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Abstract

ControlNet has significantly advanced controllable image
generation by integrating dense conditions (such as depth
and canny edges) with text-to-image diffusion models. How-
ever, ControlNet’s integration requires an additional amount
nearly equal to half of the base diffusion model’s parameters,
making it inefficient. To address this, we introduce Simple-
ControlNet, an efficient and streamlined network for con-
trollable text-to-image generation. It employs a single-scale
projection layer to incorporate condition information into the
denoising U-Net. It is supplemented by Low-Rank Adapter
(LoRA) parameters to facilitate condition learning. Impres-
sively, Simple-ControlNet requires fewer than 3 million pa-
rameters for the control mechanism, substantially less than
the 300 million needed by ControlNet. Our extensive experi-
ments confirm that Simple-ControlNet matches and surpasses
ControlNet’s performance across a broad range of tasks and
base diffusion models, showcasing its utility and efficiency.

Code — https://github.com/feng-zhida/Simple-ControlNet

Introduction

The field of image generation has made significant strides
with deep generative models, particularly diffusion mod-
els (Sohl-Dickstein et al. 2015; Song et al. 2020; Ho, Jain,
and Abbeel 2020). These models have unlocked new possi-
bilities to generate highly realistic and diverse images, push-
ing the frontiers of visual synthesis. However, the quest for
controlled image generation, which allows precise manip-
ulation of generated content to meet specific user require-
ments, remains a challenge.

Recent advances in text-to-image diffusion models (Chen
et al. 2023; Ramesh et al. 2022; Feng et al. 2023; Sa-
haria et al. 2022b; Rombach et al. 2022; Podell et al. 2023;
Pernias, Rampas, and Aubreville 2023) have markedly im-
proved the controllability of image generation, facilitating
the creation of images closely aligned with user-provided
text prompts. Despite their success, relying solely on tex-
tual descriptions often fails to convey the detailed controls
required for precise image generation. ControlNet (Zhang,
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Rao, and Agrawala 2023) emerged as a revolutionary ap-
proach by integrating detailed conditions, such as segmenta-
tion maps and edge maps, with text-to-image models to im-
prove controllability. However, ControlNet introduced sub-
stantial complexity, necessitating nearly half the parameters
of the base U-Net model, complicating training and deploy-
ment.

Addressing these challenges, we introduce Simple-
ControlNet, a streamlined and efficient architecture for con-
trollable text-to-image generation. Unlike previous control
mechanisms (Zhang, Rao, and Agrawala 2023; Mou et al.
2024) that rely on condition encoders injecting information
at multiple scales, Simple-ControlNet employs a simpler,
single-scale approach. Specifically, we use a lightweight
projection block consisting of 8 convolutional layers to in-
tegrate condition information directly into the U-Net’s top-
level features. This design substantially reduces complexity
while still allowing the model to effectively leverage condi-
tion inputs. At the same time, Low-Rank Adapter (LoRA)
parameters facilitate learning condition information embed-
ded in the hidden states. This approach significantly simpli-
fies the integration of control conditions into the diffusion
model.

This paper makes the following contributions.

* We introduce Simple-ControlNet, a model that drasti-
cally reduces the parameter count needed for control
mechanisms by nearly a hundredfold (from 344.5M to
2.7M), simplifying deployment and reducing training
complexity.

* Through extensive experiments, we demonstrate that
Simple-ControlNet matches and surpasses ControlNet’s
performance across multiple dimensions, including qual-
itative and quantitative comparisons, efficiency analyses,
and human evaluations.

* Demonstration of Simple-ControlNet’s versatility across
a diverse array of tasks such as depth-to-image,
boundary-to-image conversion, and advanced image pro-
cessing techniques including inpainting, outpainting, and
Super-Resolution.

