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Abstract

Despite the remarkable performance of text-to-image diffusion models in image
generation tasks, recent studies have raised the issue that generated images some-
times cannot capture the intended semantic contents of the text prompts, which
phenomenon is often called semantic misalignment. To address this, here we
present a novel energy-based model (EBM) framework for adaptive context con-
trol by modeling the posterior of context vectors. Specifically, we first formulate
EBMs of latent image representations and text embeddings in each cross-attention
layer of the denoising autoencoder. Then, we obtain the gradient of the log pos-
terior of context vectors, which can be updated and transferred to the subsequent
cross-attention layer, thereby implicitly minimizing a nested hierarchy of energy
functions. Our latent EBMs further allow zero-shot compositional generation as
a linear combination of cross-attention outputs from different contexts. Using
extensive experiments, we demonstrate that the proposed method is highly effective
in handling various image generation tasks, including multi-concept generation,
text-guided image inpainting, and real and synthetic image editing. Code: https:
//github.com/EnergyAttention/Energy-Based-CrossAttention.

1 Introduction

Diffusion models (DMs) have made significant advances in controllable multi-modal generation tasks
[37], including text-to-image synthesis. The recent success of text-to-image diffusion models, e.g.,
Stable Diffusion [31], Imagen [33], etc., is mainly attributed to the combination of high-fidelity DMs
with high-performance large language models (LMs).

Although text-to-image DMs have shown revolutionary progress, recent studies have shown that
the current state-of-the-art models often suffer from semantic misalignment problems, where the
generated images do not accurately represent the intended semantic contents of the text prompts. For
example, [4] discovered the catastrophic neglect problem, where one or more of the concepts of the
prompt are neglected in generated images. Moreover, for a multi-modal inpainting task with text and
mask guidance, [41] found that the text-to-image DMs may often fail to fill in the masked region
precisely following the text prompt.

Therefore, this work focuses on obtaining a harmonized pair of latent image representations and text
embeddings, i.e., context vectors, to generate semantically aligned images. In order to mitigate the
misalignment, instead of leveraging fixed context vectors, we aim to establish an adaptive context by
modeling the posterior of the context, i.e. p(context | representations). Note that this is a significant
departure from the previous methods which only model p(representations | context) with frozen
context vectors encoded by the pretrained textual encoder.
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Figure 1: The energy-based cross-attention improves the semantic alignment between given text and
the generated sample. The proposed method could be leveraged for multiple applications without
additional training.

Specifically, we introduce a novel energy-based Bayesian framework, namely energy-based cross-
attention (EBCA), which approximates maximum a posteriori probability (MAP) estimates of context
vectors given observed latent representations. Specifically, to model p(context | representations), we
first consider analogous p(Kl|Qt,l) in the latent space of the intermediate cross-attention layer of a
denoising auto-encoder, i.e., cross-attention space. Here, Kl and Qt,l correspond to the key and query
in l-th layer at time t that encode the context from the text and the image representation, respectively.
Inspired by the energy-based perspective of attention mechanism [30], we then formulate energy
functions E(Kl;Qt,l) in each cross-attention space to model the posterior. Finally, we create a
correspondence between the context and representation by minimizing these parameterized energy
functions. More specifically, by obtaining the gradient of the log posterior of context vectors, a nested
hierarchy of energy functions can be implicitly minimized by cascading the updated contexts to the
subsequent cross-attention layer (Figure 2) .

Moreover, our energy-based perspective of cross-attention also allows zero-shot compositional
generation due to the inherent compositionality of Energy-Based Models (EBMs). This involves the
convenient integration of multiple distributions, each defined by the energy function of a specific
text embedding. In practical terms, this amalgamation can be executed as a straightforward linear
combination of cross-attention outputs that correspond to all selected editing prompts.

We demonstrate the effectiveness of the proposed EBM framework in various text-to-image generative
scenarios, including multi-concept generation, text-guided inpainting, and compositional generation.
The proposed method is training-free, easy to implement, and can potentially be integrated into most
of the existing text-to-image DMs.

2 Preliminaries

2.1 Diffusion Model

Diffusion models [36, 13, 37, 18, 16] aims to generate samples from the Gaussian noise by iterative
denoising processes. Given clean data x0 ∼ pdata(x0), diffusion models define the forward sampling
from p(xt|x0) as xt =

√
ᾱtx0 +

√
1− ᾱtzt, where zt ∼ N (0, I), t ∈ [0, 1]. Here, for the

Denoising Diffusion Probabilistic Model (DDPM) [13], the noise schedule βt is an increasing
sequence of t, with ᾱt :=

Qt
i=1 αt, αt := 1− βt. The goal of diffusion model training is to obtain a

neural network �θ� that satisfies

θ∗ = argmin
θ

Ext∼p(xt|x0),x0∼pdata(x0),�∼N (0,I)

�
∥�θ(xt, t)− �∥22

�
, (1)
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Figure 2: Comparison between the Stable-Diffusion and the proposed method. (A) The Stable-
Diffusion uses �xed context embedding encoded by pre-trained CLIP. (B) The proposed method
allows adaptive context embedding through energy-based context update (EBCU) and energy-based
composition of queries (EBCQ).

so that the reverse sampling fromq(x t � 1jx t ; x � � (x t ; t)) is achieved by

x t � 1 =
1

p
� t

�
x t �

1 � � tp
1 � �� t

� � � (x t ; t)
�

+ � t z t ; (2)

wherez t � N (0; I ) and� 2 is variance which is set as� in DDPM. With iterative process, we can
sample the imagex 0 from initial samplex T � N (0; I ).

Since diffusion models require the iterative sampling on high dimensional space, they are com-
putationally expansive and time consuming. To mitigate this limitation, Latent Diffusion Model
(LDM) [ 31] has proposed diffusion processes on the compressed latent space using pre-trained
auto-encoder. Furthermore, by introducing language model-based cross-attention to diffusion model's
U-Net neural backbone [32], LDM enables token-based conditioning method such as text-to-image.

2.2 Energy-based Perspective of Attention Mechanism

De�nition. Given anN -dimensional vectorv, its logsumexpandsoftmax are de�ned as

logsumexp(v; � ) := � � 1 log(
P N

i =1 exp(vi )) ; softmax(v) := exp( v � logsumexp(v; 1)):

wherevi denotes thei -th element ofv. For a given a matrixA , its logsumexpi (A ) andsoftmaxi (A )
are understood as taking the corresponding operation along thei -th dimension ofA . So, for instance,
i = 1 , softmaxi (A ) consist of column vectors that sum to1.

