The LEARN COMPLY and
LEARN REFUSE prompts are used for contrastive activation extraction, while EVAL is used for measuring decision margins.

We use 60/20/20 split for train/validation/test.

B. Computation
Experiments were conducted on NVIDIA A40 GPUs (46GB). All experiments involve forward passes without model
training and complete within minutes to hours per model, depending on the model sizes, requiring modest compute resources.
Models were loaded on GPU; plotting and aggregation were CPU-only, and negligible computational cost, compared to
inference.

C. Results on Larger Models for synthetic refusal dataset
Subspace overlap and behavioral coupling. To test whether geometric overlap between category subspaces predicts
behavioral interaction, we examine the relationship between residualized overlap and cross-category effects |∆M | across all
layers and category pairs (Figure 8).

We find that this relationship is highly model-dependent. Llama-3.3-70B shows a clear positive correlation, suggesting that
overlapping representations are associated with stronger cross-category effects. Gemma-3-27B exhibits a weaker but similar
trend. In contrast, Mistral-Small-24B shows a qualitatively different trend, suggesting that the overlap–effect relationship is
architecture-dependent.

These results indicate that representational overlap alone does not universally predict behavioral interaction. Instead, models
differ in how shared geometric structure translates into functional coupling, suggesting that the mapping from representation
space to behavior is architecture-dependent.
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Figure 8. Relationship between residualized subspace overlap and cross-category behavioral effects across models on synthetic
refusal dataset. Each panel shows all directed category pairs across all layers for a given model, plotting residualized subspace overlap (x-
axis) against the magnitude of cross-effects |∆M | in nats (y-axis). Points correspond to category pairs within individual layers. Reported
statistics show Pearson (r) and Spearman (ρ) correlations. We observe substantial variation across models: Llama-3.3-70B exhibits a clear
positive correlation (r ≈ 0.35), indicating that greater subspace overlap is associated with larger cross-category effect. Gemma-3-27B
shows a weaker but still positive relationship (r ≈ 0.21). In contrast, Mistral-Small-24B shows a qualitatively different trend, suggesting
that the overlap–effect relationship is architecture-dependent. These results suggest that the alignment between representational overlap
and behavioral coupling is strongly model-dependent.

We next examine where in the network these cross-category interactions arise. Figure 10 suggests that both geometric
overlap and effects increase significantly in the middle-to-late layers. Early layers exhibit weak coupling, while later layers
show strong alignment and large cross-effects. This suggests that shared structure between categories is progressively
formed during computation, rather than being present in early representations.

To quantify how interventions generalize across categories, we compute a cross-effect matrix where each entry measures
the impact of steering along a category-specific direction on all other categories. Figure 11 suggests that these effects are
highly structured and not confined to the target category. In particular, we observe off-diagonal interactions, suggesting that
safety-relevant behaviors are not independently represented but instead share partially overlapping control directions. This
coupling persists across all evaluated models.

A diagnostic mechanism for cross-effects. To probe the origin of collateral effects, we relate the alignment between deci-
sion and category subspaces to the magnitude of cross-effects (Figure 12). We find that larger principal angles—indicating
greater misalignment—are associated with stronger outgoing effects in several models.

This relationship is particularly pronounced in Llama, where cross-effects concentrate in specific angle regimes, suggesting
a diagnostic geometric mechanism. Moreover, the layer coloring reveals that these regimes emerge at distinct depths,
indicating that cross-category effect is not uniform across the network but localized to particular layers.

In contrast, Mistral and Gemma show weaker or more diffuse patterns, consistent with a less structured or more distributed
decision mechanism. Overall, these results support a geometric interpretation in which cross-effects arise from misalignment
between decision and category subspaces.

Decision representations are low-dimensional. We first examine the intrinsic dimensionality of the decision subspace by
measuring the variance explained by its principal components across layers (Figure 13). Across all models, we find that a
small number of components captures a large fraction of the variance, suggesting that decision behavior can be approximated
as low-dimensional.

In particular, Llama exhibits a stable low-rank structure, with the top two principal components explaining over 60% of
the variance. Gemma also displays strong low-rank structure, though with greater variation across layers, suggesting that
decision representations evolve dynamically with depth. In contrast, Mistral shows a weaker low-rank signature, with
variance more evenly distributed across components. These results justify modeling decision behavior as a low-dimensional
subspace and motivate subsequent analyses of its geometric relationship to category representations.
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Figure 9. Layer-wise relationship between geometric overlap and cross-category transfer on synthetic refusal dataset. Left: average
residualized overlap between category directions as a function of layer depth. Right: magnitude of cross-category transfer effects under
intervention. Across all models, both overlap and transfer remain low in early layers and increase sharply in middle-to-late layers,
indicating that shared structure between categories emerges progressively during computation.

Subspace overlap effects While subspace overlap captures shared representation geometry, it alone does not fully
determine cross-category effects. As shown in Figure 14, the relationship between overlap and intervention magnitude is
noisy, particularly for some models (Mistral). We find that this variability is explained by the alignment between decision
directions and category subspaces. High overlap mainly leads to strong effects when the decision direction is well-aligned
with the category subspace; when the decision is nearly orthogonal, even large overlaps produce weak effects. This indicates
that cross-category interference effects are associated with jointly representation overlap and decision alignment. The
weaker correlation observed for certain models (e.g., Mistral) reflects greater variability in decision alignment, rather than a
breakdown of the overlap-effect relationship.

Asymmetry To quantify category-level asymmetry, we aggregate directed intervention effects across layers and compute,
for each category, the difference between outgoing and incoming influence. Figure 15 suggests that categories exhibit
strongly imbalanced roles: some act as dominant sources of influence, while others primarily absorb effects from the rest
of the system. This asymmetry is robust across models, indicating that category structure is not symmetric but instead
organized around directional influence patterns.

We examine whether this asymmetry can be explained by geometric structure in representation space. Figure 14 plots the
relationship between residualized subspace overlap and intervention magnitude across all directed category pairs.

To jointly visualize the interaction between overlap and decision geometry, we plot the average effect across bins of
overlap and principal angle (Fig. 16). The resulting structure reveals a clear regime in which strong effects occur: high
overlap combined with low angles. Outside this regime, even large overlap does not translate into functional interaction,
suggesting that alignment is an important condition for overlap to matter.

To isolate the role of decision alignment, we stratify category pairs by angle tertiles and examine how overlap predicts
effect within each group (Figure 17). In Gemma and Llama, overlap helps predict effect for aligned pairs (low-angle
tertile), while misaligned pairs show little dependence. However, this pattern breaks down in Mistral, where even aligned
pairs exhibit weaker and noisier relationships. This indicates that alignment alone does not guarantee strong interaction,
highlighting the presence of additional constraints on cross-category influence in these models. Overall, we observe
architecture-dependent strength of the overlap–effect relationship and of angle stratification. We therefore treat cross-model
agreement as qualitative (same ordering of regimes) rather than quantitative identity of effect sizes, and we emphasize
per-model alignment splits (tertiles) when comparing families.

These results refine our understanding of cross-category interactions. While representational overlap provides the substrate
for interaction, its effect is strongly modulated by decision alignment. In models such as Gemma and Llama, aligned decision
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Figure 10. Layer-wise evolution of intervention effects and category overlap on synthetic refusal dataset. For each model, we plot the
magnitude of cross-category effects (left axis) and geometric overlap between category directions (right axis) as a function of layer depth.
Effects emerge sharply in middle-to-late layers, coinciding with increasing alignment between category subspaces.
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Figure 11. Cross-category effects for each model on synthetic refusal dataset. Each entry (i, j) measures the average change in model
output for category j when intervening along the category subspace associated with category i. Negative values indicate suppression,
while positive values indicate amplification. Across all models, strong off-diagonal structure is observed, indicating that interventions
targeting one category systematically influence others.

directions enable overlap to translate into strong cross-category effects. However, in Mistral, this relationship is substantially
weaker, indicating that alignment alone is not sufficient and that additional factors govern how shared representations
influence decisions. This suggests that the effectiveness of geometric mechanisms depends on how coherently decision
boundaries are oriented relative to shared feature subspaces.

D. Subspace Rank Selection Ablation
We study the effect of category subspace dimensionality by varying the category rank r ∈ {1, 2, 3}. Table 2 summarizes the
resulting intervention effects. This analysis evaluates whether the observed geometric–effects relationships depend on a
particular rank choice or reflect a low-dimensional and robust structure.