Related Work

Image-to-Image Translation Numerous GAN-based
image-to-image translation methods (Choi et al. 2018,



Figure 1: Selected Simple-ControlNet samples with various conditions, showcasing tasks including Depth-to-Image, Boundary-
to-Image, Edge-to-Image, and Super-Resolution. The inpainting and outpainting tasks are jointly performed within a single
pipeline, using the prompt ”A person riding a horse on a cliff.”

2020; Isola et al. 2017; Wang et al. 2018; Park et al.
2019; Zhu et al. 2017; Taigman, Polyak, and Wolf 2017;
Richardson et al. 2021) have been extensively studied in
this field. Those approaches typically learn the mapping
from the source to the target image domain. Methods can be
categorized as supervised or unsupervised (Zhu et al. 2017),
paired or unpaired (Taigman, Polyak, and Wolf 2017). The
autoregressive transformer methods (Ramesh et al. 2021;
Esser, Rombach, and Ommer 2021) consider the discrete
tokens of the source domain image as the initial part of the
input sequence and then decode the discrete tokens of the
target domain image. Diffusion-based approaches (Wang
et al. 2022; Saharia et al. 2022a; Ramesh et al. 2022; Saharia
et al. 2022b) commonly incorporate the image of the source
domain as an additional condition for the denoising network
during diffusion training. Recently, several methods (Zhang,
Rao, and Agrawala 2023; Mou et al. 2024; Zhao et al.
2024) have explored novel architectures that enhance
the image-to-image translation capabilities of pre-trained
diffusion models while preserving their inherent generative
power.

Text-to-Image Diffusion Models Diffusion models (Song
et al. 2020; Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel
2020) have recently emerged as a significant advancement in
image generation, impressing their ability to produce high-
quality images. Using large-scale text-to-image datasets for
training, text-to-image diffusion models (Nichol et al. 2021;
Ramesh et al. 2022; Rombach et al. 2022; Feng et al. 2023;
Saharia et al. 2022b; Chen et al. 2023) demonstrate an
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extraordinary ability to generate high-fidelity images and
customize these images based on input text. Many mod-
els (Nichol et al. 2021; Ramesh et al. 2022; Saharia et al.
2022b) perform diffusion in the pixel space and employ
cascading diffusion techniques (Ho et al. 2022) to produce
high-resolution images. On the other hand, Latent Diffusion
Models (LDM) adopt a distinct approach by training neural
networks to reduce the dimensionality of images. By con-
ducting diffusion in latent space, LDMs significantly reduce
computational demands while still allowing the generation
of high-resolution images through a single neural network.
Following the success of LDM, many subsequent text-to-
image diffusion models (Feng et al. 2023; Chen et al. 2023)
have adopted the approach of performing diffusion in latent
space.

Controlling Text-to-Image Diffusion Models Recently,
some approaches have attempted to incorporate dense condi-
tional information into frozen pre-trained text-to-image dif-
fusion models. The T2I-adapter (Mou et al. 2024) trains
an adapter that outputs multiscale feature maps and adds
them to the U-Net of Stable Diffusion. GLIGEN (Li et al.
2023) designs cross-attention layers and inserts them into
the network to incorporate conditional information. Control-
Net (Zhang, Rao, and Agrawala 2023) duplicates the pa-
rameters of the Denoising U-Net encoder to create a Con-
dition Encoder, whose outputs containing control informa-
tion are fed as multiscale features into the Denoising U-
Net decoder. Uni-ControlNet integrates many control con-
ditions into a single control network. In contrast to these
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Figure 2: Comparison of three control mechanisms. (a) T2I-Adapter trains an Adapter from scratch, which takes the condition
as input and outputs multiscale features to the U-Net’s encoder; (b) ControlNet duplicates the parameters of the U-Net Encoder,
taking x; and the condition as inputs, and outputs multiscale features to the U-Net’s decoder; (c) Simple-ControlNet (Ours)
directly inputs the condition to the U-Net through a simple projection layer, and then introduces additional LoRA parameters to

learn the extra condition information in the hidden state. The red and

or not updated during training, respectively.

methods, we propose a simple approach to inject control in-
formation by directly inserting conditions into the top layer
of the U-Net through a few convolutional layers. We then
employ Low-Rank Adaptation (LoRA) (Hu et al. 2021) on
the self-attention layers to handle additional conditional hid-
den states. Our method offers a straightforward and effective
way to incorporate control information into text-to-image
diffusion models.

