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A. Overview

In this supplementary material, we provide additional de-
tails, experimental analyses and extension applications to
support and expand upon the findings presented in the main
paper.

Specifically, We address several key aspects in our sup-
plementary materials: discussing similarities and key dif-
ferences with concurrent works and customized T2I mod-
els (Sec. B); Offering additional clarifications on our ap-
proach, including experimental configurations and supple-
mentary ablation analyses (Sec. C—Sec. D); Presenting ad-
ditional experiments to validate our method, including fur-
ther comparisons with state-of-the-art approaches (Sec. E);
Demonstrating extensions and applications of our method
by integrating it into different pre-trained models and ex-
ploring new applications (Sec. F).

B. Discussion with Related Works

In sampling-based methods, while concurrent work, LRDiff
[21] similarly enhances the generation of objects in specific
regions by injecting noise into targeted areas to provide cues
for the score estimation network, thereby guiding the de-
noising process toward generating a single visual concept
within a specified region. However, although they apply
distinct guidance to each object, the visibility order between
objects is not taken into account.

To address this issue, our method adopts a fundamen-
tally different approach: SDP synthesizes objects sequen-
tially, stage by stage, following the visual order from bot-
tom to top. It dynamically adjusts the guidance scale, al-
lowing the denoising network to focus on different objects
at each stage and ensuring the establishment of correct oc-
clusion relationships. Additionally, we propose a visibility
order-aware loss that optimizes the cross-attention maps to
address the issue of local shifts that may arise when using

tJoint corresponding authors.

SDP alone, thereby enhancing the accuracy of object posi-
tioning and occlusion relationships in the generated images.
Customized T2I models Unlike layout-guided T2I meth-
ods, customized T2I models aim to integrate specific in-
put objects into the generated images while preserving their
identity features. To support customized generation, they
accept specific object inputs to customize the identity of ob-
jects, as well as provide attribute and spatial control through
text prompts and masks.

Optimization-based methods [3, 6, 7, 11, 17, 23, 35] can
achieve high-fidelity identity preservation. However, they
are slow and may suffer from overfitting occasionally. In
contrast, encoder-based methods [5, 10, 13, 18, 26, 27, 30,
33, 36, 37, 39] enable zero-shot performance but may ei-
ther lose the identity of the object or produce trivial results
resembling copy-pasting.

When integrating input objects into specific regions of an
image, these methods focus on ensuring that the generated
objects match the identity of the inputs and the attributes
defined by the prompts. However, they do not consider the
visibility order between the integrated object and other ob-
jects within or near that region. This limitation hinders their
effectiveness in dealing with occlusion issues.

C. Experimental Settings

C.1. Implementation Details

We utilize Stable Diffusion 1.5 [22], trained on the LAION
dataset [24]. The coefficients for the VOA loss are set as
a, = 6, s = 4, and ape. = 2, with the optimization
coefficient o defaulted to 0.1. The initial guidance scale a
issetto 1.

All experiments are conducted on a single NVIDIA RTX
4090 GPU. Unless otherwise stated, we adopt the DDIM
sampler [25] with 50 sampling steps for the reverse diffu-
sion process, using a fixed classifier-free guidance scale of
7.5.
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Figure 1. Visual illustration of our VOBench.

C.2. Preprocess of the Attention Maps

To compute the loss between the attention map A, and
each specific region, we first extract the cross-attention
maps associated with the object prompt ¢, from multiple
layers. After extracting these maps, we remove the attention
maps corresponding to the <sot > token, ensuring that only
relevant information is retained. Next, we apply a Softmax
operation to normalize the remaining attention maps, en-
hancing their interpretability. To further refine the attention
representation, we employ Gaussian smoothing following
the methodology outlined in [2]. This process ultimately
results in the attention map A, ,, at a resolution of 16  16.

C.3. VOBench

As illustrated in Fig. 1, our VOBench comprises three com-
ponents: bounding boxes with visibility order, reference im-
ages, and text prompts. It includes 200 combinations con-
structed through the following process. All raw images in
VOBench are meticulously curated from the Internet. Ini-
tially, we employ GroundingDINO [14] and GPT-4V to
generate bounding boxes and corresponding text prompts
for each object in the images. Subsequently, these bounding
boxes and prompts are manually verified, and a visibility
order is assigned to each object. The benchmark is further
categorized into four groups, containing 25 objects per im-
age. For each category, 50 images are manually selected to
ensure diversity in occlusion relationships, prioritizing vari-
ations in the degree of overlap between bounding boxes.

