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“A picture of  a living room with a table and a  plant in   front of    a sofa, and a dog on the sofa.”

“A  picture of a table, with a mug and a cup on it, the mug is on a dish.”

“A suitcase with a banana in  front of it and a dog behind it.”
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(a) Layout+Order (b) SD 1.5 [54] (c) GLIGEN [30] (d) DenseDiffusion [27] (e) MIGC [82] (f) VODiff (Ours)

Figure 1. Existing T2I methods that rely on text prompts (b) and those that combine text and layout conditioning (c-e) often struggle to
produce images with accurate occlusion relationships. In this work, we propose a new framework called VODiff , which enhances control
over object arrangement by introducing their visibility orders (indicated by numbers above their bounding box in the layout map in (a)) as
auxiliary constraints. VODiff enables the generation of images with correct spatial arrangements and occlusion relationships.

Abstract

Recent advancements in diffusion models have signifi-
cantly enhanced the performance of text-to-image models in
image synthesis. To enable control over the the spatial loca-
tions of the generated objects, diffusion-based methods typ-
ically utilize object layout as an auxiliary input. However,
we observe that this approach treats all objects as being
on the same layer and neglect their visibility order, lead-
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ing to the synthesis of overlapping objects with incorrect
occlusions. To address this limitation, we introduce in this
paper a new training-free framework that considers object
visibility order explicitly and allows users to place overlap-
ping objects in a stack of layers. Our framework consists
of two visibility-based designs. First, we propose a novel
Sequential Denoising Process (SDP) to divide the whole
image generation into multiple stages for different objects,
each stage primarily focuses on an object. Second, we pro-
pose a novel Visibility-Order-Aware (VOA) Loss to trans-
form the layout and occlusion constraints into an attention



map optimization process to improve the accuracy of syn-
thesizing object occlusions in complex scenes. By merging
these two novel components, our framework, dubbed VOD-
iff, enables the generation of photorealistic images that sat-
isfy user-specified spatial constraints and object occlusion
relationships. In addition, we introduce VOBench, a diverse
benchmark dataset containing 200 curated samples, each
with a reference image, text prompts, object visibility or-
ders and layout maps. We conduct extensive evaluations on
this dataset to demonstrate the superiority of our approach.

1. Introduction
With the advancements of diffusion models [20, 58], text-
to-image (T2I) models [53, 54, 56] have revolutionized the
field of image generation. These large-scale T2I mod-
els, e.g., Stable Diffusion [54], can generate diverse, high-
quality images conforming to given prompts, facilitating
more efficient image editing [4] and artistic creation [43].

Despite the success, existing T2I models often struggle
to produce satisfactory results in complex scenes involv-
ing multiple objects with occlusions. On the one hand,
text descriptions alone lack spatial controllability, causing
text-based methods to likely generate incorrect object posi-
tions and relationships, as shown in Fig. 1(b). On the other
hand, although some condition-based methods [27, 30, 82]
introduce layout conditions (e.g., bbox) into pre-trained T2I
models to improve positional accuracy, they do not consider
the occlusion relationship of objects and may produce un-
satisfactory results, as shown in Fig. 1(c)-(e).

In this work, we observe that when generating a scene
with multiple objects, existing methods typically employ a
one-layer-for-all strategy to synthesizes all objects simul-
taneously on a single canvas. Such a design requires the
model to associate the objects with the input text descrip-
tion and accurately obtain their spatial/occlusion relation-
ships from it, if available. This is inherently challenging
and often results in mixed or even incorrect object arrange-
ments. Even when layout constraints [3, 27, 46, 67, 69]
are provided, the model may still struggle with synthesiz-
ing the correct visibility order of overlapping objects, re-
sulting in inaccurate occlusions. To address this problem,
we propose a new training-free Visibility Order Diffusion
(VODiff ) framework to explicitly model the visibility or-
der of objects by assigning each user-specified object to a
separate layer and executing a novel multi-layer denoising
process to produce the output image.

