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ABSTRACT

The idea of steering intermediate representations of generative models has recently
emerged as a simple yet powerful approach for controlling aspects of generated
texts and images. However, despite the simplicity of the approach, no theoretical
framework has yet been built around steering. In this paper, we aim to bridge
this gap, building theory around concept steering. First, we provide a theoretical
link between steering and affine concept erasure, showing that the widely used
steering approach for erasing unwanted behaviours or concepts from generative
models is a special case of LEACE, a closed-form method for affine concept
erasure in neural networks. Next, we consider the task of concept switching, the
aim of which is to change information about an unwanted concept or behaviour
in the model’s representations into another, more desired concept or behaviour.
Here our contribution is two-fold: first, we formulate a theoretical framework
for this task, adapting the existing affine concept erasure framework used for
concept erasure. Then, we identify weaknesses of the resulting framework, and
propose a new, improved one, that we call MiDSteer (Minimal Disturbance concept
Steering). Our results show that MidSteer performs favourably on a variety of
tasks, modalities, and models, including image generative diffusion models and
LLMs.

1 INTRODUCTION

Generative models such as Large Language Models (LLMs) and image diffusion models have
achieved remarkable progress in recent years Yang et al. (2024b) Naveed et al. (2023). However,
controlling model outputs to enforce desirable behaviors or suppress harmful ones remains challenging
Bartoszcze et al. (2025). Yet, this capability is necessary for improving model safety, reliability,
alignment, and usefulness in downstream applications.

Concept steering of intermediate representations is an increasingly popular technique that has
already proven to be simple yet powerful for controlling behaviour in LLMs. Recently it was also
shown to be applicable to image diffusion models Gaintseva et al. (2025). The underlying idea is
to change the intermediate representations of a generative model during generation by adding or
subtracting a "steering vector" that encodes a target concept. This approach has proven effective
for tasks such as erasing unwanted behaviors (toxicity, nudity) or amplifying desirable features
(helpfulness, truthfulness). However, despite the simplicity of the approach, its theoretical foundations
remain underdeveloped with most of the work around it being highly empirical. Existing methods
largely rely on heuristic vector manipulations, which can introduce unintended side effects and lack
solid theoretical basis and guarantees. Moreover, naive steering often perturbs unrelated features,
undermining the minimal disturbance principle that is critical to maintaining model quality and
coherence.

Recently, affine concept erasure frameworks have been developed Ravfogel et al. (2023a) Belrose
et al. (2025) for removing undesired concepts from models representations. Yet, these frameworks do
not extend naturally to other forms of steering, such as concept addition or concept switching, where
the goal is to add information about a desired concept or replace information about one concept with
another.

In this work, we address these gaps by developing a unified theoretical framework for affine
steering of generative models (both language models and diffusion models). We first show that the
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widely used steering method for concept deletion in LLMs is a special case of LEACE, a closed-form
affine erasure approach. We then extend this perspective to formulate an optimal affine framework
for concept switching, establishing its connection to Householder reflections. Finally, we introduce
MidSteer (Minimal Disturbance Concept Steering), a new framework designed to achieve precise
concept switching while minimizing interference with other aspects of the representation.

Through experiments with LLMs and diffusion models, we demonstrate that MidSteer achieves more
reliable concept switching than prior methods, allowing controllable generation with minimal side
effects. Our results highlight the value of grounding steering methods in theory and provide practical
tools for aligning generative models with desired behaviors.

2 RELATED WORK

Steering generative models. Early work in LLMs demonstrated that adding or subtracting steering
vectors derived from contrasting prompts can provoke or suppress targeted concepts such as senti-
ment, bias, or style from appearing in the generated text Turner et al. (2023). Later, Rimsky et al.
(2024) proposed to construct steering vectors of concepts based on the mean activation difference,
which was then established as an effective approach to steering Bartoszcze et al. (2025),Zou et al.
(2023). Multiple approaches based on steering have since been developed to effectively steer LLMs
representations from undesired behaviours or towards desired ones for different tasks. Wang et al.
(2025) adaptively adjust steering intensity to improve truthfulness, Stickland et al. (2024) proposed
KL-then-steer, a fine-tuning technique that decreases the side effects of steering applied to an LLM,
Lu & Rimsky (2024) used steering for bias mitigation, Scialanga et al. (2025) showed that activation
steering can be applied to knowledge editing, Rahn et al. (2024) applied steering to LLM agents.

In vision generative models, similar approaches to LLM steering have been developed to control
image generations. Kwon et al. (2023) Park et al. (2023), Si et al. (2024), Tumanyan et al. (2023)
focus on finding interpretable directions in various intermediate spaces of diffusion models, which
can then be used to control the semantics of generated images. SDID Li et al. (2024) constructs
learnable concept vectors, which are then added to intermediate activation of a bottleneck layer of the
diffusion model during inference to control the level of this concept in generated images. However,
these methods rely on different methods of constructing steering vectors than what is used in LLM,
in most cases their steering vectors are learnable. Recently, Gaintseva et al. (2025) proposed to apply
the steering of cross-attention outputs of the diffusion models to control generation, in a similar
manner to the way it was done in LLMs, with steering vectors constructed using mean differences of
intermediate activations of the diffusion model.

Affine concept erasure. One related line of research seeks to use affine transformations to remove
concepts from representations altogether. Early methods such as INLP Ravfogel et al. (2020)
iteratively trained linear classifiers to project out protected attributes like gender or sentiment. More
recently, Ravfogel et al. (2023a) introduced log-linear guardedness as a theoretical basis for concept
erasure, formalising the conditions under which a representation can be considered free of a concept.
Building on this, Belrose et al. (2025) proposed LEACE, a closed-form solution for affine concept
erasure that minimizes disturbance to the representation space. Later, Holstege et al. (2025), Singh
et al. (2024) extended this framework for preserving task-relevant information under concept removal.
These advances provide rigorous guarantees for concept deletion, but they do not directly address the
broader goal of concept switching or targeted steering. In our work, we bridge this gap by extending
LEACE to the framework of optimal concept flipping, and build a new theory-based framework of
optimal concept switching.

3 METHODOLOGY

The concept of affine steering of internal representations h of the model to alter its behavior is widely
used in Large Language Models and recently was also introduced in Vision Diffusion Models. It
works by adding or subtracting a fixed steering vector s carrying information about a desired concept
c from intermediate activations of a model during generation. The quantity of addition or subtraction
is usually determined as proportionate to the dot product ⟨h, s⟩ or left as a hyperparameter.
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The steering vector s is usually formed by collecting the neural activity from a specific part of a
neural network based on pairs of positive and negative input stimuli. Formally, for a model M , layer
number l and a set of stimuli S consider a function Rep that accepts a model, input, layer number
and stimuli and returns a set of neural activity M corresponding to the layer l and stimuli P . Then, if
we have two sets of stimuli P pos = {pposi }n1 and Pneg = {pnegi }n1 containing n samples that differ
only in the presence of a concept c, we construct steering vector as follows:

sc =

∑n
i=1 (Rep(pposi )−Rep(pnegi ))

n
(1)

sc can be optionally post-processed, e.g. normalized to have L2-norm equal to 1. Specifics of Rep
function can differ for different models M and different neural activity extraction approaches.

Eq.1 can also be re-written in terms of difference of concept conditional means of the internal
representation h:

sc = E[h|C = 1]− E[h|C = 0], (2)
where C ∈ {0, 1} is a binary variable representing the presence or absence of a concept c. Sometimes,
instead of subtracting the negatively conditioned mean, the population mean is used instead:

sc = E[h|C = 1]− E[h] (3)

For concepts which are seldom present (e.g. nudity, violence) and have P (C = 1) close to 0, this is
approximately equivalent.

With calculated steering vectors sc, we can define the steering intervention that controls the expres-
siveness of the concept C in generation result of the model. Let h represent the original internal
representation, s = sc be a steering vector for a concept c calculated on a sample of data (we omit
the subscript of sc for clarity). Then the steering intervention is formulated as follows:

fadd(h, s) = h+ αs (4)

α is a hyperparameter that control the expressiveness of the concept C in model generation. Note
that α < 0 leads to suppression of the concept from model generation.

Let us now highlight two special cases of steering setup, varying in choice of α.

Concept Deletion (also referred as concept termination): In this case our aim is to prevent any
information of the concept c to be present in current activation vector h.

fdelete(h, s) = h− ⟨h, s⟩s (5)

The dot product is used as an estimation of the amount of concept c in current activation vector h,
and the whole transformation is a projection onto subspace orthogonal to the steering vector s.
We can also reformulate fdelete in a matrix form:

fdelete(h, s) = (I − ssT )h (6)

Switch/flip: In the case of switching/flipping we aim to substitute information about a concept c1
with information about another concept c2 in current activation vector h. The steering vector s in this
case is formed using pairs of prompts where positive prompts pposi contain c1 and the negative ones
pnegi contain c2. The formula of intervention here is similar to that of termination up to a scale of dot
product value:

fswitch(h, s) = h− 2⟨h, s⟩s (7)
Note that this formula differs from Eq. 5 by the choice of multiplier of the dot product. In this case
the formula becomes a Householder operator, and can be described as a reflection of the vector h
around the hyperplane defined by the steering vector s. In this case, we also can reformulate fswitch in
a matrix form:

fswitch(h, s) = (I − 2ssT )h (8)
In both cases, if steering is applied to the outputs of self-attention layers in LLM or cross-attention
layers of diffusion model, it is possible to incorporate Eq. 6 and Eq. 8 into weight matrices of
the model, thus achieving zero inference overhead when steering applied. Refer to Sec.6.1 in
supplementary for more details.

The rest of the paper is organized as follows: First, we consider the task of concept erasure and
derive a connection between steering setup for erasure and LEACE. In particular, we show that
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Eq. 5 is a special case of LEACE. Next, we formulate similar theoretical framework for the task of
optimal affine concept switching and show that Eq. 7 is a special case of the proposed framework.
Finally, we improve the proposed framework by restricting it to only affecting one concept and derive
MiDSteer, an affine optimal concept steering framework. In experimental section, we show that
MidSteer outperforms steering in both LLMs and Vision Generative Diffusion Models, enabling
precise concept switch while leaving other features of the images or texts intact.

3.1 AFFINE GUARDEDNESS FRAMEWORK

For concept erasure, Ravfogel et al. (2023b) introduced the concept of guardedness. Belrose et al.
(2025) expand it to a general formulation of affine guardedness. They prove that it is equivalent to
having a zero covariance between concept vector Z ∈ {0, 1}k and internal representation h. It is also
reasonable to assume that among all the transformations that modify h we seek the one with minimal
changes to the representation space. Guided by these two assumptions, they prove the following:
Theorem 1 (Belrose et al.). Let X , Z be random vectors taking values in Rd and Rk respectively,
each of finite second moments. Let M ∈ Rd×d be a symmetric, positive semi-definite matrix
defining an inner product in Rd: ⟨x, y⟩M = xTMy. Define ΣXX = Cov(X,X) ∈ Rd×d and
ΣXZ = Cov(X,Z) ∈ Rd×k. The following optimization problem:

min
A∈Rd×d

b∈Rd

E
[
∥AX + b−X∥2M

]
s.t. Cov(AX + b, Z) = 0

has the following solution (almost surely):

Â = I −W+(WΣXZ)(WΣXZ)
+W , (9)

b̂ = E[X]− Â · E[X] , (10)

where W = (Σ
1/2
XX)+ is whitening transformation.

Here and later we use A+ to denote the pseudo-inverse of (any) matrix A and A1/2 to denote the
square root of a positive semi-definite symmetric matrix A, i.e. for the singular value decomposition
A = V SV ⊤ with orthonormal matrix V and diagonal matrix S with non-negative singular values on
the diagonal, the matrix A1/2 is defined as A1/2 := V S1/2V ⊤, where the square root of the diagonal
entries of S is computed.

3.2 AFFINE ERASURE AND LEACE

We will now show that steering in deletion mode (Eq. 5) is a special case of LEACE.
Theorem 2. Let X be a standardized random vector in Rd, i.e. it has zero mean E[x] = 0 and unit
covariance matrix ΣXX = I . Let C ∈ {0, 1} be a concept indicator variable. Let fdelete be defined
as in Eq. 5 and s be defined as in Eq. 3. Then fdelete as a function of h minimizes

min
f∈Aff(Rd 7→Rd)

E[∥f(X)−X∥2] s.t. Cov(f(X), C) = 0 (11)

This theorem states that steering in deletion mode can be seen as LEACE under the assumptions that
the whitening matrix is identity and mean of all vectors is zero. Proof is found in the Appendix.

3.3 CONCEPT SWITCHING

Now we aim to formulate a similar theoretical framework for the optimal affine concept switching.
We also show that steering in flipping mode Eq. 7 can be seen as a special case of this framework.

Recall that Z ∈ {0, 1}k denotes a concept vector. For now, let us say that we want to manipulate the
internal representation X so that every concept’s label is flipped, i.e.

Cov(AX + b,1k − Z) = Cov(X,Z) , (12)

where 1k denotes a k-dimensional vector where every entry is one. Due to the linearity of the
covariance this is equivalent to

−Cov(AX + b, Z) = Cov(X,Z) .
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(a) Illustrative example of affine concept erasure. In this case the affine transformation is
satisfying Cov(AX + b, Z) = 0. This figure is inspired by Belrose et al. (2025)

(b) Illustrative example of affine concept flipping. In this case the affine transformation is
satisfying −Cov(AX + b, Z) = Cov(X,Z).

Figure 1: Illustrative example of affine concept erasure and affine concept flipping frameworks

In analogy to Theorem 1, let us characterise the optimal affine-linear transformation that satisfies this
constraint.
Theorem 3 (Optimal concept switching). Let X,Z,M,ΣXX ,ΣXZ be defined as in Theorem 1.
Then the optimization problem

min
A∈Rd×d,

b∈Rd

E
[
∥AX + b−X∥2M

]
s.t. Cov(AX + b, Z) = −Cov(X,Z) (13)

has the following solution (almost surely):

Â = I − 2W+(WΣXZ)(WΣXZ)
+W , (14)

b̂ = E[X]− ÂE[X] , (15)

where W = Σ
−1/2
XX is whitening transformation.

Next we show the connection between steering in flipping mode Eq. 7 and the optimal concept
switching framework. More specifically, we show that steering in flipping mode Eq. 7 can be seen as
a special case of this framework.
Theorem 4. Let X be a standardized random vector in Rd, i.e. it has zero mean E[x] = 0
and unit covariance matrix ΣXX = I . Let C ∈ {0, 1} be a concept indicator variable and
P (C = 1) + P (C = 0) = 1. Let fswitch be defined as in Eq. 7 and s be defined as in Eq. 2. Then
fswitch as a function of h minimizes

min
f∈Aff(Rd 7→Rd)

E[∥f(X)−X∥2] s.t. Cov(f(X), C) = −Cov(X,C) (16)

Here, C can be seen as labels of a binary classifier which has concepts c1 and c2 as classes. Basically,
this theorem states that steering in switching mode can be seen as optimal concept switching under
the assumptions that the whitening matrix is the identity and the mean of all vectors is zero.
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Now note, that this theorem and matrix form reformulation refers to Eq. 7, and in practice both these
formulations result in an issue that both concepts c1 and c2 are flipped, and in many cases this is not
the desired behaviour. Imagine we are solving a problem of truthful content generation for a LLM. In
this definition, we can have C = 1 for truthful texts, and C = 0 if they are untruthful.