At rank r = 1, each category is represented by a single direction. In this regime, self-intervention effects are weak (mean
|∆M | = 2.1), indicating insufficient capacity to isolate category-specific structure, despite relatively low collateral effects
(mean |∆M | = 1.2). Here, category subspaces exhibit high geometric overlap, reflecting insufficient capacity to separate
category-specific variation.

At higher rank (r = 3), self-effects are comparable to rank-2 (mean |∆M | = 4.2) but collateral effects increase substantially
(mean |∆M | = 5.1), reducing selectivity. This increase is consistent with over-parameterization, where additional subspace
dimensions may capture variance that is shared across categories rather than category-specific structure, leading projection-
based interventions to suppress representations used by multiple categories simultaneously. As a result, increasing rank
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Figure 12. Decision–category misalignment helps predict collateral effects on synthetic refusal dataset. For each category and
layer, we plot the mean principal angle between the decision subspace and the category subspace against the mean outgoing cross-effect
magnitude from that category. Points are colored by layer. In Llama, cross-effects concentrate in specific angle regimes, indicating
structured geometric control of cross-category effect. In contrast, Mistral and Gemma exhibit weaker or noisier relationships. These
results suggest that collateral effects arise from geometric misalignment between decision and category subspaces in a layer-dependent
manner.

beyond r = 2 does not improve category-specific control and instead amplifies cross-category interference.

Rank r = 2 provides a balanced operating point, achieving stronger self-effects than rank-1 while avoiding the elevated
collateral effects observed at rank-3. As shown in Table 2, this results in the practical tradeoff between intervention strength
and selectivity among the ranks considered. Unless otherwise stated, we therefore use r = 2 throughout.

Table 2. Rank ablation (Gemma-2-9B-IT, layer -8 (8th layer from output)). Mean absolute intervention effects (|∆M |) for category
subspaces of varying rank, with the decision subspace rank fixed to 2. Rank-2 achieves larger self-effects than rank-1 while avoiding the
increase in collateral effects observed at rank-3. The selectivity ratio (self/collateral) summarizes this tradeoff: higher values indicate
greater specificity, though rank-1’s high ratio comes at the cost of weak overall mitigation.

Rank Mean Self |∆M | Mean Collateral |∆M | Selectivity
(diagonal) (off-diagonal) Ratio

r = 1 2.1 1.2 1.75
r = 2 4.3 3.8 1.13
r = 3 4.2 5.1 0.82

E. Robustness to the decision subspace rank kdec

We re-run the sweep at kdec ∈ {1, 2, 3, 4} on the three base models, holding all other settings fixed. Cross-effect magnitudes
|∆M | are independent of kdec by construction (the intervention uses the raw category subspaces); the ablation therefore
tests the residualized overlap geometry and its correlation with intervention effects. Table 3 reports both quantities. The
mean residualized off-diagonal overlap varies by at most 0.08 across the sweep for any model, and the cross-model ranking
is preserved. The Pearson correlation between residualized overlap and |∆M | peaks at kdec ∈ {1, 2} and decays, and
in some cases reverses sign, at kdec ≥ 3, consistent with the explained-variance profile in which the top-1 to top-2 PCs
carry essentially all decision-aligned variance. We therefore use kdec = 2 throughout: it captures the dominant decision-
aligned variance while avoiding both under-removal (at kdec = 1) and over-residualization (at kdec ≥ 3), and yields strong
overlap–effect correlation across models.

F. Random-subspace null baseline
Null construction. To test whether projection-based effects arise from generic low-rank ablation rather than learned
category structure, we construct a random-subspace null baseline. For each model, layer, and source category, we replace
the learned category subspace Bm ∈ RD×2 with a random orthonormal rank-2 subspace matched in ambient dimension.
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Figure 13. Decision representations are low-rank and layer-dependent on synthetic refusal dataset. We measure the fraction of
variance explained by the top principal components of the decision subspace across layers. PC1 alone explains a substantial fraction of
variance, while the top two PCs capture up to 60–80% in several models, indicating a strongly low-dimensional decision mechanism. The
degree of low-rank structure varies across depth and models, with Llama exhibiting the most stable low-rank behavior, while Gemma
show more dynamic profiles.

Model Residualized off-diag overlap (mean) Pearson r (overlap, |∆M |)
kdec 1 2 3 4 1 2 3 4

Llama-3-8B-Instruct 0.59 0.67 0.68 0.63 0.54 0.43 0.32 0.02
Gemma-2-9B-It 0.26 0.27 0.26 0.23 0.09 0.16 0.11 0.10
Mistral-7B-Instruct-v0.3 0.30 0.33 0.33 0.30 0.23 0.21 0.06 -0.04

Table 3. Sensitivity to the decision subspace rank kdec. Residualized off-diagonal overlap shifts by ≤ 0.08 across kdec ∈ {1, 2, 3, 4} and
the cross-model ranking is preserved. Pearson r is highest at kdec ∈ {1, 2}, and degrades for larger values. Cross-effect magnitudes |∆M |
are independent of kdec by construction.

Concretely, we sample a Gaussian matrix G ∈ RD×2 and take the first two columns of its QR decomposition as the random
basis. We repeat this with three random seeds for each of five source categories per layer, yielding 15 random subspaces per
layer, and rerun the same projection intervention used for learned subspaces.

Random-subspace effects. Table 1 summarizes the main null comparison. Learned category subspaces produce effects
24×–319× larger than the random-subspace baseline across the three models (Table 4). Random subspaces also yield
off-diagonal overlap matching the theoretical expectation r/D (between 5× 10−4 and 8× 10−4 across the three models),
well below the values measured for learned category subspaces. Thus, the observed geometry and intervention effects are
not explained by generic rank-2 projection.

Selectivity. Learned projection-based interventions are often not selective: in all three models, the mean per-source
maximum collateral effect equals or exceeds the mean self-effect (Table 1). In other words, projecting out the subspace
for category m disrupts at least one other category at least as much as it disrupts m itself. This is consistent with the
substantial residualized overlap between learned category subspaces: structure shared across categories survives decision-
component removal, so local projection interventions can propagate. The random-subspace baseline suggests that this
lack of selectivity is not a generic property of the projection operation, since random rank-2 projections produce small,
near-uniform cross-effects near the noise floor.

F.1. Per-layer real-vs-null ratios

Table 4 reports the layer-wise ratio of real |self-effect| to the random-null per-target floor. The qualitative claim that real
category subspaces dominate the null is therefore robust to layer choice.
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Figure 14. Relationship between residualized subspace overlap and intervention effect magnitude on synthetic refusal dataset. Each point
corresponds to a directed category pair. While higher overlap generally enables stronger effects, the relationship is not deterministic:
substantial variability arises from differences in decision alignment. In particular, high overlap does not guarantee strong effects when the
decision direction is orthogonal to the category subspace. This highlights that cross-category interference depends jointly on representation
overlap and decision geometry.
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Figure 15. Category-wise asymmetry in cross-category effects at 8th layer from the output on synthetic refusal dataset: For each
category, we compute the difference between outgoing and incoming intervention effects, aggregated across layers. Positive values
indicate categories that act as dominant sources of influence, while negative values correspond to categories that primarily receive
effects. The imbalance across models reveals a strongly directional structure in how categories interact. For each category c we plot∑

b̸=c

∣∣∆Mc→b

∣∣ − ∑
a̸=c

∣∣∆Ma→c

∣∣, where ∆Ma→b is the mean change in the refusal–comply margin on category-b prompts when
intervening along category a’s subspace at the reference layer.

G. Decomposing overlap into shared and private components
To determine whether cross-category transfer arises from a shared representational mechanism or from correlated but
category-specific structure, we further decompose overlapping category subspaces into shared and private components and
test their effects via targeted projection interventions. Because behavioral effects also depend on how strongly category
representations couple to the decision-aligned subspace, we do not expect shared subspace overlap alone to predict effect
magnitude or symmetry. Instead, this analysis tests whether observed cross-category transfer, when present, is mediated by
genuinely shared representational dimensions.

We focus on residualized category subspaces at layer −8 (8th layer from output), where geometric overlap is strongest. For a
pair of categories m and m′, let Bm, Bm′ ∈ Rdmodel×r denote their residualized subspace bases (with r = 2 throughout).
We form the alignment matrix M = B⊤

mBm′ ∈ Rr×r and compute its singular value decomposition M = UΣV ⊤. Each
singular value σi ∈ [0, 1] corresponds to the cosine of a principal angle between the two subspaces. Singular directions with
large σi identify strongly aligned dimensions across category subspaces.