We first propose a novel Sequential Denoising Process
(SDP) to render the input objects one by one. SDP stratifies
the objects into distinct layers, from bottom to top, accord-
ing to the visibility order. For example, in the second exam-
ple of Fig. 1, the layers are ordered with the “dog” at the
bottom, the “suitcase” in the middle, and the “banana” at

the top. Second, SDP divides the complete denoising pro-
cess into several sub-stages, with each sub-stage primarily
focusing on generating one object. Concurrently, during the
denoising process, SDP assigns dynamically varying visual
guidance to different objects/layers at different stages using
a newly proposed smooth guidance mechanism. To prevent
the misalignment of inter-object relations caused by devia-
tions in visual guidance during denoising, we further pro-
pose a novel Visibility-Order-Aware (VOA) loss to trans-
form layout and occlusion constraints into attention map op-
timization. When synthesizing an object, we first divide the
corresponding layer into three regions, overlapping, visible,
and background regions, based on its visibility w.r.t. those
of the other objects, and then apply different constraints on
these regions.

To address the lack of a benchmark in visibility-order-
aware T2I generation, we also curate a new benchmark
called VOBench, which comprises tailored visibility orders,
layouts, referenced images, and prompts. To validate the
effectiveness of our VODiff , we conduct extensive evalu-
ations on VOBench. Results show that VODiff generates
prompt-consistent objects within the user-specified layout
regions and precisely delineates the occlusion relationship,
as shown in Fig. 1(f).

Our key contributions can be summarized as:
• To the best of our knowledge, we are the first to con-

sider visibility order when generating images with T2I
models. We present a new training-free framework
named VODiff , which explicitly models object visibil-
ity order to control object occlusion relationships.

• We propose two novel designs to support the explicit
modeling of object visibility order: a Sequential De-
noising Process (SDP) to generate different objects se-
quentially at various sub-stages of the denoising pro-
cess, and a Visibility-Order-Aware (VOA) Loss to in-
corporate occlusion relationships into the attention op-
timization process.

• We curate a visibility-order-aware benchmark called
VOBench, and conduct extensive evaluations on it.
Results show that compared to existing SOTA meth-
ods, VODiff can synthesize more photorealistic im-
ages, which satisfy user-specified spatial constraints as
well as object visibility order.

2. Related Work

2.1. Text-to-Image (T2I) models

Substantial progress has been made on T2I models through
the use of diffusion models [20, 58, 59]. These mod-
els conceptualize image synthesis as an iterative denois-
ing process guided by textual prompts. The denoising is
conditioned on textual embeddings generated by language
encoders [51, 52] and is performed either in pixel space



[2, 42, 53, 56] or latent space [12, 16, 47, 54, 73], followed
by cascaded super-resolution [21] or latent-to-image decod-
ing [11] for high-resolution image generation. By training
on extensive datasets of image-text pairs [57], these models
learn a unified generative space in which visual and linguis-
tic modalities are closely associated.

Nonetheless, current T2I diffusion models still struggle
to accurately interpret spatial layout instructions, making
it challenging to control the occlusion relationships among
multiple objects using textual descriptions alone.

2.2. Layout-guided Text-to-Image (T2I) Models
Layout-guided T2I models aim to generate images that con-
tain objects as specified by the input text description, with
their locations aligned with the input layout.

Training-based Models can be categorized into those
that fine-tune pre-trained models [1, 7, 10, 23, 31, 50,
71, 75] using the specific input conditions, and those that
train additional plug-ins [25, 30, 35–37, 39, 49, 66, 68,
78] to support various conditions. Some works achieve
instance-level control [63, 64, 81, 82] by assigning indi-
vidual prompts to each object to precisely control their at-
tributes. However, these methods require additional train-
ing on large-scale datasets, resulting in significant compu-
tational and labor costs.

Several methods [22, 26, 70, 80] employ multiple con-
trol conditions within a single generation. Sun et al. [62]
address the complex relationships among different control
conditions by training a multi-control encoder to maintain
harmonious results when combining multiple controls. Al-
though these approaches can generate images with harmo-
nious occlusion relationships, they still cannot directly con-
trol the occlusion relationship of individual objects.

Sampling-based Models often integrate multiple de-
noising processes, with each process targeting a specific
component or region of the image. Liu et al. [33] inter-
pret diffusion models as energy-based models and propose
two compositional operators to combine the score functions
of different conditions in a single sampling step. MultiDiff.
[3] and LRDiff. [48] then propose to utilize shared param-
eters or constraints to ensure consistency/accuracy of each
object in the generated image.