D. Additional Ablation Studies

D.1. Smooth Guidance for Sequential Denoising
Process

Our SDP employs a smooth guidance mechanism, in addi-
tion to assigning strong guidance to the objects at the cur-
rent stage, we also apply low-intensity guidance to objects
not belonging to that stage (i.e., objects will be mainly han-
dled at other stages). This approach is based on the ob-
servation that object outlines are typically formed during
the early steps of the diffusion process, particularly before
T =20 [4].

As shown in Fig. 2, we visualize the results of using
smooth guidance compared to applying guidance exclu-
sively to a single object at each stage. The second row illus-
trates the results when visual guidance is applied to only one
object at a time, while the first row shows the results when
smooth guidance is applied across different objects. It can
be observed that focusing exclusively on a single object n at
each stage may result in failures to generate other objects.
In contrast, the smooth guidance effectively addresses this
issue, enabling the successful synthesis of all objects.

D.2. Influence of Local Shifts

In the main paper, we discussed that while SDP can con-
strain target generation within a specified region through
visual guidance, consecutive convolution layers in the de-
noising model may introduce local shifts, potentially caus-
ing changes in object positions and inaccurate occlusion re-



Figure 2. Focusing exclusively on a single objectt each denois-

ing stage can lead to the failure of generating other objects. Row 1
illustrates results with smooth guidance, while row 2 shows those
without it.

Figure 4. lllustration of local shifts introduced by SDP constraints.

jects within the bounding boxes. While this can slightly
enhance image quality, it negatively affects the positional
accuracy and occlusion relationships of the generated ob-
jects. Comparing the rst and third rows, increasingsc
assigns more importance to the background loss, encourag-
ing the model to generate fewer objects outside the bound-
ing boxes. Finally, comparing the rst and fourth rows, ex-
cessively increasing the weight of the occlusion tervad-
lationships. versely impacts both the quality and positional accuracy of
For instance, as shown in the rst row of Fig. 4, the bear the generated objects, making it challenging to produce cor-
shifts to the right within the image. Although the occlusion €ct occlusion relationships.
relgtlonshlps r.emam unCh.{j.mged’ the spatial POSItlonTc’ of theTable 1. Quantitative comparison of different loss coef cients
objects are adjusted. Additionally, when the visual guidance combinations.
for objectn shifts away from objeat + 1, as illustrated in
the second row (where the apple moves further from the = - ions
bag), both the spatial positions and occlusion relationships

Figure 3. Visual results of ablation study on VOA loss

FIB CLIP-Scor¢ LA" OA"

0=6, vis =4, pec=2 10.03 29.73 55.11 82.50
may be altered. - o 6=6, vis =8, pac=2  9.89 2967  46.35 7550
To address this problem, we propose constraining spa- ,=6, s =4, pac=4 16.12 20.62 49.13  75.00
tial positioning and occlusion relationships at the feature 0=12, vis =4, bac=2 13.62 29.65 48.13 78.50

level by introducing a visibility order-aware loss, which op-
timizes the cross-attention maps. As demonstrated in the ..
second and third columns of Fig. 4, our VOA loss effec- D.4. Denoising Steps
tively addresses the issue of local shifts, signi cantly im- Since our SDP divides the entire denoising process into
proving the accuracy of occlusion relationship generation. stages, increasing the number of objects reduces the steps
. N per stage, potentially affecting the quality of the generated
D.3. Coef cients of Visibility-Order-Aware (VOA) images. To address this, we evaluated the impact of in-
Loss creasing sampling steps using a curated benchmark of 150
We visualize the ablation study results of the VOA loss in images (5—7 objects per image, with 50 images per cate-
Fig. 3 and discuss them in the main paper. Additionally, we gory) and calculated results for four metrics to determine
evaluate the impact of the three coef cients in the VOA loss the optimal number of steps for generating images with a
on the nal performance of our method using VOBench, as higher object count. As shown in Table 2 and Fig. 5, when
shown in Table 1. Comparing the rst and second rows, T increases to 75 steps, although FID shows a slight de-
increasing is places greater emphasis on the object visi- cline, the LA metric improves from 40.08 to 43.25, re ect-
bility loss, prompting the model to prioritize generating ob- ing more precise layout constraints during object genera-



pling direction of the current object, reducing the accuracy
of the object's generated position.