Neural Networks Fine-tuning Fine-tuning large pre-
trained models on downstream tasks has become increas-
ingly common (Ruiz et al. 2023; Devlin et al. 2019; Ouyang
et al. 2022). As a fine-tuning technique, the adaptation
method (Hu et al. 2021; Pfeiffer et al. 2021; Houlsby et al.
2019) has received a lot of attention in natural language
processing. Techniques such as LoRA (Hu et al. 2021)
and orthogonal fine-tuning (Qiu et al. 2023) have demon-
strated the potential to efficiently incorporate new capabil-
ities into existing models without compromising their orig-
inal strengths. This approach has been particularly influen-
tial in image generation, where pre-trained models like Sta-
ble Diffusion (Rombach et al. 2022) are fine-tuned with ad-
ditional inputs or constraints to achieve specific generative
outcomes. This strategy aligns with our exploration of more
effective and efficient methods for integrating dense condi-
tions into the image generation process, aiming to enhance
control while minimizing the additional computational bur-
den.

Method
Background

Denoising Diffusion Probabilistic Models (DDPMs) (Ho,
Jain, and Abbeel 2020) are score-based generative models
that have recently been used in image generation. These
models utilize a diffusion process that incrementally intro-
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modules represent whether parameters are updated

duces diagonal Gaussian noise into an initial data sample, z,
converting it into an isotropic Gaussian distribution over T'
steps as follows:

xt:\/atxt,l—&-\/l—oztet,,te{1,...,T}, @))
where 29 = x, o7 ~ N(0,1), ¢, ~ N(0,1), and {a;}7_;
is a predefined schedule.

The forward process allows for the sampling of x; at any
timestep ¢ in closed form. Defining oy = 1 — 5; and &y

t .
[I._; as, we obtain:

q(xilwo) = N (z; Varxo, (1 — ar)I), 2
This can also be expressed as:
xy = Vouxg + V1 — age, ,where e ~ N(0,1), (3)

Subsequently, a neural network denoted as 6 is used to pre-
dict € (potentially outputting x( or v, then reparameterized
to €) to improve the controllability of generation. Caption
information and dense conditions are integrated into the in-
puts of the neural network, enabling the model to predict zg

at step ¢ as follows:
Toy =

1
ﬁ(xt Y 1-—- dtGO(ift»ta Ct, Cd))7 (4)

where ¢; and ¢4 represent text and dense condition informa-
tion, respectively.

In the inference phase of DDPMs, since x( is unknown,
the model iteratively generates x;_; based on z; and Zg ;:
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where ¢, ~ N(0,7) is sampled Gaussian noise and ¢t €
{T,...,1}.
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Designing Simple-ControlNet

Recent methods for controlling pre-trained text-to-image
diffusion models, such as T2I-Adaptar (Mou et al. 2024) and
ControlNet (Zhang, Rao, and Agrawala 2023), utilize an ad-
ditional condition encoder to insert multiscale features into
the frozen U-Net’s intermediate hidden states (refer to Fig-
ure 2a and Figure 2b). These condition encoders match the
depth and width of the Diffusion U-Net encoder or decoder,
adding significant complexity to the model.

In this section, we introduce Simple-ControlNet Fig-
ure 2c. This streamlined approach employs a single-scale
projection layer at the top of the U-Net to embed conditions,
simplifying the architecture. Using the LoRA technique en-
ables us to learn this conditional information, effectively re-
ducing network complexity.

Single-Scale Projection We use a shallow projection
layer (with only 8 convolutional layers to map the condi-
tion to a feature map with the same shape as the U-Net’s
top-level features.