Energy model.Following the success of the attention mechanism, several studies have focused on
establishing its theoretical foundation. One promising avenue is interpreting the attention mechanism
using the Energy-Based Model (EBM) framework. This line of research begins with recent research
on modern Hop�eld networks [30, 14], which gradually builds up to the self-attention mechanism of
the Transformer model.

The Hop�eld network is a dense associative memory model that aims to associate an input with its
most similar pattern. Speci�cally, it constructs an energy function to model an energy landscape
that contains basins of attraction around desired patterns. Recently, modern Hop�eld networks
[30, 6, 19] has introduced a new family of energy functions, which aim to improve its pattern
storage capacity or make it compatible with continuous embeddings. To this end, [30] proposed the
following energy function of a state pattern (query)� 2 Rd parameterized byN -stored (key) patterns
X = [ x 1 : : : ; x N ] 2 Rd� N and� > 0:

E(� ; X ) =
1
2

� T � � logsumexp(X T � ; � ): (3)

Intuitively, the �rst term ensures the query remains �nite, while the second term measures the
individual alignment of the query with every stored pattern. Based on the Concave-Convex-Procedure
(CCCP) [43], [30] derives the update rule for a state patternE and timet as follows:
Proposition 1 ([30]). De�ne the update rulef : Rd ! Rd as follows:

� new = f (� ) = X softmax(� X T � ) (4)

Then, the update rule decreases the loss (3) and converges globally. In another word, for� ( t +1) =
f (� ( t ) ), the energyE(� ( t ) ) ! E (� � ) for t ! 1 and a �xed point� � .
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Note that (4) is equivalent to a gradient descent update to minimize (3) with a step size� = 1 :

�  � � � r � E(� ; X ) = � � � (� � X softmax(� X T � )) : (5)

Connection to the attention of the transformer.Remarkably, this implicit energy minimization
is closely related to the attention mechanism as shown in [30]. To see this, suppose thaty i ; r i 2
Rd is given as stored (key) and state (query) patterns, respectively. LetW K ; W Q 2 Rd� dH

represent linear maps fory i andr i , respectively. Then, we introducex i = W T
K y i 2 RdH and

� i = W T
Q r i 2 RdH . Let Y = ( y 1; : : : ; y N )T 2 RN � d, andR = ( r 1; : : : ; r S )T 2 RS� d. We

de�ne X T = K = Y W K 2 RN � dH , andQ = RW Q 2 RS� dH . By pluggingX T = K and
� = qi into (4) for all i , we obtain that:QT = K T softmax1(� KQ T ) 2 RdH � S . By taking the
transpose, we obtainQ = softmax 2(� QK T )K . Let V 2 RN � dV denote the value matrix as
V = Y W K W V = KW V , which will replace theK outside ofsoftmax2. Then, we �nally obtain

Qnew = softmax 2(� QK T )V ; (6)

which is exactly the transformer attention with� = 1=
p

dH . This connection affords us the insightful
theoretical ground of the attention mechanism: the update step of the attention mechanism in a
Transformer layer acts as an inner-loop optimization step, minimizing an implicit energy function
that is determined by queries, keys, and values.

3 Energy-based Cross-Attention

Recall that our objective is to generate semantically correct images by harmonizing latent (U-Net)
representations and context vectors within the denoising autoencoder. To achieve this, we propose a
simple but effective Bayesian framework, namely energy-based cross-attention (EBCA). Speci�cally,
we perform test-time optimization of context vectors within the cross-attention spaces of a denoising
autoencoder to implicitly minimize a specially designed energy function. Note that this is a signi�cant
departure from the conventional text-guided diffusion models which have leveraged�xed context
vectors embedded by pre-trained CLIP [29] to all cross-attention layers.

3.1 Energy-based Bayesian Context Update

Energy function. Our focus is on the cross-attention space of a time-dependent denoising auto-
encoder, utilizing the conventional U-Net neural architecture. Here, we refer to latent representations
as the representations of intermediate layers in U-Net unless otherwise speci�ed. LetL be the number
of cross-attention layers. For eachl-th layer at timet, we de�ne the queries matrixQ t;l 2 RP 2

l � dl ,
and the keys and values matricesK l 2 RN � dl andV l 2 RN � dl , respectively. Here,Pl represents
the spatial dimension of latent representations in thel-th layer. Given context vectorsC 2 RN � dc ,
we mapK l andV l with W K;l ; W V;l 2 Rdc � dl , such thatK l = CW K;l andV l = CW V;l . In
the following, timet and layer indexl are omitted in notationsQ t;l andK l for simplicity.

The main goal is to obtain a maximum a posteriori probability (MAP) estimate of context vectorsC
given a set of observed latent representations of queriesQ t;l . First, based on the energy functions
(8) and (9), the posterior distribution ofK can be de�ned by using Bayes' rule:p(K j Q) =
p(Q j K )p(K )=p(Q), where (8) and (9) are leveraged to model the distributionp(Q j K ) andp(Q),
respectively. Then, in order to obtain a MAP estimation ofC , we approximate the posterior inference
using the gradient of the log posterior. The gradient can be estimated as follows:

r K logp(K j Q) = r K logp(Q j K ) + r K logp(K ) = �
�
r K E(Q; K ) + r K E(K )

�
: (7)

Motivated by the energy function in (3), we �rst introduce a new conditional energy function w.r.tK
as follows:

E(Q; K ) =
�
2

diag(KK T ) �
NX

i =1

logsumexp(Qk T
i ; � ); (8)

wherek i denotes thei -th row vector ofK , � � 0, anddiag(A ) =
P N

i =1 A i;i for a givenA 2
RN � N . Intuitively, logsumexp(Qk T

i ; � ) term takes a smooth maximum alignment between latent
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representationsqj ; j = 1 ; � � � ; P2 and a given text embeddingk i . Let j � = arg max j qj k T
i . Then,

the implicit minimization of� logsumexpterm encourages eachk i to be semantically well-aligned
with a corresponding spatial token representationqj � . In turn, this facilitates the retrieval and
incorporation of semantic information encoded byk i into the spatial region ofqj � .

Thediag(KK T ) term in (8) serves as a regularizer that constrains the energy of each context vector
k i , preventing it from exploding during the maximization oflogsumexp(Qk T

i ; � ), thereby ensuring
that no single context vector excessively dominates the forward attention path. In this regard, we also
propose a newQ-independent prior energy functionE(K ) given by:

E(K ) = logsumexp
� 1

2
diag(KK T ); 1

�
= log

NX

i =1

exp
� 1

2
k i k

T
i

�
: (9)

Instead of penalizing each norm uniformly, it primarily regularizes the smooth maximum ofkk i k
which improves the stability in implicit energy minimization. We empirically observed that the
proposed prior energyE(K ) serves as a better regularizer compared to the originaldiag(KK T )
term (related analysis in (12) and appendix E).

