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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 recently proposed 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 vision diffusion models and LL.Ms.

1 INTRODUCTION

Generative models such as Large Language Models (LLMs) and vision 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 vision 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, strong theoretical foundations have been developed around concept erasure. Ravfogel et al.
(2023) introduced the notion of log-linear guardedness. Based on this work, Belrose et al.| (2025)
developed LEACE, an affine concept erasure framework to remove undesired information from model
representations for downstream tasks. However, these methods do not naturally extend to other forms
of concept manipulation—such as switching—where the goal is to introduce a desired attribute or
replace one with another.

In this work, we address these gaps by developing a unified theoretical framework for affine steering
of generative models. We first show that the widely used steering method for concept deletion is a
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special case of LEACE. We then define the task of concept switching, and show how to extend LEACE
to this setting. Then we identify limitations of such approach and close this gap by introducing
MidSteer (Minimal Disturbance Concept Steering), a new theoretical framework designed to achieve
precise concept switching while minimizing interference with other properties of the representation.

Through experiments with LLMs and vision 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.

In summary, our contributions are as follows:

* We provide the first theoretical connection between two widely used methods for concept
erasure in generative models.

* We introduce a formal framework for concept switching by directly extending the existing
affine concept erasure approach to enable the controlled replacement of an undesired attribute
with a desired one.

* We unify approaches to both tasks by introducing MidSteer, a new minimal-disturbance
steering framework designed to enable precise concept manipulation with provably minimal
interference to unrelated directions in representation space.

* We empirically validate MidSteer across tasks, modalities, and architectures—including
LLMs and vision diffusion models—showing improved controllability and reduced side
effects compared to prior steering and erasure methods.

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 sentiment,
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 by Bartoszcze et al.|(2025) and 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.|(2023) 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
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the broader goal of concept switching. In our work, we bridge this gap by extending LEACE to
the framework of optimal concept switching , and build a new theory-based framework of optimal
concept switching.

3 PRELIMINARIES

3.1 STEERING INTERNAL REPRESENTATIONS OF MODELS

In this section we formalise the widely used idea of manipulating internal model representations to
influence the presence of a certain concept c in the model output. It works by adding or subtracting a
fixed steering vector s, to or from the intermediate activations of a model during inference.

The steering vector s, is usually constructed by collecting the neural activity from a specific part
of a network based on paired sample of input stimuli. Formally, let 2 be a random vector in R?
representing the activity at a particular layer [, and C' be a random binary variable taking values
in {0, 1} representing the presence or absence of a concept c. Then s, € R is a difference of
concept-conditional means of the internal representation:

se = E[h|C = 1] — E[h|C = 0], 1)

S can be optionally post-processed, e.g. normalized to have unit norm.

Now let us define the steering intervention f that controls the expressiveness of the concept ¢ in
the model output during inference. Let o € R be a parameter controlling the steering strength and
direction. Omitting subscript c for clarity s = s,

f(h,s)=h+as 2)

Now we highlight two special cases of steering, varying in the choice of a.

Concept Deletion: In this case we aim to prevent any information about the concept ¢ to be present
in the activation vector h. The dot product is used as an estimation of the amount of concept c in
current activation vector h:

fdelele(h7 S) =h-— <h7 5>5 (3)

Concept switch: Now note, that if we use 2 as the multiplier in the dot product, we get Householder
reflection of the vector h across the hyperplane orthogonal to s:

fswiten(h, 8) = h — 2(h, s)s 4)

In this case, the resulting transformation substitutes the representation of concept ¢ with a representa-
tion of its absence (i.e., representation opposite to c).

If steering is applied to the outputs of self-attention layers in an LLM or cross-attention layers of a
vision diffusion model, it is possible to incorporate Eq.[3|and Eq. ] into weight matrices of the model,
thus achieving zero inference overhead. This is a desirable property for any large-scale application of
steering. Refer to Sec[7.2]in supplementary for more details.

3.2 AFFINE GUARDEDNESS FRAMEWORK

For the task of concept erasure from model representations, Ravfogel et al.| (2023)) introduced the
notion of log-linear guardedness. Belrose et al.| (2025) generalized it to the following:

Definition 1 (Guardedness). Consider a k-class classification task over jointly defined random
vectors X (the input data) and Z (the one-hot labels), with X of finite first moment and taking
values in RY, and Z taking values in Z = {z € {0,1}F | ||z||; = 1}E|with each P(Z = j) > 0.
Let n(:;0) : R? — R* be a predictor chosen from a function class V = {n(:;0) | 8 € O}
(presumed to contain all constant functions) so as to minimize the expectation I& [ﬂ(n(X ), Z )] of
some L : RF x Z — [0,00) in a class £ of loss functions. Let x be the set of all random vectors of
finite first moment taking values in R?, jointly defined with Z.

'Integer j < k is used to refer to the element of Z which is 1 at the ™ index and 0 elsewhere.
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We say X (V, £)—guards Z if, for all losses L € £, it maximizes the minimum expected loss:

X € argmax inf E[L(n(X';0),2)].
X'ex 6co
In other words, its conditional distribution P(X | Z = -) is among the worst possible distributions
Sor predicting Z from X using a predictor of the form n(-; 0) € V and a loss function in £.

Building on Definition[T] note that guardedness characterizes inputs whose conditional distributions
make the target Z maximally unpredictable under a given model class and loss. In particular, for
linear—affine predictors and squared loss, Belrose et al.| (2025) show that this worst-case unpre-
dictability is achieved precisely when the representation is uncorrelated with the concept, i.e., when
Cov(h, Z) = 0. Thus, enforcing guardedness in a linear representation amounts to removing all
linear statistical dependence between X (or an internal representation h derived from it) and Z.

Theorem 2 (Belrose et al.). The following statements are equivalent:
* The data X linearly guards the labels Z (Def. [I)
e Every component of X has zero covariance with every component of Z: Cov(X, Z) = 0.

At the same time, when erasing concepts from model representations, we typically wish to alter the
representations as little as possible, so that downstream performance on unrelated tasks is preserved.
Thus, it is natural to seek the mildest affine transformation of X that achieves this covariance-removal

property.
Guided by these two principles — (i) guardedness corresponds to zero covariance, and (ii) we prefer
minimal deviation from the original representation — Belrose et al.| (2025)) prove the following result:

Theorem 3 (LEACE, Belrose et al.). Let X, Z be random vectors taking values in R* and R*
respectively, each of finite second moments. Define Yxx = Cov(X,X) € R and Xx, =
Cov(X,Z) € Rk, Assume Im(Xx z) C Im(Xxx). The following optimization problem:

min B||AX +b— X||3| st Cov(AX +b,7)=0 5)
AeRdXd
ber?
has the following solution (almost surely):
A=T-WT(WSxz)(WSxz)"TW, (6)
b=E[X] - A-E[X], ©

where W = (Eﬁ(/?()“‘ is whitening transformation.

Here and later we use A to denote the pseudo-inverse of (any) matrix A and A'/2 to denote the
square root of a positive semi-definite symmetric matrix A, i.e. for the singular value decomposition
A = VSV with orthonormal matrix V' and diagonal matrix S with non-negative singular values on
the diagonal, the matrix A'/? is defined as A'/2 := V. S¥/2V'T, where the square root of the diagonal
entries of S is computed.

4 THEORETICAL RESULTS

In this section, we theoretically analyse connections between steering approaches (sec. [3.I) and
LEACE (sec. @), and derive a novel framework for affine concept steering called MidSteer, that
unifies and generalizes all these approaches.

This section 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 Eq.[3]is a
special case of LEACE. Next, we extend LEACE for the task of optimal affine concept switching and
show that Eq. []is a special case of the newly proposed framework. Finally, we identify limitations of
LEACE-based approach to concept switching, and improve the proposed framework by restricting it
to only affecting one concept. We derive MiDSteer, an affine optimal concept manipultion framework.
In experimental section, we show that MidSteer outperforms vanilla steering and LEACE in both
LLMs and Vision Generative Diffusion Models, enabling precise concept switch while leaving other
features of the images or texts intact.
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4.1 CONNNECTION BETWEEN STEERING IN ERASURE MODE AND LEACE

Original Data (x) Transformed Data (Px)

Label 0 o Labell
4 o Label1 . Label 0

~°

Feature 2

- -4 -2 0 2 4 6 - -“ 2 [ 2 4 6
Feature 1 Transformed Feature 1

(a) Hlustrative example of affine concept erasure. In this case the affine transforma-
tion is satisfying Cov(AX + b, Z) = 0. This figure is inspired by
(2025)

Original Data (x) Transformed Data (Ax + b)

Feature 2
Transformed Feature 2

-2 0 2
Feature 1 Transformed Feature 1

(b) Illustrative example of affine concept switching. In this case the affine transfor-
mation is satisfying —Cov(AX + b, Z) = Cov(X, Z).

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

In this section, we show that steering in deletion mode (3) is a special case of LEACE.

Theorem 4. Let X be a standardized random vector in R?, i.e. it has zero mean E[z] = 0 and unit
covariance matrix X x x = I. Let C € {0, 1} be a concept indicator variable. Let s be defined as in
equationm Let fieiete be defined as in Eq. 3| Then fyeete as a function of h minimizes

oahin B - XI7) st Cov(£(X).0) =0 ®)

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 appendix [7.4.1]

4.2 CONCEPT SWITCHING

In this section, we generalize beyond a single binary concept, and consider the task of transforming
the representation of one concept ¢ into another co. We call this task of concept switching.

More formally, let ¢; and co denote two distinct concepts, each associated with a subset of the
data distribution, and their corresponding binary indicators C'y, Cy € {0, 1}. The goal of a concept
switch operation is to construct a transformation f such that samples exhibiting concept c; after
transformation exhibit concept co, while preserving all other factors of variation as much as possible.
Formally, this requires modifying the dependence of the representation on C; and introducing a
desired dependence on C5, without enforcing any relationship between C; and C5 outside their
observed support.

In this section, we adapt LEACE [3] framework to the task of concept switching, and formulate a
theoretical framework for the optimal affine concept switching, LEACE-Switch. Additionally, we
show that steering in switching mode Eq. @] can be seen as a special case of this framework. Then
we identify limitations of LEACE-Switch and in the next section proceed to formulating a new
framework, MidSteer, which addresses these limitations.



Under review as a conference paper at ICLR 2026

4.2.1 LEACE FOR CONCEPT SWITCHING

Recall that Z € {0, 1}* denotes a concept vector. For the task of concept switching, we formulate
the constraint analogous to that of Theorem [3]in the following way:

Cov(f(X),1¥ — Z) = Cov(X, Z), )

where 1% denotes a k-dimensional vector where every entry is one. Due to linearity of the covariance
this is equivalent to
—Cov(f(X),Z)=Cov(X,Z).

Visualisation to this can be found in fig. [Tb]

The constraint in Eq. [0]is the natural affine analogue of “switching” the concept label within the
covariance-based guardedness framework. In LEACE (Theorem E[), concept erasure is obtained
by enforcing Cov(f(X), Z) = 0, which guarantees that the transformed representation carries no
linear signal about Z. For concept switching, however, the goal is different: rather than removing
linear dependence on the concept, we want the transformed representation to encode the opposite
linear signal. The label vector 1, — Z provides the natural formalization of such a concept flip. This
guarantees that (i) the magnitude of the linear dependence on Z is preserved, while (ii) its sign is
reversed—meaning that samples that previously correlated positively with concept ¢; now correlate
positively with concept co, and vice versa.

Analogous to Theorem [3] let us now characterise the optimal affine transformation that satisfies the
proposed constraint.

Theorem 5 (LEACE-Switch, Optimal Concept Switching). Let X, Z, Y x x, X x z be defined as in
Theorem@ Assume Im(X x z) C Im(Xx x ). Then the optimization problem

min E[HAX +b— X|2] s.t. Cov(AX +b,Z) = —Cov(X, Z) (10)
AeRI*4
beR?

has the following solution (almost surely):
A=T1-2WH(WSxz)(WExz) W, (11)

~

b=E[X] — AE[X], (12)

Proof is found in appendix [7.4.2] Also note, since the transform is affine, it can be incorporated into
the weight matrix of the model, thus achieving zero inference overhead.