Let F(-; @) be our projection layer and hy €
be the top-level features of the U-Net.

F can map the dense condition ¢4 to a feature map y
through parameters ®:

Yy = F(Cd; q))a Y € RHXWXC»

RHXWXC

(6)

We then add y to hg to introduce the condition information
into the U-Net: )
ho =ho+ Ap -y, @)

where hy is the zeroth layer of the network (i.e., the top-level
features), and A p is a scalable factor set to 1 during training.
Since only single-scale features are required, the network
depth can be independent of the U-Net, and the top-level
features have the least width, further reducing the number of
parameters.

Learning Condition Information Our projection layer
scale is small, so it cannot output features with rich seman-
tic information. Therefore, we need additional parameters to
understand the condition information embedded in the hid-
den states. Simple-ControlNet addresses this using LoRA
(Low-Rank Adaptation) (Hu et al. 2021). Consider a layer
updated by LoRA with weight W € R?*¢, We use a low-
rank matrix:

AW = £BA, where B R¥*", Ac R™, (8
T

where r and « are pre-defined hyperparameters. Given an
input hidden state h, we have:

z=h(W + A - AW) + b, ©)
This can be decomposed into:
z=h-W+Ap-h-AW +b, (10)

where z is the output of this linear layer, and Ay, is a scalable
factor set to 1 during training. The condition information is
embedded in h. Since W is not updated during training, we
hypothesize that the condition information can be learned by
updating the parameters AW.
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Figure 3: Results with different A values using same sampled
noise. The A\p and Ay, are used to control the state of the
projection layer and LoRA, respectively, where O indicates
deactivated and 1 indicates activated.

By controlling the activation of the projection layer and
the LoRA layer in a pre-trained Simple-ControlNet, we ob-
tained Figure 3. We observed that when only the projection
layer is activated (Figure 3a vs. Figure 3c), the variation in
the results generated is minimal. In contrast, activating the
LoRA layer enables the model to generate images relevant
to the condition (Figure 3c vs. Figure 3d). Furthermore,
the generation of non-meaningful images in Figure 3b high-
lights that LoORA parameters are tightly coupled with condi-
tion information during training. This suggests that the pro-
jection layer primarily embeds the condition within our ar-
chitecture, while the LoRA layer interprets and utilizes this
condition information.

Training Simple-ControlNet

Parameter Initialization The initialization of parameters
plays a crucial role in the successful integration of new con-
ditional layers, particularly when fine-tuning diffusion mod-
els. In accordance with ControlNet’s findings (Zhang, Rao,
and Agrawala 2023), we set the weights and biases of the fi-
nal layer in the projection layers to zero. This strategy min-
imizes the initial impact of control information on hidden
states, promoting a smoother adaptation process. Similarly,
we zero-initialize the matrix A in the Lora module, which is
equivalent to zero-initializing AW

Training Objective For € prediction models, such as Sta-
ble Diffusion v1-5, the training loss is defined as:

L= |le—0(z,t,c,d)|f, (11)

For models that utilize v prediction, like Stable Diffusion
v2-1, the loss is calculated by:

Bt
N

L= ||:at_0(xt7tac7d)||27/1t 6)'

12)

(z¢ —

1
VAt
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Figure 4: Results of Simple-ControlNet under various control conditions and prompts.

Experiments

Implementation Details We sampled 2 million text-
image pairs from the COYO-700M (Byeon et al. 2022)
dataset for training. All models have trained over
40,000 iterations with a batch size of 128 using the
AdamW (Loshchilov and Hutter 2019) optimizer, with set-
tings 81 = 0.9 and By = 0.999. We applied LoRA (Low-
Rank Adaptation) (Hu et al. 2021) across all self-attention
layers, employing a rank of 8, and set the LoRA dropout
to 0.1. This adaptation, along with single-scale projection
layers, added additional 1.6M and 1.1M parameters, respec-
tively, to the pre-trained Stable Diffusion model (Rombach
et al. 2022).