Although our energy function is built based on the energy function, in contrast to (3), the proposed
one is explicitly formulated for implicit energy minimization w.r.tkeysK and the associatedcontext
vectorsC , which is different from the theoretical settings in Section 2.2 w.r.tQ [30]. It is worth
noting that the two energy functions are designed to serve different purposes and are orthogonal in
their application.

MAP estimation. Based on the proposed energy functions, we derive the update rule of keyK and
contextC following (7):
Theorem 1. For the energy functions (8) and (9), the gradient of the log posterior is given by:

r K logp(K j Q) = softmax 2
�
� KQ T �

Q �
�

� I + D
�

softmax
� 1

2
diag(KK T )

�� �
K ;

(10)

whereD (�) is a vector-to-diagonal-matrix operator.

Then, by using the chain rule the update rule of context vectorsC is derived as follows:

C n +1 = C n + 

�

softmax2
�
� KQ T �

Q �
�

� I + D
�

softmax
� 1

2
diag(KK T )

�� �
K

�
W T

K ;

(11)
where
 > 0 is a step size.

In practice, we empirically observed that the nonzero� in (8) often leads to an over-penalization
of contexts, which can ultimately cause some contexts to vanish. To address this, we set� = 0 .
Moreover, we found it bene�cial to assign distinct step sizes
 attn and
 reg as follows:

C n +1 = C n + 
 attn softmax2
�
� KQ T �

QW T
K| {z }

Attention

� 
 reg D
�

softmax
� 1

2
diag(KK T )

��
KW T

K
| {z }

Regularization

;

(12)
where the �rst and second terms are named asattentionandregularizationterm, respectively.

Our theoretical observations offer valuable insights into implicit energy minimization by modifying
the forward path of cross-attention. Inspired by these observations, we have transplanted the energy-
based cross-attention layers to pre-trained text-to-image diffusion models. We �rst illustrate the
challenges associated with adopting EBCA in a deep denoising auto-encoder and subsequently
demonstrate how to overcome them in practice.

If a single recurrent Transformer block were available, a single energy function would be minimized
for a given cross-attention layer by recurrently passing the updated contextC n +1 . However, in
practical applications, there are multiple layer- and time-dependent energy functions in conventional
deep denoising auto-encoder, which makes it infeasible to minimize each energy function individually.
To address this challenge, we implicitly minimize a nested hierarchy of energy functions in a single
forward pass based on our theoretical observations. More details are followed.
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Algorithms. At a given time stept, we initialize the context vectorsC 1;t with text embeddings
C CLIP obtained from a pre-trained CLIP. Then, within then-th cross-attention layer withC n;t
(1 � n � L ), we compute the updated context vectorsC n +1 ;t using the gradients in Theorem 1 and
(12). We thencascadeC n +1 ;t to the next(n + 1) -th cross-attention layer. We do not forward the
�nal context C L +1 ;t at timet to timet + 1 , as the distributions ofQ t andQ t +1 can be signi�cantly
different due to the reverse step of the diffusion model. Instead, we reinitializeC 1;t +1 with C CLIP .
The pseudo-code for the proposed framework is provided in appendix B.

The sequence of energy-based cross-attention layers is designed to minimizenestedenergy functions.
While a single-layer update in a single step may not lead to optimal convergence, the proposed layer-
cascade context optimization can synergistically improve the quality of context vectors. Notably, our
proposed method does not incur additional computational costs in practice since the gradient term in
Theorem 1 relies on the existing keys, queries, and attention maps in the cross-attention layer, which
can be obtained for free in the forward path.

3.2 Energy-based Composition of Queries

In addition to the above key advantages, the cross-attention space EBMs shed new light on the
zero-shot compositional generation. Recent studies [8, 10] have demonstrated that the underlying
distributions of EBMs can be combined to represent different compositions of concepts. For example,
given a data pointx and independent concept vectorsc1; : : : ; cn , the posterior likelihood ofx given
a conjunction of speci�c concepts is equivalent to the product of the likelihood of each individual
concept as follows:

p(x j c1; : : : ; cn ) =
Y

i

p(x j ci ) / e�
P

i E( x j c i ) ; (13)

where eachE(x j ci ) represent independently trained EBM with concept codeci . While it is an
appealing solution to the controllable generation, it is notoriously dif�cult to train EBMs [9, 27] in a
way to make themselves scalable to high-resolution image generation. Instead of directly training
EBMs in pixel space, we leverage the cross-attention space EBMs and the generative power of
state-of-the-art pre-trained DMs to achieve high-�delity compositional generations.

More speci�cally, assume that we havemaincontext vectorsC 1 embedded from a main prompt,
e.g. "a castle next to a river ", and a set of independentediting context vectors,C =
f C 2; : : : ; C M g, each embedded from different editorial prompt, e.g. "monet style ", "boat on a
river ", etc. Then, we de�ne the keysK l;s for contexts within a cross-attention layer of indexl as
K l;s = C sW K;l ; 8s 2 f 1; 2; : : : ; M g. The indexl will be omitted for notational simplicity. Then,
for a given keyK s, we consider the energy function in cross-attention space w.r.tqueriesQ:

E(Q; K s) =
1
2

diag(QQ T ) �
P 2
X

i =1

logsumexp(K sqT
i ; � ); (14)

which is directly motivated by (3). We then introduce the compositional energy functionÊ, for the
concept conjunction ofC as in (13) and the updated rule as done in (6):

Ê(Q; f K sgM
s=1 ) =

1
M

MX

s=1

E(Q; K s)

=
1
2

diag(QQ T ) �
1

M

MX

s=1

P 2
X

i =1

logsumexp(K sqT
i ; � );

(15)

Qnew
T F =

1
M

MX

s=1

� s softmax2
�
� QT F K T

T F;s

�
V T F ; (16)

whereQT F , K T F;s andV T F directly follows the de�nition in (6) and the degree and direction of
s-th composition can be controlled for each concept individually by setting the scalar� s, with � s < 0
for concept negation [8]. Note that this is exactly a linear combination of transformer cross-attention
outputs from different contexts with� = 1=

p
dH . We refer to this process as the Energy-based

Composition of Queries (EBCQ).
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Figure 3: Energy analysis for multi-concept image generation. The right graph displaysE(Q; K )
across 16 cross-attention layers within each sampling step. The red and green lines correspond to the
Stable Diffusion and ours, respectively. Mean and standard deviation are calculated and displayed.
The bottom plot shows the cumulative sum of the posterior energy difference between Stable Diffusion
and the proposed method, and intermediate denoised estimates are displayed together.

