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Abstract. To enhance the controllability of text-to-image diffusion mod-
els, existing efforts like ControlNet incorporated image-based conditional
controls. In this paper, we reveal that existing methods still face signif-
icant challenges in generating images that align with the image condi-
tional controls. To this end, we propose ControlNet++, a novel approach
that improves controllable generation by explicitly optimizing pixel-level
cycle consistency between generated images and conditional controls.
Specifically, for an input conditional control, we use a pre-trained dis-
criminative reward model to extract the corresponding condition of the
generated images, and then optimize the consistency loss between the
input conditional control and extracted condition. A straightforward im-
plementation would be generating images from random noises and then
calculating the consistency loss, but such an approach requires storing
gradients for multiple sampling timesteps, leading to considerable time
and memory costs. To address this, we introduce an efficient reward
strategy that deliberately disturbs the input images by adding noise,
and then uses the single-step denoised images for reward fine-tuning.
This avoids the extensive costs associated with image sampling, allowing
for more efficient reward fine-tuning. Extensive experiments show that
ControlNet++ significantly improves controllability under various con-
ditional controls. For example, it achieves improvements over ControlNet
by 11.1% mIoU, 13.4% SSIM, and 7.6% RMSE, respectively, for segmen-
tation mask, line-art edge, and depth conditions. All the code, models,
demo and organized data have been open sourced on our Github Repo.
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1 Introduction
The emergence and improvements of diffusion models [11, 40, 47], along with
the introduction of large-scale image-text datasets [45,46], has catalyzed signif-
icant strides in text-to-image generation. Nonetheless, as the proverb “an image
is worth a thousand words” conveys, it’s challenging to depict an image accu-
rately and in detail through language alone, and this dilemma also perplexes
existing text-to-image diffusion models [40,43]. To this end, many studies focus
on incorporating conditional controls such as segmentation mask into text-to-
image diffusion models [21,29,35,59,60]. Despite the diversity in these methods,
the core objective remains to facilitate more accurate and controllable image
generation with explicit image-based conditional controls.
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Fig. 1: (a) Given the same input image condition and text prompt, (b) the extracted
conditions of our generated images are more consistent with the inputs, (c,d) while
other methods fail to achieve accurate controllable generation. SSIM scores measure
the similarity between all input edge conditions and the extracted edge conditions. All
the line edges are extracted by the same line detection model used by ControlNet [60].

Achieving controllable image generation could involve retraining diffusion
models from scratch [35, 40], but this comes with high computational demands
and a scarcity of large public datasets [60]. In light of this, a feasible strategy
is fine-tuning pre-trained text-to-image models [22, 58] or introducing trainable
modules [29, 59, 60] like ControlNet [60]. However, despite these studies have
explored the feasibility of controllability [29, 59, 60] in text-to-image diffusion
models and expanded various applications [21, 22, 35], a significant gap remains
in achieving precise and fine-grained control. As shown in Fig. 1, existing meth-
ods of controllable generation (e.g., ControlNet [60] and T2I-Adapter [29]) still
struggle to accurately generate images that are consistent with the input im-
age condition. For example, T2I-Adapter-SDXL consistently produced incorrect
wrinkles on the forehead in all generated images, while ControlNet v1.1 intro-
duced many wrong details. Regrettably, current efforts lack specific methods for
improving controllability, which impedes progress in this research area.

To address this issue, we model image-based controllable generation as an
image translation task [16] from input conditional controls to output generated
images. Inspired by CycleGAN [68], we propose to employ pre-trained discrim-
inative models to extract the condition from the generated images and directly
optimize the cycle consistency loss for better controllability. The idea is that if
we translate images from one domain to the other (condition cv → generated
image x′

0), and back again (generated image x′
0 → condition c′v) we should arrive

where we started (c′v = cv), as shown in Fig. 2. For example, given a segmentation
mask as a conditional control, we can employ existing methods such as Control-
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Fig. 2: Illustration of the cycle consistency. We first prompt the diffusion model
G to generate an image x′

0 based on the given image condition cv and text prompt ct,
then extract the corresponding image condition ĉv from the generated image x′

0 using
pre-trained discriminative models D. The cycle consistency is defined as the similarity
between the extracted condition ĉv and input condition cv.