Qualitative Evaluation We use Stable Diffusion vl-
5 (Rombach et al. 2022) as the base model, assessing our
method with various controlled inputs such as Depth (Ran-
ftl et al. 2022), HED (Xie and Tu 2015) Boundary and
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Canny (Canny 1986) Edge. All models, including ours, use
the DPM-Solver (Lu et al. 2022) configured for 25 steps
with a control strength of 1.0. Figure 4 demonstrates the re-
sults of Simple-ControlNet under various control conditions
and prompts. Simple-ControlNet performs well on diverse
prompts, effectively performing tasks that include entity
transformation and style transfer. Figure 5 showcases the
qualitative comparison results, which align with the quanti-
tative findings. Simple-ControlNet exhibits superior adher-
ence to the condition, as exemplified by the hippo case in
the first row, where Simple-ControlNet accurately generates
an image of a hippo with its mouth open, while ControlNet
fails to do so. Furthermore, ControlNet suffers from appar-
ent overexposure issues under the HED boundary condition
(second row), whereas Simple-ControlNet produces more
photorealistic images. Lastly, Simple-ControlNet excels in
generating human faces, as observed in the last row.



Depth HED Boundary Canny Edge

Model Extra Params. gy | oy 1p Score + RMS/, FID| CLIP Score § RMS, FID | CLIP Score } SSIM 1
T2I-Adapter (Mou et al. 2024) 73.4M 27.57 0.2857 0.1593 - - - 2940 0.2810 0.4528

ControlNet (Zhang, Rao, and Agrawala 2023) 3445M  21.28 0.2895 0.1372 41.75 0.2823 0.1942 26.58 0.2879 0.4333

w/o CFG  ControlNet v1.1 (Zhang, Rao, and Agrawala 2023)  344.5M  21.13 0.2876 0.1378 - - - 17.82 0.2942 0.5534
Uni-ControlNet (Zhao et al. 2024) 437.8M 4632 02625  0.2649 20.26  0.2917  0.1633 25.99  0.2880  0.4759
Simple-ControlNet (Ours) 2. M 15.59 0.2949 0.1326 10.11 0.3025 0.1384 12.93 0.3065 0.5758
T2I-Adapter (Mou et al. 2024) 73.4M 12.09 0.3159 0.1580 - - - 10.49 0.3127 0.4676

ControlNet (Zhang, Rao, and Agrawala 2023) 3445M 1186 0.3148  0.1342 11.92  0.3147  0.1347 10.63  0.3140 0.4631

w/ CFG = 7.5 ControlNet v1.1 (Zhang, Rao, and Agrawala 2023)  344.5M 12.61 0.3147  0.1349 - - - 8.93 0.3156 0.5391
Uni-ControlNet (Zhao et al. 2024) 437.8M 12.88 0.3129 0.2409 10.63 0.3120 0.1654 9.96 0.3143 0.4894
Simple-ControlNet (Ours) 2. M 10.10 0.3147 0.1317 7.97 0.3133 0.1344 8.71 0.3139 0.5740

Table 1: Quantitative comparison with other models. We present results both without and with Classifier-Free Guidance (CFG).
When using CFG, we set the guidance scale to 7.5 for all models, which is a default setting in Stable Diffusion.

Source Condition

ControlNet (344.5M)

A woman with a backpack in a park.

Simple-Co
iz

ntrolNet 2.7M)

I 2 M

Figure 5: Qualitative comparison with ControlNet.