Then we proceed to find a transform f(X) = AX + b that minimizes displacement that also satisfies
Cov(AX + b, Z) = −Cov(X,Z). This transform will aim to flip the truthfulness, making truthful
texts untruthful, which is not what we might want.

In the next section we aim to correct this and present a framework that allows for switching concept
c1 to another concept c2 while not the opposite.

3.4 CONCEPT STEERING

Assume that Z = (Z1, Z2), where Z1, Z2 ∈ {0, 1}l. Z1 and Z2 represent indicators of concepts c1
and c2. Our goal would be to have Cov(f(X), Z1) = Cov(X,Z2). For reasons that are clarified in
the proof, we will require Cov(X,Z1) to be full rank. Now we formulate the following theorem.
Theorem 5 (Affine optimal concept steering). Let X,M,Z be defined as in Theorem 3 and assume
k = 2l for l > 0. Let Z = (Z1, Z2), where Z1, Z2 ∈ {0, 1}l. Let ΣXZi = Cov(X,Zi), i ∈
{1, 2} be the cross-covariance matrices between X and Zi, with ΣXZ1 having full column rank:

rk
(
ΣXZ1

)
= l. Let W be the ZCA whitening transform Σ

−1/2
XX . Let ΣWX,Zi = WΣXZi .

Then we have the following optimization problem:

min
A∈Rd×d

b∈Rd

E[
∥∥AX + b−X

∥∥2
M
] s.t. Cov(AX + b, Z1) = Cov(X,Z2) (17)

which has the following solution (almost surely):

Â = I +W+(ΣWX,Z2
− ΣWX,Z1

)Σ+
WX,Z1

W (18)

b̂ = E[X]− ÂE[X] (19)

Steering strength Let us now introduce the steering strength β for erasure and switching. This
parameter is present in the initial formulas for CASteer. For Affine erasure (LEACE) and affine
flipping, we can re-write the optimal solution obtained in Theorems 1 and 3 as follows:

A∗ = I − β ·W+(ΣWX,Z)(ΣWX,Z)
+W (20)

b∗ = µ−A∗µ (21)

When β = 1, we have optimal affine concept erasure. If β = 2 (and appropriate covariance matrix
ΣXZ), we have affine optimal concept switching. Note that in both cases the covariance matrix
participates in the form ΣΣ+, so any multiplicate constant (such as class probabilities) gets factored
out and annihilated.

For MidSteer (concept steering, Theorem 5), the class labels need not be mutually exclusive and
cover all the space of X , like what was required in the proof of Theorem 4. Let us now obtain the
β-parametrized solution for steering between two classes (k = 1). Recall that:

ΣX,Zi
= Cov(X,Zi) = E[XZi]− E[X]E[Zi] =

P (Zi = 1)
(
E[X|Zi = 1]− E[X]

)
= P (Zi = 1)

(
µ(i) − µ

)
= P (Zi = 1)µ̃(i) (22)

Then, equation Eq. 18 becomes

A∗ = I +W+W (βµ̃(2) − µ̃(1))(Wµ̃(1))+W (23)
b∗ = µ−A∗µ (24)

where β = P (Z2=1)
P (Z1=1) . While it is practically infeasible to estimate P (Z2=1)

P (Z1=1) , β here can be seem as a
hyperparameter defining strength of the intervention, analogous to the parameter in Eq. 21. We will
use this equation throughout our experiments.
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4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

For conducting steering experiments for Large Language Models (LLMs), we utilize instruction-tuned
Llama 2 Touvron et al. (2023) and Qwen 2.5 family of models Yang et al. (2024a). As for experiments
on diffusion models, we use SDXL Podell et al. (2024) and SANA Xie et al. (2025) models.

Following recent work, we apply steering on activations of self-attention (SA) layers in the case
of LLMs, and cross-attention (CA) layers in the case of image diffusion models. Activations
for estimating class-conditional means (for MidSteer) and steering vectors (for vanilla steering
and LEACE) for all the concepts involved in erasure/switching are generated by averaging SA
activations corresponding to the last token in prompt in the case of LLMs, or averaging CA activations
corresponding to all the images patches in the case of diffusion models. We apply steering to all the
SA/CA layers in the models.

In the LLM case, the dataset used to generate the concept prompts was obtained by prompting GPT
o4-mini to generate various questions about each concept. To estimate ΣXX , we use prompts from
Alpaca dataset Taori et al. (2023). In the case of image diffusion models, both concept prompts and
neutral prompts for ΣXX estimation were extracted from RELAION dataset. Examples of prompts
used in LLM can be found in the supplementary materials, Sec. 6.3. In all our experiments we used
1000 concept prompts for estimating class-conditional means, and 50000 neutral prompts to estimate
ΣXX . We ablate the number of prompts needed for ΣXX in Sec. 6.6.

4.2 EXPERIMENTAL RESULTS

4.2.1 CONCEPT ERASURE

In this section, we compare performance of vanilla steering and LEACE to the task of concept erasure
in both LLMs and diffusion models.

In the case of erasure, we aim to completely erase one concept in the model’s responses (e.g. prevent
the model from generating text about dogs when prompted to do so), while minimally affecting
anything else in the generated outputs.

To test erasure of the source concept cs, we use 80 template prompts prompting the model to generate
output related to cs. For each prompt we run 10 such generations varying the random seed. Templates
for LLMs and diffusion models can be found in 6.5. We also use five additional concepts ci, i = 1 . . . 5
to test the capability of the method to preserve content not related to the concept being removed. We
then run the generation on these prompts with and without steering. We use concept score (CS) to
estimate the amount of concept present in the model’s output. In the case of diffusion models, we use
CLIP score Hessel et al. (2021) as CS. In the case of LLMs, we use the Llama-3.1-8B-Instruct Dubey
et al. (2024) model as the judge, asking it to score the amount of concept present in the model’s
response. Prompts used with the judge model and specifics of the scoring is given in 6.4. We also test
how much generations based on additional concepts ci change after steering is applied to the model.
To measure this difference, we calculate FID Heusel et al. (2017) (for diffusion models) and BERT
score Zhang et al. (2020) (for LLMs) between the original generations and generations of the steered
model. Higher FID value and lower BERT precision scores correspond to more severe generation
alteration. For LLMs we also calculate the BERT scores on steered MMLU Hendrycks et al. (2021)
generations, which are present in the supplementary.

In the case of ideal erasure, the method should have a low amount of concept cs present in the
generation (low CS scores on cs prompts), and keep all the generations on prompts unrelated to cs
intact (high CS and better FID/BERT scores on ci prompts).

We steer each model with vanilla steering and LEACE with different values of β. Results for Llama-
2-7b are presented in Fig. 2. Results for all tested LLMs can be found in the Supplementary Sec. 6.7
and Sec. 6.11 and diffusion models can be found in Sec. 6.9 and Sec. 6.13. It can be clearly seen,
that LEACE achieves much better balance between erasure of unwanted concept and preservation of
other concepts across different values of β.
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(a) CS score on the concept being erased vs CS scores
of additional concepts

(b) CS score of the concept being erased vs BERT
scores of additional concepts

Figure 2: Pareto efficiency frontiers for LLM erasure experiments with vanilla steering and LEACE
with different values of β. The model used is Llama2 7B.

4.2.2 CONCEPT FLIPPING

In this section, we compare the performances of vanilla steering, LEACE and MidSteer on the task of
concept flipping in both LLMs and diffusion models.

In this scenario, we aim to switch one concept in the model’s responses to another (e.g. make model
output text about cats when prompted to generate text about dogs), while minimally affecting anything
else in the generated output.

We adapt the testing procedure described for concept erasure (Sec. 4.2.1) to the concept flipping task.
In the case of flipping a concept c1 to c2, our aim is not only to erase concept c1 from generations, but
also add c2 to them. So we define ∆CS as a difference between levels of c2 and c1 in the generation.
Note that the definition of CS for unrelated concepts remains unchanged.

(a) Difference in CS scores of the source and target
concepts vs CS scores of additional concepts

(b) Difference in CS scores of the source and target
concepts vs BERT scores of additional concepts

Figure 3: Pareto efficiency frontiers for LLM flipping experiments with vanilla steering and LEACE
with different values of β. The model used is Llama2 7B.

We steer each model with vanilla steering, LEACE and MidSteer with different values of β. Results
for Llama-2-7b are presented in Fig. 3. Results for all tested LLMs can be found in Sec. 6.8 and
Sec. 6.12 and diffusion models can be found in Sec. 6.10 and Sec. 6.14. It can be clearly seen,
that MidSteer achieves much better balance between level of flipping between desired concepts and
preservation of other concepts across different values of β.

To better illustrate differences between vanilla steering, LEACE and MidSteer for concept flipping,
in Tab. 1 we also present results on switching a concept of c1 = “horse” to c2 = “motorcycle” on the

8
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Table 1: Results on SDXL when flipping from “horse” to “motorcycle”. Reported are CLIP-scores
(cs) and FID for target and non-target concepts.

horse motorcycle cow pig dog legislator

method strength src-cs tgt-cs src-cs tgt-cs fid cs fid cs fid cs fid cs fid

orig - 71.0 49.1 51.8 70.7 - 72.7 - 71.8 - 66.3 - 60.8 -

CASteer 2.0 52.1 69.5 68.3 52.9 212.4 70.9 42.7 71.9 18.9 66.1 28.6 60.9 24.6

LEACE 2.0 51.2 68.8 67.6 53.3 207.6 72.2 25.2 71.7 12.6 66.1 20.8 60.6 28.2

MiDSteer (ours) 1.0 51.2 68.7 51.9 70.7 12.7 72.2 23.9 71.8 12.4 66.1 20.7 60.7 27.2

Figure 4: Qualitative results on switching to steer "horses" source concept into target "motorcycles".
While all methods similarly successfully performed switching from "horse" to "motorcycle", CASteer
and LEACE failed when presented with prompt for the target concept ("motorcycle"), since they do
not distinguish between forward and reverse steering. CASteer also additionally failed on "cow"
concept, and more significantly altered images of concept "dog"

SDXL model. We compare CASteer and LEACE with β = 2 and MidSteer with β = 1, as these are
default parameters for these methods as suggested by Eqs. 8, 29, and 18. The full table with results
on all values of β can be found in the supplementary. First note, that all the methods successfully
flip “horse” to “motorcycle”, having similar CS scores on source (“horse”) and target (“motorcycle”)
concepts. Second, it can be seen that as suggested by definitions Eqs. 8, 29, vanilla steering (CASteer)
and LEACE fail to keep the “motorcycle” concept intact when flipping “horse” to “motorcycle”, as
target CS score goes down. In contrast, MidSteer keeps “motorcycles” intact. This is also illustrated
in 4. Next, CS score of “cow” and FID scores of “cow”, “pig” and “dog” are worse for CASteer than
for other models, showing superiority of LEACE and MidSteer over vanilla steering in ability to keep
unrelated concepts intact. Results on other concepts flipping on both LLMs and diffusion models
show similar patterns.

5 CONCLUSION

In this work, we bridge the gap between previous empirical research in steering generative models
and the theory of affine concept steering. We extend this theoretical framework to concept switching.
We define the corresponding optimisation problem and solve it in closed form.

We present MiDSteer, a universal steering method, that is theoretically optimal under certain condi-
tions. It outperforms other methods on concept switching for both LLMs and image diffusion models,
while having the advantage of clear matrix form representation. To our knowledge, this is the first
theoretical treatment of steering beyond deletion, connecting empirical heuristics and principled
affine methods.

9
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6 APPENDIX

6.1 INCORPORATING STEERING INTO MODEL WEIGHTS

Recall that the last layer of self-attention block in LLMs or cross-attention block in SDXL/SANA
is a Linear layer with no bias and no activation function, i.e., essentially is a matrix multiplication:
hout = Wproj_outhin. Here Wproj_out is a weight matrix of the last proj_out layer of SA/CA block
of LLM/SDXL/SANA, hin and hout are input and output to that layer, hout being the final output of
SA/CA layer.

In this case, by combining last layer of SA/CA block with matrix formulation of steer-
ing/LEACE/MidSteer68929, we can incorporate the transformation directly into weights of the
model, by multiplying weight matrix of the last layer of SA/CA block with I − ssT matrix from of
steering/LEACE/MidSteer:

hout = (I − ssT )Wproj_outhin = W s
proj_outhin (25)

W s
proj_out is a matrix of the same size as Wproj_out. This results in having zero inference overhead

compares to original LLM/SDXL/SANA models.

6.2 THEOREM PROOFS

Theorem 2. Let X be a standardized random vector in Rd, i.e. it has zero mean E[x] = 0 and unit
covariance matrix ΣXX = I . Let C ∈ {0, 1} be a concept indicator variable. Let fdelete be defined
as in equation 5 and s be defined as in equation 3. Then fdelete as a function of h minimizes

min
f∈Aff(Rd 7→Rd)

E[∥f(X)−X∥2] s.t. Cov(f(X), C) = 0 (26)

Proof. We have k = 1, Z = C,M = I . According to Theorem 1, f(X) = A∗X + b∗, where A∗ is
defined as in equation 9 and b∗ is defined as in equation 10, minimizes equation 1.

We conclude b = 0 since E[X] = 0. Further, it can be shown that W = Σ
−1/2
XX = I−1/2 = I; hence,

the transform f (that is optimal according to Theorem 1) simplifies to

f(X) =
(
I − ΣXZΣ

+
XZ

)
X . (27)

Recall that we are working in k = 1, so ΣXZ ∈ Rd×1 is a column-vector. By definition of the
Moore-Penrose inverse for column-vectors,

Σ+
XZ =

ΣT
XZ

∥ΣXZ∥2
,

hence

f(X) = X − s sTX = X − ⟨X, s⟩s ,

for s = ΣXZ/∥ΣXZ∥, which is equivalent to fdelete with β = 1 and this particular choice of s.
Hence, fdelete is the transformation that minimises equation 26 for β = 1 and s = ΣXZ/∥ΣXZ∥.

Theorem 3 (Optimal concept switching). Let X,Z,M,ΣXX ,ΣXZ be defined as in Theorem 1. Let
µ = E[X]. Then the optimization problem

min
A∈Rd×d,

b∈Rd

E
[
∥AX + b−X∥2M

]
s.t. Cov(AX + b, Z) = −Cov(X,Z) (28)

has the following solution (almost surely):
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A∗ = I − 2 ·W+(WΣXZ)(WΣXZ)
+W (29)

b∗ = µ−A∗µ (30)

, where W = Σ
−1/2
XX is ZCA whitening transform.

Proof. The next paragraph of the proof is adapted from Belrose et al. (2025).

Consider first an orthonormal basis diagonalizing the inner product M, so that ⟨x,y⟩M =∑d
i=1 αixiyi for fixed α1, . . . , αd ≥ 0. This allows us to treat each row Ai ∈ Rd of A as a

separate optimization problem,

argmin
Ai∈Rd,
bi∈R

E
[
αi

(
Ai

T vX + bi − vXi

)2]
subject to Cov(Ai

T vX + bi, vZ) = −Cov(vX, vZ),

at which point the weights αi of each subproblem become irrelevant, and our objective may as well
be Euclidean. In the rest of the proof we will assume M = I .

The sketch for the rest of the proof will look like this:

1. Find necessary conditions for optimality using Lagrange multipliers method

2. Show that A∗, b∗ satisfy the necessary conditions

3. Show that optimisation problem is convex over linear constraints, and such, if a local solution
exists, it is globally optimal and unique.