Net [60] to generate corresponding images. Then the predicted segmentation
masks of these generated images can be obtained by a pre-trained segmentation
model. Ideally, the predicted segmentation masks and the input segmentation
masks should be consistent. Hence, the cycle consistency loss can be formulated
as the per-pixel classification loss between the input and predicted segmentation
masks. Unlike existing related works [26, 29, 35, 60, 62] that implicitly achieve
controllability by introducing conditional controls into the latent-space denois-
ing process, our method explicitly optimizes controllability at the pixel-space
for better performance, as demonstrated in Fig. 3.

To implement pixel-level loss within the context of diffusion models, an intu-
itive approach involves executing the diffusion model’s inference process, starting
from random Gaussian noise and performing multiple sampling steps to obtain
the final generated images, following recent works focusing on improving image
quality with human feedback [10, 34, 57]. However, multiple samplings can lead
to efficiency issues, and require the storage of gradients at every timestep and
thus significant time and GPU memory consumption. We demonstrate that initi-
ating sampling from random Gaussian noise is unnecessary. Instead, by directly
adding noise to training images to disturb their consistency with input condi-
tional controls and then using single-step denoised images to reconstruct the
consistency, we can conduct more efficient reward fine-tuning. Our contributions
are summarized as:
– New Insight : We reveal that existing efforts in controllable generation still

perform poorly in terms of controllability, with generated images significantly
deviating from input conditions and lacking a clear strategy for improvement.

– Consistency Reward Feedback : We show that pre-trained discriminative mod-
els can serve as powerful visual reward models to improve the controllability
of controllable diffusion models in a cycle-consistency manner.

– Efficient Reward Fine-tuning : We disrupt the consistency between input im-
ages and conditions, and enable the single-step denoising for efficient reward
fine-tuning, avoiding time and memory overheads caused by image sampling.

– Evaluation and Promising Results: We provide a unified and public evaluation
of controllability under various conditional controls, and demonstrate that
ControlNet++ comprehensively outperforms existing methods.
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Fig. 3: (a) Existing methods achieve implicit controllability by introducing image-
based conditional control cv into the denoising process of diffusion models, with the
guidance of latent-space denoising loss. (b) We utilize discriminative reward models D
to explicitly optimize the controllability of G via pixel-level cycle consistency loss.

2 Related Work
2.1 Diffusion-based Generative Models
The diffusion probabilistic model presented in [47] has undergone substantial
advancements [11, 18, 24], thanks to iterative refinements in training and sam-
pling strategies [17,48,49]. To alleviate the computational demands for training
diffusion models, Latent Diffusion [40] maps the pixel space diffusion process
into the latent feature space. In the realm of text-to-image synthesis, diffusion
models [30,33,38–40,43] integrate cross-attention mechanisms between UNet [41]
denoisers and text embeddings from pre-trained language models like CLIP [36]
and T5 [37] to facilitate reasonable text-to-image generation. Furthermore, diffu-
sion models are employed across image editing tasks [2,13,23,28] by manipulat-
ing inputs [38], editing cross-attentions [15], and fine-tuning models [42]. Despite
the astonishing capabilities of diffusion models, language is a sparse and highly
semantic representation, unsuitable for describing dense, low-semantic images.
Furthermore, existing methods [33,40] still struggle to understand detailed text
prompts, posing a severe challenge to the controllable generation [60].

2.2 Controllable Text-to-Image Diffusion Models
To achieve conditional control in pre-trained text-to-image diffusion models,
ControlNet [60] and T2I-Adapter [29] introduce additional trainable modules for
guided image generation. Furthermore, recent research employs various prompt
engineering [26, 58, 61] and cross-attention constraints [5, 22, 55] for a more reg-
ulated generation. Some methods also explore multi-condition or multi-modal
generation within a single diffusion model [20, 35, 62] or focus on the instance-
based controllable generation [51,66]. However, despite these methods exploring
feasibility and applications, there still lacks a clear approach to enhance con-
trollability under various controls. Furthermore, existing works implicitly learn
controllability by the denoising process of diffusion models, while our Control-
Net++ achieves this in an explicit cycle-consistency manner, as shown in Fig. 3.

