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Abstract

Text-to-image diffusion models significantly enhance the ef-
ficiency of artistic creation with high-fidelity image gener-
ation. However, in typical application scenarios like comic
book production, they can neither place each subject into
its expected spot nor maintain the consistent appearance of
each subject across images. For these issues, we pioneer a
novel task, Layout-to-Consistent-Image (L2CI) generation,
which produces consistent and compositional images in ac-
cordance with the given layout conditions and text prompts.
To accomplish this challenging task, we present a new for-
malization of dual energy guidance with optimization in a
dual semantic-latent space and thus propose a training-free
pipeline, SpotActor, which features a layout-conditioned op-
timizing stage and a consistent sampling stage. In the op-
timizing stage, we innovate a nuanced layout energy func-
tion to mimic the attention activations with a sigmoid-like
objective. While in the sampling stage, we design Regional
Interconnection Self-Attention (RISA) and Semantic Fusion
Cross-Attention (SFCA) mechanisms that allow mutual in-
teractions across images. To evaluate the performance, we
present ActorBench, a specified benchmark with hundreds
of reasonable prompt-box pairs stemming from object de-
tection datasets. Comprehensive experiments are conducted
to demonstrate the effectiveness of our method. The results
prove that SpotActor fulfills the expectations of this task and
showcases the potential for practical applications with supe-
rior layout alignment, subject consistency, prompt conformity
and background diversity.

Project page —
https://johnneywang.github.io/SpotActor-webpage/

Introduction
Diffusion probabilistic models (Ho, Jain, and Abbeel 2020;
Rombach et al. 2022; Sohl-Dickstein et al. 2015a) have
achieved notable success in the realm of image generation.
Within this domain, text-to-image (T2I) diffusion models
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Figure 1: Given bounding boxes and text prompts of sub-
jects, our method generates high-quality images where sub-
jects align to the layout and share a consistent appearance.

(Ho and Salimans 2022; Podell et al. 2023) enable artists
to generate high-quality images with descriptions of their
desired subjects. Thus, their applicability extends to numer-
ous practical contexts for their substantial contributions to
artistic productivity. Despite the success, however, their per-
formance in some application scenarios still exhibits aspects
in need of further refinement. For instance, in real-world cre-
ation scenarios like comic book drawing, a natural process
involves conceptualizing the appearance of a specific char-
acter, designing the visual layout of each scene, and then
illustrating a series of images of the character. This process
reflects two essential skills of professionals: the ability to
preserve appearance consistency of the same character, and
the capacity to render image content in alignment with the
pre-defined layout—both of which are lacking in standard
diffusion models.

Since the emergence of diffusion models, the challenges
of subject consistency and layout controllability have con-
tinuously been two separate topics of ongoing research in-
terest. For subject consistency, TheChosenOne (Avrahami
et al. 2024) first introduces the task of consistent subject
generation, which aims to generate consistent images of
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the same subject solely driven by prompts, and differen-
tiate it from other analogous tasks. It proposes a tuning-
based approach to accomplish this task yet its iterative back-
bone tuning process results in high computational expenses
and may degrade the image quality. Later, OneActor (Wang
et al. 2024) achieves a 4× faster tuning speed without sac-
rificing the image quality via intricate cluster-conditioned
guidance. More recently, training-free methods (Tewel et al.
2024; Zhou et al. 2024b) are proposed to bypass the tuning
process by enhancing the backbone with handicraft mod-
ules activated during the inference process. For the lay-
out controllability, prevailing methods (Epstein et al. 2023;
Mo et al. 2024; Chen, Laina, and Vedaldi 2024) manage
to achieve the layout-to-image generation task via energy
guidance in a training-free manner. To specify, they regulate
the latent codes through the backward propagation driven
by customized energy functions and thus align the visual
elements to their expected positions. Nevertheless, in the
context of the aforementioned creation scenario, no exist-
ing work embarks on addressing both challenges simulta-
neously. Besides, existing works in either task pay limited
attention to the role of the semantic space in T2I models.