Shared subspace construction. Let M = B⊤
mBm′ = UΣV ⊤, where σi = cos θi are the principal-angle cosines. For

retained indices i, define pi = Bmui and qi = Bm′vi. We form symmetric directions si ∝ pi + qi and orthonormalize
them to obtain a low-dimensional shared-direction subspace Qshared. The number of retained directions k is set by a
singular-value threshold (below).
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Figure 16. Mean effect magnitude as a function of both subspace overlap and decision alignment on synthetic refusal dataset. Strong
effects arise primarily in the regime of high overlap and low principal angles, while high-overlap but poorly aligned pairs exhibit weak
interaction. This reveals a gating interaction between representation similarity and decision geometry.

0.0 0.2 0.4 0.6 0.8 1.0
residualized overlap

20

25

30

35

40

45

50

|
M

|

Gemma-3-27B
low angle tertile ( 63.2 )
high angle tertile ( 82.1 )

0.2 0.4 0.6 0.8 1.0
residualized overlap

0

2

4

6

8

10

|
M

|

Llama-3.3-70B
low angle tertile ( 49.3 )
high angle tertile ( 54.1 )

0.0 0.2 0.4 0.6
residualized overlap

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

|
M

|

Mistral-Small-24B
low angle tertile ( 70.5 )
high angle tertile ( 79.8 )

Figure 17. Gemma and Llama exhibit a clear interaction: overlap helps predict stronger effect when decision directions are aligned
(low-angle tertile), while misaligned pairs show weak dependence. In contrast, Mistral displays substantially weaker stratification, with
overlap explaining less variance even under favorable alignment. This demonstrates that decision alignment is necessary but not sufficient
for strong cross-category effects, and that model-specific factors modulate this relationship.

Private (residual) directions. We define private directions for category m by projecting Bm onto the orthogonal
complement of Qshared,

B⊥
m = (I −QsharedQ

⊤
shared)Bm,

followed by orthonormalization (dropping near-zero directions). We construct B⊥
m′ analogously.

Remark. Because Qshared need not lie within col(Bm), this residualization does not, in general, reduce rank by k. It
should be viewed as removing shared-direction components rather than a canonical subspace decomposition.

Choosing k. We retain indices with σi ≥ 0.5 (i.e., θi ≤ 60◦).

Validation. We assess the functional role of these subspaces using projection-based interventions on held-out test prompts.
We orthonormalize the columns of Bm and Bm′ prior to computing M . Specifically, we independently project out (i) the
shared-direction subspace, (ii) the residual (private) subspace of category m, and (iii) the residual subspace of category m′,
and measure the resulting change in the refusal decision margin ∆M . This allows us to examine whether cross-category
effects are more strongly associated with shared directions or category-specific components.

Shared vs. private subspace interventions: Table 6 summarizes the effects of independently projecting shared and
private components of overlapping category subspaces at layer −8. Across both models and category pairs, projecting out
the shared subspace induces changes in refusal margins for both categories, whereas projecting private components often
yields more category specific or asymmetric effects. When the shared dimensionality equals the category rank (k = 2),
per-direction projections produce similar effects across categories. When k=1, category-unique residual directions exist, and
private projections can produce more category-specific effects, while shared projections can induce cross-category transfer.
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Figure 18. Learned versus random-subspace intervention magnitudes across layers. Top row: mean absolute self-effect. Bottom row:
mean maximum collateral effect. Columns correspond to the three instruction-tuned models. Learned category subspaces produce effects
far above the random rank-2 null baseline at every layer.

Model −12 −11 −10 −9 −8 −7 −6 −5 −4 −3 −2 −1

Llama-3-8B 417 286 76 417 342 611 436 792 185 312 677 1349
Gemma-2-9B 17 126 75 112 82 325 218 966 609 502 421 169
Mistral-7B 72 229 364 350 366 206 11 19 248 114 48 301

Table 4. Per-layer learned-vs-random intervention ratios. Entries report learned —self-effect— divided by the random-null per-target
|∆M | floor, per model and layer.

Our shared/private decomposition helps explain why enforcing orthogonality between steering directions often fails to
eliminate side effects. Cross-category transfer is often consistent with mediation by genuinely shared subspace dimensions,
not by incidental alignment between otherwise independent directions. However, the presence of shared subspace overlap
alone does not determine the magnitude or direction of intervention effects, which are associated with each category’s
alignment with the decision-aligned subspace.

H. Robustness Checks
Bootstrap stability of category subspaces To assess whether the learned subspaces are sample-dependent, we bootstrap-
resample the training set and refit the full pipeline (centering, decision-PC identification/removal, and category PCA) for
each resample. At layer −8, the learned rank-2 category subspaces remain highly reproducible across models. Mean
subspace overlap is 0.686 (Llama-3-8B), 0.402 (Gemma-2-9B) and 0.331 (Mistral-7B), compared to random null floors on
the order of 10−4. This corresponds to stability ratios ranging from ∼ 663× to 1464× above chance (Table 8).

These results indicate that while individual principal components may rotate, the underlying low-rank subspaces are stable,
supporting our span-based interpretation of category representations.
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Model Overlap (off-diag mean) Real cross-effect |∆M | (nats) Random null |∆M | (nats)
raw residualized random self max-collateral per-target gap (real/null)

Llama-3-8B 0.833 0.667 0.0005 4.06 4.61 0.013 319×
Gemma-2-9B 0.246 0.266 0.0006 5.03 5.11 0.025 198×
Mistral-7B 0.301 0.332 0.0005 3.11 3.20 0.021 147×

Table 5. Geometry, intervention magnitudes, and random-null floor across three instruction-tuned models, averaged over the last 12
decoder layers (−12 ≤ L ≤ −1). Overlap: mean off-diagonal subspace similarity between learned category subspaces, raw / residualized
by the rank-2 decision subspace / replaced by random orthonormal rank-2 subspaces (3 seeds × 5 categories per layer; matched ambient
dimension and rank). Cross-effect: real Bm projection at α=1 measured on TEST split; self is the diagonal mean, max-collateral is
the per-source mean of the largest off-diagonal entry. Random null: mean |∆M | averaged across all 15 random samples and target
categories. gap: ratio of self to null per-target.

Table 6. Shared vs. private intervention effects across models and category pairs (layer −8). Each category is represented by a rank-2
residualized subspace. The shared dimensionality k is determined from the singular values of B⊤

mBm′ (see text). Shared reports the
change in refusal margin ∆M when projecting out the shared subspace (category m / m′). Private (A/B) reports effects from projecting
individual private directions of category m (left) or m′ (right).

Model Category Pair k Shared Private (A / B)

Gemma-2-9B-IT DECEPTIVE/MALICIOUS–NSFW 2 −1.26 / − 1.18 −1.14,−1.13 / − 1.13,−1.12
Gemma-2-9B-IT DECEPTIVE/MALICIOUS–HARMFUL 1 +3.15 / + 3.35 −4.38,−4.09 / − 0.31,−0.10

Llama-3-8B-Instruct DECEPTIVE/MALICIOUS–NSFW 1 +0.88 / + 0.91 +0.29,+0.28 / + 2.67,+2.64
Llama-3-8B-Instruct DECEPTIVE/MALICIOUS–HARMFUL 2 +1.43 / + 0.91 +1.68,+2.30 / + 1.67,+2.27

Overlap is indicative of cross-effect strength We next evaluate whether residualized subspace overlap predicts cross-
category effects. Across all directed category pairs over the final 12 layers in three models (n = 960), residualized overlap
is positively associated with cross-effect magnitude in the pooled, within-model normalized analysis (Spearman ρ = 0.237,
95% CI [0.18, 0.30]; Table 7).

I. Experiments on Jailbreak Dataset (Arditi et al., 2024)
Using the existing dataset and categories from (Arditi et al., 2024), which are drawn from existing datasets ADVBENCH
(Zou et al., 2023), MALICIOUSINSTRUCT (Huang et al., 2024), TDC2023 (Mazeika et al., 2023), and HARMBENCH
(Mazeika et al., 2024), we validate our experiments from the main paper the same three instruction-tuned models.

The dataset consists of eight refusal categories (as they contained atleast 40 prompts each, these categories are from
the existing datasets): Disinformation and deception, Hate, harassment and discrimination, Illegal goods and services,
Non-violent crimes, Sexual content, Violence, Cybercrime intrusion, and Illegal. Our analysis focuses on whether the pattern
of cross-category overlap and interventional transfer appears across model families.