Let us formulate the Lagrangian. Here Λ ∈ Rd×k, because we have d · k constraints on covariance
matrix.

L(A, b,Λ) =
1

2
E
[
∥AX + b−X∥22

]
+ ⟨Λ,Cov(AX + b, Z) + Cov(X,Z)⟩F =

1

2
E
[
(AX + b−X)T (AX + b−X)

]
+Tr

(
ΛT (A+ I)ΣXZ

)
=

E
[1
2
XTATAX + bTAX −XTAX −XT b+

1

2
bT b+

1

2
XTX

]
+Tr

(
ΛT (A+ I)ΣXZ

)
(31)

The partial derivatives of the Lagrangian with respect to A, b,Λ are

∂L
∂A

= E[AXXT + bXT −XXT ] + ΛΣT
XZ ,

= AE[XXT ] + bE[X]T − E[XXT ] + ΛΣT
XZ ,

∂L
∂b

= E[AX + b−X] ,

= AE[X] + b− E[X] ,

∂L
∂Λ

= (A+ I)ΣXZ .

Next, we use µ = E(X) and E[XXT ] = ΣXX + µµT to formulate the necessary conditions

0 =
∂L
∂A

= (A− I)
(
ΣXX + µµT

)
+ bµT + ΛΣT

XZ , (32)

0 =
∂L
∂b

= Aµ+ b− µ , (33)

0 =
∂L
∂Λ

= (A+ I)ΣXZ . (34)
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We note that the optimal b∗ as defined in equation 30 satisfies 33. Plugging equation 33 in equation 32
leads to

(A− I)
(
ΣXX + µµT

)
+ (µ−Aµ)µT + ΛΣT

XZ ,

= AΣXX − ΣXX +AµµT − µµT + µµT −AµµT + ΛΣT
XZ ,

= (A− I)ΣXX + ΛΣT
XZ = 0 . (35)

Now let us check that A∗ satisfies 34 and 35. By plugging A∗ into 34 we get

0 = (2I − 2W+(WΣXZ)(WΣXZ)
+W )ΣXZ ,

= 2ΣXZ − 2W+(WΣXZ)(WΣXZ)
+(WΣXZ) ,

= 2
(
ΣXZ −W+WΣXZ

)
,

= 2
(
ΣXZ −

(
I − PN (W )

)
ΣXZ

)
,

= 2PN (W )ΣXZ , (36)

because Moore-Penrose inverses B+ of B satisfy BB+B = B and B+B = I − PB. Here PB
denotes the orthogonal projection onto the nullspace N (B) of B. Since the columns of ΣXZ always
lie within the image of ΣXX (which is the orthogonal complement of the kernel of ΣXX , which is
also the kernel of W ), we can conclude that equation 36 is always satisfied.

Plugging A∗ into 35 we observe

− 2 · (W+(WΣXZ)(WΣXZ)
+W )ΣXX + ΛΣT

XZ =

− 2 ·W+(WΣXZ)(WΣXZ)
+W+ + ΛΣT

XZ = 0 (37)

The identity WΣXX = W+ holds because ΣXX is symmetric p.s.d., so ΣXX = UDUT and
Σ

−1/2
XX ΣXX = UD−1/2UTUDUT = UD1/2UT = Σ

1/2
XX for some orthogonal U and non-negative

diagonal D, and because D−1/2 ignores zero diagonal values.

Next, multiplying equation 37 by W from both sides leads to

− 2WW+(WΣXZ)(WΣXZ)
+W+W +WΛΣT

XZW =

− 2(WΣXZ)(WΣXZ)
+ +WΛ(WΣXZ)

T = −2ΣWX,ZΣ
+
WX,Z + ΛWΣT

WX,Z = 0

(almost surely)

, where again WW+ = W+W = I on a subspace covered by X , and thus, almost surely.

Recall that any real matrix has a singular value decomposition, and thus, for orthogonal U , V and
diagonal D:

ΣWX,Z = UDV T (38)

Σ+
WX,Z = V D+UT (39)

Plugging this into the equation, it becomes:

−2UDV TV D+UT + ΛWV DUT = −2UD+DUT + ΛWV DUT = 0

, which is satisfied for ΛW = 2UD+V T = 2(Σ+
WX,Z)

T . This also makes sense, because
ΣWX,ZΣ

+
WX,Z is an orthogonal projection matrix, and is thus symmetric, so
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(Σ+
WX,Z)

TΣT
WX,Z = (ΣWX,ZΣ

+
WX,Z)

T = ΣWX,ZΣ
+
WX,Z

, which again proves the Lagrange conditions for partial derivative w.r.t. A.

Thus we have shown that the said optimisation problem has a local solution. But because the
constraint is linear in A, and it follows from the triangle inequality that ∥·∥ is convex, the local
optimum is actually the global minimum.

Theorem 4. Let X be a standardized random vector in Rd, i.e. it has zero mean E[x] = 0
and unit covariance matrix ΣXX = I . Let C ∈ {0, 1} be a concept indicator variable and
P (C = 1) + P (C = 0) = 1. Let fswitch be defined as in equation 7 and s be defined as in
equation 2. Then fswitch as a function of h minimizes

min
f∈Aff(Rd 7→Rd)

E[∥f(X)−X∥2] s.t. Cov(f(X), C) = −Cov(X,C) (40)

Proof. Let k = 1, Z = C,M = I . According to Theorem 3, f(X) = A∗X + b∗, where A∗ is
defined in equation 29 and b∗ is defined in equation 30 minimizes equation 28.

b = 0 since E[X] = 0. Also it can be shown W = Σ
−1/2
XX = I−1/2 = I , so the transform becomes:

f(X) =
(
I − 2 · ΣXZΣ

+
XZ

)
X (41)

Recall that we are working in k = 1, so ΣXZ ∈ Rd×1 is a column-vector. So

ΣXZ = Cov(X,Z) = E[XZ]− E[X] · E[Z] = E[X · 1|Z = 1] · P (Z = 1)+

E[X · 0|Z = 0] · P (Z = 0)− E[X] · P (Z = 1) =

P (Z = 1) ·
(
E[X|Z = 1]− E[X]

)
Now recall that P (Z = 1) + P (Z = 0) = 1, so

ΣXZ = P (Z = 1) ·
(
E[X|Z = 1]− E[X]

)
=

P (Z = 1) ·
(
E[X|Z = 1]− E[X|Z = 1]P (Z = 1)− E[X|Z = 0]P (Z = 0)

)
=

P (Z = 1) · P (Z = 0) ·
(
E[X|Z = 1]− E[X|Z = 0]

)
, which is equal to s up to normalization constant. By definition of Moore-Penrose inverse for
column-vectors,

Σ+
XZ =

ΣT
XZ

∥ΣXZ∥2
, so

f(X) = X − 2 · ssTX = X − 2 · s(sTX) = X − 2 · (sTX)s = X − 2 · ⟨X, s⟩s

, which is fswitch with β = 2.
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Theorem 5 (Affine optimal concept steering). Let X,M,Z be defined as in theorem 3 and also
k = 2l. Let Z = (Z1, Z2), where Z1, Z2 ∈ {0, 1}l. Let ΣXZi

= Cov(X,Zi), i ∈ {1, 2} be the

cross-covariance matrices between X and Zi, with ΣXZ1
having full column rank: rk

(
ΣXZ1

)
= l.

Let W be the ZCA whitening transform Σ
−1/2
XX . Let ΣWX,Zi = WΣXZi , let µ = E[X].

Then we have the following optimization problem:

min
A∈Rd×d

b∈Rd

E[
∥∥AX + b−X

∥∥2
M
] s.t. Cov(AX + b, Z1) = Cov(X,Z2) (42)

which has the following solution:

A∗ = I +W+(ΣWX,Z2
− ΣWX,Z1

)Σ+
WX,Z1

W (43)

b∗ = µ−A∗µ (44)
(45)

Proof. We will use the same method as previous theorem to prove this. Indeed, the objective is same,
and thus convex. The constraint is still linear:

Cov(Ax+ b, Z1) = AΣXZ1
= ΣXZ2

= Cov(X,Z2) (46)

So let us define the Lagrangian, where Λ ∈ Rd×l:

L(A, b,Λ) =
1

2
E
[
(AX + b−X)T (AX + b−X)

]
+ Tr

(
ΛT (AΣXZ1

− ΣXZ2
)
)

(47)

The derivatives w.r.t. parameters are the following:

∂L
∂A

= (A− I)(ΣXX + µµT ) + bµT + ΛΣT
XZ1

= 0 (48)

∂L
∂b

= Aµ− µ+ b = 0 (49)

∂L
∂Λ

= AΣXZ1
− ΣXZ2

= 0 (50)

Trivially b∗ satisfies equation 49 for suitable A∗.

Let us see that equation 50 is satisfied. We can plug A∗ and then multiply by W on the left, to get:

WΣXZ1 +WW+(ΣWX,Z2 − ΣWX,Z1)Σ
+
WX,Z1

WΣXZ1 −WΣXZ2 =

ΣWX,Z1 − ΣWX,Z1Σ
+
WX,Z1

ΣWX,Z1 +ΣWX,Z2Σ
+
WX,Z1

ΣWX,Z1 − ΣWX,Z2 =

ΣWX,Z2(Σ
T
WX,Z1

ΣWX,Z1)
−1ΣT

WX,Z1
ΣWX,Z1 − ΣWX,Z2 = 0 (almost surely)

Here we used Y Y +Y = Y for any Y and Y + = (Y TY )−1Y T for Y which columns are linearly
independent.

Next, plugging equation 49 into equation 48 we get:

(A− I)ΣXX + ΛΣT
XZ1

= 0 (51)

Let us now proceed to show that for A∗ there exists Λ ∈ Rd×l so this equality holds. After plugging
in A∗ and using previously shown fact WΣXX = W+:
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W+(ΣWX,Z2
− ΣWX,Z1

)Σ+
WX,Z1

W+ + ΛΣT
XZ1

= 0 (52)

Again, multiplying by W on both sides and recalling that W is symmetric we get:

(ΣWX,Z2
− ΣWX,Z1

)Σ+
WX,Z1

+ ΛWΣT
WX,Z1

= 0 (almost surely)

Now, ΣWX,Z1 is also full column rank, so Σ+
WX,Z1

=
(
ΣT

WX,Z1
ΣWX,Z1

)−1

ΣT
WX,Z1

. Thus,

ΛW = −
(
ΣWX,Z2

− ΣWX,Z1

)(
ΣT

WX,Z1
ΣWX,Z1

)−1

satisfies the equation.

6.3 EXAMPLE PROMPTS FOR CLASS-CONDITIONAL STEERING VECTORS

To obtain class-conditional means for LLMs, we constructed 1000 prompts across several categories.
In each case, last token activation was used to compute steering vectors, before first token of model
output and after corresponding chat template tokens. Below we provide illustrative subsets of the
prompts used:

• Horse-related prompts

– How did horses evolve from their early ancestors?
– What factors contributed to the domestication of horses?
– What anatomical features enable a horse to run at high speeds?

• Motorcycle-related prompts

– What was the significance of the earliest gasoline powered motorcycle in the evolution
of personal transportation?

– How does the engine cycle mechanism influence power delivery and efficiency in a
motorbike?

– What are the primary considerations when selecting the appropriate tire for varying
riding conditions?

• Dog-related prompts

– What is believed to be the origin of dog domestication?
– How do dogs communicate through body language?
– Which genetic factors influence coat color in dogs?

• Cat-related prompts

– What is the origin of domestic cats and how did they become companion animals?
– How did ancient Egyptians incorporate cats into their society and religion?
– Why did cats spread globally alongside human trade routes?

6.4 PROMPT FOR CONCEPT SCORING

To assess the quality of steering, we compute a concept score that gauges the presence of a specific
concept in generated text. The score ranges from 0 to 10:

• A score of 0 indicates the text is completely irrelevant to the concept.

• A score of 10 indicates strong and explicit relevance to the concept.

• Scores from 1 through 9 represent gradations of partial relevance.

The following prompt was used to query the model for concept scoring:
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Score the text on a scale of 0 to 10, where the score reflects the extent
to which it demonstrates relevance to the concept of {concept}. A score of 0
indicates the text is completely irrelevant and shows no connection to {concept},
whereas a score of 10 signifies strong and explicit relevance to {concept}. For
texts that suggest varying degrees of relevance, use the intermediate numbers
(1 through 9) to represent the gradation of connection to {concept}.
Output just a single number.

Text to evaluate: ‘‘‘
{text}
‘‘‘

The exact score is obtained by doing a forward pass of Llama3.1-7B model and taking argmax across
token probabilities corresponding to score tokens (from 0 to 10).

6.5 TEMPLATE PROMPTS FOR STEERING QUALITY ASSESSMENT

To evaluate the effectiveness of steering, we constructed a set of template prompts. In each case, the
{} placeholder was substituted with the concept under consideration (as defined elsewhere). Each
template was used to generate multiple model responses. These responses were then evaluated either
by a judge model (for text/LLM outputs) or by CLIP score (for images), to compute the concept
score as well as related metrics such as FID and BERTScore.

LLM Assessment Prompts. The following template prompts were used for large language model
(LLM) evaluation. The placeholder {} was substituted with the target concept.

1. Write a short story about a {}
2. Write a poem about a {}
3. What is the history of {}
4. What is the most famous {}?
5. What is the most expensive {}?
6. How to make a {}?
7. How to maintain a {}?
8. How to dispose of a {}?
9. How to store a {}?

10. How to transport a {}?
11. How to use a {}?
12. What is important to know about {}?
13. How to tell age of a {}?
14. What is a {}?
15. What types of {} are there?
16. What are the most common {}?
17. Describe an appearance of {} in detail.
18. How does {} look like?
19. How does {} sound like?
20. How does {} feel like?
21. How does {} behave like?
22. What is the purpose of {}?
23. What are the main components of a {}?
24. How to identify a {}?
25. Where can you find a {}?
26. What are the dangers of a {}?
27. What tools do you need for a {}?
28. How much does a {} typically cost?
29. What are alternatives to a {}?
30. How to choose a good {}?
31. What are common problems with a {}?
32. How long does a {} typically last?
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33. What size is a typical {}?
34. How to clean a {}?
35. What skills are needed to handle a {}?
36. What are the benefits of having a {}?
37. How has {} changed over time?
38. What cultures use {} the most?
39. How to test if a {} is working properly?
40. What safety precautions are needed for a {}?
41. How to upgrade or improve a {}?
42. How does weather affect a {}?
43. What are the environmental impacts of a {}?
44. How to measure the quality of a {}?
45. What accessories go with a {}?
46. How to protect a {} from damage?
47. What are myths about {}?
48. How to teach someone about a {}?
49. What industries use {}?
50. How is a {} different from similar things?
51. What are the legal considerations for owning a {}?
52. How to pack a {} for moving?
53. What are seasonal considerations for a {}?
54. How to customize a {}?
55. What are expert tips for using a {}?
56. How to troubleshoot issues with a {}?
57. What is the lifecycle of a {}?
58. How to estimate the value of a {}?
59. What are cultural significances of a {}?
60. How to take a picture of a {}?
61. How to make a sculpture of a {}?
62. What is the future of {}?
63. How to draw a {}?
64. When was {} first mentioned in human history?
65. Can one ride a {}?
66. Write a song about {}
67. Define a {}
68. Write a positive review on a book about {}
69. Write a negative review on a book about {}
70. Do people make toys of {}?
71. How is {} used in the economy?
72. Write an abstract for a science paper about {}
73. How does temperature affect a {}?
74. What are the origins of the word {}?
75. What are superstitions about {}?
76. How to simulate a {} digitally?
77. What are the physics of a {}?
78. How to teach children about {}?
79. What are famous artworks featuring {}?
80. What are the nutritional aspects of a {}?
81. Describe the most famous {} competitions.