For these issues, we pioneer a novel task, layout-to-
consistent-image (L2CI) generation. As shown in Fig. 1,
given a series of expected bounding boxes, the correspond-
ing subject descriptions (e.g. fairy&unicorn) and the plot
descriptions, this task aims to generate a series of images
where subjects share the consistent appearance as well as
occur perfectly in the given boxes. To accomplish this chal-
lenging task, we propose SpotActor, the first L2CI gener-
ation pipeline in a training-free manner. We start from the
insight that the semantic space and spatial latent space of
diffusion models are inherently entangled and share certain
properties (Li et al. 2024; Wang et al. 2024). Hence, we con-
sider the semantic and latent space as a whole dual space and
present a new formalization of dual energy guidance, which
defines an update trajectory in the dual space. The formaliza-
tion splits the pipeline into two stages: a layout-conditioned
optimizing stage and a consistent sampling stage. In the op-
timizing stage, we design a sigmoid-like objective based on
in-depth analysis of the network activations to regulate the
attention distributions. The objective later drives a backward
update of the latent codes and the semantic embeddings to
search for an optimal alignment with the pre-defined boxes.
Subsequently in the sampling stage, we enhance the ordi-
nary backbone with Regional Interconnection Self-Attention
(RISA) and Semantic Fusion Cross-Attention (SFCA) mech-
anisms in order to allow inter-image level spatial-spatial
interactions and spatial-semantic interactions according to
the layout conditions, respectively. To evaluate the perfor-
mance in this task, we present ActorBench, the first L2CI
benchmark including hundreds of prompt-box pairs and a
set of evaluation metrics. We creatively utilize real-world
object detection datasets to construct the prompt-box pairs
that comply with objective principles. Comprehensive ex-
periments verify our motivation and the effectiveness of our
method. The balanced layout alignment, subject consistency,
prompt conformity and background diversity confirm that
SpotActor fulfills the expectations of this task.

To summarize, our main contributions are as follows:

• We pioneer the layout-to-consistent-image generation
task that aims to maintain a consistent appearance of sub-
jects as well as align them to the given layout.

• We consider the semantic and latent space as a whole
dual space and formalize a novel dual energy guidance
to jointly optimize in the semantic-latent space.

• We propose SpotActor pipeline to address the L2CI task,
which features a backward update based on the nuanced
layout energy and a forward sampling enhanced by two
intricate attention mechanisms.

• We present the first L2CI generation benchmark, Actor-
Bench, and conduct comprehensive experiments to eval-
uate the effectiveness of our method.

Related Work
Consistent Subject Generation. This task is first pro-
posed by TheChosenOne (Avrahami et al. 2024) and focuses
on generating images of the same subject based solely on de-
scriptive prompts, which is different from the customization
tasks (Song et al. 2023; Kwon et al. 2024; Zhou et al. 2024a).
The pioneer work presents a repetitive process of generating,
clustering and tuning to regulate the generation distribution
into a cohesive cluster. Yet the laborious process takes 20
minutes to function and may harm the inner capacity of the
backbone. Later, OneActor (Wang et al. 2024) proposes a
cluster guidance paradigm, supersedes the backbone tuning
with a projector optimization and reduces the required time
to 5 minutes. More recently, training-free methods (Tewel
et al. 2024; Zhou et al. 2024b) are introduced to elimi-
nate the tuning process with new self-attention mechanisms
that directly function during the inference. Nonetheless, the
training-free methods hardly notice the spatial-semantic in-
teraction of the diffusion process, and no attempts have been
made to incorporate the layout control. Thus, we accomplish
a novel layout-controlled consistent subject generation task
by leveraging latent-semantic optimization.