This update rule implies that the compositional energy can be minimized implicitly through modi�ca-
tions to the forward path of EBCA, thereby guiding the integration of semantic information conveyed
by editorial prompts. Notably, this is a signi�cant departure from the existing energy-based composi-
tional methods [8, 26, 9]. Speci�cally, no training or �ne-tuning is required. Instead, cross-attention
outputs of the main and editorial prompts are simply obtained in parallel, averaged, and propagated
to the next layer. Moreover, the introduction of EBMs in cross-attention space is orthogonal to [22],
which conducts compositional generation by treating a pre-trained diffusion model� � � itself as an
implicitly parameterized EBM.

4 Experimental Results

To verify our claim of energy minimization via modi�ed cross-attention, we conduct various experi-
ments in text-guided image generation to verify semantic alignment, namely (1) multi-concept gener-
ation [22, 11], (2) text-guided image inpainting [23, 41], and (3) compositional generation [12, 1, 28]
which includes real and synthetic image editing. In this work, while the �rst and third applications
address similar challenges, we categorize them separately based on the implementation derived from
the energy-based interpretation. Speci�cally, the Energy-based Bayesian Context Update (EBCU) is
applied to every task, and the Energy-based Composition of Queries (EBCQ) is additionally leveraged
in the third task. Note that all applications have been done without additional training.

Setup.The proposed framework can be widely mounted into many state-of-the-art text-to-image DMs
due to its unique functionality of context updates and cross-attention map compositions. Here, we
verify the effectiveness of energy-based cross-attention with Stable Diffusion (SD) [31]. The SD is an
LDM that is pre-trained on a subset of the large-scale image-language pair dataset, LAION-5B [34]
followed by the subsequent �ne-tuning on the LAION-aesthetic dataset. For the text embedding,
we use a pre-trained CLIP [29] model following the Imagen [33]. The pre-trained SD is under the
creativeML OpenRAIL license. Detailed experimental settings are provided in the appendix.

4.1 Analysis on Energy during the sampling

We perform a comprehensive analysis on (8) and (9) during the forward path through the modi�ed
cross-attention, which offers insights into the energy behavior for real applications. Speci�cally, we
examine the energy dynamics involved in the multi-concept image generation that is straightforward
and could be readily applied to other applications with minimal effort. We record computed energy
values along layers and sampling steps 30 times with a �xed text prompt and then display them in
Figure 3 with the generated samples, where red and green lines denote the energy involved with the
Stable-Diffusion (SD) and the proposed method, respectively. For each sampling step block that is
alternately shaded, the energy values are plotted through 16 cross-attention layers.

Across all layers and sampling steps, the energy associated with the proposed method remains
consistently lower than that of the SD. This is in line with the semantic alignment between intermediate
denoised estimates and the given text prompt. In both cases of the SD and the proposed method,
E(Q; K ) decreases over sampling steps. This implies that the iterative re�nement of the updated
query carried over to subsequent sampling steps, resulting in a better match to the given context. Note
that the proposed method even achieves lower energy with the EBCU. More analyses are provided in
the appendix E including the ablation study.
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Figure 4: Multiconcept generation comparison. Each row indicates the Stable Diffusion, the Struc-
tured Diffusion, and the proposed method applied to the Stable Diffusion, respectively. Generated
samples in the same column used the same text prompt and the same random seed.

Figure 5: Text-guided inpainting comparison. The masked region is conditionally generated by given
text-prompt positioned on the left-end of each row.

4.2 Multi-Concept Generation

We empirically demonstrate that the proposed framework alleviates the catastrophic neglect and
attribute binding problems de�ned in the existing literature [4]. As shown in Figures 3 and 4, the
EBCU effectively mitigates these problems by promoting attention to all relevant concepts in the
prompt. Speci�cally, the regularization term introduced by the prior energy prevents a single context
from dominating the attention, while the attention term updates the context vectors in the direction of
input queries, improving semantic alignment and facilitating the retrieval of related information.

4.3 Text-guided Image Inpainting

In addition, we have evaluated the ef�cacy of the proposed energy-based EBCU on a text-guided
inpainting task. Although existing state-of-the-art DMs such as DALLE and SD can be employed for
inpainting by exploiting the ground-truth unmasked area [23], they usually require computationally
expensive �ne-tuning and tailored data augmentation strategies [23, 41]. In contrast, as shown in
Figure 5, our proposed energy-based framework signi�cantly enhances the quality of inpainting
without any �ne-tuning. Speci�cally, we incorporate the energy-based cross-attention into the Stable-
Repaint (SR) and Stable-Inpaint (SI) models, which can struggle to inpaint multiple objects (e.g.,
birthday hat andbow tie ) or unlikely combinations of foreground and background objects (e.g.,
Teddy bear on the Starry Night painting). In contrast, the proposed approach accurately �lls in
semantically relevant objects within the target mask region.

4.4 Compositional Generation

We demonstrate that the proposed framework improves the controllability and compositionality of
DMs, which is a signi�cant challenge for generative models. To assess this, we split the task into
synthetic and real image editing.
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Figure 6: Image editing comparison. The left three columns show examples of synthetic image editing,
while the right four columns show examples of real image editing. To ensure a fair comparison, the
same editing prompt, positioned on the left-end of each row, is given to all methods being compared.

Figure 7: Real image editing with multiple editing prompts. Given a real image at the left-end of
each row, the proposed method allows robust image editing with different prompts over each sample.

Synthetic image editing.Text-to-image DMs provide impressive results, but it is dif�cult to generate
images perfectly aligned with user intentions [1]. Although modifying prompts can guide generation,
it can also introduce unintended changes in the generated content. Our results, shown in Figure 5,
demonstrate that the proposed method can edit image contents while maintaining the original-prompt-
related identity of the generated images thanks to the EBCU, which continuously harmonizes the
latent representations and text prompts. While composable-diff [22] can generate compositions, they
often fail to preserve the original properties of images, such as the color in the second row, or fail to
compose the desired concept, such as the boat in the �rst row.