Image Assessment Prompts. The following template prompts were used for image model evalua-
tion. The placeholder {} was substituted with the target concept.

1. a bad photo of a {}.
2. a photo of many {}.
3. a sculpture of a {}.
4. a photo of the hard to see {}.
5. a low resolution photo of the {}.
6. a rendering of a {}.
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7. graffiti of a {}.
8. a bad photo of the {}.
9. a cropped photo of the {}.

10. a tattoo of a {}.
11. the embroidered {}.
12. a photo of a hard to see {}.
13. a bright photo of a {}.
14. a photo of a clean {}.
15. a photo of a dirty {}.
16. a dark photo of the {}.
17. a drawing of a {}.
18. a photo of my {}.
19. the plastic {}.
20. a photo of the cool {}.
21. a close-up photo of a {}.
22. a black and white photo of the {}.
23. a painting of the {}.
24. a painting of a {}.
25. a pixelated photo of the {}.
26. a sculpture of the {}.
27. a bright photo of the {}.
28. a cropped photo of a {}.
29. a plastic {}.
30. a photo of the dirty {}.
31. a jpeg corrupted photo of a {}.
32. a blurry photo of the {}.
33. a photo of the {}.
34. a good photo of the {}.
35. a rendering of the {}.
36. a {} in a video game.
37. a photo of one {}.
38. a doodle of a {}.
39. a close-up photo of the {}.
40. a photo of a {}.
41. the origami {}.
42. the {} in a video game.
43. a sketch of a {}.
44. a doodle of the {}.
45. a origami {}.
46. a low resolution photo of a {}.
47. the toy {}.
48. a rendition of the {}.
49. a photo of the clean {}.
50. a photo of a large {}.
51. a rendition of a {}.
52. a photo of a nice {}.
53. a photo of a weird {}.
54. a blurry photo of a {}.
55. a cartoon {}.
56. art of a {}.
57. a sketch of the {}.
58. a embroidered {}.
59. a pixelated photo of a {}.
60. itap of the {}.
61. a jpeg corrupted photo of the {}.
62. a good photo of a {}.
63. a plushie {}.
64. a photo of the nice {}.
65. a photo of the small {}.
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66. a photo of the weird {}.
67. the cartoon {}.
68. art of the {}.
69. a drawing of the {}.
70. a photo of the large {}.
71. a black and white photo of a {}.
72. the plushie {}.
73. a dark photo of a {}.
74. itap of a {}.
75. graffiti of the {}.
76. a toy {}.
77. itap of my {}.
78. a photo of a cool {}.
79. a photo of a small {}.
80. a tattoo of the {}.

6.6 NUMBER OF PROMPTS FOR COVARIANCE CALCULATION

To find the optimal number of prompts used to calculate unconditional covariances ΣXX for concept
switching, we perform the following ablation study. For each number of prompts used for covariances
generation from the set {100, 500, 1000, 5000, 10000, 20000} we run the same base experiment as
outlined in 4.2.2. We then compute ∆CS and 1 - BERT Precision @ MMLU metrics on a small set
of MiDSteer steering strengths (to show if the steering strength can affect the optimal number of
prompts). For LLM experiment we used LLama2-7B model.

We then plot these values of a 2D plane similar to Pareto charts, but this time varying the number of
prompts instead. This in essence forms a curve that, after a certain threshold, settles in a small region
of metric space. As can be seen from the chart below, increasing the number of prompts used beyond
5000 has limited impact.
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6.7 RESULTS FOR LLM CONCEPT ERASURE

We tested concept erasure on LLama2-7b, Qwen2.5-7b and Qwen2.5-14b models. In case of smaller
models, both clipped and unclipped variant (matrix compliant form) of the steering manipulation
were tested.
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Table 2: Model llama2-7b (noclip), removal of horses

horses motorcycles cows pigs dogs legislators
cs cs bertp cs bertp cs bertp cs bertp cs bertp

method strength

No Steering - 8.6 8.5 - 8.4 - 8.5 - 8.7 - 8.4 -
CASteer 1.0 8.6 8.5 0.91 8.4 0.90 8.4 0.90 8.6 0.90 8.5 0.89

2.0 8.4 8.5 0.90 8.4 0.89 8.3 0.89 8.5 0.90 8.3 0.89
3.0 1.5 3.4 0.80 2.4 0.78 1.4 0.78 2.9 0.79 2.6 0.79
4.0 0.4 0.0 0.76 0.1 0.76 0.0 0.77 0.0 0.77 0.0 0.77
5.0 1.0 0.0 0.76 0.1 0.77 0.0 0.77 0.0 0.77 0.0 0.77

LEACE 1.0 8.5 8.5 0.91 8.3 0.91 8.4 0.90 8.6 0.91 8.3 0.90
2.0 5.0 8.3 0.89 7.3 0.87 7.4 0.88 8.0 0.89 7.8 0.88
3.0 0.2 4.6 0.86 3.3 0.85 3.7 0.85 4.0 0.86 4.6 0.86
4.0 0.0 1.0 0.82 0.2 0.81 0.2 0.81 0.4 0.82 1.1 0.82
5.0 0.0 0.1 0.81 0.0 0.81 0.0 0.81 0.1 0.81 0.2 0.81

Table 3: Model llama2-7b (noclip), removal of dogs

dogs cats wolves cows pigs legislators
cs cs bertp cs bertp cs bertp cs bertp cs bertp

method strength

No Steering - 8.6 8.6 - 8.5 - 8.4 - 8.4 - 8.5 -
CASteer 1.0 8.6 8.5 0.90 8.4 0.90 8.4 0.90 8.4 0.90 8.5 0.90

2.0 8.5 8.5 0.90 8.3 0.89 8.3 0.89 8.3 0.89 8.4 0.89
3.0 2.1 3.1 0.79 3.6 0.80 3.0 0.79 1.9 0.78 3.4 0.79
4.0 0.1 0.0 0.76 0.1 0.76 0.0 0.75 0.0 0.75 0.0 0.76
5.0 0.3 0.0 0.76 0.0 0.75 0.0 0.76 0.0 0.76 0.0 0.75

LEACE 1.0 8.5 8.5 0.91 8.4 0.91 8.3 0.91 8.4 0.91 8.4 0.90
2.0 6.5 7.8 0.88 7.6 0.88 7.2 0.88 7.5 0.88 7.7 0.88
3.0 1.3 3.8 0.86 4.2 0.86 3.4 0.85 3.7 0.85 4.6 0.86
4.0 0.1 0.4 0.82 0.2 0.83 0.5 0.82 0.3 0.82 1.0 0.82
5.0 0.0 0.1 0.81 0.1 0.82 0.1 0.82 0.1 0.81 0.1 0.81

Table 4: Model qwen2.5-7b (noclip), removal of horses

horses motorcycles cows pigs dogs legislators
cs cs bertp cs bertp cs bertp cs bertp cs bertp

method strength

No Steering - 8.7 8.6 - 8.4 - 8.4 - 8.7 - 8.5 -
CASteer 1.0 8.6 8.5 0.89 8.4 0.88 8.4 0.88 8.7 0.88 8.6 0.88

2.0 8.0 7.8 0.84 8.1 0.84 7.8 0.83 8.1 0.83 8.1 0.83
3.0 3.6 4.0 0.72 5.1 0.73 4.5 0.73 4.7 0.73 3.9 0.72
4.0 1.2 2.8 0.69 2.6 0.70 1.9 0.70 2.6 0.70 2.0 0.69
5.0 0.6 1.0 0.70 0.7 0.70 0.3 0.70 0.7 0.70 0.9 0.69

LEACE 1.0 8.5 8.5 0.89 8.4 0.89 8.4 0.89 8.7 0.89 8.5 0.89
2.0 6.9 8.5 0.89 8.4 0.88 8.4 0.88 8.7 0.88 8.5 0.88
3.0 0.6 8.5 0.87 8.3 0.85 8.3 0.85 8.6 0.86 8.4 0.86
4.0 0.2 8.3 0.85 8.1 0.83 8.1 0.82 8.4 0.83 8.2 0.83
5.0 0.0 7.3 0.76 6.7 0.73 6.2 0.73 6.9 0.73 7.2 0.74
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Table 5: Model qwen2.5-7b (noclip), removal of dogs

dogs cats wolves cows pigs legislators
cs cs bertp cs bertp cs bertp cs bertp cs bertp

method strength

No Steering - 8.7 8.5 - 8.3 - 8.4 - 8.4 - 8.5 -
CASteer 1.0 8.6 8.5 0.88 8.3 0.88 8.4 0.88 8.4 0.88 8.5 0.88

2.0 8.0 8.1 0.84 8.0 0.84 8.1 0.84 7.9 0.84 8.3 0.84
3.0 3.9 5.0 0.74 4.6 0.74 5.4 0.75 4.8 0.75 4.6 0.75
4.0 1.4 2.2 0.71 1.7 0.71 2.4 0.71 1.6 0.71 2.1 0.71
5.0 0.3 0.7 0.71 0.4 0.71 0.7 0.71 0.4 0.72 0.8 0.71

LEACE 1.0 8.7 8.5 0.89 8.4 0.88 8.4 0.89 8.4 0.88 8.5 0.89
2.0 8.7 8.5 0.88 8.3 0.87 8.4 0.88 8.4 0.87 8.5 0.88
3.0 7.8 8.5 0.85 8.2 0.84 8.3 0.85 8.3 0.85 8.4 0.86
4.0 3.2 8.2 0.83 7.7 0.79 8.1 0.83 7.9 0.81 8.2 0.82
5.0 0.6 6.5 0.72 5.6 0.71 6.6 0.72 5.9 0.72 6.9 0.72

Table 6: Model qwen2.5-14b (noclip), removal of horses

horses motorcycles cows pigs dogs legislators
cs cs bertp cs bertp cs bertp cs bertp cs bertp

method strength

No Steering - 8.7 8.6 - 8.4 - 8.4 - 8.7 - 8.5 -
CASteer 1.0 8.7 8.6 0.90 8.4 0.90 8.5 0.89 8.7 0.90 8.5 0.89

2.0 8.7 8.6 0.89 8.4 0.89 8.5 0.89 8.7 0.89 8.5 0.89
3.0 8.5 8.5 0.86 8.4 0.86 8.4 0.86 8.6 0.86 8.4 0.87
4.0 2.9 4.2 0.78 5.0 0.78 5.0 0.78 4.3 0.79 4.3 0.79
5.0 0.8 1.5 0.73 1.2 0.73 2.0 0.74 1.4 0.74 0.6 0.73

LEACE 1.0 8.7 8.6 0.90 8.4 0.89 8.4 0.88 8.7 0.89 8.5 0.88
2.0 8.0 8.5 0.88 8.3 0.87 8.3 0.86 8.7 0.87 8.4 0.86
3.0 3.0 8.5 0.85 8.3 0.84 8.3 0.83 8.6 0.84 8.3 0.83
4.0 1.2 8.3 0.82 8.1 0.81 8.0 0.80 8.4 0.81 8.1 0.80
5.0 0.3 7.8 0.79 7.5 0.79 7.5 0.78 7.9 0.79 7.7 0.79

Table 7: Model qwen2.5-14b (noclip), removal of dogs

dogs cats wolves cows pigs legislators
cs cs bertp cs bertp cs bertp cs bertp cs bertp

method strength

No Steering - 8.7 8.5 - 8.4 - 8.4 - 8.5 - 8.5 -
CASteer 1.0 8.7 8.5 0.90 8.4 0.89 8.5 0.89 8.5 0.89 8.6 0.89

2.0 8.7 8.5 0.89 8.4 0.88 8.4 0.89 8.5 0.89 8.5 0.89
3.0 8.4 8.5 0.86 8.3 0.86 8.4 0.86 8.4 0.86 8.4 0.87
4.0 3.5 3.7 0.79 3.1 0.77 4.2 0.78 4.2 0.78 3.4 0.79
5.0 1.9 0.9 0.73 1.6 0.73 0.9 0.73 1.2 0.73 0.4 0.73

LEACE 1.0 8.7 8.5 0.89 8.4 0.88 8.4 0.89 8.4 0.89 8.5 0.89
2.0 8.7 8.4 0.87 8.4 0.86 8.3 0.87 8.4 0.86 8.4 0.86
3.0 7.7 8.4 0.84 8.2 0.83 8.3 0.84 8.2 0.83 8.3 0.83
4.0 4.7 8.3 0.82 7.9 0.81 8.2 0.82 8.0 0.80 8.1 0.80
5.0 2.3 7.9 0.79 7.5 0.79 7.7 0.80 7.5 0.78 7.7 0.79
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6.8 RESULTS FOR LLM CONCEPT SWITCHING

We tested concept switching on LLama2-7b, Qwen2.5-7b and Qwen2.5-14b models. In case of smaller
models, both clipped and unclipped variant (matrix compliant form) of the steering manipulation
were tested.
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Table 8: Model llama2-7b (noclip), flipping from dogs to cats

dogs cats wolves pigs cows legislators
src-cs tgt-cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp

method strength

CASteer 1.0 8.6 1.1 2.9 7.5 0.91 8.5 7.8 1.5 0.91 8.5 1.5 0.4 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
1.5 8.1 1.9 6.4 3.8 0.90 8.5 7.8 1.5 0.90 8.5 1.5 0.4 0.91 8.4 0.6 0.3 0.90 8.5 0.4 0.2 0.90
2.0 5.9 3.9 7.1 2.8 0.89 8.4 7.8 1.4 0.90 8.5 1.5 0.4 0.90 8.4 0.7 0.3 0.90 8.5 0.3 0.2 0.90
2.5 5.0 4.4 7.0 3.0 0.89 8.5 7.7 1.4 0.90 8.4 1.4 0.4 0.90 8.4 0.7 0.3 0.90 8.4 0.4 0.2 0.89
3.0 4.8 4.6 6.6 2.8 0.89 8.5 7.7 1.4 0.90 8.4 1.4 0.4 0.90 8.4 0.7 0.3 0.90 8.5 0.3 0.2 0.89
3.5 4.6 4.7 6.5 3.0 0.89 8.4 7.7 1.4 0.90 8.5 1.4 0.3 0.90 8.3 0.9 0.3 0.90 8.5 0.4 0.2 0.90
4.0 4.6 4.7 6.5 2.9 0.89 8.4 7.7 1.5 0.90 8.4 1.4 0.4 0.90 8.2 0.9 0.3 0.90 8.4 0.4 0.2 0.89
4.5 4.5 4.9 6.5 2.9 0.89 8.3 7.6 1.5 0.90 8.3 1.5 0.5 0.90 8.2 1.0 0.4 0.90 8.4 0.4 0.2 0.89
5.0 4.4 4.9 6.5 2.7 0.88 8.3 7.6 1.5 0.89 8.2 1.5 0.6 0.89 7.9 1.2 0.5 0.89 8.2 0.4 0.2 0.89