For fair comparison, all results use rank-2 category subspaces with the decision-aligned variance removed and are evaluated
at layer −8, where interaction effects are strongest.

Residualized overlap: Table 9 and Figures 19,20 and 21 reports residualized geometric overlap between refusal category
subspaces at layer −8 across three model families on the Jailbreak dataset. After removing the decision-aligned variance,
many category pairs exhibit non-trivial overlap, though the magnitude varies substantially by model and category pair. In
particular, some category pairs (e.g., Hate/Harassment with Illegal goods or Non-violent content) show moderate overlap
across multiple models, while others remain weakly overlapping. These results indicate that shared category-specific
structure persists in a real-world jailbreak dataset, consistent with the patterns observed on the synthetic refusal data.

Cross-category intervention effects across models: Tables 10–12 report cross-category intervention effects at layer −8
across three model families. Across models, projecting out a category’s subspace reliably alters its own refusal behavior
(diagonal entries), suggesting that the extracted subspaces are behaviorally relevant on the Jailbreak dataset. Interventions
also induce substantial cross-category effects, though their magnitude and sign vary by architecture, and we observe similar
asymmetric effects as observed in Section 5. Gemma-2 and Llama-3 exhibit broad transfer across categories, with many
source categories affecting multiple targets, while Mistral-7B shows generally weaker and more heterogeneous effects.
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Table 7. Correlation between residualized overlap and absolute cross-category effect (final 12 layers, directed pairs).

Model n Pearson r 95% CI Spearman ρ 95% CI

Llama-3-8B 240 +0.430 [+0.33,+0.53] +0.464 [+0.36,+0.56]
Gemma-2-9B 240 +0.164 [+0.03,+0.30] +0.163 [+0.03,+0.29]
Mistral-7B 240 +0.213 [+0.07,+0.34] +0.309 [+0.19,+0.43]

Pooled 720 +0.050 [-0.00,+0.10] +0.208 [+0.15,+0.27]
Pooled (z-norm.) 720 +0.230 [+0.17,+0.29] +0.237 [+0.18,+0.30]

Table 8. Bootstrap stability of category subspaces at layer −8 (mean across categories).

Model Mean stability Random null Ratio

Llama-3-8B 0.686 0.00047 1464×
Gemma-2-9B 0.402 0.00054 745×
Mistral-7B 0.331 0.00047 707×

Decision alignment and cross-category effects: To relate cross-category intervention effects to upstream decision
coupling, Tables 13–15 report principal angles between category subspaces and the decision-aligned subspace at layer −8.
Across models, categories with smaller principal angles (stronger decision alignment) tend to produce larger and more global
intervention effects, while categories that are more orthogonal to the decision subspace exhibit weaker or more localized
effects.

Together, these results mirror the synthetic setting and support the main paper’s findings. One point to note is that, as stated
in Section 7, while geometric overlap and alignment with the decision-aligned subspace help identify structural limits of
linear interventions, we expect additional nonlinear mechanisms and dataset confounds (from non-synthetic datasets) to also
contribute; our analysis is therefore not exhaustive but provides a starting point.

J. Experiment on Synthetic Sycophancy Dataset
To assess whether the proposed framework generalizes beyond refusal, we apply the same analysis pipeline to sycophancy,
defined as the tendency of a model to agree with user statements, including false claims. We generate our synthetic dataset
using the same methodology as described in Appendix A. We analyze five content-based categories—GEOGRAPHY,
HISTORY, MATH, SCIENCE, and SUBJECTIVE (opinion-based statements)—using the same three model families
and layer window as in the refusal experiments.

Residualized overlap: Table 16 and Figure 22 reports residualized geometric overlap between sycophancy subcategory
subspaces at layer −8 across three model families. After removing the decision-aligned variance, many category pairs
retain moderate to high overlap, particularly between closely related factual domains such as MATH–SCIENCE and
HISTORY–SCIENCE. In contrast, SUBJECTIVE questions exhibit lower overlap with factual categories across models. These
results indicate that subcategory-specific structure in sycophancy is distributed across overlapping low-rank subspaces.

Cross-category intervention effects: Tables 17–19 report cross-category intervention effects at layer −8 across three
model families. Projecting out a category’s subspace reliably alters its own sycophancy behavior (diagonal entries) and
induces substantial effects on other categories. While effect magnitudes vary by architecture—with Mistral-7B exhibiting
larger overall shifts—the qualitative pattern of cross-category transfer is consistent across models.

Decision alignment and effect magnitude: To relate cross-category effects to upstream decision coupling, Tables 20–22
report principal angles between sycophancy subcategory subspaces and the decision-aligned subspace at layer −8. Categories
with smaller principal angles tend to induce larger and more global intervention effects, while more orthogonal categories
exhibit weaker or more localized effects. For example, in Llama-3, most categories are tightly aligned with the decision-
aligned subspace and correspondingly produce broadly uniform effects across targets, whereas Gemma-2 and Mistral-7B
show more heterogeneous alignment profiles and effect magnitudes. This mirrors the refusal and jailbreak experiments and
supports that geometric overlap identifies potential interaction pathways, while decision alignment affects the magnitude
and asymmetry of intervention effects.
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(a) Gemma-2-9B-IT (b) Llama-3-8B-Instruct

(c) Mistral-7B-Instruct-v0.3

Figure 19. Robustness check on Jailbreak Dataset (Arditi et al., 2024): Cross-model comparison of residualized overlap (layer −8).
Residualized overlap patterns mirror those observed on synthetic data.

Together, these results suggest that the representational geometry underlying sycophancy exhibits the same low-rank
overlap, limited selectivity, and decision-alignment-driven asymmetry observed for refusal, indicating that these phenomena
generalize across behaviors.

K. Detailed Methodology Choices
Decision-aligned variance removal: We view each contrast vector as a linear sum of a decision-aligned subspace and
residual structure, as an analytic decomposition for intervention analysis:

∆
(m,ℓ)
i = Vdec di + ri, (5)

where Vdec ∈ Rdmodel×kdec has orthonormal columns and spans a low-rank decision-aligned subspace, di ∈ Rkdec are
example-specific decision coefficients, and ri captures residual (e.g., category/style) variation. When decision-related
variance dominates, PCA of ∆(m,ℓ) can prioritize decision-aligned directions. We therefore identify decision-aligned PCs
by ranking components by the absolute correlation between their PC scores and the decision margin µ, and remove the top
kdec such components via orthogonal projection (eq. 2), where Vdec ∈ Rdmodel×kdec contains an orthonormal column basis
for the selected decision-aligned subspace. We report geometric overlap both before and after this residualization, and use
∆

(m,ℓ)
⊥ to isolate category- or style-specific structure.

Low-rank residual subspaces: After decision-aligned variance removal, let ∆(m,ℓ)
⊥ ∈ RN×dmodel denote the matrix

of residual contrasts and define the empirical feature covariance Σr = 1
N∆

(m,ℓ)⊤
⊥ ∆

(m,ℓ)
⊥ . In practice, Σr is not well
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(a) Raw overlap matrix (Gemma-2-9B-IT, layer -8)
(b) Residualized overlap matrix (Gemma-2-9B-IT,
layer -8)

Figure 20. Subcategory subspace overlap matrices. Residualized overlap on jailbreak dataset shows similar structure to synthetic data,
with high overlap between related categories (e.g., Illegal goods and illegal) and lower overlap between distinct categories.

approximated by a rank-1 matrix: its leading eigenvalues are not well separated, suggesting that residual (e.g., category
or style) structure is distributed across multiple directions in representation space. Consequently, rank-1 summaries are
unstable. We therefore apply PCA (equivalently performing eigendecomposition of the residual feature covariance Σr) to
∆

(m,ℓ)
⊥ and retain the top-k eigenvectors, forming a low-rank subspace B

(ℓ)
m that captures the dominant residual structure

and provides a stable object for principal-angle comparison and subspace-level interventions.

Complementary roles of overlap and decision alignment: We remove decision-aligned variance when measuring
subspace overlap to isolate category-specific representational structure. Without this step, overlap is dominated by the
shared decision mechanism, causing all categories to appear artificially similar. However, decision alignment remains
critical for understanding intervention effects. While residualized overlap identifies where representations are shared,
alignment with the decision subspace helps predict how strongly those shared representations influence the model’s output.
Thus, residualization and decision alignment serve complementary roles: residualization isolates structure, while decision
alignment explains how that structure is used.