Table 3. Quantitative comparison of different initial guidance scale
values

Guidance Scale FH CLIP-Scoré LA" OA"

ap=0 16.89 29.66 42.28 74.50
ap =0:2a 10.51 29.65 42.35 76.50
ap =0:4a 10.29 29.68 4413 73.00
ap =0:5a 10.03 29.73 55.11 82.50
ap =0:6a 11.09 29.70 4535 76.50
Figure 5. Visual results of ablation study on time step ap =0:8a 13.39 29.71 43.35 73.50

tion. Notably, OA steadily increases from 27.00 to 39.50, as

illustrated by the comparison between the second and thirdf W(:'; comgared ;hebgu?hty qf the rgsults g%nerated fc|>r d'f'l
columns in Fig. 5, indicating enhanced handling of occlu- erent numbers of Objects using various guidance scale val-

sion relationships. Similarly, the Clip-Score shows a slight ues. _It can be observed_ ff‘?m Ta_lble 4 that as the number
improvement, suggesting better alignment with the textual pf objects increases, the initial guidance value has a greater

prompt. However, whefi > 75, all metrics decline, result- impact on the correctness of the visual order of the gen-

ing in suboptimal performance, as shown by the comp(e\risoner""ted objects. When the guu:!ance scale is §a=ﬂ) it
between the third and fourth columns in Fig. 5. performs better than other settings for 3-5 objects. Thus,

However, as the number of objects continues to increase,W e set the guidance scaleds2 by default.

our method begins to face challenges. We hypothesize thafrapje 4. Quantitative comparison of different initial guidance scale
a primary reason lies in the increased complexity of the op- vajues for different numbers of objects
timization process, which necessitates the simultaneous op-

timization of a greater number of attention maps. Guidance Scale OA (2 objects)OA (3 objects) OA (4 objects) OA (5 objects)
a =0 90.00 74.00 68.00 66.00
Table 2. Test on 4 metrics of increasing denoising steps T when & fgsz gg'gg sgé)c? 7742'(?8 ::g’é)
generating images with high number of objects. : ;0;5a 90.00 88.00 78.00 74.00
a,=0:6a 88.00 82.00 70.00 66.00
T FID# Clip-Score’ LA " OA " a,=0:8a 86.00 78.00 68.00 64.00
50 23.35 28.91 40.08 27.00 .
60 2252 29.03 42.91 3250  E.Comparisonto SOTAs
70 23.18 29.17 4297 38.50 ;
E.1. Inference Tim
75 2326  29.19 4325 39.50 erence 1ime
80 23.41 29.05 43.17 39.00 The core of our SDP process is to divide the original sam-
90 24.68 28.92 39.84 37.50 pling steps into distinct stages for different objects, allowing
100 26.34 28.67 38.17 34.50 the application of tailored noise guidance. This approach

enables us to achieve superior results in object occlusion
compared to existing methods, without increasing the sam-
pling steps per object. As shown in Table 5, we evaluated
the inference time of various training-free methods by cal-
In SDP, the choice of the guidance scale is a crucial fac- culating the average inference time per image on VOBench.
tor in uencing the quality of generated results. To opti- Our method is competitive in inference time, with a sam-
mize our method's performance, as shown in Table 3 andpling speed second only to DenseDiffusion[8]. This is be-
Fig. 6, we tested different initial values on our VOBench cause DenseDiffusion does not perform iterative optimiza-
and found that selecting=2 as the initial value yields the tion of z; based on the attention map. Nevertheless, our
best performance across various metrics and image genemethod signi cantly outperforms others in handling occlu-
ation quality. If the guidance scale value is too low (e.g., sion relationships between objects.

ap = 0 in column 2), the sampling process during each
object's phase focuses more on the object itself, neglecting
other objects. Conversely, if the guidance scale is too highTo further demonstrate the effectiveness of our method, we
(e.g.,ag = 0:8ain column 7), it interferes with the sam- constructed a COCO-based benchmark by selecting a sub-

D.5. Guidance Scale

E.2. Comparisons on COCO-based benchmark



Figure 6. Evaluation on different initial guidance scale.

Table 5. Comparison of the inference time of our method with other training-free methods on one RTX4090 GPU.