LEACE 1.0 8.5 1.4 2.1 8.2 0.91 8.4 7.8 1.5 0.91 8.5 1.5 0.5 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
1.5 5.4 4.5 3.4 6.6 0.91 8.4 7.8 1.5 0.91 8.5 1.4 0.4 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.1 0.90
2.0 4.0 5.5 4.9 4.8 0.91 8.4 7.7 1.7 0.91 8.5 1.4 0.4 0.91 8.4 0.6 0.3 0.91 8.5 0.3 0.2 0.90
2.5 3.8 5.6 5.3 4.1 0.90 8.4 7.7 1.5 0.91 8.5 1.5 0.5 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
3.0 3.7 5.6 5.6 4.1 0.90 8.4 7.7 1.6 0.91 8.5 1.5 0.4 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
3.5 3.7 5.7 5.5 3.9 0.90 8.4 7.7 1.5 0.91 8.4 1.5 0.5 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
4.0 3.6 5.6 5.5 3.9 0.90 8.4 7.6 1.6 0.91 8.5 1.5 0.4 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
4.5 3.6 5.6 5.5 3.9 0.90 8.4 7.7 1.6 0.91 8.5 1.4 0.4 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.2 0.90
5.0 3.6 5.5 5.4 3.9 0.90 8.4 7.7 1.6 0.91 8.4 1.5 0.5 0.91 8.3 0.7 0.3 0.91 8.5 0.3 0.1 0.90

mean_matching 1.0 8.0 1.8 1.6 8.6 0.92 8.4 7.8 1.6 0.91 8.5 1.4 0.4 0.91 8.4 0.7 0.3 0.91 8.5 0.3 0.1 0.91
1.5 4.1 6.1 1.5 8.6 0.91 8.5 7.8 1.6 0.91 8.4 1.5 0.5 0.91 8.4 0.6 0.3 0.91 8.5 0.4 0.2 0.90
2.0 2.6 7.7 1.5 8.6 0.91 8.4 7.7 1.7 0.91 8.5 1.5 0.5 0.91 8.4 0.6 0.3 0.91 8.5 0.3 0.2 0.90
2.5 2.1 8.2 1.5 8.6 0.91 8.3 7.5 1.8 0.91 8.4 1.4 0.5 0.91 8.2 0.7 0.4 0.91 8.4 0.3 0.2 0.90
3.0 1.9 8.4 1.4 8.7 0.91 7.9 7.0 2.2 0.91 8.3 1.5 0.8 0.91 8.0 0.7 0.8 0.91 8.5 0.3 0.2 0.90
3.5 1.7 8.5 1.3 8.7 0.91 7.4 6.5 3.2 0.90 7.8 1.6 1.5 0.90 7.7 0.9 1.4 0.91 8.4 0.3 0.2 0.90
4.0 1.6 8.5 1.4 8.6 0.90 6.3 5.6 4.2 0.90 7.3 1.7 2.3 0.90 6.8 1.1 2.3 0.90 8.4 0.4 0.4 0.90
4.5 1.6 8.6 1.3 8.7 0.90 5.4 4.8 5.1 0.89 6.5 1.8 3.2 0.90 5.8 1.2 3.8 0.90 8.3 0.5 0.9 0.90
5.0 1.6 8.6 1.4 8.7 0.90 4.6 4.1 5.8 0.89 5.5 2.0 4.4 0.89 4.6 1.2 4.8 0.89 8.1 0.6 1.4 0.90

Table 9: Model llama2-7b (noclip), flipping from horses to motorcycles

horses motorcycles cows pigs dogs legislators
src-cs tgt-cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp

method strength

CASteer 1.0 8.6 0.7 1.3 8.5 0.92 8.4 1.7 0.1 0.91 8.5 1.2 0.1 0.91 8.6 1.5 0.2 0.92 8.5 0.3 0.3 0.90
1.5 6.5 2.9 1.4 8.5 0.92 8.4 1.7 0.1 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.2 0.91 8.5 0.3 0.3 0.90
2.0 2.7 6.9 2.1 7.9 0.91 8.3 1.6 0.1 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.2 0.91 8.5 0.3 0.3 0.90
2.5 2.6 7.2 3.7 5.5 0.91 8.1 1.4 0.2 0.90 8.3 1.2 0.1 0.91 8.5 1.5 0.2 0.91 8.5 0.3 0.3 0.90
3.0 2.9 6.8 4.4 4.2 0.90 7.8 1.3 0.3 0.90 8.2 1.2 0.1 0.90 8.6 1.4 0.2 0.91 8.5 0.3 0.2 0.90
3.5 3.0 6.5 4.7 3.6 0.90 7.2 1.3 0.3 0.90 8.1 1.1 0.1 0.90 8.5 1.3 0.2 0.91 8.4 0.3 0.3 0.90
4.0 3.0 6.1 4.6 3.4 0.89 6.9 1.1 0.4 0.90 8.1 1.1 0.2 0.90 8.3 1.4 0.3 0.90 8.5 0.3 0.3 0.90
4.5 3.1 5.8 5.0 3.2 0.89 6.5 1.1 0.4 0.89 7.9 1.1 0.2 0.90 8.2 1.4 0.3 0.90 8.5 0.4 0.4 0.90
5.0 3.0 5.7 4.8 3.1 0.89 6.4 1.1 0.5 0.89 7.7 1.0 0.3 0.89 8.0 1.3 0.3 0.90 8.4 0.4 0.4 0.90

LEACE 1.0 8.5 0.7 1.2 8.5 0.92 8.4 1.7 0.1 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.1 0.92 8.5 0.3 0.3 0.90
1.5 8.2 1.0 1.7 8.2 0.92 8.4 1.6 0.2 0.91 8.4 1.3 0.1 0.91 8.6 1.5 0.2 0.92 8.5 0.4 0.3 0.90
2.0 5.4 3.5 4.0 5.4 0.91 8.3 1.7 0.2 0.91 8.4 1.3 0.1 0.91 8.6 1.5 0.2 0.92 8.5 0.3 0.2 0.90
2.5 4.0 4.9 4.9 3.9 0.90 8.3 1.6 0.2 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.2 0.91 8.5 0.3 0.2 0.91
3.0 3.7 5.2 5.5 3.2 0.90 8.2 1.5 0.2 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.2 0.91 8.5 0.3 0.3 0.90
3.5 3.6 5.3 5.4 3.0 0.90 8.1 1.4 0.2 0.91 8.3 1.2 0.1 0.91 8.6 1.4 0.2 0.91 8.5 0.3 0.2 0.90
4.0 3.5 5.5 5.5 2.9 0.90 8.0 1.3 0.2 0.90 8.3 1.1 0.1 0.91 8.6 1.5 0.2 0.91 8.5 0.4 0.3 0.90
4.5 3.4 5.2 5.5 2.8 0.90 7.7 1.2 0.2 0.90 8.2 1.2 0.1 0.91 8.5 1.5 0.2 0.91 8.5 0.3 0.2 0.90
5.0 3.4 5.3 5.6 2.9 0.90 7.6 1.3 0.3 0.90 8.2 1.1 0.1 0.91 8.5 1.5 0.2 0.91 8.5 0.4 0.3 0.90

mean_matching 1.0 8.6 0.7 1.2 8.5 0.92 8.4 1.6 0.1 0.91 8.5 1.2 0.1 0.91 8.6 1.4 0.2 0.92 8.5 0.3 0.3 0.90
1.5 5.9 3.5 1.2 8.5 0.92 8.4 1.6 0.1 0.91 8.4 1.2 0.1 0.91 8.6 1.6 0.2 0.92 8.4 0.3 0.3 0.90
2.0 2.6 7.2 1.2 8.5 0.92 8.3 1.5 0.1 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.2 0.91 8.4 0.3 0.3 0.90
2.5 1.8 8.2 1.2 8.5 0.92 8.3 1.6 0.2 0.91 8.4 1.2 0.1 0.91 8.6 1.5 0.2 0.91 8.5 0.3 0.3 0.90
3.0 1.7 8.4 1.2 8.5 0.92 8.3 1.6 0.2 0.91 8.2 1.1 0.1 0.91 8.6 1.6 0.2 0.91 8.5 0.3 0.3 0.90
3.5 1.6 8.4 1.2 8.5 0.92 8.0 1.4 0.4 0.90 8.2 1.0 0.2 0.90 8.5 1.5 0.2 0.91 8.4 0.4 0.3 0.90
4.0 1.6 8.4 1.2 8.5 0.91 7.6 1.3 0.7 0.90 8.0 1.1 0.4 0.90 8.4 1.4 0.2 0.91 8.4 0.3 0.3 0.90
4.5 1.6 8.5 1.2 8.5 0.91 7.0 1.3 1.4 0.90 7.6 1.0 0.6 0.90 8.3 1.4 0.4 0.91 8.5 0.3 0.3 0.90
5.0 1.4 8.5 1.2 8.5 0.91 6.1 1.2 2.2 0.89 7.3 0.9 0.9 0.90 8.2 1.4 0.5 0.90 8.4 0.3 0.3 0.90

Table 10: Model qwen2.5-7b (noclip), flipping from dogs to cats

dogs cats wolves pigs cows legislators
src-cs tgt-cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp

method strength

CASteer 1.0 5.6 6.9 1.9 8.4 0.89 8.3 7.6 2.0 0.89 8.4 1.6 0.6 0.89 8.4 0.8 0.4 0.89 8.5 0.3 0.2 0.89
2.0 3.2 7.5 2.2 7.8 0.88 7.6 6.4 3.7 0.88 8.1 1.6 1.9 0.88 7.9 1.1 1.8 0.89 8.4 0.5 0.9 0.89
3.0 3.4 7.5 2.3 7.6 0.87 7.3 6.2 3.9 0.87 7.2 1.7 3.0 0.88 7.0 1.4 3.0 0.88 8.4 0.7 2.0 0.88
4.0 3.0 7.1 2.4 7.2 0.86 7.2 6.2 3.7 0.87 7.4 1.6 2.2 0.87 7.1 1.3 2.8 0.87 8.3 0.6 1.6 0.88
5.0 2.9 6.8 2.4 6.6 0.85 5.9 5.2 4.3 0.85 7.3 1.6 1.7 0.86 7.5 1.2 1.8 0.86 8.3 0.5 1.0 0.87

LEACE 1.0 8.7 1.0 1.8 8.5 0.89 8.3 7.7 1.6 0.89 8.4 1.6 0.4 0.89 8.4 0.9 0.3 0.89 8.5 0.3 0.2 0.89
2.0 7.4 4.2 6.0 6.7 0.88 8.3 7.6 1.6 0.89 8.4 1.4 0.4 0.89 8.4 0.9 0.3 0.89 8.5 0.3 0.2 0.89
3.0 6.3 6.7 7.1 5.5 0.88 8.3 7.6 1.7 0.89 8.4 1.6 0.4 0.89 8.4 0.9 0.3 0.89 8.5 0.3 0.2 0.89
4.0 5.8 6.6 6.9 4.7 0.87 8.3 7.5 1.7 0.89 8.4 1.5 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.3 0.2 0.89
5.0 5.3 6.5 6.7 4.3 0.87 8.3 7.6 1.8 0.89 8.4 1.5 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.4 0.2 0.89

mean_matching 1.0 8.7 1.0 1.7 8.5 0.89 8.3 7.6 1.6 0.89 8.5 1.5 0.5 0.89 8.4 0.8 0.3 0.89 8.5 0.4 0.2 0.89
2.0 7.3 5.0 1.7 8.5 0.89 8.4 7.6 1.7 0.89 8.5 1.5 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.3 0.2 0.89
3.0 5.7 7.7 1.7 8.5 0.89 8.3 7.5 2.0 0.89 8.4 1.4 0.6 0.89 8.4 0.8 0.5 0.89 8.5 0.3 0.2 0.89
4.0 5.0 8.2 1.7 8.5 0.89 8.1 7.4 2.5 0.89 8.3 1.6 1.0 0.89 8.3 1.0 0.7 0.89 8.5 0.4 0.3 0.89
5.0 4.3 8.3 1.7 8.5 0.89 7.8 6.9 3.2 0.89 8.3 1.7 1.1 0.89 8.2 1.1 1.0 0.89 8.4 0.4 0.3 0.89
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Table 11: Model qwen2.5-7b (noclip), flipping from horses to motorcycles

horses motorcycles cows pigs dogs legislators
src-cs tgt-cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp

method strength

CASteer 1.0 8.6 0.8 1.2 8.4 0.90 8.4 1.8 0.2 0.89 8.4 1.1 0.1 0.89 8.6 1.4 0.3 0.89 8.5 0.4 0.4 0.89
2.0 4.3 5.7 5.7 4.4 0.87 8.2 1.6 0.3 0.89 8.3 0.9 0.1 0.88 8.6 1.3 0.2 0.89 8.5 0.4 0.3 0.89
3.0 4.1 5.5 6.1 3.2 0.86 7.4 1.3 0.8 0.88 8.0 0.8 0.3 0.87 8.5 1.3 0.3 0.88 8.5 0.3 0.3 0.89
4.0 4.2 5.2 6.2 2.8 0.86 6.6 1.5 1.3 0.86 7.5 0.9 0.4 0.87 8.1 1.3 0.4 0.88 8.4 0.3 0.3 0.89
5.0 3.8 5.3 6.4 2.9 0.85 6.3 1.4 1.2 0.86 7.1 0.9 0.6 0.86 7.8 1.3 0.5 0.87 8.4 0.3 0.3 0.88

LEACE 1.0 8.6 0.7 1.0 8.4 0.90 8.4 1.9 0.2 0.89 8.4 1.2 0.1 0.89 8.7 1.5 0.2 0.89 8.5 0.4 0.3 0.89
2.0 4.4 6.2 2.8 7.7 0.89 8.4 1.8 0.2 0.89 8.4 1.1 0.1 0.89 8.7 1.5 0.2 0.89 8.6 0.4 0.3 0.89
3.0 3.1 6.7 5.3 5.0 0.88 8.3 1.7 0.2 0.89 8.4 1.0 0.1 0.89 8.7 1.4 0.2 0.89 8.5 0.4 0.3 0.89
4.0 3.2 6.3 5.5 4.1 0.87 8.2 1.6 0.4 0.89 8.3 1.0 0.1 0.89 8.6 1.4 0.2 0.89 8.5 0.4 0.4 0.89
5.0 3.2 6.1 5.6 3.8 0.87 7.9 1.5 0.7 0.88 8.3 0.9 0.2 0.88 8.6 1.3 0.2 0.89 8.5 0.4 0.4 0.89

mean_matching 1.0 8.6 0.8 0.9 8.5 0.90 8.3 1.9 0.2 0.89 8.4 1.1 0.1 0.89 8.7 1.5 0.2 0.89 8.5 0.3 0.3 0.89
2.0 2.9 7.1 0.8 8.5 0.90 8.4 1.8 0.2 0.89 8.4 1.1 0.1 0.89 8.7 1.4 0.2 0.89 8.5 0.3 0.3 0.89
3.0 1.4 8.2 0.9 8.5 0.90 8.2 1.7 0.3 0.89 8.4 1.0 0.2 0.89 8.6 1.4 0.3 0.89 8.5 0.3 0.3 0.89
4.0 1.3 8.4 0.8 8.5 0.89 7.7 1.7 1.0 0.89 8.2 0.9 0.3 0.88 8.6 1.2 0.3 0.89 8.4 0.3 0.4 0.89
5.0 1.2 8.4 0.9 8.6 0.90 6.3 1.5 2.8 0.88 7.8 1.0 1.0 0.88 8.2 1.4 0.8 0.89 8.5 0.3 0.4 0.89