Real image editing.We demonstrate that the proposed framework can also edit real images, which
is especially challenging as existing methods often dramatically alter input content or introduce
unexpected variations. To do this, we integrate our framework with DDIM inversion [35, 25], which
inverts images with meaningful text prompts into the domain of pre-trained diffusion models. First,
we use the image captioning network BLIP [20] to automatically caption the interested image,
following [28]. Next, we obtain the inverted noise latents of the input image using Diffusion Pivotal
Inversion [25]. Then, we apply EBCQ and EBCU while denoising the inverted latents. The optimized
unconditional textual embedding vector is also targeted for additional EBCUs. The results in Figure
6 demonstrate that our method achieves better editing performance by avoiding undesired changes.
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Quantitative comparisons.We further conducted a comparative analysis of the proposed framework
against several state-of-the-art diffusion-based image editing methods [24, 12, 25, 28]. For our
evaluations, we focus on two image-to-image translation tasks. The �rst one is an animal transition
task, which translates (1) cat! dog, (2) horse! zebra, and (3) adding glasses to cat input images
(cat! cat with glasses). The second one is a human transition task, which translates (1) woman!
man, (2) woman! woman with glasses, and (3) woman! man with glasses. Source images are
retrieved from the LAION 5B dataset [34] and CelebA-HQ [15]. Motivated by [39, 28], we measure
CLIP Accuracy and DINO-ViT structure distance. Experimental details are provided in the appendix
E including explanations of baselines, datasets, metrics, and hyperparameter con�gurations.

Table 1: (Animal transition) Comparison to state-of-the-art diffusion-based editing methods. Dist for
DINO-ViT Structure distance. Baseline results are from [28].

Method (a) Cat ! Dog (b) Horse ! Zebra (c) Cat ! Cat w/ glasses

CLIP Acc (" ) Dist (#) CLIP Acc (" ) Dist (#) CLIP Acc (" ) Dist (#)

SDEdit [24] + word swap 71.2% 0.081 92.2% 0.105 34.0% 0.082
DDIM + word swap 72.0% 0.087 94.0% 0.123 37.6% 0.085

prompt-to-prompt [12] 66.0% 0.080 18.4% 0.095 69.6% 0.081
pix2pix-zero [28] 92.4% 0.044 75.2% 0.066 71.2% 0.028

Stable Diffusion + ours 93.7% 0.040 90.4% 0.061 81.1% 0.052

Figure 8: Real image editing on (a) animal transition and (b) human transition tasks.

Table 1 and 2 in the appendix show that the proposed energy-based framework gets a high CLIP-Acc
while having low Structure Dist. It implies that the proposed framework can perform the best edit
while still retaining the structure of the original input image. While DDIM + word swap records
remarkably high CLIP-Acc in horse! zebra task, Figure 8 shows that such improvements are based
on unintended changes in the overall structure. More visualizations are provided in the appendix E.

5 Conclusion, Limitations and Societal Impacts

Conclusion. In this work, we formulated the cross-attention with an energy perspective and proposed
the EBCU, a modi�ed cross-attention that could implicitly minimize the energy in the latent space.
Furthermore, we proposed EBCQ which is inspired by energy-based formulation of multiple text
composition. The proposed method is versatile as shown by multiple applications, theory-grounded,
easy to implement, and computationally almost free.

Limitations and Societal Impacts.The framework presented in this study generates images based
on user intentions, which raises concerns regarding potential misuse for creating deepfakes or other
forms of disinformation. It is crucial to ensure that these methods are implemented ethically and
regulated appropriately. Additionally, while the framework performs well across various tasks, it
requires pre-trained deep models, rendering it challenging to apply to out-of-domain datasets, such as
medical images.
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A Proof of Theorem 1

In computing a derivative of a scalar, vector, or matrix with respect to a scalar, vector, or matrix, we should be
consistent with the notation. In this paper, we follow the denominator layout convention as described in [42]. To
make the paper self-contained, we brie�y introduce the denominator layout and associate calculus.

The main motivation for using the denominator layout is from the derivative with respect to the matrix. More
speci�cally, for a given scalarc and a matrixW 2 Rm � n , according to the denominator layout, we have

@c
@W

=

2

6
6
4

@c
@w11

� � � @c
@w1n

...
. . .

...
@c

@wm 1
� � � @c

@wmn

3

7
7
5 2 Rm � n : (17)

Furthermore, this notation leads to the following familiar result:

@a> x
@x

=
@x > a

@x
= a: (18)

Accordingly, for a given scalarc and a matrixW 2 Rm � n , we can show that

@c
@W

:= UNVEC

�
@c

@VEC(W )

�
2 Rm � n ; (19)

in order to be consistent with (17), whereVEC() andUNVEC() refer to the vectorization operation and its
reverse, respectively. Under the denominator layout notation, for given vectorsx 2 Rm andy 2 Rn , the
derivative of a vector with respect to a vector given by

@y
@x

=

2

6
6
4

@y1
@x1

� � � @yn
@x1

...
. . .

...
@y1
@xm

� � � @yn
@xm

3

7
7
5 2 Rm � n : (20)

Then, the chain rule can be speci�ed as follows:

@c(g(u ))
@x

=
@u
@x

@g(u )
@u

@c(g)
@g

: (21)

Finally, the following property of the Kronecker delta product is useful throughout the paper [42]

VEC(ABC ) = ( C T 
 A )VEC(B ) (22)

(A 
 B )T = A T 
 B T (23)

Using this, we �rst prove the following key lemmas.

Lemma 1. For a given column vectorx 2 RN , we have

@logsumexp(x ; � )
@x

= softmax( � x )

Proof.

@logsumexp(x ; � )
@x

= � � 1 @log
P N

j =1 exp(�x j )

@x
=

2

6
6
6
4

exp( �x 1 )
P N

j =1 exp( �x j )

...
exp( �x P 2 )

P N
j =1 exp( �x j )

3

7
7
7
5

= softmax( � x )

Q.E.D.

Lemma 2. Let k i denote thei -th row vector ofK 2 RN � d . Then, we have

@k i k T
i

@K
= 2 ei

N (ei
N )T K

whereei
N represents aN -dimensional column vector where only thei -th entry is 1, with all other entries set to

zero.
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Proof. First, note that the expressionk T
i can be equivalently rewritten asK T ei . Then, we have

k i k
T
i = ( ei

N )T KK T ei
N

Furthermore, using (22), we haveK T ei
N = (( ei

N )T 
 I d )VEC(K T ) so that

@K T ei

@VEC(K T )
= ( ei

N 
 I d )

whereI d denotes thed � d identity matrix. Using the chain rule, we have

@k i k T
i

@VEC(K T )
=

@K T ei

@VEC(K T )
@k i k T

i

@K T ei
= 2( ei

N 
 I d )K T ei
N

Thus, we have

UNVEC

�
@k i k T

i

@VEC(K T )

�
= 2 UNVEC

�
(ei

N 
 I d )K T ei
N

�
= 2 K T ei

N (ei
N )T

where we again use (22). Therefore, by taking the transpose, we have

@k i k T
i

@K
= 2 ei

N (ei
N )T K :

Q.E.D.