We also show that vanilla concept switching as defined in Eq. []is a special case of Thm. [5]

Theorem 6. Let X be a standardized random vector in R, i.e. it has zero mean E[x] = 0 and unit
covariance matrix X x x = I. Let C € {0, 1} be a concept indicator variable. Let s be defined as
in equation Let fswitch be defined as in Eq. W] Then fsyicn as a function of h minimizes

i Elllf(X) - X||*] st C X),C) = —Cov(X,C 13

i B - XIP] s Cov(f(X).0) = ~Cov(X.C) (13

Proof is found in appendix [7.4.3]

Basically, this theorem states that steering in switching mode can be seen as LEACE-Switch under

the assumptions that the whitening matrix is the identity and the mean of all vectors is zero.

Limitations. While the constraint above captures the desired algebraic effect of inverting the linear

signal of a concept, it also has two important limitations.

First, Eq.[9relies on the assumption that the binary concept variable Z partitions the dataset, i.e.,
P(Z=1)4+P(Z=0)=1.

This ensures that Cov (X, Z) is well-defined across all samples. When considering two concepts ¢;
and ¢, with corresponding indicators Z; and Z5 that do not jointly cover the entire distribution, this
assumption no longer holds. Therefore, Theorem [5]cannot be appplied and there is no guarantee that
an optimal transformation exists.
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Second, even when Z does partition the dataset, the condition of eq. [9]enforces a complete inversion
of the linear dependence on the concept label. This corresponds to flipping all samples with respect to
the concept. In many practical applications — such as switching between a weak and strong attribute,
or between partially overlapping concepts — it may be undesirable to invert the label for all samples
in the dataset. Instead, one may wish to transform representations of c¢; into those of ¢y without
forcing the reverse transformation.

These limitations motivate the need for a more flexible formulation of concept manipulation that does
not require dataset-wide label inversion or full support of the concept labels. In the next section, we
introduce such a generalization.

4.3 OPTIMAL AFFINE CONCEPT MANIPULATION

Now we aim to formulate constraint and corresponding theorem that would allow us to solve the task
of concept switching, while avoiding limitations discussed above. Assume that Z = (Z7, Zs), where
71,7y € {0,1}. 7, and Z4 represent indicators of two groups of concepts C = {c(l) .. 7cl(l)}
and Cy = {c(2) e l } Our goal would be to have Cov(f(X), Z1) = Cov(X, Z3), meaning for
each ¢, the concept 01(1) maps to to cl@). 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 7 (MidSteer, affine optimal concept manipulation). Let X, Z be defined as in Theoremland
assume k = 2l forl > 0. Let Z = (Z1, Z3), where Z1, Z5 € {0, 1} Let Y xz, = Cov(X, Z;),i
{1,2} be the cross-covariance matrices between X and Z;. Assume Im(EXZZ) C Im(EXX)for

i € {1,2}. Assume Xxz, has full column rank: rk(EXZl) =1 LaW = (Ei(/)z()“‘ be the
whitening transformation. Let ¥y x 7, = WX x z,.

Then we have the following optimization problem:

min E[||AX +b - X[3] st Cov(AX +b,2y) = Cov(X, Zs) (14)
AeR*X
ber?

which has the following solution (almost surely):
A\:I+W+(EWXZ2_EWXZl)Z%X’le (15)
b = E[X] — AE[X] (16)
Proof can be found in sec. [7.4.4] Unlike LEACE, we now have two covariance matrices for each

group of concepts, and do not require the labels to be flipped, but translated from one group to
another.

Connection between MidSteer and LEACE Note that if Z5 is constant indicator (e.g. representing
no item in the dataset), then Cov(X, Z3) = 0 and MidSteer formula turns into concept erasure
(LEACE). Thus we refer to MidSteer as affine optimal concept manipulation, as it generalizes several
concept manipulation tasks (erasure, switch) under one framework.

4.4 STEERING STRENGTH

Let us now introduce the steering strength /3 for erasure and switching. Note that in vanilla steering,
we can unify eq.[3|and eq. djn the following way:

For LEACE, bis unaffected, and eq. |§| and eq. |l 1|become:
A=T1-8-WH(WSxz)(WSxz)tW (18)
Now, 8 = 1 represents concept erasure, 0 < § < 1 represents lesser degree of erasure. § = 2

represents concept switching, and 5 > 2 refers to switching where the switched concept is more
expressed than the base concept.
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For MidSteer, we update eq.[T3]as:
A=T+B8-WHSwxz = Swx,z) S x5 W (19)

[ = 1 represents normal steering mode, S < 1 represent steering where Z> has less expression
compared to what Z; had in original representation. Vice versa, 3 > 1 represent more expression for
Zo compared to Z;.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

We conduct experiments comparing MidSteer to vanilla steering and LEACE-Switch on the task of
concept switching. We consider two modalities: text, for which we use Large Language Models
(LLMs); and image, for which we use Vision Generative Models (diffusion models). Details on
models considered in each case are given below.

Evaluation setup In each case, given a pair of concepts (c1, ¢2) to switch, we estimate class-
conditional covariances X xz, ,2Xxz, based on a sample of data of size N = 1000, and self-
covariances X x x on a sample of data of size M = 50000. We ablate the number of prompts
needed for estimating X x x in Sec.[7.8] We provide pseudocode for the algorithm on covariance
estimation in the appendix (sec. [7.1).

To test switching from the source concept c, to the target concept c;, we use 80 template prompts
prompting the model to generate output related to cs or ¢;. For each prompt we run 10 such
generations varying the random seed. We then run the generation on these prompts with and without
steering. Templates for LLMs and diffusion models can be found in sec.[7.7] We then use Concept
Score (CS) to estimate the amount of concepts cs and c; present in the model’s output. In the case of
ideal switching, CS for concept ¢, should be high, and CS for concept ¢; should be low for prompts
related to both ¢, or ¢;. We also generate outputs for four additional ("testing") concepts {c; }7_;
to test the capability of the method to preserve content not related to the concepts being switched.
{c¢;}*_; include semantically close and semantically far concepts from c;, ;. Based on {c;}i_;, we
calculate CS to measure the amount of ¢; present in the generated output, which should ideally not
lower when steering is applied.

We test switching of pairs of the following concepts p; = (¢s — ¢;): p1 = ("Horse" — "Motorcycle"),
p2="Dog" — "Cat", p3 ="Chihuahua" — "Muffin"). Corresponding testing concepts are t; = {c; }7_;:
t1 = ("Cow", "Dog", "Pig", "Legislator"), t5 = ("Cow", "Wolf", "Pig", "Legislator"), t3 = ("Cat",
"Dog", "Wolf", "Legislator").

Below we give details on metrics and models used in the case of LLMs and Diffusion Models.

Details on LLM experiments For LLMs experiments, we test on instruction-tuned Llama 2
let al| (2023) and Qwen 2.5Yang et al.| (2024a) models. We apply steering at every self-attention (SA)

layer. SA activations corresponding to the last token in prompt are used for this process.

The dataset we used to estimate class-conditional covariances was obtained by prompting GPT
o4-mini to generate various questions about each concept. Details of the prompt used and examples
can be found in Sec. To estimate X x x, we use a sample of size M from the Alpaca dataset
(2023).

We calculate the Concept Score (CS) for a concept c using LLM as a judge. More specifically, we
use the Llama-3.1-8B-Instruct|Dubey et al.|(2024) model, and prompt it to estimate the amount of ¢

present in the generated output on a scale from 0 to 10. Prompts used are outlined in the appendix
sec.

We additionally test how much outputs for testing concepts differ with and without steering by calcu-

lating BERT scores [Zhang et al.| (2020) on the MMLU Hendrycks et al| (2021)) dataset generations.
Lower values of BERT Precision represent more change in the underlying output.
Details on Diffusion Models experiments For visual diffusion models, we test on SDXL [Podell et al/|

(2024) and SANA [Xie et al.| (2025) models. Following recent work, we apply steering on activations
of every cross-attention (CA) layer. CA activations corresponding to all images patches are used.
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We use a sample of image captions from RELAION |Schuhmann et al.[(2022) to estimate both the
class-conditional covariances X x z,, and self-covariances X x x. For X x 7, we filtered the dataset to
only captions that contain a specific word, mentioning the required concept.

We define Concept Score (CS) for a specific concept c as the CLIP score |[Hessel et al.| (2021) of
c. Additionally, we measure the change between generations based on the testing concepts when
steering is applied, by calculating FID |Heusel et al.| (2017 between images generated by steered
model and vanilla model. Higher values of FID represent more change to the underlying image.

5.2 EXPERIMENTAL RESULTS
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Figure 2: Pareto efficiency frontiers for concept switching experiments with vanilla steering, LEACE
and MiDSteer highlighting different values of 3.

We compare results on concept switching by applying vanilla steering, LEACE-Switch and MidSteer
with different values of 5. We present results on LLama-2-7b and SDXL models aggregated for all
three concept pairs p1, p2, p3 in Fig. |ZL It can be clearly seen, that in each case, MidSteer achieves
much better balance between level of concept switch between c; and ce and preservation of other
concepts across different values of 5.

Pareto plots for other models, as well as Pareto plots for individual concept pairs can be found in the
appendix sec. [7.9.1)and sec. [7.9.2]

To better illustrate differences between vanilla steering, LEACE and MidSteer for concept flipping,
in Tab. [I] we also present results on switching a concept of ¢; = “horse” to ¢; = “motorcycle”
on the SDXL model. We compare Vanilla switching and LEACE with 8 = 2 and MidSteer with
B = 1, as these are default parameters for these methods as suggested by Eqs. [21] [T1] and[I3] The
full table with results on all values of 3 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. 21} [TT}
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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 | es  fid | s fid | cs  fid
orig - | 710 491|518 707 - [727 - |718 - |663 - [608 -
CASteer 2.0 ‘ 52.1 695 ‘ 683 529 2124 ‘ 70.9 427 ‘ 719 189 ‘ 66.1 28.6 ‘ 60.9 24.6
LEACE 2.0 ‘ 512 68.8 ‘ 67.6 533 207.6 ‘ 722 252 ‘ 71.7 12.6 ‘ 66.1 20.8 ‘ 60.6 28.2
MiDSteer (ours) 1.0 ‘ 512 68.7 ‘ 51.9 707 127 ‘ 722 239 ‘ 71.8 124 ‘ 66.1 20.7 ‘ 60.7 27.2

Orig

CASteer

LEACE

MidSteer

Figure 3: 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"

vanilla steering 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 Fig. 3] Next, CS score of “cow” and FID scores of “cow”, “pig” and “dog” are
worse for vanilla than for other methods, 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.

We observe the same trend over all the concept pairs and models. Tables with detailed breakdown of
scores per each concept and model are presented in the appendix, sec. [7.9.3]and sec. [7.9.4]

6 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.

10
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7.1 ALGORITHM FOR COMPUTING COVARIANCES

To estimate the covariances we use the algorithm by [Welford| (1962) on a sample of broad prompts
(unrelated to the steering concepts). Given X with the dimension of batch_size X num_heads X
seq_len x hidden_dim, the algorithm estimates the covariance matrix ¥ x X of size hidden_dim x
hidden_dim. It does this by maintaining sample-level statistics of size O(hidden_dim?) in memory
and takes O(batch_size* seq_len x hidden_dimz) time to update them for the output of a particular
layer on a particular batch. In practice, estimating the covariances for 50,000 samples for SANA 1.6
finished in under 15 minutes, and for Qwen2.5 14B in under 30 minutes on our hardware setup.

In Algorithm(I] we provide pseudocode of the algorithm.