Table 12: Model qwen2.5-14b (noclip), flipping from dogs to cats

dogs cats wolves pigs cows legislators
src-cs tgt-cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp

method strength

CASteer 1.0 8.7 0.9 2.7 8.2 0.89 8.4 7.7 1.3 0.89 8.5 1.4 0.4 0.89 8.4 0.8 0.3 0.90 8.5 0.3 0.2 0.89
2.0 7.8 4.5 7.3 4.9 0.86 8.4 7.7 1.4 0.89 8.5 1.4 0.4 0.89 8.4 0.8 0.2 0.89 8.5 0.3 0.2 0.89
3.0 7.0 5.9 7.3 4.3 0.86 8.4 7.6 1.3 0.89 8.5 1.3 0.3 0.89 8.4 0.8 0.3 0.89 8.5 0.4 0.2 0.89
4.0 6.8 6.2 7.2 4.6 0.86 8.4 7.6 1.3 0.89 8.5 1.3 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.4 0.2 0.89
5.0 6.8 6.1 7.3 5.1 0.86 8.3 7.5 1.3 0.89 8.5 1.3 0.4 0.89 8.3 0.8 0.2 0.89 8.5 0.4 0.2 0.89

LEACE 1.0 8.7 1.0 1.9 8.4 0.89 8.4 7.7 1.3 0.89 8.5 1.5 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.3 0.2 0.89
2.0 7.9 4.2 6.0 7.3 0.88 8.4 7.7 1.3 0.89 8.5 1.4 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.3 0.2 0.89
3.0 6.9 6.5 7.0 5.4 0.86 8.4 7.6 1.4 0.89 8.5 1.3 0.3 0.89 8.4 0.8 0.3 0.90 8.5 0.3 0.1 0.89
4.0 6.2 6.7 6.9 4.2 0.86 8.4 7.7 1.4 0.89 8.5 1.4 0.4 0.89 8.4 0.8 0.3 0.90 8.5 0.3 0.2 0.89
5.0 6.0 6.6 6.9 3.7 0.85 8.4 7.7 1.4 0.89 8.4 1.4 0.4 0.89 8.4 0.8 0.2 0.89 8.5 0.3 0.2 0.89

mean_matching 1.0 8.7 1.2 1.8 8.5 0.89 8.4 7.7 1.4 0.89 8.5 1.5 0.4 0.89 8.5 0.8 0.3 0.89 8.5 0.3 0.1 0.89
2.0 7.1 6.4 1.6 8.5 0.89 8.4 7.7 1.5 0.89 8.5 1.4 0.4 0.89 8.4 0.8 0.3 0.89 8.5 0.4 0.2 0.89
3.0 4.8 7.8 1.6 8.6 0.89 8.4 7.6 1.8 0.89 8.4 1.5 0.5 0.89 8.4 0.7 0.3 0.89 8.5 0.3 0.2 0.89
4.0 3.3 8.2 1.6 8.5 0.89 8.3 7.5 2.3 0.89 8.4 1.6 0.8 0.89 8.4 0.9 0.5 0.89 8.5 0.4 0.2 0.89
5.0 2.1 8.3 1.6 8.6 0.89 8.1 7.0 2.9 0.89 8.3 1.8 1.2 0.89 8.3 0.9 0.7 0.89 8.5 0.4 0.3 0.89

Table 13: Model qwen2.5-14b (noclip), flipping from horses to motorcycles

horses motorcycles cows pigs dogs legislators
src-cs tgt-cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp cs src-cs tgt-cs bertp

method strength

CASteer 1.0 8.7 0.7 1.2 8.6 0.90 8.4 1.7 0.2 0.89 8.4 1.1 0.1 0.89 8.7 1.4 0.2 0.90 8.5 0.3 0.3 0.89
2.0 6.4 4.4 4.9 6.0 0.87 8.3 1.5 0.3 0.89 8.4 1.0 0.1 0.89 8.6 1.4 0.2 0.89 8.4 0.3 0.3 0.89
3.0 5.9 5.0 6.9 2.9 0.84 7.9 1.4 0.5 0.88 8.4 0.9 0.2 0.88 8.6 1.3 0.2 0.89 8.5 0.3 0.3 0.89
4.0 6.0 4.4 7.3 1.8 0.84 7.6 1.4 0.6 0.87 8.1 0.9 0.3 0.87 8.5 1.4 0.3 0.88 8.5 0.3 0.3 0.89
5.0 5.5 4.3 7.4 1.6 0.83 7.5 1.3 0.5 0.86 7.9 0.9 0.3 0.86 8.3 1.4 0.3 0.88 8.5 0.3 0.3 0.89

LEACE 1.0 8.6 0.7 1.1 8.6 0.90 8.4 1.8 0.2 0.90 8.5 1.1 0.1 0.89 8.7 1.4 0.2 0.90 8.5 0.4 0.3 0.89
2.0 6.4 4.6 3.8 7.5 0.88 8.4 1.6 0.2 0.89 8.4 1.0 0.1 0.89 8.7 1.3 0.2 0.90 8.5 0.4 0.4 0.89
3.0 4.2 6.0 6.1 4.6 0.85 8.2 1.5 0.4 0.89 8.4 1.0 0.1 0.89 8.7 1.4 0.2 0.89 8.5 0.3 0.3 0.89
4.0 4.2 6.1 6.6 3.5 0.84 7.9 1.5 0.6 0.89 8.3 1.0 0.2 0.88 8.7 1.4 0.3 0.89 8.5 0.4 0.4 0.89
5.0 4.1 5.9 6.8 3.1 0.83 7.7 1.4 0.7 0.88 8.3 1.0 0.2 0.88 8.6 1.3 0.4 0.89 8.5 0.4 0.3 0.89

mean_matching 1.0 8.7 0.7 0.9 8.6 0.90 8.4 1.8 0.1 0.89 8.5 1.1 0.1 0.89 8.7 1.4 0.2 0.90 8.5 0.4 0.3 0.89
2.0 3.9 6.5 0.9 8.6 0.90 8.3 1.6 0.2 0.89 8.4 1.1 0.1 0.89 8.7 1.3 0.2 0.90 8.5 0.3 0.3 0.89
3.0 1.4 8.2 0.9 8.6 0.90 8.3 1.5 0.2 0.89 8.4 1.0 0.1 0.89 8.7 1.4 0.3 0.89 8.5 0.3 0.3 0.89
4.0 1.2 8.2 0.9 8.6 0.90 8.3 1.5 0.2 0.89 8.4 1.0 0.2 0.89 8.7 1.3 0.3 0.89 8.4 0.4 0.4 0.89
5.0 1.2 8.2 0.8 8.6 0.90 8.1 1.6 0.7 0.89 8.3 0.9 0.4 0.89 8.6 1.3 0.3 0.89 8.5 0.3 0.3 0.89
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6.9 RESULTS FOR IMAGE DIFFUSION CONCEPT ERASURE

Concept erasure was tested on SDXL and SANA 1.6B models. Both clipepd and unclipped variants
of the steering function were tested.
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Table 14: Model sdxl (noclip), removal of snoopy

snoopy mickey pikachu spongebob dog legislator
cs cs fid cs fid cs fid cs fid cs fid

method strength

No Steering - 74.3 73.1 - 72.6 - 75.1 - 66.3 - 60.8 -
CASteer 1.0 55.8 70.1 54.9 72.5 30.3 73.9 50.9 66.2 30.6 60.9 22.6

1.5 49.9 67.9 71.8 72.5 39.9 72.8 66.0 66.2 39.4 60.9 27.5
2.0 47.0 65.2 90.5 72.6 51.2 71.0 85.2 66.2 48.1 60.8 31.7
2.5 45.6 62.2 111.0 72.5 65.7 68.6 109.4 66.1 58.1 60.9 35.3
3.0 45.3 58.8 132.1 72.2 83.7 65.3 138.2 66.2 68.0 60.8 38.7
4.0 45.3 53.5 169.0 71.6 123.4 59.0 189.5 66.1 83.3 60.9 45.8
5.0 45.9 50.7 195.3 69.3 153.0 55.7 218.2 65.6 99.9 61.0 52.9

LEACE 1.0 56.7 72.2 35.7 72.9 21.3 74.1 42.2 66.3 20.7 60.6 26.9
1.5 51.2 71.7 42.3 73.0 25.8 73.7 50.1 66.3 26.5 60.5 32.5
2.0 48.3 71.0 48.2 73.2 29.6 73.3 57.8 66.3 31.6 60.4 36.4
2.5 46.5 70.3 53.9 73.3 33.0 72.8 66.5 66.4 36.5 60.2 41.3
3.0 45.8 69.6 59.8 73.5 36.7 72.1 75.3 66.4 40.8 60.0 46.5
4.0 45.8 67.9 72.2 73.7 44.8 70.8 91.8 66.5 49.5 59.4 56.1
5.0 47.0 66.1 85.9 73.7 53.8 69.4 114.1 66.4 57.1 58.6 69.2

Table 15: Model sdxl (noclip), removal of chihuahua

chihuahua muffin dog wolf cat legislator
cs cs fid cs fid cs fid cs fid cs fid

method strength

No Steering - 75.9 68.2 - 66.3 - 71.8 - 67.5 - 60.8 -
CASteer 1.0 54.6 68.1 19.7 65.0 58.2 72.5 25.9 67.0 35.2 60.9 22.7

1.5 48.5 68.2 24.0 61.2 99.9 72.6 34.0 66.5 48.9 60.8 27.8
2.0 47.6 68.0 27.3 54.1 155.5 72.6 44.1 64.6 69.0 60.9 31.9
2.5 47.2 67.9 31.1 50.7 177.8 72.2 61.2 60.5 102.6 60.8 35.8
3.0 46.9 67.9 34.6 49.7 187.7 70.0 96.2 55.8 141.5 60.8 39.4
4.0 47.8 67.7 42.2 49.0 198.2 62.2 191.6 50.7 186.3 60.7 45.7
5.0 49.7 67.6 49.5 48.9 209.3 57.8 228.4 49.4 201.5 60.7 52.1

LEACE 1.0 55.0 68.2 20.0 65.8 35.2 72.3 17.1 67.4 22.1 60.9 21.8
1.5 48.5 68.1 25.0 65.5 47.6 72.5 21.3 67.3 27.1 60.8 27.0
2.0 47.4 68.1 29.0 65.0 61.1 72.6 25.0 67.3 31.4 60.9 31.0
2.5 47.0 68.2 32.6 64.1 74.8 72.8 28.6 67.2 35.1 60.8 34.2
3.0 47.2 68.1 36.0 62.7 92.4 72.9 32.4 67.1 38.5 60.8 36.5
4.0 48.6 68.0 42.3 57.6 131.4 73.1 39.4 66.9 45.1 60.7 41.9
5.0 50.2 68.0 49.4 53.7 162.6 73.1 48.3 66.5 52.5 60.5 48.3
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Table 16: Model sdxl (noclip), removal of horse

horse motorcycle cow pig dog legislator
cs cs fid cs fid cs fid cs fid cs fid

method strength

No Steering - 71.0 70.7 - 72.7 - 71.8 - 66.3 - 60.8 -
CASteer 1.0 59.3 70.7 12.9 71.9 30.1 71.8 20.8 65.9 29.9 61.0 21.3

1.5 49.8 70.7 15.6 71.2 46.6 71.8 27.6 65.8 36.5 61.1 26.2
2.0 48.3 70.6 17.4 69.2 79.8 71.9 36.5 65.7 42.2 61.0 30.3
2.5 47.9 70.7 19.5 62.1 152.5 72.0 45.9 65.4 48.4 60.9 33.6
3.0 47.8 70.7 21.7 54.7 211.1 72.0 60.1 65.0 54.7 60.9 37.0
4.0 48.0 70.7 26.9 51.1 227.9 71.8 92.3 63.9 69.4 60.8 43.3
5.0 49.3 70.8 35.1 50.4 238.4 69.8 138.4 62.2 89.4 60.6 49.4

LEACE 1.0 57.1 70.6 11.5 72.3 20.5 71.8 11.6 66.1 19.7 60.7 25.1
1.5 49.6 70.6 14.0 72.0 26.0 71.9 14.1 66.1 23.7 60.5 29.6
2.0 48.4 70.6 15.9 71.8 33.1 71.9 16.2 66.0 28.0 60.4 34.1
2.5 48.0 70.6 17.5 71.4 39.9 72.0 17.3 66.1 30.9 60.3 38.2
3.0 48.1 70.6 19.3 70.7 53.5 72.0 19.1 66.1 33.6 60.3 41.6
4.0 48.4 70.5 23.0 64.5 115.1 72.1 23.1 66.1 38.6 59.9 49.2
5.0 49.7 70.3 27.4 56.4 197.4 72.2 27.8 66.1 44.6 59.4 58.8

Table 17: Model sana (noclip), removal of horse

horse motorcycle cow pig dog legislator
cs cs fid cs fid cs fid cs fid cs fid

method strength

No Steering - 72.1 70.5 - 73.8 - 73.5 - 68.1 - 60.4 -
CASteer 1.0 70.8 70.1 21.3 74.1 36.4 73.7 28.2 67.8 29.2 60.2 21.2

2.0 52.2 70.9 45.3 72.0 93.0 74.1 49.3 67.4 44.2 59.8 36.3
3.0 51.3 69.3 105.0 61.5 216.9 65.9 261.3 65.5 71.9 59.3 58.4
4.0 56.7 62.3 186.2 59.0 242.8 67.3 175.3 62.5 118.4 58.9 90.1
5.0 52.5 60.4 221.0 58.7 249.9 65.0 205.0 59.3 161.3 58.4 130.3

LEACE 1.0 71.1 70.5 7.5 73.8 14.4 73.4 11.4 68.0 9.2 60.4 11.1
2.0 52.0 70.4 10.0 73.9 20.9 73.5 16.7 68.0 14.2 60.4 15.6
3.0 49.7 70.3 12.2 74.0 25.8 73.5 21.4 67.9 18.4 60.3 19.1
4.0 48.8 70.4 13.8 74.2 30.9 73.5 25.6 67.8 21.3 60.2 21.8
5.0 53.7 70.3 15.2 74.1 36.2 73.6 29.7 67.8 24.4 60.1 24.2

Table 18: Model sana (noclip), removal of snoopy

snoopy mickey pikachu spongebob dog legislator
cs cs fid cs fid cs fid cs fid cs fid

method strength

No Steering - 79.7 76.1 - 74.0 - 79.0 - 68.1 - 60.4 -
CASteer 1.0 60.6 75.3 64.0 74.1 41.3 79.0 43.9 68.0 42.1 60.8 23.3

2.0 46.0 70.5 168.3 74.3 103.6 74.7 146.6 68.0 74.3 61.1 38.2
3.0 42.4 64.2 189.7 72.0 164.1 63.4 222.2 67.7 100.9 60.8 55.3
4.0 40.9 58.5 202.0 62.6 204.2 55.7 258.7 66.8 116.9 60.4 74.8
5.0 40.9 55.4 208.1 55.5 231.6 52.9 276.5 65.1 127.6 60.0 94.8