2.3 Linguistic and Visual Reward Models
The reward model is trained to evaluate how well the results of generative mod-
els align with human expectations, and its quantified results will be used to
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facilitate generative models for better and more controllable generation. It is
usually trained with reinforcement learning from human feedback (RLHF) in
NLP tasks [9, 31, 50], and has recently extended into the vision domain to im-
prove the image quality for text-to-image diffusion models [1, 10, 12, 34, 53, 57].
However, image quality is an exceedingly subjective metric, fraught with indi-
vidual preferences, and requires the creation of new datasets with human prefer-
ences [25,52,53,57] and the training of reward models [34,52,57]. Diverging from
the pursuit of global image quality with subjective human preference in current
research, we target the more fine-grained and objective goal of controllability.
Also, it’s more cost-effective to obtain AI feedback compared to human feedback.

3 Method

In this section, we first introduce the background of diffusion models in Sec. 3.1.
In Sec. 3.2, we discuss how to design the cycle consistency loss for controllable
diffusion models to enhance the controllability. Finally, in Sec. 3.3, we examine
the efficiency issues with the straightforward solution and correspondingly pro-
pose an efficient reward strategy that utilizes the single-step denoised images for
consistency loss, instead of sampling images from random noise.

3.1 Preliminary

The diffusion models [17] define a Markovian chain of diffusion forward process
q(xt|x0) by gradually adding noise to input data x0:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (1)

where ϵ is a noise map sampled from a Gaussian distribution, and ᾱt :=
∏t

s=0 αs.
αt = 1− βt is a differentiable function of timestep t, which is determined by the
denoising sampler such as DDPM [17]. To this end, the diffusion training loss
can be represented by:

L (ϵθ) =

T∑
t=1

Ex0∼q(x0),ϵ∼N (0,I)

[∥∥ϵθ (√ᾱtx0 +
√
1− ᾱtϵ

)
− ϵ

∥∥2
2

]
. (2)

In the context of controllable generation [29, 60], with given image condition cv
and text prompt ct, the diffusion training loss at timestep t can be re-written
as:

Ltrain = Ex0,t,ct,cv,ϵ∼N (0,1)

[
∥ϵθ (xt, t, ct, cv)− ϵ∥22

]
. (3)

During the inference, given a random noise xT ∼ N (0, I), we can predict
final denoised image x0 with the step-by-step denoising process [17]:

xt−1 =
1

√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ (xt, t)

)
+ σtϵ, (4)

where ϵθ refers to the predicted noise at timestep t by U-Net [41] with parameters
θ, and σt =

1−ᾱt−1

1−ᾱt
βt is the variance of posterior Gaussian distribution pθ(x0).
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3.2 Reward Controllability with Consistency Feedback

As we model controllability as the consistency between input conditions and the
generated images, we can naturally quantify this outcome through the discrim-
inative reward models. Once we quantify the results of the generative model,
we can perform further optimization for more controllable generation based on
these quantified results in a unified manner for various conditional controls.

To be more specific, we minimize the consistency loss between the input
condition cv and the corresponding output condition ĉv of the generated image
x′
0, as depicted in Fig. 2. The reward consistency loss can be formulated as:

Lreward = L (cv, ĉv)

= L (cv,D (x′
0))

= L
(
cv,D

[
GT (ct, cv, xT , t)

])
,

(5)

where GT (ct, cv, xT , t) denotes the process that the model performs T denois-
ing steps to generate the image x′

0 from random noise xT , as shown in the
Fig. 4 (a). Here, L is an abstract metric function that can take on different con-
crete forms for different visual conditions. For example, in the context of using
segmentation mask as the input conditional control, L could be the per-pixel
cross-entropy loss. The reward model D is also dependent on the condition, and
we use the UperNet [54] for segmentation mask conditions. The details of loss
functions and reward models are summarized in the supplementary material.