Layout-to-Image Generation. As diffusion models pre-
vail, numerous works manage to harness the diffusion back-
bone to generate images aligning with the given layout like
boxes or blobs. Early tuning-based methods fine-tune the
backbone with handicraft modules (Li et al. 2023; Nie et al.
2024) or specific token embeddings (Yang et al. 2023) to
inject layout conditions, while training-free methods (Balaji
et al. 2022; Rombach et al. 2022; Kim et al. 2023) achieve
the goal by manipulating the attention procedure. Recently,
a branch of training-free methods (Couairon et al. 2023; Xie
et al. 2023; Epstein et al. 2023; Chen, Laina, and Vedaldi
2024) is gaining prominence for its elegant energy guidance.
To specify, they design a backward propagation based on the
layout loss, which optimizes the latent codes to align with
the given layout. However, optimizing solely in the latent
space restricts the search range as the other half, the seman-
tic space, is continuously neglected. Hence, we formalize a
new dual energy guidance approach to jointly optimize the
latent codes and semantic embeddings, unleashing the full
potential of the diffusion model.
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Preliminaries
Before introducing our method, we first provide a brief re-
view of diffusion models. From the score-based perspec-
tive (Song and Ermon 2019; Song et al. 2021), diffusion
models (Sohl-Dickstein et al. 2015b; Ho, Jain, and Abbeel
2020; Rombach et al. 2022) essentially manage to estimate
a score function of the latent distribution of real images,
∇zt

log p(zt), where zt is contaminated data from a prede-
termined, time-dependent noise addition process. A denois-
ing network θ is trained to estimate the score at each step:
ϵ̂t = ϵθ(zt, t, c) ≈ −σt∇zt log p(zt), where σt are pre-
defined constants, c is the semantic embeddings of the given
prompt. Then during generation, taking DDPM (Ho, Jain,
and Abbeel 2020) as an example, high-quality images are
sampled from random noise by iteratively predicting zt−1

from zt based on the score in a step-by-step manner:

zt−1 =
1√

1− βt
(zt + βt∇zt

log p(zt)) +
√
βtϵ, (1)

where βt is a set of pre-defined constants and ϵ ∼ N (0, I).
To incorporate more flexible control, energy guidance (Zhao
et al. 2022) suggests that any energy function e(zt, t, c) can
be leveraged like a score to update the latent codes for dif-
ferent purposes:

zt ←− zt − vσt∇zt
e(zt, t, c), (2)

where v is the energy guidance scale.
Inside the denoising network, θ, commonly implemented

as a U-Net (Ronneberger, Fischer, and Brox 2015), self-
attention layers project features of latent codes, h, into
queries, key and value through projection matrices W:
Qsa = h ·Wsa

Q, Ksa = h ·Wsa
K, Vsa = h ·Wsa

V. While
cross-attention layers project h into queries and project se-
mantic embeddings into keys and values: Qca = h ·Wca

Q,
Kca = c · Wca

K, Vca = c · Wca
V. The outputs, h′, are

then calculated via standard attention mechanism: A =

softmax
(
Q ·K⊤/

√
dk

)
, h′ = A ·V, where dk is the fea-

ture dimension of WQ and WK.

Method
Overview
In this task, users input a batch of N prompt embeddings,
{ci}Ni=1, where N ≥ 2, with the token embeddings of
the central subject, {csub

i }Ni=1, and bounding boxes, {bi =
(hmin

i , wmin
i , hmax

i , wmax
i )}Ni=1. Our goal is to generate N con-

sistent images of the subject with respect to the layout boxes.
For this purpose, we propose a L2CI generation pipeline,
SpotActor, as shown in Fig. 2. To elaborate, we first con-
sider the latent and semantic space as a whole and formalize
a new dual energy guidance approach which consists of two
stages at each generation step. The optimizing stage man-
ages to place the subject in the desired location, in which we
update the latent codes and semantic embeddings with nu-
anced layout energy based on in-depth activation analysis.
Subsequently, the sampling stage contributes to the consis-
tent appearance of the subject, in which we enhance the U-
Net sampling with Regional Interconnection Self-Attention

(RISA) and Semantic Fusion Cross-Attention (SFCA) mech-
anisms in Figs. 2(b) and 2(c). Note that though we illustrate
with single subject generation for simplicity, our pipeline
can be seamlessly extended to multiple subject generation.