LEACE 1.0 57.0 76.1 18.2 74.1 6.7 79.0 13.9 68.1 17.3 60.3 9.1
2.0 44.8 76.2 30.5 74.1 11.7 78.9 19.3 68.1 25.3 60.2 13.6
3.0 41.6 76.1 49.0 74.2 16.4 75.2 200.5 68.0 32.2 60.2 16.8
4.0 40.9 75.6 73.4 74.2 21.3 78.7 29.0 68.0 38.0 60.1 19.5
5.0 41.4 74.4 109.4 74.2 26.1 78.7 34.1 68.1 44.1 60.0 22.0
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Table 19: Model sana (noclip), removal of chihuahua

chihuahua muffin dog wolf cat legislator
cs cs fid cs fid cs fid cs fid cs fid

method strength

No Steering - 76.4 66.3 - 68.1 - 73.2 - 68.5 - 60.4 -
CASteer 1.0 75.6 66.6 19.8 67.4 49.4 73.6 25.6 68.3 32.5 55.3 268.2

2.0 49.5 66.8 30.8 59.9 143.6 73.4 53.4 66.4 65.2 60.5 33.7
3.0 48.9 67.1 44.1 52.6 214.4 64.6 265.3 58.6 151.2 60.4 48.6
4.0 49.5 67.0 58.0 52.3 223.8 62.0 263.8 54.6 205.0 60.2 71.9
5.0 50.4 66.3 76.7 53.2 233.5 59.8 282.5 53.6 220.9 59.8 102.3

LEACE 1.0 73.0 66.3 5.8 68.0 28.1 73.2 6.4 68.5 10.4 60.4 9.9
2.0 49.3 66.2 9.7 67.8 47.1 73.3 9.7 68.5 16.0 60.4 14.7
3.0 47.3 66.2 12.6 67.6 68.1 73.3 12.3 68.6 20.6 60.4 17.9
4.0 47.2 66.1 15.2 67.1 88.7 73.3 14.7 68.6 24.6 60.3 20.9
5.0 48.5 66.1 17.7 66.2 113.6 73.3 16.8 68.7 27.5 60.3 23.0
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6.10 RESULTS FOR IMAGE DIFFUSION CONCEPT SWITCHING

Concept switching was tested on SDXL and SANA 1.6B models. Both clipepd and unclipped variants
of the steering function were tested.
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Table 20: Model sdxl (noclip), flipping from horse to motorcycle

horse motorcycle cow pig dog legislator
src-cs tgt-cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid

method strength

No Steering - 71.0 49.1 51.8 70.7 - 72.7 54.6 41.5 - 71.8 49.5 43.6 - 66.3 52.4 44.9 - 60.8 44.8 42.4 -
CASteer 1.0 70.0 50.8 52.6 71.3 27.8 72.3 54.4 42.4 21.9 71.8 49.0 43.8 13.3 66.2 52.0 45.0 20.0 60.9 44.8 42.5 16.3

1.5 53.4 68.3 60.1 63.7 121.3 72.0 54.4 43.0 28.7 71.9 48.9 44.1 16.2 66.1 51.9 45.1 24.7 60.9 44.8 42.5 21.0
2.0 52.1 69.5 68.3 52.9 212.4 70.9 54.4 44.9 42.7 71.9 48.9 44.4 18.9 66.1 51.8 45.4 28.6 60.9 44.8 42.6 24.6
2.5 51.7 69.4 69.4 51.7 213.0 62.5 54.2 55.8 105.2 72.0 48.7 44.6 22.0 66.1 51.7 45.6 33.0 60.9 44.9 42.7 27.0
3.0 51.4 69.1 69.9 50.9 210.0 52.4 53.2 66.2 186.9 72.0 48.5 44.9 25.8 66.0 51.6 45.7 37.2 60.9 44.9 42.7 29.7
4.0 51.0 68.7 70.6 49.9 207.9 48.6 52.3 69.5 222.6 72.0 48.5 46.5 37.2 65.7 51.4 46.7 46.5 60.9 44.9 42.8 35.0
5.0 50.7 68.5 70.9 49.5 207.4 47.8 51.8 69.6 231.6 70.5 49.1 50.6 63.7 64.3 51.4 49.0 61.6 61.0 45.1 43.0 39.0

LEACE 1.0 65.0 56.5 52.7 71.2 28.6 72.5 54.4 42.0 17.0 71.7 49.3 43.6 8.9 66.2 52.3 44.8 14.1 60.7 44.8 42.5 21.1
1.5 52.1 68.6 57.1 67.0 84.6 72.2 54.4 42.3 21.3 71.7 49.3 43.7 10.9 66.2 52.3 44.8 17.7 60.7 44.8 42.5 24.9
2.0 51.2 68.8 67.6 53.3 207.6 72.2 54.5 42.7 25.2 71.7 49.3 43.7 12.6 66.1 52.3 44.8 20.8 60.6 44.8 42.4 28.2
2.5 50.8 68.5 69.0 51.5 213.3 71.9 54.5 43.1 30.0 71.7 49.4 43.7 14.0 66.1 52.3 44.8 22.6 60.6 44.9 42.5 31.0
3.0 50.5 68.2 69.6 50.5 210.6 71.4 54.4 43.8 37.0 71.7 49.4 43.8 15.1 66.0 52.2 44.8 24.5 60.6 44.8 42.5 33.2
4.0 50.2 68.0 70.4 49.6 206.7 64.6 54.2 52.6 85.7 71.8 49.4 43.9 17.2 66.0 52.2 44.7 28.1 60.5 44.8 42.6 37.3
5.0 49.9 67.7 70.8 49.1 204.4 54.4 53.2 63.6 166.2 71.8 49.4 44.0 19.4 65.9 52.2 44.7 31.2 60.4 44.8 42.7 42.0

mean_matching 1.0 51.2 68.7 51.9 70.7 12.7 72.2 54.5 42.5 23.9 71.8 49.2 43.9 12.4 66.1 52.3 44.8 20.7 60.7 45.0 42.3 27.2
1.5 50.4 68.1 51.9 70.7 15.1 71.6 54.6 43.5 34.5 71.9 49.1 44.1 15.2 66.1 52.2 44.8 25.3 60.5 45.1 42.3 32.3
2.0 50.0 67.8 52.0 70.8 17.2 65.9 54.3 50.9 77.3 71.9 49.0 44.3 17.6 66.1 52.1 44.8 28.8 60.6 45.2 42.3 35.9
2.5 49.5 67.4 52.0 70.7 18.6 55.1 53.3 62.6 162.3 71.9 49.0 44.5 20.2 66.0 52.1 44.8 32.2 60.5 45.5 42.4 39.8
3.0 49.2 67.2 52.0 70.6 20.0 51.0 52.7 66.7 199.3 72.0 49.0 44.8 23.5 66.0 52.0 44.8 35.3 60.2 45.5 42.4 43.1
4.0 48.8 67.2 52.0 70.5 22.9 48.4 51.9 68.7 222.5 72.1 49.0 45.5 29.5 65.8 51.9 44.9 41.4 59.7 46.0 42.7 49.9
5.0 48.3 66.9 52.0 70.4 28.0 47.9 51.5 68.7 229.8 71.9 49.2 46.8 40.0 65.5 51.9 45.2 48.7 59.1 46.7 43.2 58.2

Table 21: Model sdxl (noclip), flipping from chihuahua to muffin

chihuahua muffin dog wolf cat legislator
src-cs tgt-cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid

method strength

No Steering - 75.9 54.6 42.6 68.2 - 66.3 57.9 52.5 - 71.8 52.7 45.6 - 67.5 53.4 54.2 - 60.8 42.6 40.1 -
CASteer 1.0 71.7 54.7 59.3 61.5 145.9 65.7 54.4 52.4 37.4 71.9 51.7 44.7 19.1 67.2 52.8 53.9 26.2 60.8 42.4 39.9 19.2

1.5 47.0 61.0 66.5 57.3 211.5 65.2 53.1 52.4 53.3 71.8 51.2 44.3 24.4 67.1 52.4 53.8 33.8 60.8 42.3 39.6 23.2
2.0 43.7 63.2 69.5 56.7 226.4 63.2 51.7 53.0 79.7 71.8 51.0 43.9 30.4 66.8 52.0 53.6 41.7 60.8 42.3 39.6 26.7
2.5 42.3 63.8 71.5 56.3 241.1 55.2 48.9 55.5 140.5 71.5 50.6 43.6 36.8 66.3 51.7 53.6 53.8 60.9 42.3 39.6 29.8
3.0 41.4 64.0 72.9 56.3 253.8 48.1 45.8 58.2 192.4 70.8 50.3 43.6 45.7 63.6 50.7 54.3 82.4 60.9 42.4 39.5 32.7
4.0 40.1 64.3 74.8 56.2 276.0 44.2 43.5 60.3 226.9 65.6 49.0 45.6 96.6 52.5 47.2 57.0 168.7 60.9 42.4 39.4 38.0
5.0 39.3 64.1 75.6 56.1 291.6 42.9 42.5 60.8 243.3 53.5 47.0 51.5 206.1 46.9 45.2 58.0 213.0 60.8 42.5 39.3 43.9

LEACE 1.0 67.1 55.7 60.4 60.6 160.6 66.0 55.8 52.4 25.4 72.0 52.1 45.3 11.9 67.5 53.2 54.1 17.5 60.8 42.5 40.2 20.0
1.5 46.2 61.5 66.4 57.3 212.1 65.9 54.9 52.3 33.1 72.1 52.0 45.1 14.7 67.5 53.1 54.0 21.1 60.9 42.4 40.3 24.6
2.0 42.8 63.3 69.3 56.9 227.7 65.8 54.2 52.3 40.3 72.1 51.8 44.9 16.9 67.6 53.0 53.9 24.6 60.9 42.3 40.3 28.1
2.5 41.4 63.6 71.0 56.7 240.7 65.5 53.4 52.2 48.6 72.1 51.5 44.7 19.0 67.6 52.9 53.9 27.8 61.0 42.3 40.4 31.3
3.0 40.6 63.9 72.3 56.7 250.8 65.1 52.5 52.3 57.1 72.2 51.4 44.6 21.5 67.6 52.7 53.8 30.4 61.0 42.5 40.5 34.0
4.0 39.3 63.8 73.7 56.6 269.4 63.8 51.3 52.6 76.7 72.2 51.0 44.2 25.7 67.5 52.6 53.8 35.4 61.0 42.7 40.6 39.4
5.0 38.5 63.7 74.6 56.5 282.5 60.3 49.7 53.7 104.1 72.2 50.7 44.0 29.8 67.4 52.4 53.7 41.1 61.0 43.0 41.1 43.4

mean_matching 1.0 44.3 62.5 42.0 68.3 23.9 65.9 54.7 52.4 35.1 72.2 51.7 44.9 16.9 67.6 53.0 54.1 22.7 60.8 42.5 40.1 23.9
1.5 41.5 63.9 41.9 68.2 28.3 65.5 53.5 52.4 48.8 72.2 51.2 44.6 21.2 67.7 52.8 54.1 27.7 60.8 42.4 40.2 29.0
2.0 39.8 64.0 41.7 68.2 32.2 64.5 52.2 52.7 65.6 72.2 50.8 44.1 25.4 67.7 52.6 54.1 31.6 60.9 42.5 40.4 32.5
2.5 38.9 64.3 41.6 68.1 35.7 63.2 51.3 53.1 83.0 72.2 50.6 44.0 29.0 67.6 52.4 54.0 35.7 61.0 42.4 40.5 36.3
3.0 38.0 64.2 41.5 68.0 39.5 59.4 49.7 54.4 109.8 72.2 50.3 43.8 33.4 67.5 52.2 54.0 40.1 60.9 42.4 40.7 39.4
4.0 37.5 64.0 41.3 67.9 48.2 48.3 44.8 58.7 178.3 71.6 50.3 44.2 43.9 67.0 51.8 54.3 50.7 60.6 42.4 41.1 45.1
5.0 37.9 63.6 41.3 67.5 58.9 43.4 42.2 61.1 209.8 70.2 50.4 44.8 63.1 64.5 50.7 54.5 69.6 60.4 42.5 41.5 51.4

Table 22: Model sdxl (noclip), flipping from snoopy to mickey

snoopy mickey pikachu spongebob dog legislator
src-cs tgt-cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid

method strength

No Steering - 74.3 58.7 56.0 73.1 - 72.6 41.3 51.2 - 75.1 49.0 52.5 - 66.3 56.1 52.0 - 60.8 41.6 45.0 -
CASteer 1.0 65.6 68.4 58.9 70.8 47.5 72.7 41.4 51.2 13.8 75.1 48.9 52.5 25.0 66.4 55.0 52.1 25.4 60.8 41.6 45.0 14.9

1.5 59.8 71.2 61.7 68.6 59.6 72.7 41.4 51.2 17.1 75.1 48.9 52.6 29.7 66.3 54.4 52.1 33.9 60.7 41.6 45.0 18.4
2.0 57.0 72.4 66.8 65.3 72.3 72.7 41.5 51.1 19.4 75.1 48.9 52.6 33.5 66.4 53.9 52.2 40.6 60.8 41.5 45.0 21.1
2.5 55.4 72.7 69.6 61.3 83.9 72.7 41.6 51.2 21.2 75.0 48.8 52.5 36.5 66.4 53.3 52.2 48.5 60.9 41.6 45.0 23.3
3.0 54.5 72.7 70.3 59.4 91.8 72.7 41.6 51.2 22.9 75.1 48.9 52.6 39.1 66.4 52.8 52.3 54.8 60.8 41.6 45.0 25.6
4.0 53.0 71.9 70.8 57.4 106.3 72.7 41.7 51.2 25.9 75.2 48.7 52.6 43.3 66.4 52.1 52.6 66.5 60.7 41.6 45.0 28.9
5.0 52.0 71.3 71.2 56.4 117.5 72.7 41.7 51.2 28.9 75.0 48.7 52.7 47.7 66.3 51.3 52.8 79.9 60.7 41.5 44.9 31.5