Although several methods [38, 40] have proposed
training-free multimodal control for the T2I generation,
they primarily focus on enhancing control techniques with-
out specifically addressing the object occlusion issues.

Attention-based Models can be categorized into for-
ward and backward approaches based on how they employ
the attention maps. Forward methods [2, 13, 15, 27, 72] ma-
nipulate attention values directly on the feature map. The
accuracy of these methods heavily depends on the precision
of the layout condition (e.g., segmentation masks). Back-
ward methods [5, 8, 46, 67, 69, 72] combine the layout con-

dition with the attention map, and utilize an energy func-
tion to translate the spatial constraints into the noisy input
for iterative updates. These methods also primarily empha-
size on positional accuracy while neglecting the occlusion
relationships among objects, leading to the unsatisfactory
generation of overlapping regions.

In addition, while several customized T2I models [9, 29,
32, 60, 61, 71, 79] attempt to integrate specific input ob-
jects into designated regions of the generated image by us-
ing additional layout input, they overlook the visibility or-
der among the integrated objects and other objects within
or near those regions. This limitation hinders their effec-
tiveness in addressing occlusion issues.

3. Method
In this work, our goal is to enhance the ability of pre-trained
text-to-image (T2I) diffusion models to correctly handle
occlusion relationships in multi-object scenarios without
training. We note that the overlapping regions of the objects
are the main challenge, and they affect the occlusion rela-
tionship of the objects in the synthesized image. However,
it is difficult for T2I models to understand occlusion rela-
tions among objects through text prompts only. In addition,
current spatial layouts can only help constrain the spatial
location of the objects. They do not indicate the order of
objects in the overlapping regions.

To achieve our goal, we propose a training-free method,
VODiff , which introduces object visibility order into the
layout-guided T2I generation to effectively address the in-
correct object arrangement problem. Fig. 2 shows our
framework. It consists of two novel visibility-aware
designs: a Sequential Denoising Process (SDP) and a
Visibility-Order-Aware (VOA) loss. When generating an
image, our SDP strategy divides the whole denoising pro-
cess into several sub-stages according to the number of user-
specified objects and generates the specified objects in each
stage sequentially in a bottom-up manner. Meanwhile, at
each denoising step, our VOA loss applies dynamic losses
to regions with different visibility states, ensuring accurate
occlusion relationships among the generated objects.

For the rest of this section, we first briefly introduce the
preliminary information of diffusion models and attention
layers in Sec. 3.1. We then present how we design the SDP
in Sec. 3.2 and detail the VOA loss function in Sec. 3.3.

3.1. Preliminaries
Diffusion Models [20, 58, 59] learns to approximate a data
distribution by progressively denoising a random variable
sampled from a unit Gaussian distribution N (0, I). At a
denoising step t ∈ [1, · · · , T ], the forward-time Markov
chain is formulated as xt =

√
1− βtxt−1+

√
βtϵt−1, where

ϵ ∼ N (0, I), and βt is a pre-defined variance schedule.
The reverse-time denoising process can then be defined as:



“A dog and a ball in 
front of a suitcase.”
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Figure 2. Our VODiff incorporates two visibility-aware designs: a sequential denoising process (SDP) and a visibility-order-aware (VOA)
loss function. SDP divides the denoising process into several stages according to the visibility order, and performs denoising on different
parts sequentially. Meanwhile, the VOA loss is utilized to eliminate the local spatial shifts in the attention layers, further preventing
position deviations and incorrect occlusion relationships. Given a text prompt, the spatial layout, and the visibility order of the objects to
be synthesized as inputs, our VODiff can generate images that simultaneously adhere to all the constraints.

xt−1 = α̃txt + β̃tŝt + σtϵt, where α̃t, β̃t, and σt are calcu-
lated coefficients. To generate an image, given a noisy input
xT sampled from N (0, I), we run denoiser ϵθ iteratively
to obtain intermediate representations xT−1, · · · , x1, x0,
where x0 ≈ x is the final result.