Algorithm 1 Welford’s Algorithm for Online Mean and Covariance Estimation

1: Input: Stream of data batches {X1, X, ..., X} where X;, € R*mrxd
2: QOutput: Mean p and covariance X estimates
3: Initialization:
4: n+0 > Total count of samples seen
5: M < 0 € Rh*d > Running sum
6: S ¢+ 0 € Rhxdxd > Running sum of squared differences
7
8: fork=1to K do > Process each batch
9: my, <— number of samples in batch X,
10: if n = 0 then > First batch - initialize
11: n < mg
12: M Z;”:kl Xk, j > Sum over samples
13: pw+— M/n
14: AcXp—pel), > Center vectors
15: S+ AHA
16: else > Subsequent batches - update
17: Lold < M/n > Mean before update
18: n <4 n+mg > Update count
19: M M+ 37 xp 5 > Update sum
20: Pnew < M/n > Mean after update
21: Aga — X — o ® 1),
22: Apew — X — Mnew @ ]_Lk
23: S+ S+ Ag'ldAnew > Welford update
24: end if
25: end for
26:
27: Finalization:
28: <+ M/n > Final mean estimate
29: 3+ ﬁ . S+TSH > Final covariance estimate

30: return p, X
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7.2 INCORPORATING STEERING INTO MODEL WEIGHTS

Recall that the last layer of self-attention block in LL.Ms 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
with bias correction term: Noywt = Wproj_outhin + b. Here Wpyro; oyt is @ weight matrix of the last
proj_out layer of SA/CA block of LLM/SDXL/SANA, h;, and h,,; are input and output to that
layer, h,,; being the final output of SA/CA layer.

Assuming s is normalized (||s|| = 1), vanilla concept erasure (CASteer) represents orthogonal
projection onto the subspace orthogonal to s and can be written in a matrix form:
faetewe(hy 8) = (I —ss7)h (20

Vanilla concept switching is a Householder reflection of the vector h across the hyperplane orthogonal
to s:

fawiten(hy 8) = (I — 255" )h 1)
LEACE / MiDSteer are already presented in this paper in matrix form.

Thus, by combining last layer of SA/CA block with matrix formulation of steering/LEACE/MidSteer,
we can incorporate the transformation directly into weights of the model, by multiplying weight
matrix of the last layer of SA/CA block with A* matrix from of steering/LEACE/MidSteer:

hout = A*(Wproj_outhin + b) + b* = ;roj_outhin + b° (22)

Wroi out 1S @ matrix of the same size as Wy, out. This results in having zero inference overhead

compares to original LLM/SDXL/SANA models.
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Horse

Motorcycle

Cow

Dog

Vanilla model

In the heart of a vast, rolling
green valley lay a secluded
meadow embraced by ancient
oaks and wildflowers in bloom.
Here, the horses lived a sim-
ple, joyous life...

In the heart of the bustling city
of San Francisco, there lived
a motorcycle named Thunder.
Unlike the other shiny, new
bikes lining the streets, Thun-
der was an old Kawasaki with
rusted edges...

In the lush, rolling hills of
Green Meadows Farm, there
lived a herd of contented cows
that grazed under the warm
sun and shared the soft, dewy
grass. Among them was Daisy,
a golden cow with spots as
vivid as a child’s imagina-
tion...

In the quiet town of Willow-
brook, nestled between rolling
hills and whispering woods,
lived a small terrier named
Bella. Bella was not just a
dog; she was the heart of the
household...

Steering

In the heart of a bustling city,
there was once a forgotten cor-
ner, nestled between tower-
ing skyscrapers and hidden be-
hind a rusty iron gate, where
a vintage bike shop and a
small garage sat side by side.
Among the neglected treasures
within the garage were forgot-
ten car parts...

In the heart of a bustling city,
amidst towering skyscrapers
and winding streets, lived an
old stallion named Max. Un-
usual for the concrete jungle,
Max was never your typical
beast...

In the quiet countryside of
Green Valley, there lived a
community of cows, but not
just any cows. This was a
town of the most unique and
quirky cows you could imag-
ine. Each cow had its own
style of living, its way of see-
ing the world, and even its
own personality, much like hu-
mans...

In the heart of a bustling
city where skyscrapers kissed
the sky and the streets were
a maze of hurried footsteps
and whispering winds, lived a
small, golden retriever named
Buddy. Buddy wasn’t your or-
dinary family pet; his world
was the park near the city’s old
library...

LEACE-
Switch

In the heart of a quaint coun-
tryside stood a grand old barn
that was more than just a
shelter; it was the soul of
a motorcycle club known as
The Thunder, but hidden deep
within its walls was a story
of grace, freedom, and unex-
pected friendship...

In the heart of a sprawling,
bustling city, there lived an
old man named Jack who har-
bored a long-lost passion for
horses until the day he met
his first motorcycle. It was
a sleek, black beast he spot-
ted outside a garage one rainy
evening...

In the peaceful, sun-drenched
fields of Green Meadows
Farm, there lived a herd of con-
tented cows, each with its own
personality and quirks. At the
heart of this herd was a gen-
tle giant named Bessie, known
for her creamy coat and kind
eyes...

In the quiet town of Millbrook,
nestled among rolling hills and
vibrant green landscapes, lived
a dog named Buddy. Buddy
wasn’t just any dog; he was a
loyal companion to the Smith
family, known for his bound-
less energy and affectionate
nature...

MidSteer

In the heart of the sprawling
Wilden Plains, there thrived
a community of motorcycles
and cars, but it was the Rusty
Rims Speedway that drew the
greatest attention. Yet, hid-
den within the shadow of this
bustling speedway, lived a
group of motorcycles...

In the heart of a bustling city,
where the sound of the ur-
ban jungle was constant, there
lived a motorcycle named
Racer. More than just a ma-
chine, Racer was an embod-
iment of freedom and adven-
ture, cherished by his owner,
Jake...

In the verdant fields of Sunny
Meadows, where the sun
bathed golden light onto
rolling hills blanketed in lush
grass, there lived a community
of cheerful cows. Among
them was Daisy, known not
only for her creamy coat
and gentle moo but for her
adventurous spirit...

Once upon a time, in a small
town nestled between rolling
hills and a whispering forest,
there lived a dog named Rusty.
Rusty wasn’t like the other
dogs in town. While they
were mostly interested in chas-
ing balls and squirrels, Rusty
loved nothing more than ex-
ploring the woods that bor-
dered the town...

Figure 4: Qualitative text steering results for four content categories (horse, motorcycle, cow, dog).
Results are reported using vanilla Qwen2.5-14B-instruct model, and three steering methods: Vanilla
Steering, LEACE-Switch, MidSteer). Each cell shows the generated text for the prompt "Write a short
story about a X", where X is a corresponding category.

7.3 LLM QUALITATIVE RESULTS

In this section in fig. @ we present qualitative results for different steering methods on LLM (Qwen2.5-
14B-instruct). Results show similar pattern to that of images (see fig. [3). While all methods similarly
successfully performed switching from "horse" to "motorcycle”, vanilla steering and LEACE failed
when presented with prompt for the target concept ("motorcycle"), since they do not distinguish
between forward and reverse steering. Vanilla steering also more significantly altered texts of concepts
"cow" and "dog".
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7.4 THEOREM PROOFS

7.4.1 PROOF OF THM. [4] (VANILLA ERASURE IS A SPECIAL CASE OF LEACE)

Proof. We have k = 1,7 = C. According to Theoreml f(X) = A*X + b*, where A* is defined
as in equation [ and b* is defined as in equation [7] minimizes equatlon@

We conclude b* = 0 since E[X]| = 0. Further, it can be shown that W = X 1/2 =112 =7
hence, the transform f (that is optimal according to Theorem 3 simplifies to

J(X) = (1= Sxz5%,)X. (23)

Recall that we are working in & = 1, so ¥x» € R%! is a column-vector. By definition of the
Moore-Penrose inverse for column-vectors,

T
2XZ

St X2
X2 x|’

hence
fX)=X—ssTX =X —(X,5)s
for S/ = Exz/Hzsz,

Now,

Sxz = 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
Sxz=P(Z=1)- (E[X|Z -1 - E[X]) -
P(Z=1)- (E[X\Z = 1]-E[X|Z =1P(Z = 1) - E[X|Z = 0|P(Z = 0)) =

P(Z=1)-P(Z=0)- (E[X|Z =1 -E[X|Z = o])

,s0 s = sand f is equivalent to fyeiete. Hence, fgeiete is the transformation that minimises
equation 3]

O

7.4.2  PROOF OF THM. 3] (LEACE-SWITCH)

Proof. 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 A € R%** because we have d - k constraints on covariance
matrix.
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L(A,b,A) = E{HAX—H;—XH% + (A, Cov(AX +b,Z) + Cov(X, Z))p =

NN~

E[(AX +b— X)T(AX +b— X)} + Tr(AT(A n I)ZXZ) -

E %XTATAX +0TAX — XTAX — XTh+ %bTb n %XTX} + Tr(AT(A n I)ZXZ) (24)

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

g—j =EAXXT X7 - XXT)| 4+ AL,
= AEXXT) + bE[X]T — E[XXT] + AY%,,
oL
— =E[AX +b—-X
o = ElAX +b - X],
= AE[X] + b - E[X],
oL
87A = (A + I)EXZ .

Next, we use ¢ = E(X) and E[X XT] = Sxx + ppu” to formulate the necessary conditions

oL
0= = (A—I)(ZXX—i—,u,uT) +ouT +AST (25)
oL
ey 2
0 % p+b—p, (26)
oL
0= aiA = (A+I)EXZ~ (27)

We note that the optimal b* as defined in equation[T2]satisfies[26] Plugging equation[26]in equation 23]
leads to

(A= 1)(Zxx + ") + (= Awp” + AZ% 5,
= ASxx — Sxx + App” — pu” + pp” — App” + AS%
=(A-DExx +AX%, =0. (28)

Now let us check that A* satisfies 27]and 28] By plugging A* into[27] we get
0= (2] — 2WH(WEx2)(WExz) W)Sxz,
= 2xy — QW (WEx2)(WSxz) (WExz),
=2(Sxz - WHWSxyz),
=2(2xz— (I = Pvaw)) Exz) ,
=2Pyw)Xxz, (29)

because Moore-Penrose inverses B' of B satisfy BBYB = B and B™B = I — Pg. Here Ps
denotes the orthogonal projection onto the nullspace N'(B) of B. Since the columns of X x 7 always
lie within the image of ¥ x x (which is the orthogonal complement of the kernel of ¥ x x, which is
also the kernel of W), we can conclude that equation [29]is always satisfied.

Plugging A* into[28] we observe
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—2- (WHr(WEx2)(WExz) ™ W)Exx + AY%, =
— 2. WHWExz)(WExz)TWT +AZL, =0 (30)
The identity WX xx = W™ holds because Y x x is symmetric p.s.d., so Lxxy = UDUT and

E}%QEXX =UDY2UuTupu”T =UDY?UT = Eﬁ(/?( for some orthogonal U and non-negative
diagonal D, and because D~'/2 ignores zero diagonal values.

Next, multiplying equation[30|by W from both sides leads to
—2WWHTWEx2)(WExz)TWTW + WASL , W =

—2(WExz)(WExz)T + WAWEx2)T = _QEWXZE%X,Z + AWZ%X,Z =0,
(almost surely)

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

We seek Ay such that —ZEWX,ZZ;,XZ + AwE{,xz = 0. Let Ay = Q(Z%X,Z)T- This
choice satisfies the condition because Sy x 731, x,z 1s an orthogonal projection matrix, and is thus
symmetric, SO

+ TT _ + T _ +
Ewxz) Zwxz=CEwxz8yxz) =2wx zXx 2
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.

O

7.4.3 PROOF OF THM. [6] (VANILLA CONCEPT SWITCHING IS A SPECIAL CASE OF
LEACE-SWITCH)

Proof. Letk = 1,Z = C,M = I. According to Theorem[5] f(X) = A*X + b*, where A* is
defined in equation[IT|and b* is defined in equation T2 minimizes equation

b = 0 since E[X] = 0. Also it can be shown W = £/* = I=1/2 = [, 50 the transform becomes:
F(X) = (I _9. zxzz;Z)X 31)
Recall that we are workingink = 1,s0 X xz € R4*1 is a column-vector. So

Sxz = 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] - B[X])
Now recall that P(Z = 1) + P(Z = 0) = 1, so
Sxz=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,
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T
EXZ

b, = X2
X2 ISxz|?