L. Further Results on Refusal (Synthetic Dataset)
L.1. Intervention validation: within-category effects

Projecting out a category’s own subspace alters the model’s refusal margin across categories and models (Table 23),
suggesting that the extracted subspaces influence the refusal decision. The direction of this influence is not uniform: for
some categories, projection reduces refusal, while for others it increases refusal.

In particular, some subspaces appear to act as decision-driving components whose removal weakens refusal (e.g., AGAINST
POLICY, DECEPTIVE/MALICIOUS), whereas others act as decision-modulating components that support contextual or
policy-sensitive discrimination. Removing such modulating subspaces can reduce the model’s ability to make nuanced
judgments and can cause it to default to a more conservative in some settings (e.g., COPYRIGHT or NSFW in Gemma-2).
Accordingly, the direction of the self-intervention effect reflects the functional role of the subspace rather than its geometric
alignment alone. These effects vary across models, reflecting differences in how category-specific representations are
integrated into the decision-aligned subspace.

L.2. Intervention strength Ablation

To test whether cross-category effects are driven by overly strong interventions, we vary the projection strength α ∈ [0.1, 1.0]
and measure both the effect on the target category (self-effect) and the largest effect on any other category (max collateral
effect). We evaluate this for the DECEPTIVE/MALICIOUS → NSFW intervention at layer −8 (8th layer from output), where
residualized overlap is high.
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(a) Raw overlap across layers (b) Residualized overlap across layers

Figure 21. Layer-wise residualized overlap on jailbreak dataset Gemma-2-9B-IT exhibits similar localization patterns to synthetic
data, with peak interaction in mid-layers (-12 to -8).

As shown in Tables 24 and 25, reducing α decreases the absolute magnitude of both self and collateral effects. However,
collateral effects remain comparable in scale to the self effect across all values of α. In particular, weakening the intervention
reduces its overall impact and does not eliminate cross-category effects. Private-subspace projections (Appendix G) reduce
the absolute size of collateral effects relative to full-subspace projections, but collateral effects persist even at small α.

L.3. Results for other models

Tables 26–27 report cross-category intervention effects for the remaining model families at layer −8 (8th layer from output),
and Tables 28–29 report the corresponding principal angles between category subspaces and the decision-aligned subspace.
While the magnitude and sign of effects vary across architectures, due to different representations structured from different
training regimes, all models exhibit non-trivial cross-category transfer under projection and heterogeneous alignment
with the decision-aligned subspace. These results mirror the qualitative patterns discussed in Section 5.4 and support the
generality of the main paper’s findings across model families.

L.4. Layer-wise Interventions

Category-specific depth profiles: Table 30 shows how projecting out each category’s residualized subspace affects its
own refusal behavior across layers in Gemma-2-9B-IT. DECEPTIVE/MALICIOUS and AGAINST POLICY exhibit large
negative self-effects that increase from mid to late layers. HARMFUL shows weak self-effects across depth. NSFW has
minimal effects in early layers, with larger effects emerging in later layers. COPYRIGHT produces positive self-effects at
most layers.
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Table 9. Residualized overlap between category pairs across models (layer -8) for Jailbreak Dataset (Arditi et al., 2024). Values are
mean squared cosine between category subspaces after removing the decision component. Higher values (closer to 1.0) indicate more
similar category-specific mechanisms.

Category Pair Gemma-2-9B-IT Llama-3-8B-Instruct Mistral-7B-Instruct-v0.3

Disinfo.&Decep. ↔ Hate/Harass. 0.00 0.44 0.01
Disinfo.&Decep. ↔ Illegal goods 0.10 0.41 0.03
Disinfo.&Decep. ↔ Non-violent 0.00 0.43 0.01
Disinfo.&Decep. ↔ Sexual 0.02 0.40 0.01
Disinfo.&Decep. ↔ Violence 0.01 0.39 0.01
Disinfo.&Decep. ↔ Cybercrime 0.02 0.39 0.08
Disinfo.&Decep. ↔ Illegal 0.04 0.39 0.01

Hate/Harass. ↔ Illegal goods 0.35 0.59 0.06
Hate/Harass. ↔ Non-violent 0.49 0.37 0.52
Hate/Harass. ↔ Sexual 0.02 0.25 0.13
Hate/Harass. ↔ Violence 0.01 0.57 0.05
Hate/Harass. ↔ Cybercrime 0.00 0.23 0.04
Hate/Harass. ↔ Illegal 0.35 0.27 0.23

Illegal goods ↔ Non-violent 0.01 0.31 0.26
Illegal goods ↔ Sexual 0.10 0.35 0.06
Illegal goods ↔ Violence 0.11 0.53 0.17
Illegal goods ↔ Cybercrime 0.08 0.28 0.02
Illegal goods ↔ Illegal 0.68 0.42 0.32

Non-violent ↔ Sexual 0.06 0.32 0.23
Non-violent ↔ Violence 0.06 0.56 0.06
Non-violent ↔ Cybercrime 0.03 0.42 0.00
Non-violent ↔ Illegal 0.01 0.38 0.41

Sexual ↔ Violence 0.09 0.40 0.01
Sexual ↔ Cybercrime 0.01 0.24 0.00
Sexual ↔ Illegal 0.07 0.33 0.10

Violence ↔ Cybercrime 0.03 0.35 0.03
Violence ↔ Illegal 0.06 0.35 0.08

Cybercrime ↔ Illegal 0.05 0.49 0.20

Depth dependence of intervention effects: Table 31 summarizes mean self and collateral intervention effects across
models at selected layers. Across architectures, intervention effects are weakest in early layers and increase in mid-to-
late layers, indicating where overlapping category subspaces are most prominent. Notably, increases in self-effects are
accompanied by comparable increases in collateral effects. This pattern indicates that while later-layer interventions are
more powerful, they also induce proportionally larger cross-category effects. The consistency of this trend across model
families suggests that limits on category-specific linear control are a general consequence of how behavioral information is
consolidated with depth.

Layer localization of category overlap: Table 32 reports mean residualized geometric overlap between category subspaces
at selected layers across three model families. Across models, overlap is non-uniform across depth and is generally elevated
in mid-to-late layers, consistent with the emergence of category-specific structure after removing the dominant decision-
aligned variance. The precise depth at which overlap peaks varies by architecture. This localization indicates that interacting
category structure arises in specific depth windows where behavioral information is integrated.

L.5. Additional Analysis of Representation Geometry on 7B-9B models on synthetic refusal dataset

L.5.1. LAYER-WISE EMERGENCE OF INTERACTION

Both overlap and cross-category effects are localized to middle-to-late layers, suggesting that behavioral interaction
arises during representation composition (refer Figure 23). Across all three checkpoints, overlap and cross-effects remain
comparatively small in early layers and rise in mid-to-late layers, indicating that category entanglement and its behavioral
signatures emerge during representation formation rather than appearing at the terminal layer. The relative peak depth differs
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Table 10. Cross-effect matrix (Gemma-2-9B-IT, layer -8, α = 1.0) for Jailbreak Dataset (Arditi et al., 2024). Values are ∆ refusal
margin (log-probability units) when projecting out each source category’s subspace. Positive values indicate increased refusal, negative
values indicate decreased refusal.

Source → Target Disinfo. Hate/Harass. Illegal goods Non-violent Sexual Violence Cybercrime Illegal

Disinfo.&Decep. +0.56 +0.59 +0.77 +0.64 +0.58 +0.49 +0.61 +0.50
Hate/Harass. +0.77 +0.69 +0.76 +0.77 +0.54 +0.60 +0.85 +0.60
Illegal goods -0.26 +0.03 +0.07 -0.17 -0.22 -0.19 -0.29 -0.14
Non-violent +0.69 +0.55 +0.59 +0.74 +0.33 +0.59 +0.98 +0.55
Sexual content -3.74 -3.87 -3.74 -3.78 -4.23 -3.89 -3.76 -4.01
Violence -2.53 -2.63 -2.68 -2.70 -2.65 -2.49 -2.92 -2.74
Cybercrime -1.49 -1.26 -1.60 -1.33 -1.56 -1.24 -1.33 -1.51
Illegal +0.52 +0.88 +0.94 +0.71 +0.52 +0.70 +0.58 +0.69

Table 11. Cross-effect matrix (Llama-3-8B-Instruct, layer -8, α = 1.0) for Jailbreak Dataset (Arditi et al., 2024). Values are ∆
refusal margin (log-probability units) when projecting out each source category’s subspace. Positive values indicate increased refusal,
negative values indicate decreased refusal.