Attention Layers are the cornerstone of Stable Diffu-
sion [54]. They used to condition the generation based on
the text prompt. A pretrained CLIP encoder [51] is usually
utilized to encode the text prompt c = (c1, c2, · · · , cn),
where n is the number of tokens, into text embeddings.
These tokens are then used as keys K ∈ Rn×d and val-
ues V ∈ Rn×d in the Cross-Attention layer. The sym-
bol d denotes the feature dimension. For a set of queries
Q ∈ Rhw×d computed from the feature map of size h× w,
the cross-attention map At at time step t is calculated as:
At = softmax

(
QK⊤
√
d

)
∈ [0, 1]hw×n, where At contains

n attention maps {A1
t , · · · , An

t }, and Ai
t ∈ [0, 1]h×w indi-

cates the strength of association between each word token
ci and each spatial location on the feature map. A higher
attention value in Ai

t indicates a higher probability of gen-
erating the object ci at that spatial location.

3.2. Sequential Denoising Process (SDP)

Instead of directly generating all objects on a single layer at
once, like what existing works [27, 38, 46] do, we are in-
spired by the painter’s algorithm [41], which sorts all poly-
gons according to their z values and then render them start-
ing from the farthest polygon, and the layer concept in im-
age editing tools such as Photoshop. We propose to divide
the generation of the target scene into layers, where each
object is assigned a separate layer, and synthesize the ob-
jects sequentially, layer by layer from bottom to top, with

the following steps.
First, we stratify the target objects into distinct layers ac-

cording to their visibility order. Specifically, given an input
text prompt C containing N target objects; a layout condi-
tion represented by bounding boxes B = {b1, b2, . . . , bN},
where bn is the bounding box of the n-th target object; and
visibility orders V = {v1, v2, . . . , vN}, where vn is the vis-
ibility order of the n-th target object, we convert the lay-
out condition B into N masks, M = {m1,m2, . . . ,mN},
where mn is the mask corresponding to the bounding
box bn with a value of 1 inside the bounding box region
and 0 elsewhere. Meanwhile, we extract N object enti-
ties from the input text prompt C and denote the set as
{c1, c2, · · · , cN}. Each bounding box bn is associated
with an object prompt cn, which describes the content of
the target object inside bn. We order the N target ob-
jects in an increasing object visibility order specified by the
user, even though there may be non-overlapping objects.
The layers from bottom to top can thus be represented as
L = {(m1, c1, v1), (m2, c2, v2), · · · , (mN , cN , vN )}.

Second, we divide the reverse-time denoising process
(with a total of T steps) of our SDP into two main parts,
[T , Tg] and [Tg , 0], where Tg denotes the start time of global
denoising. The global denoising is to delineate the overall
scene based on the input text prompt C. The first part of
our SDP focuses on per-layer generation based on layers
L. We divide it into N sub-stages, S = {s1, s2, · · · , sN},
starting from the bottom layer (i.e., the object with the low-
est visibility order), Each sub-stage sn contains k denoising
steps, ranging from [sn, sn + k], i.e., T − Tg = kN . Since
the diffusion denoising process is reversed, sn + k repre-
sents the start time for substage sn. At each sub-stage, to
force cn to be generated within the object region, we explic-



itly incorporate visual guidance into this region. However,
we observe that focusing exclusively on a single object n
at each stage can lead to the failure of generating other ob-
jects, particularly those whose start time is near Tg , due to
the missing of structure information [2] at later denoising
steps. To address this problem, at each stage n, we apply
visual guidance not only for the target object n but also for
other objects j (j ̸= n), to ensure the generated layout ad-
heres to the overall requirements. Our scheme for adding
visual guidance can be formulated as:

xt,n = xt + λt,n ⊙mn, (1)

where λt,n represents the visual guidance scale of the
target object n at time step t. Note that we allocate a dy-
namically varying smooth λt,n to each object to ensure cor-
rect occlusion relationships. Specifically, when processing
object n at sub-stage n, the SDP assigns a guidance scale
a to object n and a/2 to all other objects. As the process
transitions from sub-stage n to sub-stage n + 1, the guid-
ance scale for object n decreases linearly to a/2, while the
guidance scale for object n + 1 increases linearly to a, and
guidance scale for the other objects remains unchanged, as:

λt,n =


a− a

2
t−sn−1

k if sn−1 < t <= sn−1 + k,
a
2 + a

2
t−sn
k if sn < t <= sn + k,

a
2 otherwise,

(2)

where a denotes the initial visual guidance scale (refer
to Sec. D.4 of the Supp. for more discussion) and s0 = T .
By assigning a smoothly transitioning visual guidance, we
ensure that each sub-stage focuses more on a specific ob-
ject while maintaining correct occlusion relationships be-
tween it and other objects, such that in overlapping regions,
objects with a higher visibility order occlude those with a
lower one. Finally, we forward the updated noisy input xt,n
to the denoising model ϵθ to estimate noise for each object
separately and then combine them together, as:

ϵθ(xt, t, C) =

N∑
n=1

mn∑N
n=1 mn

⊗ ϵθ(xt,n, t, cn), (3)

where ϵθ(xt, t, C)1 is the estimated noise used to update
xt−1 via the standard diffusion scheduler.

3.3. Visibility-Order-Aware (VOA) Loss
Although SDP can help constrain target generation within
the specified region using visual guidance, the consecutive
conv. layers of the denoising model introduce local shifts,
which are then amplified by the attention layers. As a re-
sult, adding visual guidance at the input level (i.e., xt) as
a constraint is insufficient and tends to cause object posi-
tion deviation and false occlusion relationships (see Fig. 5
column 2 for a visual illustration).

1For simplicity, we omit the classifier-free guidance [19] here.
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Figure 3. Region separation illustration in the VOA loss. moverlap
n

represents the regions where the current object n occludes other
objects, mvisible

n and mbackground
n denote where the current object

should and should not be generated in the final image.

To address the above problem, we propose constraining
the spatial location and occlusion relationship at feature-
level. Specifically, when generating an image with multi-
ple target objects, different object prompts usually have dif-
ferent activations in different regions of the cross-attention
map. At a given spatial location, the higher the attention
value of a prompt, the more likely the corresponding ob-
ject will be generated in that region [17]. In addition, when
two objects overlap each other, their occlusion relationship
is directly influenced by their visibility order. Once the or-
der changes, the content of the overlapping region changes
accordingly. Based on this, we transform the spatial layout
and occlusion relationship among the objects to the cross-
attention map and optimize it for correct image generation.

As shown in Fig. 3, when processing target object n, we
first divide the mask mn into three parts, overlapping re-
gions moverlap

n , visible regions mvisible
n , and background re-

gions mbackground
n , based on the visibility order and masks

of all objects in the layer set L. Specifically, for moverlap
n ,

we compute the overlapping regions (i.e., dark orange re-
gion) of the current object mask mn and the masks of all ob-
jects with lower visibility order than the current object (i.e.,
{mj}, with j ∈ [1, n − 1]) as moverlap

n =
⋃n−1

j=1 mn ⊙mj .
This is because an object located at an upper layer should
obtain a higher attention score in the overlapping regions.
For mvisible

n , we first compute the overlapping regions of the
current mask mn with the masks of all objects that have
a higher visibility order (i.e., {mj}, with j ∈ [n + 1, N ]).
We then subtract these overlapping regions from the cur-
rent object mask, which can be expressed as mvisible

n =

mn −
⋃N

j=n+1 mn ⊙ mj . mbackground
n is then obtained by

inverting mvisible
n as mbackground

n = 1−mvisible
n .

During the denoising phase for the n-th target object at
time step t, as indicated in Eq. 3, we extract the cross-
attention maps referred to by the object prompt cn from
each layer and average them to produce At,n. We then com-
pute the loss between the attention map At,n and each of the
regions. For the overlapping regions, which are affected by
the visibility order, we ensure that objects in the upper lay-
ers obtain higher attention scores, as:

Lo
t,n = αo ·

[
1−min(At,n ⊙moverlap

n )
]

. (4)
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Figure 4. Qualitative comparison with six SOTA methods in Tab. 1. Training-based methods are labeled with †.