, SO

fX)=X-2-58TX=X-2-5("X) =X -2-(sTX)s =X —2-(X,s)s

, 80 f is equivalent to fsyitch-

7.4.4 PROOF OF THM. [7](MIDSTEER)

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

Cov(Az +b,Z1) = ASxz, = Sxz, = Cov(X, Z5) (32)

So let us define the Lagrangian, where A € R¥*!:

L(A,b,A) = %E [(AX Y- X)T(AX +b— X)} +Tr (AT(AZle - ZXZQ)) (33)

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

oL

94" (A=D(Exx +pp") +bop" + AS% 4, =0 34
oL
O At -0 (35)
oL
87/\ :AEle 72)(22 =0 (36)

Trivially b* satisfies equation [35]for suitable A*.
Let us see that equation [36]is satisfied. We can plug A* and then multiply by TV on the left, to get:
WEXZI + VVVVJF(EVVX,Z2 — EWXyzl)E—"‘/i/X,lezle — WEXZ2 =

Ywx,z, — EWX,zl23‘J;r[/)(72123i/i/)<,z1 + EWX,ZQEJ'VE/X’212WX,Z1 —XWwXx,2, =

Ywx,z,li — Xwx,z, =0 (almost surely)

Here we used YY Y =Y for any Y. Furthermore, since Xy x, 7, has linearly independent columns
(full column rank), we use the property Y *Y = I.

Next, plugging equation [35]into equation [34 we get:
(A-DExx +AX%, =0 (37)

Let us now proceed to show that for A* there exists A € R%*! so this equality holds. After plugging
in A* and using previously shown fact WX x x = WT:

WH(Swx.z, — Swx.z) Sy x 2, W +AS% 4, =0 (38)

Again, multiplying by W on both sides and recalling that 1 is symmetric we get:
(Swx.z, — Swx.z )EJV”Vle + AWE%X,Z1 =0 (almost surely)
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—1
; + T T
Now, Ywx, 7z, is also full column rank, so EWX’Zl = (ZWX,ZIZWXZl) Yy x z,- Thus,

-1
Aw = — (ZJWX_’Z2 — ZWX’ZI) (E:’V;/X,LZWX,Zl) satisfies the equation.

7.5 EXAMPLE LLM PROMPTS FOR ESTIMATING CLASS-CONDITIONAL COVARIANCE

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?

7.6 PROMPT FOR CONCEPT SCORING IN LLMSs

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:

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 Jjust a single number.

Text to evaluate: ‘'
{text}

AN YR
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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).

7.7 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 in ??). 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.

7.7.1 LLM ASSESSMENT PROMPTS

The following template prompts were used for large language model (LLM) evaluation. The place-
holder {} is substituted with a 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 {}7?
11. How to use a {}°?
12. What is important to know about {}7?
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 {}7?
31. What are common problems with a {}?
32. How long does a {} typically last?
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 {}?
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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 {}7?

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 {}?
81l. Describe the most famous {} competitions.

7.7.2 IMAGE ASSESSMENT PROMPTS

The following template prompts were used for image model evaluation. The placeholder { } was
substituted with a 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 {}.

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 {}.
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16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44,
45.
46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.

a dark photo of the {}.

a drawing of a {}.

a photo of my {}.

the plastic {}.

a photo of the cool {}.
close-up photo of a {}.
black and white photo of the {}.
painting of the {}.
painting of a {}.
pixelated photo of the {}.
sculpture of the {}.
bright photo of the {}.
cropped photo of a {}.
plastic {}.

photo of the dirty {}.
jpeg corrupted photo of a {}.
blurry photo of the {}.
photo of the {}.

good photo of the {}.
rendering of the {}.

{} in a video game.

photo of one {}.

doodle of a {}.

close-up photo of the {}.
photo of a {}.

the origami {}.

the {} in a video game.

a sketch of a {}.

a doodle of the {}.

a origami {}.

a low resolution photo of a {}.
the toy {}.

a rendition of the {}.

photo of the clean {}.
photo of a large {}.
rendition of a {}.

photo of a nice {}.

photo of a weird {}.
blurry photo of a {}.
cartoon {}.

art of a {}.

a sketch of the {}.

a embroidered {}.

a pixelated photo of a {}.
itap of the {}.

jpeg corrupted photo of the {}.
good photo of a {}.
plushie {}.

photo of the nice {}.
photo of the small {}.

a photo of the weird {}.

the cartoon {}.

art of the {}.

a drawing of the {}.

a photo of the large {}.

a black and white photo of a {}.
the plushie {}.

a dark photo of a {}.

itap of a {}.

[URVERURROREVER R REVENUREURN RN UREORE VRN OB USRS OB RN)

UV RO RN

JURNC VR ]
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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 ({}.

7.8 NUMBER OF PROMPTS FOR COVARIANCE CALCULATION

To find the optimal number of prompts used to calculate unconditional covariances X x x 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 Sec. 5} We then compute AC'S 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). We do it on LLM experiment setup (sec. [5.1) and use 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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7.9 MORE RESULTS ON CONCEPT SWITCHING

7.9.1 PARETO CHARTS FOR LLM CONCEPT SWITCHING

In this section, we provide more Pareto charts for LLM concept switching. When switching concept
cs to ¢y, for each LLM model we provide 9 types of Pareto plots:

* 1 - BERT Precision score for unrelated concepts (horizontal axis) vs A Concept Score (CS)
for the target ¢; and source ¢, concepts (fig.[6} O] [12)

* 1 - BERT Precision score for MMLU (horizontal axis) vsA Concept Score (CS) for the
target ¢; and source ¢, concepts (vertical axis) (fig.[3} [8] [TT)

 Average Concept Score (CS) for unrelated concepts ¢; (horizontal axis) vs A Concept Score
(CS) for the target ¢; and source ¢, concepts (vertical axis) (fig. [7} [T0} [T3)

* 1 - BERT Precision score for unrelated concepts (horizontal axis) vs Concept Score (CS) for
the source ¢, concept (vertical axis) (fig. [I3] [I8] 2I)

* BERT Precision score for MMLU (horizontal axis) vs Concept Score (CS) for the source c,
concept (vertical axis) (fig[T4} [T7} 20)

» Average Concept Score (CS) for unrelated concepts ¢; (horizontal axis) vs Concept Score
(CS) for the source ¢, concept (vertical axis) (fig[T6] [T9] 22)

1 - BERT Precision score for unrelated concepts (horizontal axis) vs Concept Score (CS) for
the target ¢, concept (vertical axis) (fig. I3} 27} 21)

e BERT Precision score for MMLU (horizontal axis) vs Concept Score (CS) for the target c
concept (vertical axis) (fig[T4} [T7} 20)

* Average Concept Score (CS) for unrelated concepts c¢; (horizontal axis) vs Concept Score
(CS) for the target c, concept (vertical axis) (fig[I6] [[9] 22)

In each case, we see clear superiority of MidSteer over other steering approaches.

We additionally provide detailed breakdown of scores for all 5 values and all concepts cs, ¢, ¢; in the
tables in sec. [/.9.3]
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Figure 26: Pareto plot for concept flip on model qwen-14b
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Figure 31: Pareto plot for concept flip on model qwen-7b
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7.9.2 PARETO CHARTS FOR IMAGE DIFFUSION CONCEPT SWITCHING

In this section, we provide more Pareto charts for Diffusion Models concept switching. When
switching concept ¢, to ¢;, for each LLM model we provide 9 types of Pareto plots:

FID score for unrelated concepts (horizontal axis) vs A Concept Score (CS) for the target ¢;
and source ¢, concepts (fig. 33} 33)

Average Concept Score (CS) for unrelated concepts ¢; (horizontal axis) vs A Concept Score
(CS) for the target ¢, and source ¢, concepts (vertical axis) (fig. 32} 34)

FID score for unrelated concepts (horizontal axis) vs Concept Score (CS) for the source cg
concept (vertical axis) (fig. 37 B9)

Average Concept Score (CS) for unrelated concepts ¢; (horizontal axis) vs Concept Score
(CS) for the source ¢, concept (vertical axis) (fig[36] [38)

FID score for unrelated concepts (horizontal axis) vs Concept Score (CS) for the target c,

concept (vertical axis) (fig. F1] B3))

Average Concept Score (CS) for unrelated concepts ¢; (horizontal axis) vs Concept Score
(CS) for the target c, concept (vertical axis) (fig40] f2)

In each case, we see clear superiority of MidSteer over other steering approaches.

We additionally provide detailed breakdown of scores for all 3 values and all concepts ¢, ¢t, ¢; in the
tables in sec.
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Figure 33: Pareto plot for concept flip on model SANA
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Figure 34: Pareto plot for concept flip on model SDXL
_ B=4.0 g_
. iy aB=50 B=4.0 B=p5.0
020417 e B0~ OI TN (A e A pizo-- o ®
: y =02 A [ ]
// B=2f=2.0
£=1.0
0.15 4
=
2 010+
[
Q
i)
@
2 0.051
o
<
n
© 0.00 A
<«
—0.05 p=1.0 O Vanilla steering
A LEACE
<& MiDSteer
—0.101 B=1.0 == Pareto Frontier
- Goal line
20 40 60 80 100 120

FID for unrelated concepts (lower is better)

Figure 35: Pareto plot for concept flip on model SDXL
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Figure 37: Pareto plot for concept flip on model SANA
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Figure 40: Pareto plot for concept flip on model SANA
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Figure 41: Pareto plot for concept flip on model SANA
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Figure 43: Pareto plot for concept flip on model SDXL
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7.9.3 DETAILED RESULTS FOR LLM CONCEPT SWITCHING

In this section, in tab. 2|Bll6l7I415] we

concepts cg, ¢¢, ¢;. Pareto plots in sec. |

provide detailed breakdown of scores for all 5 values and all
[7.9.1| were created based on the scores provided in these tables.
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Table 2: Model LLama2-7b, flipping from dogs to cats

dogs cats wolves pigs COWS legislators
src-cs tgt-cs | sre-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 86 1.1 |29 75 091(85 78 1.5 091|85 15 04 09184 07 03 091]85 03 02 090
1.5 8.1 19 | 64 38 09|85 78 15 090(85 15 04 091(84 06 03 09085 04 02 090
2.0 59 39|71 28 089(84 78 14 09085 15 04 090(84 07 03 09085 03 02 090
25 50 44|70 30 089(85 77 14 090(84 14 04 090(84 07 03 09084 04 02 089
3.0 48 46 | 66 28 089|85 77 14 090(84 14 04 090(84 07 03 09085 03 02 089
35 46 47 | 65 30 089(84 77 14 090(85 14 03 090(83 09 03 09085 04 02 090
4.0 46 47 | 65 29 089(84 77 15 090(84 14 04 09|82 09 03 090 84 04 02 089
4.5 45 49 | 65 29 089(83 76 15 090(83 15 05 090(82 10 04 09084 04 02 089
5.0 44 49 | 65 27 088|83 76 15 089|82 15 06 0.89]79 12 05 08982 04 02 089
LEACE 1.0 85 14 [ 21 82 091[84 78 15 09185 15 05 09184 07 03 091[85 03 02 090
1.5 54 45|34 66 091|84 78 15 091(85 14 04 091(84 07 03 09185 03 0.1 090
2.0 40 55| 49 48 091|84 77 17 091(85 14 04 091(84 06 03 091(85 03 02 090
25 38 56|53 41 09184 77 15 091(85 15 05 091(84 07 03 09185 03 02 090
3.0 37 56|56 41 09084 77 16 091(85 15 04 091(84 07 03 09185 03 02 090
35 37 57|55 39 09184 77 15 091(84 15 05 091(84 07 03 09185 03 02 090
4.0 36 56|55 39 0984 76 16 091(85 15 04 091(84 07 03 09185 03 02 090
45 36 56 |55 39 0984 77 1.6 09185 14 04 09184 07 03 091|85 03 02 090
5.0 36 55|54 39 09184 77 16 091/84 15 05 091|83 07 03 09185 03 0.1 090
mean_matching 1.0 80 18 [ 16 86 092(84 78 1.6 09185 1.4 04 09184 07 03 091[85 03 0I 091
1.5 41 6.l 1.5 86 091|185 7.8 1.6 091(84 15 05 091(84 06 03 09185 04 02 090
2.0 26 77 |15 86 091(84 77 17 091(85 15 05 091(84 06 03 09185 03 02 090
25 21 82 | 15 86 091(83 75 18 091(84 14 05 091(82 07 04 09184 03 02 090
3.0 1.9 84| 14 87 091(79 70 22 09183 15 08 09180 07 08 091|85 03 02 090
35 1.7 85| 13 87 091|74 65 32 090|78 16 1.5 09|77 09 14 091|84 03 02 090
4.0 1.6 85| 14 86 09163 56 42 090(73 17 23 09 |68 1.1 23 090|84 04 04 090
4.5 1.6 86| 13 87 09|54 48 51 08965 18 32 09|58 12 38 09|83 05 09 090
5.0 1.6 86| 14 87 090]46 41 58 0.89|55 20 44 08946 12 48 089|81 06 14 090