Source → Target Disinfo. Hate/Harass. Illegal goods Non-violent Sexual Violence Cybercrime Illegal

Disinfo.&Decep. -1.26 -1.41 -1.53 -1.78 -1.81 -1.27 -1.38 -2.07
Hate/Harass. -2.59 -2.74 -2.93 -3.13 -3.17 -2.47 -2.81 -3.48
Illegal goods -0.90 -1.07 -1.36 -1.50 -1.28 -0.93 -1.18 -1.72
Non-violent -1.87 -2.13 -1.88 -2.37 -2.85 -2.10 -1.76 -2.72
Sexual content -1.32 -1.56 -1.46 -1.73 -2.28 -1.38 -1.22 -2.06
Violence -2.66 -2.78 -2.88 -3.13 -3.21 -2.57 -2.74 -3.54
Cybercrime -1.62 -1.77 -1.72 -1.98 -1.96 -1.66 -1.59 -2.15
Illegal -2.32 -2.52 -2.56 -2.89 -2.91 -2.35 -2.45 -3.19

by architecture, but the qualitative co-localization of geometric overlap and collateral effects is stable.

L.5.2. DECISION SUBSPACE IS LOW-DIMENSIONAL

Figure 24 supports modeling the decision mechanism as a low-rank subspace. Across layers, the top few components
account for a large fraction of variance, with the top two components often explaining the majority in Llama and substantial
mass in Gemma; Mistral exhibits a more diffuse spectrum in some depth ranges. This supports treating the decision-aligned
component as genuinely low-rank for the purposes of residualization, while also highlighting architecture-dependent spectral
structure.

L.6. Detailed Analysis of subcategories for synthetic refusal dataset

Figure 25 contrasts raw and residualized (after removing the decision-aligned variance) overlap. In the raw overlap matrix,
most subcategories appear strongly aligned, reflecting dominance of a shared decision-aligned signal. After projecting out
this signal, a more informative geometry emerges: some subcategory pairs remain tightly aligned while others become nearly
orthogonal. Residualized overlap spans a wide range, from near-random values (≈ 0.04) to strong alignment (≈ 0.7–0.8),
depending on the category pair and model. This demonstrates that subcategories share representational structure beyond the
global decision-aligned subspace.

Table 34 reports residualized overlap at layer −8 across three model families. Despite architectural differences, all models
exhibit nontrivial overlap with a qualitative pattern. In particular, DECEPTIVE/MALICIOUS–NSFW shows high residualized
overlap in Gemma-2-9B and moderate overlap in Llama-3-8B, but low overlap in Mistral-7B (Table 34), consistent with
architecture-dependent category geometry, while HARMFUL–COPYRIGHT remains weakly overlapping. While the presence
of residual overlap appears, its magnitude varies across models and layers, reflecting differences in learned representations
which depend on training regimes and architectures (full layer-wise results in Appendix L.4).

Table 35 shows cross-effect matrices for Gemma-2-9B at layer −8. AGAINST POLICY acts as a upstream mechanism,
reducing refusal across all categories by 6.7–8.7 log-probability units. DECEPTIVE/MALICIOUS also yields strong reductions
(6.0–7.9 units). In contrast, projecting out COPYRIGHT or NSFW increases refusal (positive ∆M ), suggesting that these
subspaces support fine-grained discrimination between disallowed and borderline cases; removing them causes the model to
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Table 12. Cross-effect matrix (Mistral-7B-Instruct-v0.3, layer -8, α = 1.0) for Jailbreak Dataset (Arditi et al., 2024). Values are ∆
refusal margin (log-probability units) when projecting out each source category’s subspace. Positive values indicate increased refusal,
negative values indicate decreased refusal.

Source → Target Disinfo. Hate/Harass. Illegal goods Non-violent Sexual Violence Cybercrime Illegal

Disinfo.&Decep. -0.68 -0.73 -0.92 -0.83 -0.84 -0.86 -1.00 -0.89
Hate/Harass. -1.59 -1.65 -2.01 -1.44 -1.38 -1.35 -1.31 -1.59
Illegal goods -0.23 -0.33 -0.49 -0.41 -0.50 -0.44 -0.47 -0.45
Non-violent -0.45 -0.58 -1.02 -0.55 -0.43 -0.40 -0.42 -0.71
Sexual content -0.48 -0.69 -0.83 -0.66 -0.70 -0.96 -0.63 -0.63
Violence +0.14 +0.06 +0.04 +0.10 +0.04 +0.06 +0.18 +0.10
Cybercrime -1.74 -1.91 -2.07 -1.81 -1.78 -1.86 -2.19 -2.15
Illegal -0.16 -0.17 -0.26 -0.28 -0.34 -0.29 -0.17 -0.22

Table 13. Principal angles between decision subspace and category subspaces (degrees, Gemma-2-9B-IT, layer -8) for Jailbreak
dataset. Smaller angles indicate greater alignment with the decision-aligned subspace .

Category Angle 1 (°) Angle 2 (°)

Disinformation and deception 81.0 87.2
Hate, harassment and discrimination 53.7 84.0
Illegal goods and services 80.6 89.5
Non-violent crimes 10.1 87.7
Sexual content 44.2 77.5
Violence 68.2 88.7
Cybercrime 70.5 83.5
Illegal 81.0 89.6

default to a more conservative refusal behavior. HARMFUL shows comparatively weak cross-effects, indicating relative
isolation.

Ablating AGAINST POLICY reduces HARMFUL refusal by 6.71 units, whereas ablating HARMFUL reduces AGAINST
POLICY refusal by only 0.21 units. Notably, ablating the COPYRIGHT or NSFW subspaces increases refusal rates.
Asymmetric effects arise because different behavior subspaces have different alignments with the decision-aligned subspace,
so intervening on one behavior often perturbs the decision more strongly than intervening on another (despite the geometric
overlap being symmetric). This apparent mismatch reflects the fact that overlap alone does not determine how interventions
propagate through the network.

Table 33 analyzes how directly each subcategory subspace associated with the decision-aligned subspace by measuring
their principal angles. Categories with smaller principal angles (e.g., AGAINST POLICY) are more tightly aligned with the
decision-aligned subspace and produce large, global effects when intervened upon. However, categories that are nearly
orthogonal to the decision subspace (e.g., NSFW, DECEPTIVE/MALICIOUS) exhibit different effects despite substantial
overlap with other categories.

For example, DECEPTIVE/MALICIOUS–NSFW combines high overlap (0.69) with large cross-effects (|∆M | ≈ 7.55),
whereas HARMFUL–COPYRIGHT shows both low overlap (0.20) and weak effects (|∆M | ≈ 0.23).

Figure 23 shows that across the three model families, both, residualized overlap and cross-category effects, exhibit layer-
localized structure, with nontrivial geometric overlap and transfer emerging in dominantly closer to the late layers, where
behavior representations are composed prior to final decision consolidation. Layer −8 lies within this interaction regime for
all models and is used as a common reference point for cross-model comparison. While the relationship is not strictly linear,
regions of higher overlap tend to coincide with stronger cross-category transfer. These are again model-specific for their
different representations. Importantly, our conclusions do not depend on the exact layer choice: we observe qualitatively
similar overlap–effect relationships across a contiguous window of layers, indicating that the reported geometry reflects
stable representational structure rather than layer-specific artifacts.
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Table 14. Principal angles between decision subspace and category subspaces (degrees, Llama-3-8B-Instruct, layer -8) for Jailbreak
dataset. Smaller angles indicate greater alignment with the decision-aligned subspace.

Category Angle 1 (°) Angle 2 (°)

Disinformation and deception 12.7 89.5
Hate, harassment and discrimination 21.1 86.8
Illegal goods and services 8.9 85.1
Non-violent crimes 16.0 81.4
Sexual content 21.0 82.7
Violence 16.6 81.1
Cybercrime 26.6 89.2
Illegal 10.2 87.3

Table 15. Principal angles between decision subspace and category subspaces (degrees, Mistral-7B-Instruct-v0.3, layer -8) for
Jailbreak dataset. Smaller angles indicate greater alignment with the decision-aligned subspace.

Category Angle 1 (°) Angle 2 (°)

Disinformation and deception 55.9 85.5
Hate, harassment and discrimination 79.2 89.9
Illegal goods and services 33.6 82.1
Non-violent crimes 70.3 88.9
Sexual content 70.3 86.2
Violence 32.6 74.8
Cybercrime 69.2 88.1
Illegal 67.0 78.9

Table 16. Residualized overlap between category pairs across models (layer -8) for Sycophancy experiment. Values are mean
squared cosine between category subspaces after removing the decision component. Higher values (closer to 1.0) indicate more similar
category-specific mechanisms.