In addition to the reward loss, we also employ diffusion training loss in Eq. 3
to ensure that the original image generation capability is not compromised since
they have different optimization goals. Finally, the total loss is the combination
of Ltrain and Lreward:

Ltotal = Ltrain + λ · Lreward, (6)

where λ is a hyper-parameter to adjust the weight of the reward loss. Through
this approach, the consistency loss can guide the diffusion model on how to
sample at different timesteps to obtain images more consistent with the input
controls, thereby enhancing controllability. Nonetheless, directly applying such
reward consistency still poses challenges in efficiency in real-world settings.

3.3 Efficient Reward Fine-tuning

To achieve the pixel-space consistency loss Lreward, it requires x0, the final dif-
fused image, to calculate the reward consistency from the reward models. As
modern diffusion models, such as Stable Diffusion [40], require multiple steps,
e.g., 50 steps, to render a full image, directly using such a solution is impractical
in realistic settings: (1) multiple time-consuming samplings are required to de-
rive images from random noise. (2) to enable gradient backpropagation, we have
to store gradients at each timestep, meaning the GPU memory usage will in-
crease linearly with the number of time-steps. Taking ControlNet as an example,
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Fig. 4: (a) Pipeline of default reward fine-tuning strategy. Reward fine-tuning requires
sampling all the way to the full image. Such a method needs to keep all gradients for
each timestep and the memory required is unbearable by current GPUs. (b) Pipeline
of our efficient reward strategy. We add a small noise (t ≤ tthre) to disturb the consis-
tency between input images and conditions, then the single-step denoised image can
be directly used for efficient reward fine-tuning.

when the batch size is 1 with FP16 mixed precision, the GPU memory required
for a single denoising step and storing all training gradients is approximately
6.8GB. If we use the 50-step inference with the DDIM [48] scheduler, approxi-
mately 340GB of memory is needed to perform reward fine-tuning on a single
sample, which is nearly impossible to achieve with current hardware capabilities.
Although GPU memory consumption can be reduced by employing techniques
such as Low-Rank Adaptation (LoRA) [10,19], gradient checkpointing [6,10], or
stop-gradient [57], the efficiency degradation caused by the number of sampling
steps required to generate images remains significant and cannot be overlooked.
Therefore, an efficient reward fine-tuning approach is necessary.

In contrast to diffusing from random noise xT to obtain the final image
x0, as illustrated in Fig. 4 (a), we instead propose an one-step efficient reward
strategy. Specifically, instead of randomly sampling from noise, we add noise to
the training images x0, thereby explicitly disturbing the consistency between
the diffusion inputs x′

t and their conditional controls cv, by performing diffusion
forward process q(xt|x0) in Eq. 1. We demonstrate this process as the Disturb
Consistency in Fig. 4 (b) , which is the same procedure as the standard diffusion
training process. When the added noise ϵ is relatively small, we can predict the
original image x′

0 by performing single-step sampling3 on disturbed image x′
t [17]:

x0 ≈ x′
0 =

x′
t −

√
1− αtϵθ (x

′
t, cv, ct, t)√

αt
, (7)

and then we directly utilize the denoised image x′
0 to perform reward fine-tuning:

Lreward = L(cv, ĉv) = L(cv,D(x′
0)) = L(cv,D[G(ct, cv, x

′
t, t)]). (8)

Essentially, the process of adding noise destroys the consistency between the
input image and its condition. Then the reward fine-tuning in Eq. 8 instructs
the diffusion model to generate images that can reconstruct the consistency, thus
enhancing its ability to follow conditions during generation.

3 We provide a more detailed proof in the supplementary material.
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Please note that here we avoid the sampling process in Eq. 5. Finally, the
loss is the combination of diffusion training loss and the reward loss:

Ltotal =

{
Ltrain + λ · Lreward , if t ≤ tthre,

Ltrain , otherwise,
(9)

where tthre denotes the timestep threshold, which is a hyper-parameter used to
determine whether a noised image xt should be utilized for reward fine-tuning.
We note that a small noise ϵ (i.e., a relatively small timestep t) can disturb
the consistency and lead to effective reward fine-tuning. When the timestep t is
large, xt is closer to the random noise xT , and predicting x′

0 directly from xt

results in severe image distortion. The advantage of our efficient rewarding is
that xt can be employed both to train and reward the diffusion model without
the need for time and GPU memory costs caused by multiple sampling, thereby
significantly improving the efficiency during the reward fine-tuning stage.