We then encourage target object n to be generated within
the visible regions by increasing the attention score through
Lv
t,n, and prevent the target deviation by weakening the at-

tention score of the background regions via Lb
t,n:

Lv
t,n = αvis ·

[
1−max(At,n ⊙mvisible

n )
]
, (5)

Lb
t,n = αbac ·max(At,n ⊙mbackground

n ), (6)

where αo, αvis and αbac are coefficients for the three loss
functions. Finally, the total loss is:

Lt =

N∑
n

(Lo
t,n + Lv

t,n + Lb
t,n). (7)

With the visibility-order-aware loss, we modify the noise
sample xt at each denoising step to minimize the loss using
gradient descent x̂t ← xt − α∇xt

Lt, where α controls the
influence of the optimization in the denoising process. In
each step t, we iterate the gradient descent process τ times.
By applying the VOA loss on all objects at each sub-stage,
VODiff alleviates the guidance deviation and achieves more
accurate object spatial position and occlusions.

4. Experiment
4.1. Metrics
We adopt a few metrics to evaluate our model:
• FID: We use Fréchet Inception Distance [18] to evaluate

the image quality. It compares the distribution of gener-
ated images to that of real images. A lower FID score
indicates a higher image quality, reflecting closer align-
ment with real images on visual features and diversity.

• CLIP-Score: We use the CLIP-Score to compute the dis-
tance between input textual features and generated image
features, evaluating the fidelity of the generated image to
the textual input.

• Layout Alignment (LA): We use Grounding-DINO [34]
to assess Layout alignment accuracy. It detects bounding

boxes for each instance and then compute the mean IoU
between the detected and Ground Truth boxes. The box
threshold is set to 0.5 to avoid incorrect box detection.

• Occlusion Alignment (OA): We employ GPT-4V to de-
termine the occlusion relationships between objects in the
generated images by prompting it with the image and the
object names contained in the image. We then compare
the visual order returned by GPT-4V with the ground truth
visibility order. If the two match with each other, we
count it as accurate. Finally, we compute the percentage
of accurate occlusion relationships from all the samples.

4.2. VOBench
Since there are no visibility-order-aware datasets available
for evaluation, we curate a VOBench for this purpose. All
the raw image data in VOBench are manually collected
from the Internet. The data annotation process is as fol-
lows. We first employ GroundingDINO [34] and GPT-4V
to generate the bounding boxes and text prompts for each
object in the image, and manually assign the visibility order
to each object box. Based on the number of boxes detected
by GroundingDINO, we then divide the images into four
categories containing 2-5 objects. For each category, we
manually select 50 images based on the degree of overlap
between boxes to make sure that various occlusion relations
are in our VOBench.

4.3. Comparison with State-of-the-Art Methods
We compare VODiff with 12 layout-guided text-to-image
generation methods, including seven training-free meth-
ods: BoxDiff [69], R&B [67], Attention-Refocusing [46],
MultiDiffusion [3], DenseDiffusion [27], FreeControl [38]
and RPG-Diffusion [72], and five training-based meth-
ods: SmartControl [35], ControlNet [78], AnyControl [62],
MIGC [82] and InstanceDiffusion [64]. Since these meth-
ods do not support visibility order as an input, we include



Table 1. Quantitative comparison of our VODiff with training-based and training-free methods. LA and OA represent the layout and
occlusion alignment accuracy, respectively. AR denotes the average ranking from the user study, while Q, L, and O indicate that the ranking
is based on Quality, Layout, and Occlusion. The best and second-best performances are marked in bold and underlined, respectively.

Metrics
Training-based Training-free

SmartCtrl [35] ControlNet [78] MIGC[82] InstanceDiff. [64] AnyControl [62] BoxDiff [69] R&B [67] AR [46] MultiDiff. [3] DenseDiff. [27] FreeCtrl [38] RPG [72] Ours

FID ↓ 10.58 18.91 9.82 10.21 10.35 21.99 12.37 14.87 16.34 21.68 17.35 11.66 10.03
CLIP-Score ↑ 29.45 29.34 29.61 29.53 29.63 29.46 28.72 29.59 27.42 29.33 29.12 29.57 29.73
LA ↑ 54.81 52.73 54.62 53.58 54.77 13.50 30.88 29.79 16.60 24.11 36.14 51.15 55.11
OA ↑ 55.00 51.50 65.00 63.50 69.50 18.50 34.50 32.00 21.50 24.00 28.50 51.50 82.50
AR-Q ↓ 5.33 12.13 2.47 6.20 3.05 8.15 10.05 4.13 12.68 7.10 9.00 5.12 1.50
AR-L ↓ 2.16 6.21 4.04 5.11 3.12 12.98 9.02 10.07 12.03 11.14 8.08 7.17 1.73
AR-O ↓ 6.25 5.12 3.18 4.02 2.05 12.74 9.01 10.11 12.04 11.09 8.03 7.10 1.26

Table 2. Ablation study on components. Constant and Dynamic
represent the state of change of guidance scale in the SDP.