Category Pair Gemma-2-9B-IT Llama-3-8B-Instruct Mistral-7B-Instruct-v0.3

GEOGRAPHY ↔ HISTORY 0.43 0.50 0.63
GEOGRAPHY ↔ MATH 0.38 0.42 0.28
GEOGRAPHY ↔ SCIENCE 0.46 0.47 0.44
GEOGRAPHY ↔ SUBJECTIVE 0.24 0.17 0.19

HISTORY ↔ MATH 0.70 0.38 0.27
HISTORY ↔ SCIENCE 0.83 0.37 0.29
HISTORY ↔ SUBJECTIVE 0.33 0.22 0.10

MATH ↔ SCIENCE 0.84 0.56 0.67
MATH ↔ SUBJECTIVE 0.48 0.19 0.23

SCIENCE ↔ SUBJECTIVE 0.44 0.10 0.31

Table 17. Cross-effect matrix (Gemma-2-9B-IT, layer -8, α = 1.0). Sycophancy experiment. Values are ∆ decision margin (log-
probability units) when projecting out each source category’s subspace. Positive values indicate increased sycophancy, negative values
indicate decreased sycophancy.

Source → Target GEOGRAPHY HISTORY MATH SCIENCE SUBJECTIVE

GEOGRAPHY +1.29 +1.01 +1.41 +1.24 +2.31
HISTORY -2.57 -3.06 -2.48 -2.40 -1.69
MATH -3.73 -3.84 -3.72 -3.15 -2.27
SCIENCE +0.14 -0.20 +0.25 +0.40 +1.72
SUBJECTIVE -7.55 -7.82 -7.41 -7.13 -8.28
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Table 18. Cross-effect matrix (Llama-3-8B-Instruct, layer -8, α = 1.0). Sycophancy experiment. Values are ∆ decision margin
(log-probability units) when projecting out each source category’s subspace. Positive values indicate increased sycophancy, negative
values indicate decreased sycophancy.

Source → Target GEOGRAPHY HISTORY MATH SCIENCE SUBJECTIVE

GEOGRAPHY -3.65 -4.43 -3.29 -3.07 -2.40
HISTORY -3.89 -4.70 -3.58 -3.37 -2.73
MATH -6.83 -7.28 -6.34 -6.21 -5.66
SCIENCE -6.48 -6.83 -5.93 -5.80 -5.27
SUBJECTIVE -1.53 -1.88 -1.36 -1.30 -1.10

Table 19. Cross-effect matrix (Mistral-7B-Instruct-v0.3, layer -8, α = 1.0). Sycophancy experiment. Values are ∆ decision margin
(log-probability units) when projecting out each source category’s subspace. Positive values indicate increased sycophancy, negative
values indicate decreased sycophancy.

Source → Target GEOGRAPHY HISTORY MATH SCIENCE SUBJECTIVE

GEOGRAPHY -5.81 -7.03 -4.86 -4.83 -3.09
HISTORY -3.02 -2.96 -2.42 -2.80 -1.61
MATH -9.66 -9.09 -7.01 -8.08 -5.53
SCIENCE -7.09 -6.56 -5.47 -6.19 -3.99
SUBJECTIVE -9.80 -9.75 -6.45 -7.69 -6.65

Table 20. Principal angles between decision subspace and category subspaces (degrees, Gemma-2-9B-IT, layer -8). Smaller angles
indicate greater alignment with the decision-aligned subspace.

Category Angle 1 (°) Angle 2 (°)

GEOGRAPHY 46.9 88.9
HISTORY 73.8 88.7
MATH 78.6 89.0
SCIENCE 72.1 88.3
SUBJECTIVE 44.2 86.4

Table 21. Principal angles between decision subspace and category subspaces (degrees, Llama-3-8B-Instruct, layer -8). Sycophancy
experiment. Smaller angles indicate greater alignment with the decision-aligned subspace.

Category Angle 1 (°) Angle 2 (°)

GEOGRAPHY 16.8 18.7
HISTORY 16.8 23.8
MATH 11.2 17.7
SCIENCE 7.7 17.6
SUBJECTIVE 31.6 72.1

Table 22. Principal angles between decision subspace and category subspaces (degrees, Mistral-7B-Instruct-v0.3, layer -8). Smaller
angles indicate greater alignment with the decision-aligned subspace.

Category Angle 1 (°) Angle 2 (°)

GEOGRAPHY 79.7 87.9
HISTORY 74.1 85.1
MATH 61.1 82.6
SCIENCE 81.2 89.4
SUBJECTIVE 71.8 81.8
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(a) Gemma-2-9B-IT (b) Llama-3-8B-Instruct (c) Mistral-7B-Instruct-v0.3

Figure 22. Robustness check on Sycophancy Dataset: Cross-model comparison of residualized overlap (layer −8). Residualized
overlap patterns on synthetic sycophancy dataset mirror those observed on refusal.

Table 23. Self-intervention effects across models and categories (layer -8, α = 1.0). Values are ∆ refusal margin (diagonal entries of
cross-effect matrices) when projecting out each category’s own subspace. Negative values indicate decreased refusal, positive values
indicate increased refusal. Categories show effects across models, suggesting that extracted subspaces are linked to refusal behavior.

Category Gemma-2-9B-IT Llama-3-8B-Instruct Mistral-7B-Instruct-v0.3

Against Policy -8.17 -2.14 -16.20
Copyright +3.84 -1.88 -1.48
Deceptive/Malicious -7.86 -4.25 -0.57
Harmful -0.47 -4.87 -0.15
NSFW +0.98 -3.66 -17.27

Table 24. Self-effects and collateral effects under varying intervention strength (α) (Gemma-2-9B-IT). Self-effect is |∆M(target)|
and max collateral is max |∆M(others)|. Results for DECEPTIVE/MALICIOUS → NSFW at layer −8 .

Rank-1 Private Subspace Full Subspace

α Self Max Coll. Self Max Coll. Self Max Coll.

0.10 0.01 0.09 0.12 0.13 0.09 0.20
0.25 0.00 0.17 0.30 0.32 0.27 0.47
0.50 0.04 0.44 0.57 0.61 0.76 1.08
0.75 0.07 0.63 0.84 0.87 1.79 2.09
1.00 0.14 0.90 1.14 1.19 3.26 3.33

Table 25. Self-effects and collateral effects under varying intervention strength (α)(Llama-3-8B-Instruct) Self-effect is |∆M(target)|
and max collateral is max |∆M(others)|. Results for DECEPTIVE/MALICIOUS → NSFW at layer −8 .

Rank-1 Private Subspace Full Subspace

α Self Max Coll. Self Max Coll. Self Max Coll.

0.10 0.03 0.07 0.01 0.03 0.17 0.20
0.25 0.08 0.17 0.06 0.11 0.45 0.48
0.50 0.15 0.32 0.13 0.20 1.02 1.10
0.75 0.28 0.52 0.20 0.30 1.60 1.78
1.00 0.36 0.72 0.29 0.41 2.20 2.50

Table 26. Cross-effect matrix (Llama-3-8B-Instruct, layer -8, α = 1.0). Values are ∆ refusal margin (log-probability units) when
projecting out each source category’s subspace. Positive values indicate increased refusal, negative values indicate decreased refusal.

Source → Target Harmful Copyright Deceptive NSFW Against Policy

AGAINST POLICY −3.40 −1.33 −2.77 −2.72 −2.14
COPYRIGHT −2.79 −1.88 −2.57 −2.54 −2.30
DECEPTIVE/MALICIOUS −5.05 −2.39 −4.25 −4.14 −3.43
HARMFUL −4.87 −2.05 −4.03 −3.89 −3.08
NSFW −5.01 −1.39 −3.81 −3.66 −2.63
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Table 27. Cross-effect matrix (Mistral-7B-Instruct-v0.3, layer -8, α = 1.0). Values are ∆ refusal margin (log-probability units) when
projecting out each source category’s subspace. Positive values indicate increased refusal, negative values indicate decreased refusal.