Table 3: Model LLama2-7b, 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 86 07| 13 85 092(84 17 01 091|85 12 01 091(86 15 02 09285 03 03 090
L5 65 29| 14 85 092|184 1.7 01 091(84 12 01 091|86 15 02 091(85 03 03 090
2.0 27 69|21 79 091|183 1.6 01 091(84 12 01 091|86 15 02 091(85 03 03 090
25 26 72|37 55 09181 14 02 09183 1.2 01 091|85 15 02 091(85 03 03 090
3.0 29 68 | 44 42 09|78 13 03 0982 12 01 0986 14 02 091(85 03 02 090
35 30 65|47 36 09|72 1.3 03 0981 1.1 01 09185 1.3 02 091(84 03 03 09
4.0 30 61| 46 34 0869 1.1 04 0981 1.I 02 0983 14 03 0985 03 03 090
45 31 58 |50 32 089(65 1.1 04 089(79 11 02 09082 14 03 09085 04 04 090
5.0 30 5748 31 08964 1.1 05 089[77 1.0 03 089]80 1.3 03 09|84 04 04 090
LEACE 1.0 85 07 [ 12 85 092(84 17 01 091[84 12 0I 091(86 15 0I 09285 03 03 090
1.5 82 10 | 1.7 82 092(84 16 02 091(84 13 01 091(86 15 02 092(85 04 03 090
2.0 54 35|40 54 091|183 1.7 02 091(84 13 01 091|86 15 02 092(85 03 02 090
25 40 49|49 39 09|83 1.6 02 091(84 12 01 091(86 15 02 091(85 03 02 091
3.0 37 52|55 32 09|82 1.5 02 091(84 1.2 01 091|86 1.5 02 091(85 03 03 090
35 36 53|54 30 09|81 14 02 091(83 12 01 091|86 14 02 091(85 03 02 090
4.0 35 55|55 29 09|80 1.3 02 09183 1.1 01 091|86 1.5 02 091(85 04 03 090
4.5 34 52|55 28 09|77 1.2 02 09182 1.2 01 091|85 15 02 091(85 03 02 09
5.0 34 53|56 29 0976 13 03 0982 11 01 091|85 15 02 09185 04 03 090
mean_matching 1.0 86 07| 12 85 092[84 16 01 091[85 12 01 091(86 14 02 09285 03 03 090
L5 59 35|12 85 09284 1.6 01 091(84 12 01 091|86 1.6 02 092(84 03 03 090
2.0 26 72|12 85 09283 1.5 01 091(84 12 01 091|86 1.5 02 091(84 03 03 090
25 1.8 82| 12 85 092|83 1.6 02 091(84 12 01 091(86 15 02 091(85 03 03 090
3.0 1.7 84 | 12 85 092|83 1.6 02 091(82 11 01 091(86 16 02 091(85 03 03 090
35 1.6 84 | 12 85 092|80 14 04 0982 10 02 0985 15 02 09184 04 03 090
4.0 1.6 84 | 12 85 091|76 13 07 0980 11 04 090|84 14 02 09184 03 03 090
45 1.6 85| 12 85 09170 1.3 14 09176 10 06 09|83 14 04 091(85 03 03 090
5.0 14 85 ] 12 85 091]61 1.2 22 089]73 09 09 0982 14 05 09084 03 03 090
Table 4: Model Qwen2.5-7b, flipping from dogs to cats
dogs cats wolves pigs COwWS 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 56 69| 19 84 089(83 76 20 089]84 1.6 06 089(84 08 04 089(85 03 02 089
2.0 32 75|22 78 08|76 64 37 088(81 1.6 1.9 088|79 1.1 1.8 089(84 05 09 089
3.0 34 75|23 76 087|73 62 39 087|72 1.7 3.0 088|70 14 3.0 088(84 07 20 088
4.0 30 7.1 |24 72 086(72 62 37 087|74 16 22 087(71 13 28 087|183 06 16 088
5.0 29 68 |24 66 08559 52 43 085[73 1.6 1.7 086|75 12 1.8 086(83 05 1.0 087
LEACE 1.0 87 10 | 1.8 85 089(83 77 16 089[84 16 04 089[84 09 03 08985 03 02 089
2.0 74 42 ] 60 67 08883 7.6 1.6 089(84 14 04 089(84 09 03 089(85 03 02 089
3.0 63 67| 71 55 08|83 7.6 1.7 089(84 1.6 04 089|84 09 03 089(85 03 02 089
4.0 58 66| 69 47 08783 75 1.7 089(84 15 04 089|84 08 03 089(85 03 02 089
5.0 53 65|67 43 087|83 7.6 1.8 089(84 15 04 089|84 08 03 089[85 04 02 089
mean_matching 1.0 87 10| 17 85 089[83 76 16 089[85 15 05 089[84 08 03 08985 04 02 089
2.0 73 50| 1.7 85 08984 76 1.7 089(85 15 04 089|84 08 03 089(85 03 02 089
3.0 57 77| 1.7 85 08983 75 20 089(84 14 06 089|84 08 05 089(85 03 02 089
4.0 50 82| 1.7 85 08981 74 25 089(83 1.6 1.0 089|83 1.0 07 089(85 04 03 089
5.0 43 83 ] 1.7 85 08978 69 32 089[83 1.7 1.1 089]82 1.1 1.0 089[84 04 03 089
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Table 5: Model Qwen2.5-7b, 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 86 08 | 12 84 09084 18 02 089|84 11 01 089(86 14 03 08985 04 04 089
2.0 43 57|57 44 087|182 1.6 03 089(83 09 0.1 088|86 13 02 089(85 04 03 089
3.0 41 55|61 32 08|74 13 08 088(80 08 03 087|85 1.3 03 088(85 03 03 089
4.0 42 52|62 28 08|66 1.5 13 086(75 09 04 087|81 1.3 04 088(84 03 03 089
5.0 38 53|64 29 08563 14 12 086]71 09 06 086|78 13 05 087[84 03 03 088
LEACE 1.0 86 07 10 84 090[84 19 02 089]84 12 01 089[87 15 02 0885 04 03 089
2.0 44 62|28 77 08984 1.8 02 089(84 1.1 01 089|87 15 02 089(86 04 03 089
3.0 31 67|53 50 08(83 17 02 08984 10 01 08987 14 02 089(85 04 03 0.89
4.0 32 63|55 41 08782 1.6 04 089(83 1.0 0.1 089|86 14 02 089(85 04 04 089
5.0 32 61 | 56 38 087|79 15 07 088[83 09 02 088|86 13 02 089|85 04 04 089
mean_matching 1.0 86 0809 85 090[83 19 02 089]84 1.1 01 089[87 15 02 0885 03 03 089
2.0 29 7.1 |08 85 09|84 1.8 02 089(84 1.1 01 089|87 14 02 089(85 03 03 089
3.0 14 82|09 85 0982 17 03 08984 10 02 08986 14 03 089|85 03 03 0.89
4.0 1.3 84| 08 85 08|77 1.7 1.0 089(82 09 03 088(86 12 03 08984 03 04 089
5.0 12 84 ] 09 86 0963 1.5 28 088]78 10 1.0 088|82 14 08 089|85 03 04 089

Table 6: Model Qwen2.5-14b, 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 87 09|27 82 089(84 77 13 08985 14 04 089(84 08 03 09085 03 02 089
2.0 78 45| 73 49 08684 77 14 089(85 14 04 089|84 08 02 089(85 03 02 089
3.0 70 59|73 43 08684 7.6 13 089(85 13 03 089|84 08 03 089(85 04 02 089
4.0 68 62|72 46 08684 7.6 13 089(85 13 04 089|84 08 03 089(85 04 02 089
5.0 68 61 |73 51 086(83 75 13 08985 13 04 089|83 08 02 08985 04 02 089
LEACE 1.0 87 10 [ 19 84 089[84 77 13 08985 15 04 089[84 08 03 08985 03 02 089
2.0 79 42|60 73 08|84 77 13 089(85 14 04 089|84 08 03 089(85 03 02 089
3.0 69 65|70 54 08684 76 14 089(85 13 03 089|84 08 03 0985 03 0.1 089
4.0 62 67|69 42 08684 7.7 14 089(85 14 04 089|84 08 03 0985 03 02 089
5.0 60 66| 69 37 08584 77 14 089(84 14 04 089|84 08 02 089|85 03 02 089
mean_matching 1.0 87 12| 18 85 089[84 77 14 08985 15 04 089[85 08 03 08985 03 01 089
2.0 7.1 64 | 1.6 85 08984 77 15 089(85 14 04 089|84 08 03 089(85 04 02 089
3.0 48 78 | 1.6 86 08984 76 1.8 089(84 15 05 089|84 07 03 089(85 03 02 089
4.0 33 82| 16 85 08983 75 23 089(84 1.6 08 089(84 09 05 089(85 04 02 089
5.0 21 83|16 86 08981 7.0 29 089[83 1.8 12 089]83 09 07 089]85 04 03 089

Table 7: Model Qwen?2.5-14b, flipping from horses to motorcycles

horses motorcycles cows pigs dogs legislators
src-cs tgt-cs | src-cs tgt-cs bertp | s src-cs tgt-cs bertp | cs src-cs tgt-cs bertp | s src-cs tgt-cs bertp| cs src-cs tgt-cs bertp
method strength
CASteer 1.0 87 07|12 86 09184 17 02 08984 1.1 01 08987 14 02 0985 03 03 089
2.0 64 44|49 60 087|83 15 03 089(84 10 01 08986 14 02 08984 03 03 089
3.0 59 50|69 29 08479 14 05 088(84 09 02 088|86 13 02 089(85 03 03 089
4.0 60 44|73 18 084|76 14 06 087(81 09 03 087(85 14 03 08885 03 03 089
5.0 55 43|74 16 083|75 13 05 086]79 09 03 086|83 14 03 088|85 03 03 089
LEACE 1.0 86 07 [ 1.1 86 090(84 18 02 0985 1.1 01 089[87 14 02 09085 04 03 0389
2.0 64 46 | 38 75 088|84 16 02 089(84 10 01 08987 13 02 09085 04 04 089
3.0 42 60 | 61 46 08582 15 04 089(84 1.0 01 089|87 14 02 089(85 03 03 089
4.0 42 61 | 66 35 084(79 15 06 089(83 10 02 083(87 14 03 08985 04 04 089
5.0 41 59| 68 31 083|77 14 07 088|83 10 02 083|86 13 04 08985 04 03 089
mean_matching 1.0 87 0709 86 09084 18 01 089[85 1.1 01 089[87 14 02 09085 04 03 089
2.0 39 65|09 86 0983 16 02 08984 11 01 08987 13 02 09085 03 03 089
3.0 14 82109 86 09183 15 02 089(84 10 01 089(87 14 03 089(85 03 03 089
4.0 1.2 82|09 86 0983 15 02 08984 10 02 08987 13 03 089|84 04 04 089
5.0 1.2 82|08 86 09081 16 07 08983 09 04 08986 13 03 089|85 03 03 0.89
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7.9.4 DETAILED RESULTS FOR FOR DIFFUSION MODELS CONCEPT SWITCHING