SDP
VOA FID ↓ Clip-Score ↑ LA ↑ OA ↑

Constant Dynamic

✓ 9.98 27.85 32.33 54.50
✓ 13.34 29.01 43.25 73.50

✓ ✓ 11.68 29.33 43.36 69.50
✓ ✓ 10.03 29.73 55.11 82.50

descriptions of object occlusion relationships in the text
prompts to ensure fairness.

Qualitative Comparison. As shown in Fig. 4, we vi-
sually compare VODiff with six top-performing methods.
The images generated by VODiff exhibit superior spa-
tial consistency and occlusion handling. Specifically, our
method handles varying numbers of objects and degrees of
occlusion remarkably well. In contrast, other methods ex-
hibit issues such as incorrect spatial positioning (e.g., the
2nd row, (b-f)) or missing objects (e.g., the 3rd row, (d-
f)). In addition, although some methods manage to generate
correct spatial relationships, they fail in occlusion handling
(e.g., the 1st row, (b,e,f,g)).

Quantitative Comparison. As shown in Tab. 1, we
evaluate our method against both training-free and training-
based approaches. Our method significantly outperforms
the training-free methods across all metrics. We achieve
higher CLIP-Score (29.73), LA (55.11), and OA (82.50)
scores, indicating superior image quality, layout alignment,
and occlusion handling. Despite being training-free, our
method outperforms training-based methods in six out of
seven metrics. We achieve higher CLIP-Score (29.73 vs
29.63 by AnyControl), LA (55.11 vs 54.81 by SmartCon-
trol), and OA (82.50 vs 69.50 by AnyControl) scores. This
demonstrates the effectiveness of our method in generating
text-/layout-aligned and occlusion handled images without
additional training. Although the training-based method,
MIGC, achieves the best FID score of 9.82, our method
achieves a similarly FID of 10.03. The slight reduction can
be attributed to the optimization on attention maps [46].

User Study. We also conduct a user study with 63 par-

“A bowl of    strawberries and a cup on a blanket”

Layout + Order            SDP                  VOA             VOA+SDPc                     Ours

1 2

4

3

“A man and a dog in front of a sofa”

1
2

3

Figure 5. Visual comparison of the ablation study in Tab. 2. SDPc

denotes that the constant guidance scale is used. By default, the
dynamic guidance scale is used in SDP.

ticipants to assess various methods through subjective eval-
uation. We present users with ten sets of 8 images along the
same input conditions (i.e., prompt and layout map), and
ask them to rank the given images based on image quality
(AR-Q), layout (AR-L), and occlusion accuracy (AR-O).
Each pair of images are shown randomly, and we collect
ranking scores from different participants. We then com-
pute the average ranking (AR) for three aspects: quality,
layout, and occlusion as shown in Tab. 1. The results show
a clear preference for our method among the users.
4.4. Ablation Study
Component Analysis. We ablate our VODiff by remov-
ing SDP and VOA separately, and replacing the smooth
guidance with constant guidance (denoted as VOA+SDPc).
Tab. 2 and Fig. 5 show the quantitative and qualitative re-
sults. We have three conclusions. ❶ Using only SDP (Dy-
namic) results in the worst LA, OA accuracy and Clip-Score
but produces better FID. This is because SDP only adds vi-
sual guidance to guide the denoising direction, which does
not impose stronger spatial constraints, and thus does not
significantly affect the denoising process. ❷ VOA signifi-
cantly improves the layout and occlusion accuracy by opti-
mizing the cross-attention map, but at the same time, causes
the model to produce less diversified results, thus impacting
the FID metrics. ❸ Although constant visual guidance can
improve FID, CLIP-Score, and LA, when combined with
VOA, it confuses the order of objects in overlapping regions
during the denoising process, interfering with attention op-
timization and worsening the OA. Finally, combining all the



Table 3. Ablation study on the VOA loss. Lv, Lo and Lb represent
the loss on visible, occluded and background regions, respectively.