Formalization of Dual Energy Guidance
The standard energy guidance consists of a backward update
process pb and a forward sampling process pf to transform
zt to zt−1 at each step, which can be denoted as:

p(zt−1 | zt) = pf (zt−1 | z∗
t ) · pb(z∗

t | zt), (3)

where z∗
t is the optimized latent codes. In the optimizing

stage, Eq. (2) with a control energy function is used to up-
date the latent code until an optimal z∗

t that minimizes the
control energy is found. Subsequently, the forward sampling
in Eq. (1) is performed to finish this step. However, the stan-
dard approach determines a sampling trajectory solely in the
latent space and neglects the role of semantic condition. As
proven in previous works (Li et al. 2024; Wang et al. 2024),
the latent space and the semantic space are inherently entan-
gled together and ought to be regarded as a whole. Thus, we
propose to reform Eq. (3) into:

p(zt−1, ct−1 | zt, ct) =

pf (zt−1, ct−1 |z∗
t , c

∗
t ) · pb(z∗

t , c
∗
t | zt, ct),

(4)

where pb and pf are layout-conditioned backward update
and consistent forward sampling, which will be detailed in
the following subsections.

Layout-Conditioned Backward Update
Composition Property of Cross-Attention. In the pursuit
of designing an effective energy function for layout control
without image quality degradation, we initiate our approach
by analyzing the composition property of the cross-attention
component. We conduct a standard generation process on
SDXL (Podell et al. 2023) and collect the cross-attention
maps Aca to explore the interaction between spatial pixels
and semantic tokens. Fig. 3(a) presents the intra-token nor-
malized maps (IntraM) from U-Net encoder layers, bottle-
neck layers, and decoder layers. It demonstrates that the ac-
tivation of spatial pixels by semantic tokens corresponds to
the composition of the final image, which echoes previous
works (Hertz et al. 2023; Tumanyan et al. 2023). Beyond
this established conclusion, we further observe that the cor-
respondence intensifies with increasing network depth from
encoder to decoder layers. Meanwhile, we normalize IntraM
to the same scale to obtain the inter-token normalized maps
(InterM) in Fig. 3(b) and thus reveal that different semantic
tokens do not activate the spatial pixels equally, but exhibit
different levels. These varying degrees of semantic-spatial
interactions have a nuanced impact on the final image qual-
ity. We consider this discovery to be highly significant, yet
it has been hardly utilized in existing works.

Nuanced Layout Energy Function. The analysis above
inspires us to transform the layout conditions into precise
target distributions to regulate the generated subjects. To this
end, we proceed with a detailed distribution analysis con-
centrating on three nouns in Fig. 3(c). We can observe that
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Figure 2: The overall architecture of SpotActor. (a) Our method consists of two stages at each sample step in a dual energy
guidance manner. The optimizing stage adjusts the latent codes and semantic embeddings via the nuanced layout energy based
on the sigmoid-like objective. Subsequently, the sampling stage is enhanced by two intricate attention mechanisms: (b) RISA
and (c) SFCA.

the activation of each noun exhibits a peak shape aligning
with its spatial location at a certain range level. For exam-
ple, the activation of the dog token maintains high values in
the center part of the dog spatial area. When approaching the
edge part, it sharply declines to lower values. To mimic the
intra-token peak distribution, we extend Sigmoid function to
2-dimensional:

Sigmoid(x, y) =
1

1 + e−s·(1− (x−µ1)2

σ1
+

(y−µ2)2

σ2
)
, (5)

where (µ1, µ2) marks the center; σ1 and σ2 establish the
margin and s is a shape control factor. Yet for the inter-
token distributions, directly regulating the range levels may
degrade the image quality. For this issue, we employ spa-
tial normalization to allow the model to allocate activation
levels spontaneously. Therefore, the whole backward up-
date can be articulated as below. Given a bounding box
b = (hmin, wmin, hmax, wmax) and a subject token embedding
csub, we first define the target distribution in Eq. (5):