Source → Target Harmful Copyright Deceptive NSFW Against Policy

AGAINST POLICY −15.32 −14.72 −15.15 −15.77 −16.20
COPYRIGHT −1.47 −1.48 −1.58 −1.61 −1.48
DECEPTIVE/MALICIOUS −0.53 −0.31 −0.57 −0.51 −0.58
HARMFUL −0.15 −0.25 −0.35 −0.11 −0.17
NSFW −16.74 −16.20 −16.64 −17.27 −17.65

Table 28. Principal angles between decision subspace and category subspaces (degrees, Llama-3-8B-Instruct, layer -8). Smaller
angles indicate greater alignment with the decision-aligned subspace. All categories show strong alignment along the first principal
direction.

Category Angle 1 (°) Angle 2 (°)

HARMFUL 10.0 87.8
COPYRIGHT 9.6 83.4
DECEPTIVE/MALICIOUS 7.0 79.9
NSFW 5.9 85.0
AGAINST POLICY 5.9 88.3

Table 29. Principal angles between decision subspace and category subspaces (degrees, Mistral-7B-Instruct-v0.3, layer -8). Smaller
angles indicate greater alignment with the decision-aligned subspace. DECEPTIVE/MALICIOUS shows the strongest alignment; HARMFUL
and COPYRIGHT are more orthogonal.

Category Angle 1 (°) Angle 2 (°)

HARMFUL 72.8 88.6
COPYRIGHT 71.6 83.2
DECEPTIVE/MALICIOUS 34.9 87.7
NSFW 56.4 88.9
AGAINST POLICY 64.5 87.5

Table 30. Category self-intervention effects by layer. Diagonal entries of cross-effect matrices showing how projecting out each
category’s subspace affects its own behavior at different layers for Gemma-2-9B-IT. Categories exhibit distinct depth profiles: some show
steadily increasing effects in mid-to-late layers, while others remain weak or change sign, suggesting heterogeneity in when category
representations influence the refusal decision.

Category L-12 L-11 L-10 L-9 L-8 L-7 L-6 L-5 L-4 L-3 L-2 L-1

AGAINST POLICY -2.39 -3.54 -4.28 -4.96 -8.17 -7.65 -11.84 -12.35 -13.37 -11.86 -14.25 3.19
COPYRIGHT 0.37 1.52 2.49 3.25 3.84 4.60 4.56 4.14 3.37 2.98 1.94 5.32
DECEPTIVE/MALICIOUS 0.98 -0.36 -1.54 -3.88 -7.86 -11.20 -15.57 -17.15 -19.43 -19.04 -20.17 -12.00
HARMFUL -0.50 -1.25 -0.22 -0.75 -0.47 0.74 2.53 1.30 1.02 0.79 0.72 0.57
NSFW 0.68 0.62 0.10 0.39 0.98 0.38 -0.29 4.31 3.32 3.96 4.86 5.75

Table 31. Layer-wise mean intervention effects across models. Self effects are mean absolute |∆M | for diagonal entries (projecting out
each category’s own subspace). Collateral effects are mean absolute |∆M | for off-diagonal entries (cross-category transfer). Effects are
strongest in mid-to-late layers (−8 to −4), indicating where overlapping category representations are prominent.

Model Self Coll. Self Coll. Self Coll. Self Coll. Self Coll. Self Coll.

L−20 L−16 L−12 L−8 L−4 L−1

Gemma-2-9B-IT 2.25 2.31 1.00 1.03 0.98 0.83 4.26 3.89 8.10 7.88 5.37 4.93
Llama-3-8B-Instruct 1.09 1.07 2.94 2.84 4.15 3.95 3.36 3.07 4.53 3.98 4.61 4.22
Mistral-7B-Instruct-v0.3 2.13 1.73 5.00 4.98 4.27 4.07 7.13 6.86 1.02 1.12 0.68 0.66
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Table 32. Layer-wise mean residualized overlap across models. Values are mean residualized geometric overlap (off-diagonal) between
category pairs at selected layers. Higher values indicate stronger category-specific structure. Overlap peaks in mid-to-late layers (−12 to
−8) where category representations interact.

Model L−20 L−16 L−12 L−8 L−4 L−1

Gemma-2-9B-IT 0.314 0.345 0.273 0.306 0.231 0.299
Llama-3-8B-Instruct 0.311 0.451 0.651 0.538 0.727 0.767
Mistral-7B-Instruct-v0.3 0.319 0.433 0.430 0.306 0.384 0.331
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Figure 23. Layer-wise evolution of overlap and cross-category effects on synthetic refusal dataset. Both overlap and intervention
effects increase in middle-to-late layers, indicating that behavioral interactions emerge during representation formation rather than at the
final decision stage.
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Figure 24. Explained variance of decision subspace on synthetic refusal dataset. A small number of principal components explain
most of the variance, suggesting that the decision mechanism is low-dimensional.

Table 33. Principal angles between decision-aligned subspace and category subspaces (degrees, Gemma-2-9B-IT, layer -8 i.e.,
8th layer from output.)Values shown are the two principal angles (first and second) for each category. Smaller angles indicate greater
alignment with the decision-aligned subspace. COPYRIGHT and AGAINST POLICY show the strongest alignment along at least one
principal direction, while HARMFUL shows moderate alignment and NSFW and DECEPTIVE/MALICIOUS are more orthogonal.

Category Angle 1 (°) Angle 2 (°)

HARMFUL 57.2 72.0
COPYRIGHT 37.2 89.3
DECEPTIVE/MALICIOUS 75.2 87.7
NSFW 79.7 89.9
AGAINST POLICY 49.0 85.1
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Table 34. Residualized overlap between category pairs across models (layer -8 i.e., 8th layer from output) (other layers in Appendix
L.4. Values are mean squared cosine between category subspaces after removing the decision component. Higher values (closer to 1.0)
indicate more similar category-specific mechanisms. Models show varied but nontrivial overlap, with Llama-3 having the highest overlap.

Category Pair Gemma-2-9B-IT Llama-3-8B-Instruct Mistral-7B-Instruct

Harmful ↔ Copyright 0.20 0.48 0.25
Harmful ↔ Deceptive/Malicious 0.09 0.68 0.17
Harmful ↔ NSFW 0.06 0.53 0.41
Harmful ↔ Against Policy 0.22 0.71 0.30

Copyright ↔ Deceptive/Malicious 0.37 0.46 0.28
Copyright ↔ NSFW 0.39 0.42 0.32
Copyright ↔ Against Policy 0.17 0.51 0.48

Deceptive/Malicious ↔ NSFW 0.69 0.41 0.12
Deceptive/Malicious ↔ Against Policy 0.53 0.64 0.33

NSFW ↔ Against Policy 0.34 0.54 0.38

Table 35. Cross-effect matrix (Gemma-2-9B-IT, layer -8, α = 1.0). Values are ∆ refusal margin (log-probability units) when projecting
out each source category’s subspace. Positive values indicate increased refusal, negative values indicate decreased refusal. Diagonal
entries show self-effects. We use projection-based interventions to test whether behavior-specific representations can be selectively
modified without inducing cross-behavior effects. See Section 5.4 for analysis of asymmetry and cross-category effects.

Source → Target Harmful Copyright Deceptive NSFW Against Policy

Against Policy -6.71 -8.73 -7.82 -7.78 -8.17
Copyright +2.85 +3.84 +3.12 +3.19 +3.44
Deceptive/Malicious -6.99 -7.25 -7.86 -7.55 -7.86
Harmful -0.47 -0.23 -0.31 -0.34 -0.21
NSFW +1.31 +0.31 +1.03 +0.98 +0.70

(a) Raw overlap matrix (b) Residualized overlap matrix

Figure 25. Subcategory subspace overlap matrices for Gemma-2-9B-IT, layer −8 (8th layer from the output) (a) Raw overlap shows
high similarity between many sub-categories, indicating shared decision-aligned subspace. (b) Residualized overlap (after removing
decision component) reveals subcategory-specific structure, with highest overlap between DECEPTIVE/MALICIOUS and NSFW, and
lowest between HARMFUL and other categories. Raw overlap is higher because it is dominated by the decision-aligned variance; after
removing this component, informative subcategory-specific structure emerges.
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A Low-Rank Subspace Analysis of LLM Interventions

(a) Raw overlap across layers (b) Residualized overlap across layers

Figure 26. Layer-wise category overlap for Gemma-2-9B-IT. Each row shows overlap between a category pair across the final 12 layers,
indexed relative to the output (layer −1 denotes the final layer). (a) Raw overlap is high across layers. (b) Residualized overlap varies
across depth, with strong entanglement in mid-layers (approximately −12 to −8) and more heterogeneous in later layers. This suggests
category-specific structure emerges in mid-layers ( −12 to −8), while decision consolidation happens later.

34