Lv Lo Lb FID ↓ Clip-Score ↑ LA ↑ OA ↑

✓ 11.41 28.05 42.13 60.50
✓ ✓ 10.23 29.25 46.42 61.50
✓ ✓ 14.65 28.42 44.47 77.50

✓ ✓ 11.68 28.10 29.14 58.00
✓ ✓ ✓ 10.03 29.73 55.11 82.50

“A man sitting in 
front of a table, a 
laptop and a cup 

on the table”

1

2

3
4

Layout+Order GLIGEN[30] ControlNet[78] MIGC[82] InstanceDiff.[64]

Figure 6. Enhancement of existing methods using VODiff . Row 1
and 2 show the vanilla and the enhanced results, respectively.

proposed components helps achieve the best results.
Visibility-Order-Aware (VOA) loss. We verify the effi-

cacy of different loss items in the VOA by removing them
separately. Tab. 3 shows the quantitative results, and Supp.
Fig. 3 shows the visual results. We can see that ❶ Lv is in-
dispensable for layout and occlusion constraints (4th row),
but with Lv alone is also insufficient (1st row); ❷ Lv +
Lb produces inferior OA results as the overlapping regions
lack constraints; ❸ Lv + Lo has the remarkable OA results,
but the worst FID because this combination only consid-
ers each object by itself but ignores background constraints
(e.g., misaligned “man” and “dog” in the 1st row, 5-th col-
umn of Fig. 3 in Supp.). Finally, combining all items helps
achieve the best performance on all metrics.

4.5. Diverse Applications
Our VODiff is training-free and can be easily integrated into
many existing layout-to-image methods [30, 64, 78, 82],
significantly enhancing the accuracy of occlusion relation-
ship generation in current pretrained models. As shown in
Fig. 6, the result from each method without (or with) us-
ing our approach is presented in the first (or second) row.
Our VODiff effectively assists these training-based methods
in addressing issues such as object disappearance (columns
2–4), as well as incorrect positional (column 5) and occlu-
sion (columns 2 and 5) relationships.

Our VODiff supports customized generation by integrat-
ing it with existing techniques, e.g., DreamBooth [55]. In
Fig. 7(a), we first demonstrate the insertion of newly gener-
ated objects into an existing image via Inversion [58], where
the inserted objects adhere to the preset visibility order rela-
tive to the original objects in the image, while preserving the

1

2

Original Image Add Zebra

(a) Object insertion with accurate visibility orders

(b) Exemplar based image editing with visibility orders

21

“A woman is standing in 
front of a horse.”

Layout and Reference Result

“A cat is behind 
a shoe.”

Layout and Reference Result

Original Image  Add man, skateboard and hat

1

 2

1

2

3

Figure 7. Customized generation with VODiff in object insertion
(row 1) and exemplar-based editing (row 2).

background unchanged. Fig. 7(b) shows the integration of
our method with DreamBooth [55], enabling the generated
objects to not only maintain the identity of the input objects
but also ensure that the positions and visibility order among
multiple objects adhere to the preset arrangement.

“A bedroom with a cabinet behind a plant, and there is also a bed, a 
flower on the right and a boy in front of a lamp who is feeding a dog, 

and a glass bottle is in front of him.”

2

8

3

5
11

5

2
3

45

6

7 8

Layout+Order InstanceDiff.[64] Ours

Figure 8. A failure case of VODiff . From left to right are: inputs,
results of InstanceDiff. [64] and Our method, respectively.

5. Conclusion
In this paper, we have introduced VODiff to address the the
challenges of generating complex scenes with object occlu-
sions. We first propose a Sequential Denoising Process that
performs object generation sequentially from the bottom to
the top layer based on the visibility order of objects. We
then propose a Visibility-Order-Aware loss to constrain ob-
ject positions and occlusion relationships by transforming
the layout and visibility order into cross-attention map op-
timization. The results on our curated VOBench show supe-
rior performances of our method in controlling object spa-
tial position and occlusion relationships.

VODiff does has limitations. For example, as shown in
Fig. 8, like existing method [64], our method may struggle
to handle scenarios where the number of objects is excep-
tionally high due to the challenge of balancing the image
quality with precise spatial and occlusion relationships.
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