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Figure 1. The proposed DMC-120k dataset. We first generate
the multi-element image with random sampled categories and sce-
narios and inpaint the elements in order. The conditions are then
obtained by corresponding condition extractors.
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A. The DMC-120k dataset

The total pipeline of dataset construction is shown in Fig. 1.
Image Creation. The first step is to generate complex im-
ages composed of multiple distinct elements. To achieve
this, we define more than 100 different category labels, in-
cluding animals, furniture, household items, and etc.. We
then construct prompts based on randomly selected cate-
gories and scenarios. These prompts are further optimized
using ChatGPT to improve their suitability for the genera-
tion model and to enhance the variety of generated prompts.
For each prompt, we use a random seed and generate high-
resolution images at 1024 x 1024 pixels, employing the
open-source SDXL [1] and FLUX [2] models to generate
high-quality image data under various conditions.

Element Decoupling. Then, we use GroundingDino [3]
to detect the location and shape of each object in the im-
age. After obtaining the mask, we crop the foreground ob-
ject and upsample it to 1024 x 1024 pixels, which is then
used to extract the foreground conditions. If two or more
foreground element masks overlap, we label them as poten-
tially occluding each other. To address occlusion, we first
erase one of the masks and apply SDXL-Inpainting [1] to
inpaint the image. We then redetect the remaining objects
to ensure they are intact. This process is repeated for all
occluding elements until no occlusion remains. To extract
the background conditions, we apply SDXL-Inpainting us-
ing the masks of all the foreground objects and inpaint the
image.

Condition generation. The final step is to obtain the con-

Module ‘ Parameter
SDXL Unet 2.67B
ControlNet 1.34B
Intra-Element Controller | 255.50M
Inter-Element Controller | 200.20M

Table 1. The parameters in our DC-ControlNet.

ditions. We achieve this by using various condition detec-
tors for both foreground and background images. In DMC-
120k, we provide detailed conditions such as canny, HED,
depth, segmentation, and normal maps for content control.
In addition, we include dot maps, box maps, and mask maps
as layout control conditions.

B. Model Size

The trainable part of our model is the Intra-Element Con-
troller and Inter-Element Controller. We present the total
parameters on Tab. 1. Note that the roles of different mod-
ules are different, so the whole training process is divided
into two stages, each focusing on different modules, with
unrelated modules frozen in each stage. As two key contri-
butions in the proposed DC-ControlNet, the Intra-Element
Controller and Inter-Element Controller contain only about
a fifth of the parameters of ControlNet, yet present excellent
performance in decoupling controllable image generation.

C. More Visual Results
C.1. The result with different layout

Given different layouts of the element, our DC-ControlNet
effectively adjusts the size and position of the foreground.
As illustrated in Fig. 2, DC-ControlNet dynamically mod-
ifies the relationships between foreground and background
elements, such as contact and occlusion, while refining the
depth of field. This ensures that the main element stands out
and the overall image remains harmonious. The prompt we
use in Fig. 2 is “A teddy bear in a cozy living room”.

C.2. Controllable Generation using text

Fig. 3 provides more examples through DC-ControlNet.
DC-ControlNet offers great content and layout control for
the given elements. Additionally, it is worth noting that DC-
ControlNet does not lose the ability of the original diffu-
sion models to control the overall style through text prompt.
For example, the user can give the prompt “Anime artwork,
anime style, key visual” to create an image in anime style
while keeping the elements generated with the given condi-
tions. This demonstrates the strong scalability of our model
for user-specific style customization.
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Figure 2. The same element in different layout using our DC-ControlNet. The prompt we use is “A teddy bear in a cozy living room”.
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Figure 3. More controllable generation results of our DC-ControlNet. Each example includes an additional style description to generate

images with different styles.

C.3. Comparison with existing models

Fig. 4 shows the results with more generative models under
the same conditions. ControlNet-based models show signif-
icant artifacts when handling multiple conditions and mul-
tiple elements, while LayoutDiffusion-based models such
as InstanceDiff [10] and GeoDiffusion [11] often produce
unnatural and low-quality images. Additionally, LayoutD-
iffusion models lack control over specific content, leading
to misinterpretations of the model. Most importantly, all
approaches fail to handle the generation of order relation-

ships. In contrast, our method not only ensures correct re-
lationships, but also produces images with higher quality,
more accurate, and richer details, as shown in the red box in
the first row of Fig. 4.