Lemma 3.

r K logsumexp(Qk T
i ; � ) = ei

N (softmax( � Qk T
i )) T Q (24)

Proof. Note that
Qk T

i = QK T ei
N = QK T ei

N = (( ei
N )T 
 Q)VEC(K T ):

Hence, using (18) we have

@QK T ei

@VEC(K T )
= ei

N 
 QT (25)

Furthermore, using Lemma 1 we have

@logsumexp(Qk T
i ; � )

@VEC(K T )
=

@Qk T
i

@VEC(K T )
@logsumexp(Qk T

i ; � )
@Qk T

i

= ( ei
N 
 QT ) softmax( � Qk T

i )

leading to the following:

@logsumexp(Qk T
i ; � )

@K T = UNVEC

�
@logsumexp(Qk T

i ; � )
@VEC(K T )

�

= UNVEC
�

(ei
N 
 QT ) softmax( � Qk T

i )
�

= QT softmax( � Qk T
i )(ei

N )T

where we again use (22). Now, by taking the transpose, we can prove (24). Q.E.D.

Lemma 4.

@diag(KK T )
@K

= 2 K (26)

@log
P N

i =1 exp( 1
2 k i k T

i )
@K

=

2

6
4

[softmax(x )]1 � � � 0
...

. . .
...

0 � � � [softmax(x )]N

3

7
5 K (27)

wherediag(A ) denotes the sum of the diagonal element, i.e. trace ofA , andx i is a column matrix whosei -th
element is given byk i k T

i =2, and[�]i dentoes thei -th element.

Proof. First,

c = diag( KK T ) =
X

i;j

K 2
ij
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whereK ij denotes the(i; j )-th element. Therefore, using the denominator layout in (17), it is trivial to show that

@c
@K

= 2 K :

Second, let us construct a column vectorx whosei -th element is given byx i := k i k T
i =2. Then, using Lemmas 1

and 2 and the chain rule, we have

@log
P N

i =1 exp( 1
2 k i k T

i )
@K

=
X

i

@xi
@K

@logsumexp(x ; 1)
@xi

=
X

i

ei
N (ei

N )T K [softmax(x )] i

=
X

i

ei
N k i [softmax(x )] i

=

2

6
4

[softmax(x )]1 � � � 0
...

. . .
...

0 � � � [softmax(x )]N

3

7
5 K

This concludes the proof.

Theorem 1. For the energy functions

E(Q; K ) =
�
2

diag(KK T ) �
NX

i =1

logsumexp(Qk T
i ; � ) (28)

and

E (K ) = log
NX

i =1

exp(
1
2

k i k
T
i ); (29)

the gradient of the log posterior is given by:

r K log p(K j Q) = softmax 2
�
� KQ T �

Q �
�

� I + D
�

softmax
� 1

2
diag(KK T )

�� �
K ; (30)

Then, by using the chain rule the update rule of context vectorsC is derived as follows:

C n +1 = C n + 

�

softmax2
�
� KQ T �

Q �
�

� I + D
�

softmax
� 1

2
diag(KK T )

�� �
K

�
W T

K ; (31)

where
 > 0 is a step size, andD (�) is a vector-to-diagonal-matrix operator.

Proof. Based on the Bayes' theorem, the gradient of the log posterior is derived as:

r K log p(K j Q) = �
�
r K E(Q; K ) + r K E(K )

�
: (32)

Using Lemmas 1,2,3 and 4, we have

r K E(Q; K ) = � K �
X

i

ei
N (softmax( � Qk T

i )) T Q

= � K � softmax2(� QK T )Q (33)

Second, by noting thatE(K ) = log
P N

i =1 exp( 1
2 k i k T

i ), Lemma 4 informs us

r K E(K ) =

2

6
4

[softmax(x )]1 � � � 0
...

. . .
...

0 � � � [softmax(x )]N

3

7
5 K

= D
�

softmax
� 1

2
diag(KK T )

�
�

K

whereD (�) is a vector-to-diagonal-matrix operator that takesN -dimensionalsoftmax vector as an input and
returns aN � N diagonal matrix withsoftmax values as main diagonal entries. Therefore, one can �nally
obtain:

r K log p(K j Q) = softmax 2
�
� KQ T �

Q �
�

� I + D
�

softmax
� 1

2
diag(KK T )

�� �
K : (34)

By using the chain rule withK = CW K , the update rule of context vectorsC is derived as in (11).
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B Pseudo-code for EBCU and EBCQ

This section provides the description of the pseudocode for the proposed Energy-based Bayesian Context
Update (EBCU) and Energy-based Composition of Queries (EBCQ). Algorithm 1 outlines the cascaded context
propagation across cross-attention layers within the UNet model during the sampling stept. Note that the
context is reinitialized at the beginning of each sampling step. On the other hand, Algorithm 2 details the
EBCU implemented in each cross-attention layer. Speci�cally, the proposed EBCU provides a signi�cant
computational ef�ciency by reusing the similarityQK T , which requires computational costO(N 2), to compute
r K E (Q; K ). Consequently, there is only a small amount of additional computational overhead associated
with the proposed EBCU.

Algorithm 1 Context cascade at sampling stept
Require: Q t ; C clip ; UNet
1: C t  C clip // Re-initialize
2: for layer in UNetdo
3: if layer is CrossAttentionthen
4: Q t ; C t  layer(Q t ; C t ) // Algorithm 2
5: else
6: Q t  layer(Q t )
7: end if
8: end for
9: Q t +1  Q t

10: return Q t +1

Algorithm 2 Energy-based Bayesian Context Update (EBCU)
Require: Q; C ; W q ; W k ; W v ; �; �; 
 attn; 
 reg

1: Q; K ; V  QW q ; CW k ; CW v

2: S = QK T

3: Q  softmax2(� S)V
4: r K E (Q; K ) = softmax 2(� ST )Q
5: r K E (K ) = � (� I + D (softmax( 1

2 diag(KK T )))) K
6: � C = ( 
 attnr K E (Q; K ) + 
 regr K E (K ))W T

k
7: C  C + � C
8: return Q; C

Algorithm 3 outlines the pseudocode for the EBCQ implemented forM given contexts. For the simplicity, we
exclude the EBCU from the algorithm. Nontheless, the EBCU and the EBCQ could be leveraged together.