µ1 =
hmin + hmax

2
, µ2 =

wmin + wmax

2
, (6)

σ1 =
(hmax − hmin)2

4
, σ2 =

(wmax − wmin)2

4
. (7)

We execute the forward sampling of U-Net to collect the
cross-attention maps Aca ∈ RK×S of the subject token from
the U-Net decoder, averaged across different layers. K is the

number of attention heads and S = H×W is the total num-
ber of flattened pixels, where H and W are the height and
width, respectively. We then reshape it and perform min-
max normalization along the spatial dimensions to obtain
Ãca ∈ RK×H×W . The energy function can then be calcu-
lated by:

e =
1

KHW

∑
k

∑
h

∑
w

(
Ãca

khw − Sigmoid(
h

H
,
w

W
)

)2

,

(8)
where k, h, w are dimension indices. From the dual en-
ergy guidance perspective of Eq. (4), we simultaneously up-
date the semantic embedding in the optimizing stage besides
Eq. (2):

ct ←− ct − wσt∇ct
e(zt, t, c), (9)

until a batch of optimal (z∗
t , c

∗
t ) are found. Note that even

though the semantic update doesn’t necessarily need σt, we
add it as a dynamic step-wise weight.

Consistent Forward Sampling
For the semantic space, we define the forward sampling as
ct−1 = c∗t . While for the latent forward sampling, we en-
hance the ordinary U-Net with two attention mechanisms to
maintain consistent appearance of the subject.

Regional Interconnection Self-Attention. The self-
attention mechanism in ordinary U-Net enables the spatial
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Figure 3: Illustration of the attention analysis. (a) IntraM is
the attention map normalized within each token, while (b)
InterM is normalized across all the tokens. We further visu-
alize (c) 3D distributions of attention maps and propose (d)
sigmoid-like approximate distributions.

pixels from one image to interact with each other, contribut-
ing to the final image with a consistent style and content.
We desire to broaden the scope of this mechanism to an
inter-image level with respect to the layout conditions,
which gives rise to RISA. As illustrated in Fig. 2(b), given
binary layout masks Mi ∈ RH×W transformed from bi and
features of latent codes hi, we first flatten the masks and
expand to obtain Msa

i ∈ RK×S×S . Then we concatenate
keys and values, respectively and utilize layout masks to
precisely control the interconnection region:

Ksa+ = [Ksa
1 ⊕Ksa

2 ⊕ . . .⊕Ksa
N ], (10)

Vsa+ = [Vsa
1 ⊕Vsa

2 ⊕ . . .⊕Vsa
N ], (11)

Msa+
i = [Msa

1 . . .Msa
i−1 ⊕ I⊕Msa

i+1 ⊕ . . .⊕Msa
N ], (12)

hsa
i = Softmax(Qsa

i ·Ksa+⊤/
√

dk+logMsa+
i )·Vsa+, (13)

where I is matrix of ones, ⊕ indicates matrix concatenation
and the superscript + represents the enlarged matrix.

Semantic Fusion Cross-Attention. The role of semantic
space, as we highlight throughout our work, has been con-
tinuously overlooked in consistent generation works (Tewel
et al. 2024; Zhou et al. 2024b). Hence, we design SFCA to
enable each image to interact with all the semantic condi-
tions within the batch. As shown in Fig. 2(c), given Mi, hi

and the semantic embedding ci, Mca
i ∈ RK×S×1 is obtained

by flattening, transposing and expanding. We then locate the
corresponding Ksub

i and Vsub
i of the subject token and cross-

concatenate them for a fused interaction within the layout
region:

Kca+
i = [Ksub

1 ⊕. . .Ksub
i−1⊕Kca

i ⊕Ksub
i+1⊕. . .⊕Ksub

N ], (14)