Fig. 5 shows another comparison of DC-ControlNet
with other existing controllable image generative models.
DC-ControlNet significantly outperforms other ControlNet
or Layout-to-Image diffusion models in multi-condition,
multi-element image generation. Compared to the most
competitive models, UniControlNet [6] and HiCo [9], our
method shows significant advantages in image harmony and
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Figure 4. The comparison with ControlNet [4], ControlNet++ [5], UniControl [6], UniControlNet [7], LayoutDiffusion [8], HiCo [9],
InstanceDiff [10], and GeoDiffusion [11]. The prompt we used is “A bag and a bear in a cozy living room”. DC-ControlNet ensures
correct relationships and produces high quality, accurate, and rich details images.

condition consistency.
C4. Intra-Element Controller

Fig. 6 illustrates the result of the Intra-Element Controller,
our Intra-Element Controller is capable of controlling the
outputs of different conditions based on varying layout con-
ditions and generating the element in the desired layout.
As a result, controllable image generation is decoupled
into content and layout controllable generation, giving users
greater flexibility in controlling.

The spatial weights serve to emphasize the main content
of each element, while the layer weights highlight which el-
ement plays a significant role for each pixel. As the layer
relationships between different elements of the same pixel
are mutually exclusive, we apply softmax to obtain the final
weight, which distinguishes our method from the Spatial

Reweighing Transformer. When obtaining spatial weights,
we use a zero-initialized linear layer followed by a sigmoid
activation. With these improvements, we achieve precise
control by reweighing the features along with both the spa-
tial and layer dimensions. Furthermore, the reweighing ap-
proach prevents the model from taking shortcuts by directly
modifying the content of specific elements.

D. Ablation Studies

D.1. Intra-Element Controller

The Intra-Element Controller injects the content feature
into the corresponding layout through the Cross-Attention
mechanism. This process is the conversion of a pixel-
misaligned task to a pixel-aligned task at the feature level.
The key design of the Intra-Element Controller primarily



Conditions ControlNet T2I-Adapter UniControl

“wlFm

ControlNet++

A camera and a
teddy bear in a
table.

GeoDiffusion

UniControlNet

Ours (teddy bear-camera-table)
ﬁ

Figure 5. The comparison with ControlNet [4], T2I-Adapter [12], UniControl [6], UniControlNet [7], ControlNet++ [5], LayoutD-
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given condition content to the target layout.
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Figure 7. The ablation study of the Intra-Element Controller. CrossNorm after the convolution output layer achieves faster convergence

compared to that using zero conv or regular conv.

focuses on enabling faster convergence and facilitating the
injection of information for misaligned tasks. We present
the results in different training steps in Fig. 7. Using Cross-
Norm allows the model to outline the target structure within
3k training steps and achieve convergence in texture and
structure by around 5k steps. This enables the model to fo-
cus on the details in the remaining steps. In contrast, models
using zero conv require about 20k steps to converge, while
variants with standard conv take significantly longer to align
the output distribution and half of the training steps are re-
quired to produce a reasonable image.

Moreover, not utilizing asynchronous RoPE leads to sub-
optimal performance of the Cross-Attention mechanism in
misaligned tasks, particularly when the query and key in-
puts share the same shape. As shown in the fourth row of
Fig. 7, the model fails to generate the target in the corre-
sponding layout, and the details of the condition are also
missing. Besides, the feature-level transform loss facilitates
the model to transfer conditions to the target layout, which
can be observed from the fifth row of Fig. 7.

D.2. Inter-Element Controller

The Inter-Element Controller solves two following prob-
lems: unnaturalness and occlusion when fusing multiple

elements. To represent the layer ordering relationship be-
tween different elements, we assign a 1d order embedding
to the sorted element feature, enabling the model to perceive
the order relationships between these elements. As shown
in Fig. 8, without 1d order embedding, the model misinter-
prets the order of the elements, leading to a blending prob-
lem similar to traditional ControlNet-based models across
different elements. The same problem also arises in the ab-
sence of the Layer Reweighing transformer, the model can-
not distinguish which element should appear, thereby fail-
ing to execute the user’s command of positioning a specific
element in the foreground. Additionally, the image quality
also degrades due to the direct mixing of multiple elements.
Besides, the absence of the Spatial Reweighing Transformer
may lead to artifacts or unnatural regions in the generated
image, which can also be observed in Fig. 8.
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Figure 8. The ablation study of Inter-Element Controller. Order embedding provides the order information between elements, enabling
the model to generate accurate outputs. The absence of the layer transformer and spatial transformer introduces extra artifacts.
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Figure 9. The comparison between the ControlNet and DC-ControlNet in fusing multiple elements. The ControlNet uses different
condition scales to enhance the element “bear” on the image to place it in front of the “bag” but introduce unexpected artifacts.