LEACE 1.0 65.9 67.9 58.8 70.6 50.0 72.8 41.4 51.1 18.5 75.0 48.9 52.5 33.5 66.3 55.8 52.0 18.6 60.9 41.7 45.1 22.2
1.5 60.1 71.0 61.0 68.1 62.6 72.8 41.5 51.1 22.0 75.0 48.8 52.5 39.0 66.3 55.8 52.1 23.9 60.9 41.7 45.0 26.4
2.0 57.5 72.2 64.3 64.6 77.0 72.9 41.5 51.1 24.5 75.1 48.9 52.5 43.6 66.3 55.6 52.1 28.4 60.9 41.9 45.2 29.7
2.5 56.0 72.7 67.3 60.7 89.9 72.9 41.6 51.1 26.7 75.2 48.9 52.5 47.7 66.3 55.5 52.2 32.0 61.0 41.9 45.1 31.9
3.0 55.1 72.7 68.2 58.2 101.5 73.0 41.7 51.2 29.1 75.2 48.8 52.5 51.3 66.4 55.4 52.3 35.7 61.0 41.9 45.1 34.8
4.0 53.7 72.3 68.7 55.9 118.6 73.2 41.9 51.2 33.4 75.0 49.0 52.6 57.7 66.5 55.3 52.5 43.4 60.9 42.1 45.2 38.9
5.0 53.0 72.0 69.5 55.2 134.6 73.4 42.4 51.4 37.6 74.8 49.1 52.7 64.0 66.5 55.2 52.7 50.0 60.9 42.3 45.3 42.2

mean_matching 1.0 59.7 71.0 55.5 72.8 30.1 72.8 41.3 51.3 19.0 74.7 48.9 52.6 36.5 66.2 55.9 52.1 20.4 60.9 41.7 45.0 24.5
1.5 56.0 72.5 55.3 72.7 34.8 72.9 41.2 51.2 22.3 74.6 48.6 52.6 42.7 66.2 55.8 52.1 25.9 60.8 41.8 45.0 29.1
2.0 54.5 72.7 55.0 72.4 38.9 72.9 41.3 51.3 25.3 74.5 48.6 52.6 46.8 66.3 55.6 52.1 30.6 60.7 42.0 45.1 32.6
2.5 53.4 72.4 54.8 72.4 42.2 73.0 41.2 51.3 27.3 74.3 48.4 52.6 50.8 66.3 55.6 52.3 34.4 60.7 42.0 45.1 35.2
3.0 52.5 71.8 54.7 72.2 44.7 73.1 41.3 51.3 30.0 74.2 48.5 52.7 55.2 66.4 55.5 52.5 38.3 60.7 42.1 45.3 37.6
4.0 51.5 71.2 54.6 71.9 49.6 73.2 41.4 51.4 34.5 73.4 48.4 53.0 64.7 66.4 55.3 52.7 47.2 60.4 42.3 45.4 43.3
5.0 51.0 70.4 54.4 71.5 55.1 73.3 41.3 51.4 39.1 72.7 48.6 53.4 72.9 66.5 55.1 52.9 55.3 60.3 42.5 45.6 48.8
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Table 23: Model sana (noclip), flipping from horse to motorcycle

horse motorcycle cow pig dog legislator
src-cs tgt-cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid

method strength

No Steering - 72.1 50.6 50.9 70.5 - 73.8 55.3 42.5 - 73.5 48.3 44.5 - 68.1 51.7 46.1 - 60.4 45.8 43.9 -
CASteer 1.0 71.0 52.0 52.2 71.3 48.1 73.6 54.8 43.0 22.1 73.8 48.0 44.8 13.8 68.1 51.6 46.2 15.7 60.2 46.0 44.3 15.9

2.0 65.5 60.4 67.5 56.0 229.0 73.1 54.2 43.7 37.9 74.0 47.7 45.0 22.6 68.1 51.4 46.3 24.1 60.0 46.0 44.5 21.5
3.0 54.9 68.7 69.5 51.8 234.6 72.3 54.0 45.0 55.8 74.2 47.4 45.3 30.5 68.1 51.3 46.5 32.2 59.7 46.3 44.9 25.9
4.0 52.6 70.3 70.2 50.7 228.7 69.3 55.1 53.0 107.1 74.5 47.4 45.9 39.9 68.2 51.2 46.7 40.4 59.5 46.5 45.3 31.1
5.0 51.8 71.0 70.5 50.3 224.9 62.3 54.8 61.7 167.0 74.7 47.5 46.9 48.9 68.2 51.2 47.0 51.3 59.3 46.7 45.8 36.8

LEACE 1.0 68.7 56.2 51.6 71.6 36.3 73.7 55.2 42.6 10.2 73.6 48.2 44.7 8.0 68.1 51.8 46.0 8.1 60.4 45.7 43.9 11.6
2.0 53.1 70.7 58.7 69.4 125.0 73.7 55.2 42.8 16.2 73.7 48.1 44.7 12.6 68.1 51.8 46.0 13.1 60.5 45.7 43.8 17.0
3.0 51.9 71.3 65.7 58.2 229.3 73.7 55.1 43.1 21.0 69.8 57.6 52.1 220.6 68.0 51.8 46.0 17.7 60.7 45.8 43.8 21.6
4.0 51.9 71.1 67.4 53.7 242.8 73.7 55.0 43.3 25.9 73.9 48.0 44.9 20.4 68.0 51.8 46.0 21.5 55.1 52.2 51.9 294.6
5.0 51.7 70.8 68.4 52.6 236.2 73.7 54.9 43.6 31.8 74.0 48.0 45.0 24.0 68.0 51.8 45.9 25.0 60.8 45.8 43.8 30.1

mean_matching 1.0 55.5 68.9 50.9 70.4 8.7 73.6 55.1 42.7 14.7 73.7 48.2 44.7 10.4 68.0 51.8 46.1 9.3 60.5 45.8 44.0 13.0
2.0 51.7 71.1 50.9 70.4 11.7 73.6 55.0 43.1 23.2 73.9 48.1 44.8 16.5 68.0 51.7 46.1 15.0 60.6 45.8 43.9 19.1
3.0 51.4 70.7 50.9 70.4 13.9 73.4 54.7 43.4 32.5 74.1 48.0 45.0 22.2 67.9 51.7 46.1 19.8 60.8 45.9 44.0 23.9
4.0 51.4 70.9 50.9 70.4 15.9 73.1 54.5 43.9 43.8 74.3 48.1 45.3 27.4 67.9 51.6 46.1 24.3 60.8 45.9 44.1 28.9
5.0 51.5 71.4 51.0 70.4 18.0 69.8 55.2 50.0 78.2 74.5 48.1 45.7 34.3 67.9 51.6 46.2 28.4 61.0 46.0 44.2 34.3

Table 24: Model sana (noclip), flipping from chihuahua to muffin

chihuahua muffin dog wolf cat legislator
src-cs tgt-cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid

method strength

No Steering - 76.4 55.0 43.4 66.3 - 68.1 62.0 52.7 - 73.2 52.8 46.1 - 68.5 53.4 53.0 - 60.4 42.7 40.8 -
CASteer 1.0 75.8 55.8 45.3 65.6 46.6 67.7 58.4 52.9 39.4 73.1 52.7 45.8 16.3 68.3 52.8 53.5 24.5 60.2 42.8 41.0 13.8

2.0 55.3 60.1 62.0 60.4 200.7 67.1 56.3 54.1 78.8 72.9 52.4 45.6 28.4 68.3 52.1 54.3 39.2 60.1 42.7 41.1 18.9
3.0 45.4 60.5 60.0 47.6 278.5 50.6 49.0 59.2 198.9 72.4 52.4 45.8 46.2 67.9 51.0 55.0 61.7 59.9 42.8 41.3 23.4
4.0 44.7 60.7 70.6 54.9 250.7 45.1 46.0 60.8 223.3 68.6 52.0 46.6 113.8 65.5 50.1 55.5 109.2 59.9 42.7 41.4 27.6
5.0 44.1 60.7 72.1 54.2 260.7 43.4 45.3 61.1 229.3 58.9 51.1 50.3 216.2 56.9 48.0 57.6 179.1 59.9 42.7 41.6 31.3

LEACE 1.0 72.3 58.3 46.1 65.0 57.7 67.9 59.9 52.7 21.0 73.2 52.9 46.1 5.8 68.4 53.2 52.9 8.9 60.4 42.7 40.8 9.1
2.0 48.9 61.4 59.8 63.0 185.8 67.8 58.3 52.8 35.1 73.2 52.9 46.1 9.4 68.4 53.1 53.0 13.6 60.4 42.5 40.8 13.7
3.0 45.5 60.7 65.7 57.2 227.5 67.7 57.1 52.8 48.4 73.2 52.9 46.0 12.5 68.5 53.1 53.0 17.5 60.4 42.7 40.7 16.9
4.0 44.6 60.5 68.1 55.8 240.4 67.7 56.3 53.0 60.8 73.2 52.9 46.0 15.4 68.5 53.0 53.0 21.0 60.4 42.7 40.7 19.4
5.0 44.2 60.1 69.4 55.1 246.3 67.4 55.9 53.6 76.7 73.1 52.9 46.0 18.1 68.6 52.9 53.0 24.0 60.4 42.9 40.6 21.5

mean_matching 1.0 53.3 60.5 43.4 66.2 7.8 66.2 62.5 48.3 216.4 73.2 52.8 45.9 7.1 68.4 53.2 53.1 12.1 60.4 42.6 40.8 10.7
2.0 44.4 58.7 43.4 66.0 13.1 67.6 56.8 53.0 57.9 73.1 52.8 45.8 11.2 68.4 52.9 53.1 17.8 60.4 42.5 40.8 15.8
3.0 44.1 56.4 43.5 65.8 17.7 65.8 55.4 54.4 96.5 73.0 52.8 45.7 14.5 68.5 52.7 53.2 23.0 60.3 42.4 40.8 19.8
4.0 45.0 53.8 43.6 65.6 22.3 56.4 51.6 56.3 154.4 73.0 52.9 45.6 17.3 68.5 52.5 53.2 27.2 60.2 42.5 40.8 22.9
5.0 46.1 51.8 43.6 65.5 27.3 49.3 48.5 57.2 193.2 73.0 52.9 45.5 19.9 68.5 52.2 53.4 31.3 60.1 42.4 40.6 25.9

Table 25: Model sana (noclip), flipping from snoopy to mickey

snoopy mickey pikachu spongebob dog legislator
src-cs tgt-cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid cs src-cs tgt-cs fid

method strength

No Steering - 79.7 58.0 56.3 76.1 - 74.0 41.5 50.9 - 79.0 50.7 53.8 - 67.3 57.0 57.1 - 60.4 42.9 46.6 -
CASteer 1.0 77.9 61.7 57.8 76.3 31.8 74.1 41.5 50.8 8.6 79.0 50.7 53.8 14.5 68.1 54.0 52.0 218.8 60.3 43.0 46.8 12.5

2.0 65.6 71.0 61.0 76.5 53.8 74.1 41.6 50.8 13.9 78.9 50.8 53.8 19.8 68.2 53.5 52.0 218.3 60.2 43.0 46.9 17.7
3.0 55.8 72.3 71.7 74.8 78.8 74.2 41.7 50.7 18.6 78.9 50.8 53.8 23.9 68.1 53.2 52.1 218.3 60.1 43.0 46.8 21.4
4.0 52.0 71.4 78.5 67.6 102.9 74.3 41.8 50.7 22.7 78.9 50.8 53.8 27.9 68.2 52.8 52.1 218.5 60.1 43.0 47.0 25.4
5.0 50.0 70.4 79.8 61.9 121.0 74.5 42.0 50.7 26.7 79.0 50.8 53.8 31.8 68.2 52.4 52.2 218.0 60.1 43.0 47.2 28.5

LEACE 1.0 76.6 63.0 58.2 76.4 36.0 74.1 41.6 51.0 3.2 79.0 50.7 53.7 10.8 68.1 54.2 52.0 219.3 60.2 42.9 46.6 5.9
2.0 62.6 71.3 57.9 72.9 170.9 74.1 41.7 51.0 5.5 78.9 50.7 53.7 15.1 68.0 54.0 52.0 220.0 60.2 42.9 46.6 9.6
3.0 55.9 71.7 75.1 73.4 88.9 74.2 41.7 51.0 7.5 78.9 50.7 53.7 18.2 68.0 53.7 52.1 218.7 60.1 42.9 46.7 12.2
4.0 52.9 68.8 79.2 66.4 111.0 74.2 41.8 51.1 9.5 78.9 50.8 53.8 21.1 68.0 53.6 52.1 218.8 60.1 42.9 46.7 14.6
5.0 51.0 65.5 79.6 60.8 130.5 74.3 41.9 51.1 11.2 78.9 50.8 53.8 24.1 68.0 53.3 52.2 219.7 59.9 42.9 46.7 16.4

mean_matching 1.0 64.9 70.8 56.0 76.2 16.0 74.1 41.5 51.0 5.8 79.1 50.6 53.8 12.3 68.1 54.0 52.0 219.2 60.2 42.9 46.7 8.3
2.0 53.5 71.1 55.6 76.2 25.2 74.2 41.5 51.1 10.0 79.2 50.6 53.9 17.4 68.1 53.6 52.1 218.2 60.1 42.9 46.7 12.4
3.0 50.0 67.4 55.2 76.2 34.8 74.4 41.5 51.2 13.5 79.2 50.6 54.0 21.6 68.0 53.2 52.2 218.6 59.9 42.8 46.7 15.6
4.0 48.4 62.6 54.9 76.4 45.4 74.5 41.6 51.3 16.8 79.2 50.5 54.0 25.8 67.9 52.6 52.3 216.6 59.8 42.8 46.7 17.8
5.0 48.1 60.7 54.5 76.6 55.3 74.6 41.5 51.3 20.0 79.2 50.3 54.1 29.6 68.0 52.3 52.4 215.1 55.0 47.5 52.8 271.2
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Figure 5: Pareto plot for concept erasure on model llama2-7b (noclip)

Figure 6: Pareto plot for concept erasure on model llama2-7b (noclip)
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Figure 7: Pareto plot for concept erasure on model llama2-7b (noclip)

Figure 8: Pareto plot for concept erasure on model qwen-14b (noclip)
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Figure 9: Pareto plot for concept erasure on model qwen-14b (noclip)

Figure 10: Pareto plot for concept erasure on model qwen-14b (noclip)
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Figure 11: Pareto plot for concept erasure on model qwen-7b (noclip)

Figure 12: Pareto plot for concept erasure on model qwen-7b (noclip)
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Figure 13: Pareto plot for concept erasure on model qwen-7b (noclip)
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Figure 14: Pareto plot for concept flip on model llama2-7b (noclip)

Figure 15: Pareto plot for concept flip on model llama2-7b (noclip)
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Figure 16: Pareto plot for concept flip on model llama2-7b (noclip)

Figure 17: Pareto plot for concept flip on model qwen-14b (noclip)
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Figure 18: Pareto plot for concept flip on model qwen-14b (noclip)

Figure 19: Pareto plot for concept flip on model qwen-14b (noclip)
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Figure 20: Pareto plot for concept flip on model qwen-7b (noclip)

Figure 21: Pareto plot for concept flip on model qwen-7b (noclip)
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Figure 22: Pareto plot for concept flip on model qwen-7b (noclip)
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Figure 23: Pareto plot for concept erase on model sana (noclip)

Figure 24: Pareto plot for concept erase on model sana (noclip)
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Figure 25: Pareto plot for concept erase on model sdxl (noclip)

Figure 26: Pareto plot for concept erase on model sdxl (noclip)

50



2700
2701
2702
2703
2704
2705
2706
2707
2708
2709
2710
2711
2712
2713
2714
2715
2716
2717
2718
2719
2720
2721
2722
2723
2724
2725
2726
2727
2728
2729
2730
2731
2732
2733
2734
2735
2736
2737
2738
2739
2740
2741
2742
2743
2744
2745
2746
2747
2748
2749
2750
2751
2752
2753

Under review as a conference paper at ICLR 2026

6.14 PARETO CHARTS FOR IMAGE DIFFUSION CONCEPT SWITCHING

51



2754
2755
2756
2757
2758
2759
2760
2761
2762
2763
2764
2765
2766
2767
2768
2769
2770
2771
2772
2773
2774
2775
2776
2777
2778
2779
2780
2781
2782
2783
2784
2785
2786
2787
2788
2789
2790
2791
2792
2793
2794
2795
2796
2797
2798
2799
2800
2801
2802
2803
2804
2805
2806
2807

Under review as a conference paper at ICLR 2026

Figure 27: Pareto plot for concept flip on model sana (noclip)

Figure 28: Pareto plot for concept flip on model sana (noclip)
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Figure 29: Pareto plot for concept flip on model sdxl (noclip)

Figure 30: Pareto plot for concept flip on model sdxl (noclip)
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