Vca+
i = [Vsub

1 ⊕. . .Vsub
i−1⊕Vca

i ⊕Vsub
i+1⊕. . .⊕Vsub

N ], (15)

Mca+
i = [Mca

1 . . .Mca
i−1 ⊕ I⊕Mca

i+1 ⊕ . . .⊕Mca
N ], (16)

hca
i = Softmax(Qca

i ·Kca+⊤
i /

√
dk + logMca+

i ) ·Vca+
i .
(17)

Experiment
Actor-Bench. To provide a fair and objective measure-
ment of this novel task, we present ActorBench, the first
layout-to-consistent-image generation benchmark. It in-
cludes 100 single-subject sets and 100 double-subject sets.
Every set consists of four prompt-box pairs of the same cen-
tral subject(s). In the endeavor for prompts and boxes that
comply with objective principles, we direct our focus on
COCO2017 (Lin et al. 2014), a detection dataset of real-
world photos. We utilize the train set annotations to ob-
tain naturally associated subject-box pairs. We first perform
data cleaning to remove boxes that are excessively small or
positioned too close to the edge. Subjects that are inher-
ently uniform in appearance (e.g. apple) or unlikely to be
personalized (e.g. plane) are also removed. Then we col-
lect four boxes of the same subject as a single-subject set
and four double-boxes of the same double-subjects that ex-
ist in the same image as a double-subject set. All the sub-
jects are divided into three main types: human, animal, and
object and we instruct ChatGPT (OpenAI 2023) to ran-
domly convert some subjects to other more creative sub-
jects of the same type (e.g. dog−→dragon) and retain the
corresponding boxes. Finally, we instruct ChatGPT to gen-
erate four formatted prompts for every set of subject(s):
[appearance]+[action]+[background]+[style]. Note that ap-
pearance and style remain the same within one set and ac-
tion is only applicable for human and animal.

Metrics. For evaluation, we perform subject-driven seg-
mentation using Grounded-SAM (Ren et al. 2024) to ob-
tain the subject boxes and separate the foregrounds (fg) and
backgrounds (bg) of generated images. DINO (Oquab et al.
2023), CLIP (Radford et al. 2021) and LPIPS (Zhang et al.
2018) are utilized to extract visual embeddings. We intro-
duce four dimensions of metrics: (1) layout alignment: we
report the mean IoU (mIoU) between the detected boxes and
the given boxes; (2) subject consistency: we calculate the co-
sine similarity among the visual embeddings of foregrounds
to obtain DINO-fg and CLIP-fg. LPIPS-fg is also computed;
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Figure 4: The qualitative comparison between baselines and our SpotActor. Our method shows superior layout controllability
compared to LayoutGuidance and exhibits better subject consistency compared to StoryDiffusion. The central subjects are
marked in blue and the given boxes are outlined in blue lines.

(3) prompt conformity: we report the CLIP-T-Score (Hes-
sel et al. 2021) among the whole images; (4) background
diversity: we calculate the scores of backgrounds to obtain
DINO-bg, CLIP-bg and LPIPS-bg.

Baselines. To comprehensively evaluate the performance
of SpotActor, we establish two training-free state-of-the-art
models as baselines: consistent subject generation pipeline,
StoryDiffusion (Zhou et al. 2024b) and layout control
pipeline, LayoutGuidance (Chen, Laina, and Vedaldi 2024),
both implemented on SDXL (Podell et al. 2023).