In this section, in tab. [[ 112|[8][9] we provide detailed breakdown of scores for all g values and all
concepts cg, ¢, ¢;. Pareto plots in sec. were created based on the scores provided in these tables.
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Table 8: Model SDXL, 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  sre-cs tgt-cs fid | cs  src-cs tgt-cs  fid
method strength
No Steering - 71.0 49.1 518 707 - |727 546 415 - |71.8 495 43.6 - [663 524 449 - |60.8 448 424 -
CASteer 1.0 70.0 508526 713 278|723 544 424 219 |71.8 490 43.8 13.3[662 520 450 20.0{/60.9 448 425 163
1.5 534 683 | 60.1 637 121.3|72.0 544 43.0 287 |71.9 489 441 16.2|66.1 51.9 451 247|609 448 425 21.0
2.0 521 69.5| 683 529 2124|709 544 449 427|719 489 444 18.9|66.1 51.8 454 28.6|60.9 448 426 24.6
2.5 517 694 | 694 517 213.0|62.5 542 558 1052|72.0 48.7 44.6 22.0(66.1 51.7 45.6 33.0|60.9 449 427 27.0
3.0 514 69.1 | 69.9 509 210.0|524 532 662 186.9|72.0 485 449 258|66.0 51.6 457 372|609 449 427 29.7
4.0 51.0 687|706 499 207.9(48.6 523 69.5 222.6|72.0 485 46.5 372|657 514 46.7 465|609 449 428 35.0
5.0 50.7 685|709 49.5 2074|478 51.8 69.6 231.6|70.5 49.1 50.6 63.7/643 514 49.0 61.6|61.0 451 43.0 39.0
LEACE 1.0 650 565|527 712 286|725 544 420 17.0 [71.7 493 436 89 (662 523 448 141(60.7 448 425 2I.1
1.5 52.1 68.6 | 57.1 67.0 84.6|72.2 544 423 213 |71.7 493 437 109(662 523 44.8 17.7|60.7 448 425 249
2.0 512 68.8 | 67.6 533 207.6|72.2 545 427 252 |71.7 493 437 12.6(/66.1 523 44.8 20.8|60.6 448 424 282
2.5 50.8 685 | 69.0 515 2133|719 545 43.1 30.0 |71.7 494 437 14.0|66.1 523 448 22.6(60.6 449 425 31.0
3.0 50.5 682 | 69.6 505 210.6|71.4 544 438 37.0 |71.7 494 438 15.1]66.0 522 44.8 245|60.6 448 425 332
4.0 502 68.0 | 704 49.6 206.7|64.6 542 52.6 857 |71.8 494 439 1721660 522 447 28.1|60.5 448 426 37.3
5.0 499 67.7] 708 49.1 2044|544 532 63.6 1662|718 494 440 194[659 522 447 31.2|604 448 427 420
mean_matching T.0 512 687|519 707 127|722 545 425 239 |71.8 492 439 124[66.1 523 448 20.7|60.7 450 423 272
15 504 68.1 | 519 707 15.1 |71.6 54.6 435 345|719 49.1 44.1 152|66.1 522 44.8 253|60.5 45.1 423 323
2.0 500 67.8|52.0 708 17.2 (659 543 509 773 |71.9 49.0 443 17.6/66.1 52.1 44.8 28.8|60.6 452 423 359
2.5 49.5 674520 707 18.6 (551 533 62.6 1623|719 49.0 445 202(66.0 52.1 448 32.2/60.5 455 424 398
3.0 492 672520 706 200 |51.0 527 66.7 199.3|72.0 49.0 44.8 23.5/66.0 52.0 44.8 353|602 455 424 43.1
4.0 488 672|520 705 229 (484 519 687 2225|721 49.0 455 29.5(65.8 51.9 449 414|597 460 42.7 499
5.0 483 669|520 704 28.0 [479 515 68.7 2298|719 49.2 46.8 40.0/655 51.9 452 48.7|59.1 46.7 432 582
Table 9: Model SDXL, 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 - 759 546|426 682 - ]663 579 525 - |71.8 527 456 - |67.5 534 542 - |60.8 42.6 40.1 -
CASteer 1.0 717 5471593 615 1459(657 544 524 374|719 51.7 447 19.1 [67.2 528 539 262 [60.8 424 399 19.2
1.5 470 61.0| 66,5 573 211.5(652 53.1 524 533 |71.8 512 443 244 |67.1 524 53.8 33.8 [60.8 423 39.6 232
2.0 437 632|695 567 2264|632 51.7 53.0 79.7 |71.8 51.0 439 304 668 52.0 53.6 41.7 |60.8 423 39.6 26.7
2.5 423 638 | 71.5 563 241.1|552 489 555 1405|715 50.6 43.6 36.8 663 51.7 53.6 53.8 |609 423 39.6 29.8
3.0 414 640|729 563 253.8(48.1 458 582 192.4(70.8 503 43.6 457 |63.6 50.7 543 824 (609 424 395 32.7
4.0 40.1 643 | 748 562 276.0|442 435 603 2269|656 49.0 456 96.6 |52.5 472 57.0 168.7(/60.9 424 394 38.0
5.0 393 64.1 756 56.1 291.6|429 425 60.8 2433|535 47.0 51.5 206.1|46.9 452 580 213.0/60.8 42.5 393 439
LEACE 1.0 67.1 557604 60.6 160.6(66.0 55.8 524 254 (720 521 453 119 [675 532 541 175 [60.8 425 402 20.0
15 46.2 61.5| 664 573 212.1/659 549 523 33.1 |72.1 52.0 451 147|675 53.1 54.0 21.1|609 424 403 246
2.0 428 633|693 569 227.71658 542 523 403 |72.1 518 449 169 (67.6 53.0 539 24.6 (609 423 403 28.1
25 414 63.6 | 71.0 56.7 240.7|65.5 534 522 48.6 |72.1 51.5 447 19.0 |67.6 529 539 27.8 |61.0 423 404 313
3.0 40.6 639|723 567 250.8|65.1 52.5 523 57.1 (722 514 446 21.5(67.6 52.7 53.8 304 |61.0 425 405 34.0
4.0 393 63.8| 737 56.6 269.4|63.8 513 526 767|722 51.0 442 257 (675 52.6 53.8 354 |61.0 427 40.6 394
5.0 38.5 63.7| 746 56.5 2825|603 49.7 537 104.1|72.2 50.7 440 29.8 |674 524 537 41.1 [61.0 43.0 41.1 434
mean_matching 1.0 443 625(420 683 239659 547 524 351 (722 517 449 169 [67.6 53.0 541 227 [60.8 425 40.1 239
15 415 639|419 682 283 (655 53.5 524 48.8|722 512 446 21.2 |67.7 528 54.1 27.7 [60.8 424 40.2 29.0
2.0 398 64.0 | 41.7 682 322|645 522 527 65.6 (722 50.8 44.1 254 (67.7 52.6 54.1 31.6 |60.9 425 404 325
25 389 643 |41.6 68.1 357|632 513 531 83.0 (722 50.6 44.0 29.0 [67.6 524 540 357 |61.0 424 405 363
3.0 38.0 642|415 68.0 395|594 49.7 544 109.8|72.2 503 43.8 334|675 522 540 40.1 609 424 40.7 394
4.0 375 64.0 | 41.3 679 482|483 448 587 1783|71.6 503 442 439 (67.0 51.8 543 50.7 |60.6 424 41.1 45.1
5.0 379 63.6 | 413 675 589 |434 422 61.1 209.8/70.2 504 44.8 63.1 |64.5 50.7 545 69.6 604 425 415 514
Table 10: Model SDXL, 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 - 743 587560 73.1 - 72,6 413 512 - |75.1 490 525 - |663 56.1 52.0 - |60.8 41.6 450 -
CASteer 1.0 65.6 684589 708 475727 414 512 138|751 489 525 25.0[66.4 550 52.1 254|608 41.6 450 149
1.5 59.8 71.2| 61.7 68.6 59.6 |72.7 41.4 512 17.1|75.1 489 52.6 29.7|663 544 52.1 33.9(60.7 41.6 450 18.4
2.0 570 724|668 653 723|727 41.5 S51.1 194|751 489 52.6 335|664 539 522 40.6/60.8 41.5 450 21.1
2.5 554 7271 69.6 613 839|727 41.6 512 212|750 488 525 36.5|66.4 533 522 485(60.9 41.6 450 233
3.0 545 7271703 594 91.8 (727 41.6 512 229|751 489 52.6 39.1|/66.4 528 523 54.8/60.8 41.6 450 25.6
4.0 53.0 719|708 574 1063|727 41.7 512 259|752 487 52.6 433|664 52.1 52.6 66.5(60.7 41.6 450 289
5.0 520 713|712 564 1175|727 417 512 289|750 487 527 47.7|1663 51.3 52.8 79.9/60.7 41.5 449 31.5
LEACE 1.0 659 679588 70.6 50.0[72.8 41.4 SI.1 185[75.0 489 525 335663 558 52.0 18.6/60.9 41.7 451 222
1.5 60.1 71.0 | 61.0 68.1 62.6|72.8 41.5 S51.1 22.0|75.0 488 525 39.0/66.3 558 52.1 23.9(60.9 41.7 450 264
2.0 575 722|643 646 77.0|729 415 S51.1 245|751 489 525 43.6|663 556 52.1 284(609 419 452 29.7
2.5 56.0 727|673 60.7 89.9|72.9 41.6 S51.1 267|752 489 525 47.7|1663 555 522 32.0(61.0 419 451 319
3.0 55.1 727|682 582 101.5{73.0 41.7 512 29.1|752 488 525 51.3|66.4 554 523 357(61.0 419 451 348
4.0 537 723|687 559 118.6(73.2 419 512 334|750 49.0 52.6 57.7|66.5 553 52.5 434|609 42.1 452 389
5.0 530 72.0]69.5 552 1346|734 424 514 376|748 49.1 527 64.0|66.5 552 52.7 50.0/60.9 423 453 422
mean_maiching 1.0 597 71.0[555 728 30.1[72.8 413 513 19.0(747 489 52.6 36.5[662 559 52.1 204[609 41.7 450 245
1.5 56.0 725|553 727 348|729 412 512 223|746 486 52.6 427|662 558 52.1 259|60.8 41.8 450 29.1
2.0 545 727|550 724 389|729 413 513 253|745 486 52.6 46.8|663 556 52.1 30.6(/60.7 42.0 451 32.6
2.5 534 724|548 724 422|730 412 513 273|743 484 52.6 50.8|663 55.6 523 34.4(60.7 420 451 352
3.0 525 71.8| 547 722 447 |73.1 413 513 30.0|742 485 527 552|664 555 52.5 383(60.7 42.1 453 37.6
4.0 51.5 712|546 719 49.6 |73.2 414 514 345|734 484 53.0 64.7|66.4 553 52.7 47.2|160.4 423 454 433
5.0 51.0 704|544 715 551|733 413 514 39.1|72.7 486 534 729|665 55.1 529 553|603 425 456 48.8
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Table 11: Model SANA, 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 - 721 50.6]509 705 - |73.8 553 425 - |735 483 445 - |68.1 51.7 461 - |60.4 458 439 -
CASteer 1.0 710 520|522 713 48.1(73.6 548 430 22.1[73.8 48.0 448 13.8 |68.1 51.6 462 15.7[60.2 460 443 159
2.0 655 604|675 560 229.0(73.1 542 437 379|740 477 450 22.6 |68.1 51.4 463 24.1/60.0 46.0 445 215
3.0 549 687|695 51.8 2346|723 540 450 558|742 474 453 305 |68.1 513 465 322|59.7 463 449 259
4.0 52.6 703|702 50.7 228.7(69.3 55.1 53.0 107.1|745 474 459 399 (682 512 46.7 404|595 465 453 31.1
5.0 51.8 71.0| 705 503 2249|623 548 61.7 167.0|74.7 475 469 489 [682 512 47.0 513|593 467 458 36.8
LEACE 1.0 687 562|516 71.6 363|737 552 42.6 102 73.6 482 447 80 [68.1 51.8 460 8.1 604 457 439 1I1.6
2.0 53.1 70.7 | 58.7 69.4 125.0|73.7 552 428 162|737 48.1 447 126 |68.1 51.8 46.0 13.1(60.5 457 438 17.0
3.0 519 713|657 582 2293|737 551 43.1 21.0 |69.8 57.6 52.1 220.6(68.0 51.8 46.0 17.7|60.7 458 438 21.6
4.0 51.9 71.1| 674 537 2428|737 550 433 259|739 480 449 204 |68.0 51.8 46.0 21.5(55.1 522 519 2946
5.0 517 708 | 684 52.6 236.2|73.7 549 43.6 318 |74.0 480 450 24.0 |68.0 51.8 459 250[60.8 458 43.8 30.1
mean_matching 1.0 555 689509 704 87 [73.6 55.1 427 147|737 482 447 104 |68.0 51.8 46.1 93 [60.5 458 440 13.0
2.0 517 71.1]509 704 117 |73.6 550 43.1 232|739 48.1 448 165 (68.0 51.7 46.1 15.0[60.6 458 439 19.1
3.0 514 707|509 704 139 734 547 434 325|741 48.0 450 222|679 51.7 46.1 19.8|60.8 459 440 239
4.0 514 709|509 704 159 |73.1 545 439 438|743 48.1 453 274|679 51.6 46.1 243|60.8 459 44.1 289
5.0 51.5 714[51.0 704 180 |69.8 552 50.0 782|745 48.1 457 343 ]679 51.6 462 28.4|61.0 46.0 442 343
Table 12: Model SANA, 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 - 764 550|434 663 - |68.1 62.0 527 - |732 528 46.1 - 685 534 53.0 - |604 427 408 -
CASteer 1.0 758 558453 656 46.6 [67.7 584 529 394 (731 527 458 163 [683 52.8 535 245602 428 410 138
2.0 553 60.1 | 62.0 604 200.7|67.1 563 54.1 788|729 524 456 284|683 52.1 543 392 |60.1 42.7 41.1 189
3.0 454 60.5| 60.0 47.6 278.5/50.6 49.0 59.2 1989|724 524 458 462 (679 51.0 550 61.7 |59.9 42.8 413 234
4.0 447 60.7 | 70.6 549 250.7|45.1 46.0 60.8 223.3|68.6 52.0 46.6 113.8|65.5 50.1 555 109.2(59.9 427 414 27.6
5.0 441 607 | 72.1 542 260.7|43.4 453 61.1 2293|589 S51.1 503 216.2[56.9 48.0 57.6 179.1|59.9 427 416 313
LEACE 1.0 723 583 (461 650 577 (679 59.9 527 210 [732 529 461 5.8 [684 532 529 89 [604 427 408 9.1
2.0 489 614|598 63.0 185.8(67.8 583 528 35.1|732 529 46.1 94 |684 531 530 13.6 604 425 40.8 13.7
3.0 455 60.7 | 657 572 2275|677 57.1 52.8 484|732 529 460 125|685 53.1 53.0 17.5 (604 427 40.7 169
4.0 446 605 | 68.1 558 2404|67.7 563 53.0 60.8 (732 529 46.0 154 |68.5 53.0 53.0 21.0|604 427 407 194
5.0 442 60.1 | 694 551 2463|674 559 53.6 767 |73.1 529 46.0 18.1 [68.6 52.9 53.0 24.0 |604 429 406 21.5
mean_matching 1.0 533 605]434 662 78 [662 625 483 216.4(732 528 459 7.1 [684 532 531 121 (604 426 408 10.7
2.0 444 587|434 660 13.1(67.6 56.8 530 579 |73.1 528 458 112|684 529 53.1 17.8 |604 425 40.8 158
3.0 44.1 564|435 658 17.7 |658 554 544 965 |73.0 528 457 145|685 527 532 23.0 (603 424 408 19.8
4.0 450 538|436 656 223|564 51.6 563 1544|730 529 456 173|685 525 532 272 (602 425 40.8 229
5.0 46.1 518|436 655 273|493 485 572 1932|730 529 455 19.9 |68.5 522 534 313 |60.1 424 406 259
Table 13: Model SANA, 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 - 797 580563 761 - |740 415 509 - [79.0 507 538 - |67.3 57.0 571 - [60.4 429 466 -
CASteer 1.0 779 61.7 | 57.8 763 318|741 415 508 8.6 [79.0 50.7 53.8 145[68.1 540 520 2188|603 43.0 468 125
2.0 65.6 71.0| 610 765 53.8 |741 416 508 139|789 50.8 53.8 19.8|/682 53.5 520 2183|602 43.0 469 17.7
3.0 558 723|717 748 788|742 417 50.7 18.6|78.9 50.8 53.8 23.9|68.1 532 52.1 2183|60.1 43.0 46.8 214
4.0 520 714|785 67.6 1029|743 41.8 50.7 227|789 50.8 53.8 279|682 528 52.1 2185|60.1 43.0 470 254
5.0 50.0 704|798 619 121.0{74.5 42.0 50.7 26.7|79.0 50.8 53.8 31.8/682 524 522 218.0|60.1 43.0 472 285
LEACE 1.0 766 630|582 764 360|741 41.6 51.0 32[79.0 50.7 537 10.8[68.1 542 52.0 219.3[60.2 429 466 59
2.0 62.6 713|579 729 1709|741 41.7 510 5.5 (789 50.7 53.7 15.1{68.0 54.0 52.0 220.0{60.2 429 466 9.6
3.0 559 717|751 734 889|742 417 51.0 75789 50.7 53.7 182|68.0 53.7 52.1 218.7|60.1 42.9 46.7 122
4.0 529 688|792 664 111.0{742 41.8 51.1 951|789 50.8 53.8 21.1168.0 53.6 52.1 2188|60.1 429 467 146
5.0 51.0 655|79.6 60.8 130.5|74.3 419 51.1 112|789 50.8 53.8 24.1/68.0 533 522 219.7|59.9 429 467 164
mean_matching 1.0 649 708560 762 160|741 415 51.0 58[79.1 50.6 538 123[68.1 540 520 2192[602 429 467 83
2.0 535 711|556 762 252|742 415 51.1 10.0(79.2 50.6 539 17.4|68.1 53.6 52.1 218.2]60.1 429 46.7 124
3.0 500 674|552 762 348|744 415 512 13.5|79.2 50.6 54.0 21.6|68.0 532 522 218.6|59.9 42.8 46.7 15.6
4.0 484 62.6 | 549 764 454|745 41.6 513 16.8|79.2 505 54.0 258|679 52.6 523 216.6(59.8 42.8 46.7 17.8
5.0 48.1 60.7 | 545 76.6 553|746 41.5 513 20.0|79.2 503 54.1 29.6|68.0 52.3 524 215.1|55.0 47.5 52.8 271.2
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7.10 CONCEPT ERASURE