During the reward fine-tuning phases, we freeze the pre-trained discrimina-
tive reward model and text-to-image model, and only update the ControlNet
following its original implementation, which ensures the generative capabilities
are not compromised. We also observe that using only the reward loss will lead
to image distortion, aligning with the conclusions drawn in previous studies [57].

4 Experiments

4.1 Experimental Setup

Condition Controls and Datasets. Given that existing text-image paired datasets
for generative models are unable to provide accurate conditional control data
pairs [45, 46], such as image-segmentation pairs, we endeavor to select specific
datasets for different tasks that can offer more precise image-label data pairs.
More specifically, ADE20K [64,65] and COCOStuff [3] are used for the segmen-
tation mask condition following ControlNet [60]. For the canny edge map, hed
edge map, lineart map, and depth map condition, we utilize the MultiGen-20M
dataset proposed by UniControl [35], which is a subset of LAION-Aesthetics [45].
For the datasets without text caption such as ADE20K, we utilize MiniGPT-
4 [67] to generate the image caption with the instruction “Please briefly describe
this image in one sentence”. The training and inference resolution is 512×512 for
all datasets and methods. Details are provided in the supplementary material.

Evaluation and Metrics. We train ControlNet++ on the training set of each
corresponding dataset and evaluate all methods on the validation dataset. All
the experiments are evaluated under 512×512 resolution for fair comparison.
For each condition, we evaluate the controllability by measuring the similarity
between the input conditions and the extracted conditions from generated images
of diffusion models. For semantic segmentation and depth map controls, we use
mIoU and RMSE as evaluation metrics respectively, which is a common practice
in related research fields. For the edge task, we use F1-Score for hard edges (canny
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Table 1: Controllability comparison with state-of-the-art methods under different con-
ditional controls and datasets. ↑ denotes higher result is better, while ↓ means lower
is better. ControlNet++ achieves significant controllability improvements. ‘-’ indicates
that the method does not provide a public model for testing. We generate four groups
of images in png format and report the average result to reduce random errors.

Condition
(Metric)

Seg. Mask
(mIoU ↑)

Canny Edge
(F1 Score ↑)

Hed Edge
(SSIM ↑)

LineArt Edge
(SSIM ↑)

Depth Map
(RMSE ↓)

Dataset

T2I
Model ADE20K COCO-Stuff MultiGen-20M MultiGen-20M MultiGen-20M MultiGen-20M

ControlNet SDXL - - - - - 40.00
T2I-Adapter SDXL - - 28.01 - 0.6394 39.75
T2I-Adapter SD1.5 12.61 - 23.65 - - 48.40

Gligen SD1.4 23.78 - 26.94 0.5634 - 38.83
Uni-ControlNet SD1.5 19.39 - 27.32 0.6910 - 40.65

UniControl SD1.5 25.44 - 30.82 0.7969 - 39.18
ControlNet SD1.5 32.55 27.46 34.65 0.7621 0.7054 35.90

Ours SD1.5 43.64 34.56 37.04 0.8097 0.8399 28.32

edge) because it can be regarded as a binary classification problem of 0 (non-
edge) and 1 (edge) and has a serious long-tail distribution, following the standard
evaluation in edge detection [56]. The threshold used for evaluation is (100, 200)
for OpenCV, and (0.1, 0.2) for Kornia implementation. The SSIM metric is used
for the soft edges conditional controls (i.e., hed edge & lineart edge) following
previous works [62]. For ControlNet++, we use the UniPC [63] sampler with
20 denoising steps to generate images with the original text prompt following
ControlNet v1.1 [60], without any negative prompts. For other methods beyond
ControlNet and ours, we utilized their open-source code to generate images and
conducted fair evaluations under the same data, without changing their inference
configures such as the number of inference steps or denoising sampler.