Qualitative Evaluation. We illustrate the single subject
generation results of baselines and our method in Fig. 4.
As shown, StoryDiffusion exhibits competent consistency of
subject appearance among images yet fails to be controlled
by layout. With energy guidance, LayoutGuidance is able to
place the subjects according to the given bounding boxes,
but its inadequate approximation of the activation distribu-
tion leads to imperfectly aligned subjects (e.g. cup, dog). By
contrast, on the one hand, our SpotActor demonstrates supe-

rior layout controllability. Benefiting from the nuanced and
smooth sigmoid-based energy function, the subjects seam-
lessly adhere to the given edges and fill the whole boxes.
On the other hand, our pipeline maintains subject consis-
tency decently with the proposed intricate attention mecha-
nisms. As illustrated in Fig. 5, our SpotActor naturally facil-
itates the multiple objects generation and continues to per-
form well in this scenario. The results prove that our method
effectively fulfills the expectations of the L2CI generation.

Quantitative Evaluation. In Tab. 1, we display the results
of the quantitative metrics between our method and base-
lines, which consist of four evaluation dimensions. For lay-
out alignment, our method achieves a remarkable 67.1% on
mIoU and surpasses the LayoutGuidance by a large mar-
gin, which demonstrates our superior layout controllabil-
ity. Meanwhile, in the dimension of subject consistency,
our method scores the best at 78.6% and 79.7% on DINO-
fg and CLIP-fg, showing the excellent capacity to main-
tain a consistent appearance of subjects. For prompt con-
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Figure 5: Illustration of double subject generation by SpotActor. Our method maintains excellent performance when handling
multiple subjects. Different central subjects are marked in different colors.

Layout Prompt
alignment Subject consistency conformity Background diversityMethod
mIoU(↑) DINO-fg(↑) CLIP-fg(↑) LPIPS-fg(↓) CLIP-T(↑) DINO-bg(↓) CLIP-bg(↓) LPIPS-bg(↑)

SDXL 32.1 53.6 54.9 43.6 65.4 30.9 38.9 60.8
StoryDiffusion 29.5 75.2 78.1 33.1 63.5 38.6 46.8 57.3

LayoutGuidance 53.7 53.7 55.3 40.8 54.3 29.6 35.7 60.1
Ours (full) 67.1 78.6 79.7 34.9 63.6 37.8 49.5 56.8

Table 1: The quantitative results of baselines and our SpotActor. All the values are represented in percentage form. The best
and second-best results are denoted in bold and underlined.

Figure 6: The optimization trajectories of different guidance
strategies. The XY-plane represents the dual space after T-
SNE and the Z-axis corresponds to the normalized energy.

formity, our method is second only to the original model
with a narrow 1.8% margin, which proves that our method
preserves the great prompt controllability of the original
model. Furthermore, due to the inherent bias, consistent
generation pipelines inevitably sacrifice background diver-
sity compared to SDXL, and our method exhibits compet-
itive performance with StoryDiffusion. To summarize, our
model displays strong and balanced performance in the four-
dimensional quantitative evaluation.

Ablation Study To evaluate the validity of dual energy
guidance, which is the core of our work, we collect the latent
codes, semantic embeddings and energy values in each up-
date iteration of LayoutGuidance, our model excluding se-
mantic update (ours w/o SU) and our full model. We per-
form T-SNE to the combined latent codes and embeddings
to represent the dual space with two dimensions. Thus, we
visualize the optimization trajectories of the dual space with
the energy value in Fig. 6. Each sequence of energy values
is normalized respectively. As illustrated, with dual energy
guidance, our method rapidly converges to the optimum with
improved layout alignment and no image quality degrada-
tion.

Conclusion
This paper pioneers a novel training-free pipeline, SpotAc-
tor, for layout-to-consistent-image generation task. Consid-
ering the latent and semantic as a cohesive unit, we propose
a new formalization of dual energy guidance including two
stages. To perfectly align the subject to the given layout in
the optimizing stage, we design a nuanced layout energy
based on in-depth analysis. Later in the sampling stage, we
enhance the backbone with intricate attention mechanisms
to strength the latent-semantic interactions, contributing to
the consistent appearance of the generated subject. We fur-
ther present a specialized benchmark, ActorBench, for eval-
uation. Comprehensive experiments highlight the effective-
ness of our method with superior layout alignment, subject
consistency as well as generation efficiency.
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