In this section, we provide experiments for concept erasure. The reason for such is to show that
unified MiDSteer framework, that also includes erasure in case Zs is constant, performs favourably
on a variety of tasks. Note that in case of erasure, both MiDSteer and LEACE provide the same
solutions, so we will label the results as LEACE / MiDSteer in charts.

For LLM, We test erasure of the concepts c; € ("Horse", co ="Dog"). Corresponding testing concepts
are t; = {ci}§=1: t; = ("Motorcycle", "Cow", "Dog", "Pig", "Legislator"), t5 = ("Cat", "Cow",
"Wolf", "Pig", "Legislator"). For Diffusion Models, We test erasure of the concepts cs € ("Horse",
c2 ="Chichuahua"). Corresponding testing concepts are t; = {c¢;}>_;: t; = ("Motorcycle", "Cow",
"Dog", "Pig", "Legislator"), t5 = ("Muffin", "Cat", "Dog", "Wolf", "Legislator"),

The setup for erasure is similar to those of main paper experiments (Sec. [5). The only difference is
that there is no target concept (i.e. it is a dummy concept). We utilise similar pairs of prompts (c1, ¢2)
as in switching experiments, with the goal of removing c;.

Fig. present Pareto plots for concept erasure similar to that for concept switching in
sec. gi More precisely, we compare results on concept switching by applying vanilla steering, LEACE
(which is equivalent to MidSteer in the case of erasure) with different values of 3. We present results
on LLama-2-7b and SDXL models aggregated for all three erase concepts. It can be clearly seen, that

in each case, MidSteer achieves much better balance between level of concept switch between c1 and
c2 and preservation of other concepts across different values of .

Next, in sec. [7.10.1} [7.10.2] we provide detailed Pareto plots for each model, and in sec. [7.10.3][7.10.4]
we provide Tables with detailed breakdown of scores for all 3 values and all erased concepts.
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Figure 44: Pareto efficiency frontiers for concept erasure experiments with vanilla steering and
LEACE / MiDSteer highlighting different values of 3.
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7.10.1 PARETO CHARTS FOR LLM CONCEPT ERASURE

In this section, we provide more Pareto charts for LLM concept erasure. When erasing concept cs,
for each LLM model we provide 3 types of Pareto plots:

* 1 - BERT Precision score for unrelated concepts (horizontal axis) vs Concept Score (CS) for
the erased ¢, concept (vertical axis) (fig. [46[4951)

* 1 - BERT Precision score for MMLU (horizontal axis) vs Concept Score (CS) for the erased
¢s concept (vertical axis) (fig. B5JA8|5 1)

* Average Concept Score (CS) for unrelated concepts c¢; (horizontal axis) vs Concept Score

(CS) for the erased cs concept (vertical axis) (fig. 47l50l53)

In each case, we see clear superiority of LEACE/MidSteer over other steering approaches.

We additionally provide detailed breakdown of scores for all 3 values and all concepts c¢;, ¢; in the

tables in sec.[7.10.3]
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Figure 45: Pareto plot for concept erasure on model llama2-7b
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Figure 46: Pareto plot for concept erasure on model llama2-7b
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Figure 50: Pareto plot for concept erasure on model qwen-14b
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Figure 51: Pareto plot for concept erasure on model qwen-7b
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Figure 52: Pareto plot for concept erasure on model qwen-7b
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7.10.2 PARETO CHARTS FOR IMAGE DIFFUSION CONCEPT ERASURE

In this section, we provide more Pareto charts for LLM concept erasure. When erasing concept cs,
for each Diffusion model we provide 2 types of Pareto plots:

* FID score for unrelated concepts (horizontal axis) vs Concept Score (CS) for the erased c,
concept (vertical axis) (fig. [57[57)

* Average Concept Score (CS) for unrelated concepts c¢; (horizontal axis) vs Concept Score
(CS) for the erased ¢, concept (vertical axis) (fig. [56|54)

In each case, we see clear superiority of LEACE/MidSteer over other steering approaches.