Algorithm 3 Energy-based Composition of Queries (EBCQ)
Require: Q; C = f C 1; :::; C M g; W q; W k ; W v ; � s; �
1: Q  QW q
2: for s in [1; :::; M ] do
3: K s; V s  C sW k ; C sW v

4: Ss = QK T
s

5: end for
6: Q  1

M

P M
s=1 � ssoftmax2(� Ss)V s

7: return Q

C Experimental setups

In this section, we describe detailed experimental setups for three applications including baseline method,
hyper-parameter of the proposed method, and dataset if it is the case. Code:https://github.com/
EnergyAttention/Energy-Based-CrossAttention .

C.1 Common experimental setup

We mainly leverage pre-trained Stable Diffusion v1-5 (except Table 1: v1-4) which is provided bydiffusers, a
Python library that offers various Stable Diffusion pipelines with pre-trained models. All images are sampled for
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50 steps via PNDM sampler [21] using NVIDIA RTX 2080Ti. In every experiment, we set the parameter� in
Equation (9) to zero, focusing solely on controlling the values of
 attn and
 reg . EBCU is applied to every task,
and EBCQ is additionally employed in C.4.

Different learning rate for each token It is worth noting that the
 attn and
 reg could be expressed as vectors.
In other words, if the contextC 2 RN � dc is given,
 attn and
 reg areN -dimensional vectors. Hence, we have
the �exibility to adjust the learning rate
 f�g , allowing us to increase or decrease the impact of certain tokens
based on the user's intent. Unless otherwise noted,
 attn and
 reg is set to a constant for each text token.

Learning rate schedulingSince the proposed EBCU is leveraged for the diffusion model, one can readily
introduce scheduling strategies for
 attn and
 reg along the sampling stept. We implement multiple variants
such as `constant', `step', and `exponential decay' as follows.

[constant] 
 (t) = 
 0

[step] 
 (t) = 
 0 � ReLu(t � � )

[exp-decay] 
 (t) = 
 0 � � t

(35)

where
 0 is the initial value,ReLu(x) = 0 if x � 0, otherwise 1,� denotes the temporal threshold, and�
denotes the decay ratio. Unless stated otherwise, the scheduling strategy is set to the `constant'.

C.2 Multi-concept image generation

We compared the performance of the proposed method with Structured Diffusion [11] which does not require
additional training as our method. We leveraged the open-sourced of�cial implementation1.

For the proposed method, we set the
 attn and
 reg differently for each sample within [1e-2, 1.5e-2, 2e-2]. As
shown in the following ablation studies E, large
 attn tends to generate saturated images while large
 reg results
in mixed/vanished contents.

We found that using different learning rates for each context token is useful for multi-concept generation,
especially when a single concept tends to dominate with a constant learning rate. For example, given the main
prompt"A cat wearing a shirt" , we set the
 attn for the"shirt" to 3e-2, while
 attn is set to 1.5e-2 for
other tokens. We have observed that doubling the
 attn for a text token to be emphasized is suf�cient to achieve
balanced multi-concept image generation for most cases.

C.3 Text-guided image inpainting

Additionally, we conducted a performance comparison between our proposed method and two alternative
approaches: (a) Stable Inpaint2, which �ne-tunes the weights of Stable Diffusion through inpainting training,
and (b) Stable Repaint3, which leverages the work of Lugmayr et al. [23] on the latent space of Stable Diffusion
for the inpainting task. In the case of Stable Repaint, the mask is downsized and transferred into the latent
space. We applied the Energy-based Bayesian Context Update (EBCU) technique to both methods, resulting in
improved results compared to their respective baselines.

Masked EBCU. To further enhance the performance for the inpainting task, we introduce the concept of
masked Energy-based Bayesian Context Update (masked EBCU). Speci�cally, letM 2 RP 2

l � P 2
l represent a

diagonal matrix where the main diagonal values are derived from the downsampled inpainting mask for thel-th
cross-attention layer, with an output spatial size ofP 2

l . In Equation (36), we modify the attention term (12) by
incorporating the downsampled mask, effectively covering the query matrix as follows:

C n +1 = C n + 

�

softmax2
�
� KQ T �

MQ �
�

� I + D
�

softmax
� 1

2
diag(KK T )

�� �
K

�
W T

K : (36)

As evident in Equation (12), the attention term updates the context vectors, aligningk i towardsqj ; j =
1; : : : ; P 2

l , while considering the alignment strength between eachqj andk i . However, in the inpainting task,
we have prior knowledge that the context vectors should be most aligned with the semantically relevant masked
regions. Therefore, we mask out unrelated background spatial representations, allowing for the context vectors to
be updated with a speci�c focus on the masked regions. This approach facilitates the incorporation of semantic
information encoded byk i speci�cally into the spatial mask regions.

In our proposed method, we set different values for
 attn and
 reg for each sample, selected from the set [1e-2,
1.5e-2, 2e-2, 2.5e-2], to account for variations in the input samples.

1https://github.com/weixi-feng/Structured-Diffusion-Guidance
2https://huggingface.co/runwayml/stable-diffusion-inpainting
3https://github.com/huggingface/diffusers/tree/main/examples/community#

stable-diffusion-repaint
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C.4 Image editing via compositional generation

We present empirical evidence demonstrating the effectiveness of our energy-based framework for compositional
synthetic and real-image editing. The Energy-based Bayesian Context Update (EBCU) technique can be readily
applied to both the main context vector (C 1 in Section 3.2,s = 1 ) and editorial context vectors (C s> 1). Each
EBCU operation in�uences the attention maps used in the Energy-based Composition of Queries (EBCQ),
enhancing the conveyance of semantic information associated with each context. Note that� s in (16) represents
the degree of in�uence of thes-th concept in the composition. In practice, we �x� 1 = 1 for the main context,
while � s> 1 is tuned within the range of (0.5, 1.0).

Let 
 attn;s and
 reg;s denote the step sizes for EBCU of thes-th context vector. If the editing process involves
changing the identity of the original image (e.g., transforming a "cat" into a "dog"), we set both
 attn; 1 and

 reg; 1 to zero. Otherwise, if the editing maintains the original identity, we choose values for
 attn; 1 and
 reg; 1

from the range of (5e-4, 1e-3), similar to
 attn; ( s> 1) and
 reg; ( s> 1) . All hyperparameters, including� s and
 s ,
are �xed during the quantitative evaluation process (more details in Section D and Table 3).

To ensure consistent results, we maintained a �xed random seed for both real and synthetic image editing. For
real image editing, we employed null-text pivotal inversion [25] to obtain the initial noise vector.