Quantitative Evaluation We conducted a quantitative
comparison for three tasks using T2I-Adapter (Mou et al.
2024), ControlNet (Zhang, Rao, and Agrawala 2023), and
Uni-ControlNet (Zhao et al. 2024). Our evaluation set com-
prised 10,000 image-text pairs sampled from the COCO (Lin
et al. 2014) val2014 dataset. We used several metrics for
assessment: the Fréchet Inception Distance (FID) (Heusel
et al. 2017) to evaluate image quality; the CLIP (Radford
etal. 2021)-Score using ViT-B/32 to assess image-text align-
ment; and both RMS and SSIM for evaluating the consis-
tency of images with their conditions. The results, as shown
in the Table 1, indicate that Simple-ControlNet excelled in
image quality, image-text alignment, and image-condition
consistency without classifier-free guidance (Ho and Sali-
mans 2022). However, when the classifier-free guidance was
set to 7.5, it also achieved the best performance in terms of
quality and condition consistency, showing comparable re-
sults in CLIP-Score.
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Human Preference Study We collected a set of 300 im-
ages from the Internet. For each image, we generated cap-
tions using InstructBlip (Dai et al. 2023), resulting in 300
image-text pairs. These pairs serve as the validation set
for human evaluation. For each model and each condition,
four images will be generated for each prompt. Five partic-
ipants assessed the models in three dimensions: Image Fi-
delity, Text-Image Alignment, and Image-Condition Align-
ment. They chose the better image, or declared a tie, from
a mixed sequence of outcomes from both our model and
a competitor. This selection process aimed to calculate a
preference rate as a metric. The findings, illustrated in Fig-
ure 6, reveal Simple-ControlNet’s significant lead in Image
Fidelity and slight advantages in alignment aspects, show-
ing comparable alignment levels across most samples when
compared with other models, succinctly emphasizing our
model’s effectiveness in producing and aligning images with
their textual descriptions and specified conditions.
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Figure 6: Human Preference Results.

Figure 7: Non-Prompt Test (NPT) results showcasing
Simple-ControlNet’s ability to understand and generate im-
ages based solely on conditionings without prompts.

Non-Prompt Test We observed that ControlNet has re-
leased an additional ablation study on its GitHub discussions
page !. The Non-Prompt Test (NPT) was introduced to eval-
uate whether a model can generate semantically meaningful
images solely from the condition input, without relying on
any text prompt. ControlNet relies on a large condition en-
coder to achieve this, but Figure 7 demonstrates that Simple-
ControlNet also passes NPT while using far fewer additional
parameters. This result highlights Simple-ControlNet’s effi-
ciency and its robust capability to understand dense condi-
tions independently.

User Input We conducted a simple test to assess the
adaptability of the Simple-ControlNet model to user input.
The user provided an edge image with a width of one pixel,
and we used the Canny edge version of the model to generate

"https://github.com/lllyasviel/ControlNet/discussions/188
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1

Figure 8: Results upon inputting a user-drawn edge.

A house

Volcanic

Toy bear

4

Condition SD-1.5

Arcane
Diffusion Diffusion Diffusion Diffusion

Ghibli  Inkpunk Analog

Figure 9: Transfer pre-trained Simple-ControlNet to com-
munity models without training the neural networks again.
The prompts for the first and second lines are “house” and
”an old man” respectively.

the corresponding image. The results are shown in Figure 8,
demonstrating that the Simple-ControlNet model effectively
adapts to user inputs.

Transfer to other community models. Part of Control-
Net’s usability stems from its transferability; it requires only
a single pre-training on a base model (e.g., Stable Diffu-
sion 1.5) and can then be directly applied to other fine-
tuned models without further optimization. To demonstrate
that Simple-ControlNet possesses the same characteristic,
we directly applied our Simple-ControlNet (pre-trained on
SD1.5) to four community models ( Figure 9) without
any additional fine-tuning. The results indicate that Simple-
ControlNet similarly exhibits this straightforward plug-and-
play transferability, further validating its usability.

Conclusion

In this work, we have introduced Simple-ControlNet, a
streamlined and efficient architecture for controllable text-
to-image generation. By simplifying the insertion of condi-
tion information, transitioning from a multiscale to a single-
scale layer, and employing LoRA to learn the control infor-
mation embedded in the hidden states, Simple-ControlNet
demonstrates not only a significant reduction in the addi-
tional parameter count, but also superior performance in
generating images that closely align with both textual and
dense condition inputs.
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