E. Discussion

Why is the layer-order way superior to the scale-way?

fogTen The original ControlNet [4] enhances or weakens the fea-
hr tures by simply adjusting their scale. This method, when
-, . applied to multiple elements, inevitably leads to unnatural
LY - - [ | . . . . N .
L ' artifacts or distortions. For example, in Fig. 9, with the
scale of the feature of “a bear” increase, the ControlNet ul-
(b) Generated image (o) Generatedimage timately achieves the goal of placing a “bear” in front of

the “bag”, at the expense of degraded image quality and
artifacts. In contrast, our approach applies 1d order embed-
ding to indicate the accurate order relationship of elements,
achieving this goal more elegantly and straightforwardly.

Figure 10. The analysis of the softmax map in the Layer
Reweighing Transformer. The softmax maps are extracted at
64 x 64 and 32 x 32 in our Layer Reweighing transformer.



This is because the Intra-Element Controller integrates
the weights of various elements and then reweighs these el-
ements. The way in which MultiControlNet [4] fuses mul-
tiple elements can be expressed by the following equation,
which applies the single scales to weight all conditions.

L

Ttotal = TUnet T+ E Qi - T (D
1=0

where x; and xype denote the feature of the i-th element
and the main branch feature in the Unet, respectively. And
«; denotes the scale of the i-th element.

In contrast, the Inter-Element Controller incorporates ad-
ditional Layer/Spatial Reweighing Transformer modules to
weight based on all the elements. Its fusing process can be
expressed as follows.

L

Tiotal = LUnet + Z Wiayer, * (wspaliali . xz) 2)
=0

where the Wgpaiia, and wWiayer, denote the weight of spatial
and layer dimension, respectively.

How does Layer Reweighing Transformer work? The
Layer Reweighing Transformer plays a crucial role in our
DC-ControlNet by ensuring that different conditions are
processed and fused effectively, particularly when dealing
with tasks involving overlapping regions and occlusions. In
particular, we apply the softmax function to handle these
features in competition. To better illustrate the effectiveness
of the fusion, we extract the softmax maps at each layer of
the Layer Reweighing Transformer and apply the argmax
to visualize which element dominates. As shown in Fig. 10,
the weight map obtained via softmax effectively determines
which element dominates in order at different pixels, espe-
cially in overlapping regions.
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F. Graphical User Interface

Fig. 11 shows the graphical user interface in our DC-
ControlNet. Since DC-ControlNet offers a more user-
friendly and flexible solution for controllable image gener-
ations, users can easily add an element and define the prop-
erties (such as content, color, and layout). For more details,
please refer to our demo video in the Supplementary.

G. Metrics

We use the proposed DMC-120k test set for quantitative
evaluations of our design choice. Given that our method is
a decoupled ControlNet, we consider the following aspects
as our metrics: the accuracy of the generated elements and
the order relationships between elements. Therefore, we use
the Fréchet Inception Distance (FID) [13], CLIP Score [14],
and CLIP Aes [15] metrics to evaluate the quality and ac-
curacy. FID measures the distance between the feature dis-
tributions of real and generated images, with lower values
indicating higher image quality. CLIP Score evaluates the
similarity between the image and text, which is used to eval-
uate the consistency of the image and the text. CLIP Aes
are employed to assess the aesthetics of the images. In
particular, we incorporate Large Vision-Language Models
(LVLM) as one of the evaluators due to its powerful image-
understanding capabilities. ChatGPT [16] is employed to
check whether the corresponding elements have been suc-
cessfully generated and whether the order relationships be-
tween elements are correct. For Accuracy,,;, we ask the
LVLM to determine whether the object is present in the im-
age, the final accuracy is calculated by dividing the num-
ber of detected objects by the total number of objects. For
Accuracy ., we require the LVLM to determine which ob-
ject occludes others, and the final accuracy is calculated by
dividing the number of correctly detected occlusions by the
total number of occlusions. The prompt is shown in Fig. 12.
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Figure 11. The graphical user interface of our DC-ControlNet. DC-ControlNet offers a user-friendly and flexible solution.



You are a helpful and precise assistant for checking the content of the image.

In this image, object A is <OBJECT A>, and object B is <OBJECT B>.

Please answer the following questions in the specified format:

1. Describe the content of the image:

- <Brief description of the image>

2. The existence of object A and object B:
- The existence of object A: <True / False>
- The existence of object B: <True / False>

3. Whether object A and object B overlap:

- The overlap between object A and object B: <True / False / N/A>

4. Front-back relationship:

- If both object A and object B exist and overlap, which one is in front of the other?

- The Front-back relationship: <A / B / N/A>

Figure 12. LVLM prompt in our method to measure the accuracy of the object existence and object occlusion.
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