During the reverse diffusion process in Sections C.2 and C.3, we kept
 �xed as a constant value. However, for
compositional generation, we utilized step scheduling (Equation 35) for
 s and� s . After converting the initial
noise vector for real images or using a �xed random seed for synthetic images, EBCU and EBCQ are applied
after a threshold time� s > 0 for thes-th editorial context. This scheduling strategy helps to preserve the overall
structure of generated images during the editing process. In our observations, a value of� s 2 [10; 25] generally
produces satisfactory results, considering a total number of reverse steps set to 50. However, one can increase or
decrease� s for more aggressive or conservative editing, respectively.

The exemplary real images presented in Figures 5 and 6 of the main paper were sampled from datasets such as
FFHQ [17], AFHQ [5], and ImageNet [7]. For a detailed quantitative analysis, please refer to Section D.

D Quantitative Comparison

In this section, we conducted a comparative analysis of the proposed framework against several state-of-the-art
diffusion-based image editing methods [24, 12, 25, 28], following the experimental setup of [28]. To ensure a
fair comparison, all methods utilize the pre-trained Stable Diffusion v1-4, employ the PNDM sampler with an
equal number of sampling steps, and adopt the same classi�er-free guidance scale.

D.1 Baseline Methods

In addition to the Plug-and-Play method discussed in the main paper, we include the following baselines for
comprehensive quantitative comparison:

SDEdit [24] + word swap. This method introduces the Gaussian noise of an intermediate timestep and
progressively denoises images using a new textual prompt, where the source word (e.g.,Cat) is replaced with
the target word (e.g.,Dog).

Prompt-to-prompt (P2P) [12]. P2P edits generated images by leveraging explicit attention maps from a source
image. The source attention mapsM t are used to inject, re-weight, or override the target maps based on the
desired editing operation. These original maps act as hard constraints for the edited images.

DDIM + word swap [ 25]. This method applies null-text inversion to real input images, achieving high-�delity
reconstruction. DDIM sampling is then performed using inverted noise vectors and an edited prompt generated
by swapping the source word with the target.

pix2pix-zero [28]. pix2pix-zero �rst derives a text embedding direction vector4 cedit from the source to the
target by using a large bank of diverse sentences generated from a state-of-the-art sentence generator, such as
GPT-3 [2]. Inverted noise vectors are denoised with the edited text embedding,c + 4 cedit, and cross-attention
guidance to preserve consensus.

Cycle-diffusion [40]. Cycle-diffusion reformulates diffusion models as deterministic mappings from a Gaussian
latent code to images. It presents a DPM-Encoder that allows for encoding images into this latent space.

D.2 Dataset

For the animal transition task, we focus on three image-to-image translation tasks: (1) translating cats to dogs
(cat! dog), (2) translating horses to zebras (horse! zebra), and (3) adding glasses to cat input images (cat!
cat with glasses). Following the data collection protocol of [28], we retrieve 250 relevant cat images and 213
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horse images from the LAION 5B dataset [34] using CLIP embeddings of the source text description. We select
images with a high CLIP similarity to the source word for each task.

For the human transition task, we focus on three image-to-image translation tasks: (1) woman! man, (2)
woman! woman w/ glasses, and (3) woman! man w/ glasses. For this, we select source images of women
without wearing glasses from CelebA-HQ. To ensure fair comparisons, all methods leverage the same version of
Stable Diffusion, sampler, sampling steps, etc.

D.3 Metrics

Motivated by [39, 28], we measure CLIP Accuracy and DINO-ViT structure distance. Speci�cally, (a) CLIP
Acc represents whether the targeted semantic contents are well re�ected in the generated images. It calculates
the percentage of instances where the edited image has a higher similarity to the target text, as measured by
CLIP, than to the original source text [28]. On the other hand, (b) structure distance [39, 38] measures whether
the overall structure of the input image is well preserved. It is de�ned as the difference in self-similarity of the
keys extracted from the attention module at the deepest DINO-ViT [3] layer.

D.4 Details

The main context vectorC main is encoded given a main prompt automatically generated by BLIP [20]. In
addition, the editorial context vectorsC src andC tgt are encoded given the text descriptions of the source and
target concept, i.e. source and target prompt. For example, for a cat! dog task (cat! cat w/ glasses), the source
prompt is"cat" ("cat wearing glasses" ), and the target prompt is"dog" ("without glasses" ). Then
we apply EBCU and EBCQ based on the obtained context vectors. Please refer to Table 3 for the hyperparameter
con�gurations.

D.5 Results

Table 1 and 2 show that the proposed energy-based framework gets a high CLIP-Acc while having low Structure
Dist. It implies that the proposed framework can perform the best edit while still retaining the structure of
the original input image. This is a remarkable result considering that the proposed framework is not specially
designed for the real-image editing task. Moreover, the proposed framework does not rely on the large bank of
prompts and editing vector4 cedit [28] which can be easily incorporated into our method.

While DDIM + word swap records remarkably high CLIP-Acc in horse! zebra task, Figure 9 and 16 show
that such improvements are based on unintended changes in the overall structure. Table 3 summarizes the
hyperparameter settings for each task. Examples of results are presented in Figure 17 and 16.

Table 2: (Human transition) Comparison to state-of-the-art diffusion-based editing methods. Dist for
DINO-ViT Structure distance.

Method (a) Woman ! Man (b) Woman ! Woman w/ glasses (c) Woman ! Man w/ glasses

CLIP Acc (" ) Dist (#) CLIP Acc (" ) Dist (#) CLIP Acc (" ) Dist (#)

CycleDiffusion [40] 57.0% 0.156 74.0% 0.018 63.5% 0.237
Pix2pix-zero 93.0% 0.043 66.0% 0.024 93.9% 0.052

Stable Diffusion + ours 94.0% 0.035 99.0% 0.029 96.0% 0.037

Table 3: Hyperparameter con�gurations for each editing task. Each task index comes from Table 1.

 attn;main = 0 and
 reg;main = 0 as mentioned in section C.4. Note that� src < 0 for the concept
negation (related ablation study in Figure 11).� s denotes the warm-up period for step scheduling in
(35) and Section C.4.

Task � src � tgt 
 � ;main 
 attn;src 
 reg;src 
 attn;tgt 
 reg;tgt � s

(a) -0.65 0.75 0 5e-4 5e-4 6e-4 6e-4 25
(b) -0.5 0.6 0 4e-4 4e-4 5e-4 5e-4 15
(c) -0.6 0.7 0 1e-3 1e-3 1e-3 1e-3 17
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Figure 9: Image editing comparison with DDIM-inversion. Generated samples by DDIM-inversion
with word swap readily deviate the original data contents, while the proposed method avoids undesired
changes.

E Ablation study and more results

Figure 10: Ablation results for
 attn and
 reg . All samples are generated from the same random
noise.
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