Method BoxDiff[32] R&B[31] AR.[19] MultiDiff.[1] DenseDiff.[8] RPG-Diffusion[34] FreeControl[16] Ours
Inference Time (s) 37.09 38.52 52.91 35.44 28.72 48.39 47.02 35.41

set of images from the COCO dataset. The creation pro-E.3. Visual Comparisons with Other Methods

cess is as follows: we rst analyze the number of entities in

the text prompts from the annotations of the COCO dataset.In the main paper, we compared our method with six state-
Next, we employ GroundingDINO [14] to detect the bound- of-the-art (SOTA) methods. Here, we extend the compar-
ing box corresponding to each entity. To ensure that eachison to include six additional SOTA methods. As shown
image contains complex occlusion relationships, we calcu-in Fig. 7, our method demonstrates superior spatial consis-
late the number of overlapping bounding boxes and the sizetency and occlusion handling. For instance, in the second
of their overlapping areas. Finally, we randomly select 25 row, methods (b—f) fail to correctly handle the visibility or-
images from each category, classi ed by the number of ob- der of objects, while in the third row, methods (b—g) exhibit
jects (ranging from 2 to 5), with varying degrees and sizes positional shifts of objects.

of occlusions, resulting in a benchmark comprising 100 im-
ages. In addition, in scenarios where different visibility orders

apply to different parts of an object's area, our method can

We conduct extensive comparisons on this dataset ancalso handle these cases well. We compared our approach
present the results in Table 6. Our method demonstrates suwith existing methods on two representative cases, as shown
perior performance on the COCO-based benchmark, particin Fig. 8. In the rst case, depicted in the top row, our
ularly in handling overlapping objects. While our FID score method successfully avoids missing objects and generates
of 8.43 is slightly higher than the training-based method an image with the correct occlusion relationship between
MIGC (8.23), we achieve the highest scores in both loca- the woman and the phone, outperforming other methods .
tion accuracy (LA) and occlusion accuracy (OA), with LA In the second case, shown in the bottom row, some methods
at 65.83 and OA at 86.50. This indicates that our method fail to preserve the connection between the umbrella handle
excels in accurately positioning objects and modeling their and the hand (columns d and e). In contrast, our method
occlusion relationships, even without training on large-scale accurately captures the occlusion relationships between dif-
datasets. Furthermore, our method outperforms all others irferent parts of the person and the umbrella, ensuring correct
the User Study metrics, achieving the best average rankinggositioning and occlusion across all objects.
in quality (AR-Q: 1.96), layout accuracy (AR-L: 1.67), and
occlusion handling (AR-O: 1.54). These results underscore
the effectiveness of our approach in generating high-quality

images that adhere to_provided |ay0u_t5 and accurately rep- npote that all methods compared here adopted the Stable Diffusion 1.5
resent complex occlusions among objects. as the foundation model.




Table 6. Evaluation results of various methods on the COCO-based benchmark. The best and second-best performances are marked in
bold and underlinedrespectively.

Metrics Training-based Training-free

SmartCtrl [15] ControlNet [38] MIGC [40] InstanceDiffusion [29] AnyControl [28BoxDiff [32] R&B[31] AR [19] MultiDiffusion [1] DenseDiffusion [8] FreeCtrl [16] RPG-Diffusion [34] Ours
FID # 10.33 9.72 8.23 8.51 9.01 21.99 14.17 17.59 18.42 16.68 15.19 10.12 _ 8.43
CLIP-Score" 29.72 29.82 29.89 29.93 29.87 29.51 28.66 29.21 28.51 29.45 29.44 29.51 29.95
LA™ 62.85 59.73 65.62 63.58 64.37 16.21 27.88 2357 22.72 32.49 36.39 48.37 65.83
OA™" 60.50 61.50 75.50 75.00 77.50 22.50 27.50 31.50 26.50 23.50 26.50 54.50 86.50
AR-Q# 7.17 5.88 5.06 3.93 3.91 10.18 8.81 8.47 9.04 12.19 10.97 _ 344 196
AR-L # 3.98 5.07 _2.30 3.61 3.76 12.18 11.40 10.01 10.58 9.89 9.75 6.81 1.67
AR-O # 4.44 5.49 3.88 3.28 _272 12.84 9.83 1218 7.63 10.62 10.00 6.55 154
(a) Layout+Order  (b) BoxDiff.[32] (c) MultiDiff. [1]  (d) DenseDiff. [8] (e) GLIGEN [12] (f) R&B [31] (9) AR [19] (h) Ours

Figure 7. Comparison with other six SOTA methods

F. More Results of Our VODiIff using our approach on SD1.5 [22]. These results demon-
strate that our method achieves high-quality image genera-

To further validate the effectiveness of our method, asiion precise spatial control, and effectively handles occlu-
shown in Fig. 11, we rst present more results generated

(a) Layout+Order (b) FreeControl [16] (c) ControlNet [38] (d) RPG Diff. [34] (e) MIGC [40] (f) InstanceDiff. [29] (g) Ours

Figure 8. Results of cases with different visual orders for different parts of the area of the object.
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