We additionally provide detailed breakdown of scores for all 3 values and all concepts c¢;, ¢; in the

tables in sec.[7.10.4]
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7.10.3 RESULTS FOR LLM CONCEPT ERASURE

In this section, in tab. [TA[T3T8IT[TS|T7we provide detailed breakdown of scores for all 8 values
and all concepts cs, c;. Pareto plots in sec. were created based on the scores provided in these
tables.
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Table 14: Model LLama2-7b, 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 |85 - 84 - |85 - |87 - |84 -
CASteer 1.0 8.6 [85 091 |84 09084 090 (8.6 090 [8.5 0.89
2.0 84 |85 090 |84 0.89 (8.3 0.89 8.5 0.90 (8.3 0.89
3.0 1.5 |34 080 |24 078 |14 0.78 2.9 0.79 |2.6 0.79
4.0 04 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 85 [85 091 |83 09184 090 (8.6 091(8.3 0.90
2.0 50 |83 0.89 |73 0.87|7.4 0.88 (8.0 0.89|7.8 0.88
3.0 02 |46 086 [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 |04 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 15: Model LLama2-7b, 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 |86 - |85 - (84 - |84 - (85 -
CASteer 1.0 8.6 8.5 090 (84 0.90|84 0.90 (84 09085 0.90
2.0 8.5 [8.5 090(83 0.89 8.3 0.89 8.3 0.89 |84 0.89
3.0 2.1 |3.1 0.79 3.6 0.80 (3.0 0.79 |19 0.78 |34 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 (8.5 091(84 09183 091 (84 09184 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 |42 0.86 3.4 0.85|3.7 0.85(4.6 0.86
4.0 0.1 {04 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 16: Model Qwen2.5-7b, 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 - 84 - |84 - |87 - |85 -
CASteer 1.0 8.6 [85 0.89 |84 08884 0.88 8.7 0.88 8.6 0.88
2.0 80 7.8 0.84 |81 0.847.8 0.83 (8.1 0.83 (8.1 0.83
3.0 36 |40 0.72 |5.1 0.73 {45 0.73 |47 0.73 3.9 0.72
4.0 1.2 |28 0.69 [2.6 07019 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 85 85 0.89 |84 0.89 (8.4 0.89 8.7 0.89 (8.5 0.89
2.0 69 |85 0.89 |84 0.88 |84 0.88 (8.7 0.88 8.5 0.88
3.0 0.6 |85 0.87 |83 0.85(8.3 0.85(8.6 0.86 (8.4 0.86
4.0 02 |83 085 |8.1 0.83|8.1 0.82 (8.4 0.83 |82 0.83
5.0 00 |73 076 |6.7 0.73 6.2 0.73 6.9 0.73|7.2 0.74
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Table 17: Model Qwen2.5-7b, removal of dogs

dogs | cats wolves  cows pigs legislators
cs | cs bertp| cs bertp| cs bertp| cs bertp| cs bertp
method strength
No Steering - 87185 - (83 - |84 - (84 - |85 -
CASteer 1.0 8.6 (8.5 0.88 (83 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|83 0.84
3.0 39 |50 0.74 4.6 0.74 |54 0.75 |4.8 0.75 4.6 0.75
4.0 1.4 122 07117 07124 071|1.6 0.71 |2.1 0.71
5.0 0.3 /0.7 0.71 |04 0.71 0.7 0.71 |04 0.72 0.8 0.71
LEACE 1.0 8.7 185 0.89 84 0.88 84 0.89 8.4 0.88 8.5 0.89
2.0 8.7 (8.5 0.88(83 0.87 8.4 0.88 8.4 0.87|8.5 0.88
3.0 7.8 {85 0.85|8.2 0.84 8.3 0.85|8.3 0.85(8.4 0.86
4.0 3.2 182 0.83|7.7 0.79 |81 0.83|79 0.81 8.2 0.82
5.0 0.6 |65 0.72|5.6 0.71 6.6 0.72 |59 0.72 69 0.72
Table 18: Model Qwen2.5-14b, 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 - 84 - |84 - |87 - |85 -
CASteer 1.0 8.7 8.6 090 |84 090 8.5 0.89 8.7 090 [8.5 0.89
2.0 8.7 8.6 0.89 |84 0.898.5 0.89 8.7 0.89 (8.5 0.89
3.0 85 |85 086 |84 08684 0.86(8.6 0.86 (8.4 0.87
4.0 29 |42 078 [5.0 0.78 5.0 0.78 [4.3 0.79 |43 0.79
5.0 08 |15 073 |1.2 0.73 (2.0 0.74 1.4 0.74 0.6 0.73
LEACE 1.0 8.7 8.6 090 |84 08984 0.88 8.7 0.89 (8.5 0.88
2.0 80 |85 0.88 |83 0.87 (8.3 0.86|8.7 0.87 |84 0.86
3.0 30 |85 0.85 |83 0.84 (8.3 0.83 (8.6 0.84 |83 0.83
4.0 1.2 |83 0.82 |81 0.81 8.0 0.80 |84 0.81 8.1 0.80
5.0 03 |78 0.79 |7.5 0.79 |75 0.78 |79 0.79 |7.7 0.79
Table 19: Model Qwen2.5-14b, removal of dogs
dogs | cats wolves  cows pigs legislators
cs | cs bertp| cs bertp| cs bertp| cs bertp| cs bertp
method strength
No Steering - 87 (85 - |84 - |84 - |85 - |85 -
CASteer 1.0 8.7 185 090 (84 0.89 (85 0.89 8.5 0.89 (8.6 0.89
2.0 8.7 185 0.89 84 0.88 84 0.89 85 0.89 (8.5 0.89
3.0 84 (8.5 0.86(83 0.86 8.4 0.86|84 0.86 8.4 0.87
4.0 3.5 (3.7 0.79(3.1 0.77 |42 0.78 |42 0.78 |3.4 0.79
5.0 1.9 |09 0.73 1.6 0.73]|09 0.73 1.2 0.73 |04 0.73
LEACE 1.0 8.7 185 0.89 (84 0.88 8.4 0.89 {84 0.89 8.5 0.89
2.0 8.7 |84 0.87|84 0.86 8.3 0.87 |84 0.86 8.4 0.86
3.0 7.7 184 0.84182 0.83 (83 0.84|82 0.83 (8.3 0.83
4.0 47 183 0.82|7.9 0.81 (8.2 0.82 8.0 0.80|8.1 0.80
5.0 23179 079175 0.79 7.7 0.80|7.5 0.78 |7.7 0.79
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7.10.4 RESULTS FOR IMAGE DIFFUSION CONCEPT ERASURE

In this section, in tab. [22]25[21][25| we provide detailed breakdown of scores for all 3 values and all
concepts cg, ¢;. Pareto plots in sec. were created based on the scores provided in these tables.
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Table 20: Model SDXL, removal of snoopy

snoopy | mickey pikachu spongebob dog legislator
cs cs fid | ecs fid | es fid | cs fid| cs fid
method strength
No Steering - 743 (731 - |726 - |751 - |663 - |60.8 -
CASteer 1.0 55.8 |70.1 549 [72.5 30.3 |73.9 509 [66.2 30.6{60.9 22.6
1.5 499 1679 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 45.6 622 111.0|72.5 65.7 |68.6 109.4]|66.1 58.1|60.9 35.3
3.0 453 |58.8 132.1|72.2 83.7 |65.3 138.2|66.2 68.0|60.8 38.7
4.0 453 535 169.0|71.6 123.4]59.0 189.5|66.1 83.3|60.9 45.8
5.0 459 |50.7 195.3|69.3 153.0|55.7 218.2|65.6 99.9|61.0 52.9
LEACE 1.0 56.77 |72.2 357 (729 21.3 |74.1 422 [66.3 20.7{60.6 26.9
1.5 512 |71.7 423 |73.0 25.8 |73.7 50.1 |66.3 26.5|60.5 32.5
2.0 483 |71.0 48.2 |732 29.6 |73.3 57.8 |66.3 31.6|/60.4 36.4
2.5 46.5 703 539 |73.3 33.0 |72.8 66.5 |66.4 36.5|60.2 41.3
3.0 458 169.6 59.8 |73.5 36.7 |72.1 753 |66.4 40.8|60.0 46.5
4.0 458 679 722|737 44.8 |70.8 91.8 |66.5 49.5/59.4 56.1
5.0 470 166.1 859 |73.7 53.8 694 114.1/66.4 57.1|58.6 69.2
Table 21: Model SDXL, removal of chihuahua
chihuahua | muffin dog wolf cat legislator
cs cs fid|cs fid | es fid | es fid | cs fid
method strength
No Steering - 759 |682 - |663 - |71.8 - |675 - |60.8 -
CASteer 1.0 546 [68.1 19.7|/65.0 582 (725 259 [67.0 352 [60.9 22.7
1.5 48.5 168.2 24.0/61.2 999 |72.6 34.0 |66.5 489 |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
2.5 472 1679 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 1677 42.2149.0 198.2|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 1.0 550 [68.2 200|658 352 (723 17.1 [67.4 22.1 |60.9 21.8
1.5 48.5 |68.1 25.0165.5 47.6 |72.5 21.3 |67.3 27.1 |60.8 27.0
2.0 474 168.1 29.0/65.0 61.1 |72.6 25.0 |67.3 31.4 |60.9 31.0
2.5 47.0 682 32.6|64.1 74.8 |72.8 28.6 |67.2 35.1 |60.8 34.2
3.0 472 168.1 36.0/62.7 924 |729 324 |67.1 385 |60.8 36.5
4.0 48.6 |68.0 42.3|57.6 131.4|73.1 394 (669 45.1 |60.7 41.9
5.0 50.2 |68.0 49.4|53.7 162.6|73.1 483 |66.5 52.5 |60.5 48.3
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Table 22: Model SDXL, removal of horse

horse | motorcycle cow pig dog legislator
cs cs fid | es fid | cs fid | cs fid | cs fid
method strength
No Steering - 71.0 707 - |727 - |71.8 - 663 - |60.8 -
CASteer 1.0 59.3 170.7 129 {719 30.1 |71.8 20.8 {659 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 17.4169.2 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]72.0 459 |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 |70.7 269 |51.1 2279|71.8 92.3 |63.9 69.4|60.8 43.3
5.0 49.3 170.8 35.1 |50.4 238.4]69.8 138.4|62.2 89.4160.6 49.4
LEACE 1.0 57.1 170.6 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
2.0 484 170.6 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|71.4 399 [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 |70.3 274|564 1974722 27.8 |66.1 44.6|59.4 58.8
Table 23: Model SDXL, removal of horse
horse | motorcycle cow pig dog legislator
cs | es fid | es fid |cs fid | es fid | s fid
method strength
No Steering - 72.1 (705 - |73.8 - |735 - |68.1 - |604 -
CASteer 1.0 70.8 [70.1 21.3 [74.1 36.4 [73.7 282 |67.8 29.2 [60.2 21.2
2.0 52.2 1709 45.3 |72.0 93.0 |74.1 49.3 |67.4 442 |59.8 36.3
3.0 51.3 [69.3 105.0(61.5 216.9(65.9 261.3|/65.5 719 |59.3 58.4
4.0 56.7 |62.3 186.2|59.0 242.8|67.3 175.3162.5 118.4|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 |73.8 144|734 114 [68.0 9.2 [604 11.1
2.0 52.0 {704 10.0 |73.9 209 [73.5 16.7 |68.0 14.2 |604 15.6
3.0 49.7 170.3 12.2 |74.0 25.8 |73.5 21.4 (679 184 [60.3 19.1
4.0 48.8 |70.4 13.8 |74.2 309 |73.5 25.6 |67.8 213 |60.2 21.8
5.0 53.7 170.3 152 |74.1 36.2 [73.6 29.7 |67.8 24.4 |60.1 24.2
Table 24: Model SANA, removal of snoopy
snoopy | mickey pikachu spongebob dog legislator
cs cs fid | ecs fid | cs fid | cs fid | cs fid
method strength
No Steering - 79.7 |76.1 - |740 - 790 - |68.1 - |604 -
CASteer 1.0 60.6 [753 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
3.0 424 |64.2 189.7|72.0 164.1|63.4 222.2|67.7 100.9|60.8 55.3
4.0 40.9 |58.5 202.0162.6 204.2|55.7 258.7(66.8 116.9|60.4 74.8
5.0 40.9 |554 208.1|55.5 231.6(52.9 276.5(65.1 127.6|60.0 94.8
LEACE 1.0 57.0 [76.1 182 [74.1 6.7 [79.0 139 |[68.1 17.3 [60.3 9.1
2.0 44.8 [76.2 30.5 |74.1 11.7 |78.9 193 |68.1 25.3 |60.2 13.6
3.0 41.6 |76.1 49.0 |742 164 |75.2 200.5/68.0 32.2 |60.2 16.8
4.0 409 |75.6 734|742 213|787 29.0 |68.0 38.0 [60.1 19.5
5.0 414 |744 109.4|742 26.1 |78.7 34.1 |68.1 44.1 |60.0 22.0
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Table 25: Model SANA, removal of chihuahua

chihuahua | muffin dog wolf cat legislator
cs cs fid|cs fid |es fid |es fid | cs fid
method strength
No Steering - 76.4 663 - |681 - |732 - |685 - |604 -
CASteer 1.0 75.6 |66.6 19.8|67.4 494 |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 |66.4 652 |60.5 33.7
3.0 489 |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
5.0 504 663 76.7|53.2 233.5|59.8 282.5|53.6 220.9(59.8 102.3
LEACE 1.0 73.0 [663 58 [68.0 28.1 |732 6.4 |68.5 104 (604 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
4.0 472 |66.1 152|67.1 88.7 |73.3 14.7 |68.6 24.6 |60.3 20.9
5.0 48.5 66.1 17.7]166.2 113.6/73.3 16.8 |68.7 27.5|60.3 23.0
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