Baselines. Our evaluation primarily focuses on T2I-Adapter [29], ControlNet
v1.1 [60], GLIGEN [26], Uni-ControlNet [62], and UniControl [35], as these meth-
ods are pioneering in the realm of controllable text-to-image diffusion models and
offer public model weights for various image conditions. To ensure fairness of
evaluation, all methods use the same image conditions and text prompts. While
most methods employ the user-friendly SD1.5 as their text-to-image model for
controllable generation, we have observed that recently there are a few mod-
els based on SDXL [33]. Therefore, we also report the controllability results for
ControlNet-SDXL and T2I-Adapter-SDXL. Please note that ControlNet-SDXL
mentioned here is not an officially released model as in ControlNet [60].

4.2 Experimental Results

Comparison of Controllability with State-of-the-art Methods. The experimental
results are shown in Tab. 1, which can be summarized as the following ob-
servations: (1) Existing methods still underperform in terms of controllability,
struggling to achieve precise controlled generation. For instance, current meth-
ods (i.e., ControlNet) achieve only a 32.55 mIoU for images generated under
the condition of segmentation masks, which is far from its performance on real
datasets with a 50.7 mIoU, under the same evaluation from Mask2Former seg-
mentation model [7]. (2) Our ControlNet++ significantly outperforms existing
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Table 2: FID (↓) comparison with state-of-the-art methods under different conditional
controls and datasets. All the results are conducted on 512×512 image resolution with
Clean-FID implementation [32] for fair comparisons. ‘-’ indicates that the method does
not provide a public model for testing. We generate four groups of images in png format
and report the average result to reduce random errors.

Seg. Mask Canny Edge Hed Edge LineArt Edge Depth MapMethod T2I
Model ADE20K COCO MultiGen-20M MultiGen-20M MultiGen-20M MultiGen-20M

Gligen SD1.4 33.02 - 18.89 - - 18.36
T2I-Adapter SD1.5 39.15 - 15.96 - - 22.52

UniControlNet SD1.5 39.70 - 17.14 17.08 - 20.27
UniControl SD1.5 46.34 - 19.94 15.99 - 18.66
ControlNet SD1.5 33.28 21.33 14.73 15.41 17.44 17.76

Ours SD1.5 29.49 19.29 18.23 15.01 13.88 16.66

Table 3: CLIP-score (↑) comparison with state-of-the-art methods under different
conditional controls and datasets. ‘-’ indicates that the method does not provide a
public model for testing. We generate four groups of images in png format and report
the average result to reduce random errors.

Seg. Mask Canny Edge Hed Edge LineArt Edge Depth MapMethod T2I
Model ADE20K COCO MultiGen-20M MultiGen-20M MultiGen-20M MultiGen-20M

Gligen SD1.4 31.12 - 31.77 - - 31.75
T2I-Adapter SD1.5 30.65 - 31.71 - - 31.46

UniControlNet SD1.5 30.59 - 31.84 31.94 - 31.66
UniControl SD1.5 30.92 - 31.97 32.02 - 32.45
ControlNet SD1.5 31.53 13.31 32.15 32.33 32.46 32.45

Ours SD1.5 31.96 13.13 31.87 32.05 31.95 32.09

works in terms of controllability across various conditional controls. For example,
it achieves 11.1% RMSE improvements against previous state-of-the-art methods
for the depth map condition; (3) For controllable diffusion models, the strength
of the text-to-image backbone does not affect its controllability. As shown in
the table, although SDXL-based [33] ControlNet and T2I-Adapter have better
controllability on some specific tasks, the improvement is not large and is not
significantly better than the counterparts with SD 1.5 [40].

Comparison of Image Quality with State-of-the-art Methods. To verify whether
improving controllability leads to a decline in image quality, we reported the
FID (Fréchet Inception Distance) metrics of different methods under various
conditional generation tasks in Tab. 2. We discovered that, compared to existing
methods, ControlNet++ generally exhibits superior FID values in most cases,
indicating that our approach, while enhancing the controllability of conditional
controls, does not result in a decrease in image quality. This can also be observed
in Fig. 6. We provide more visual examples in the supplementary material.

Comparison of CLIP score with State-of-the-art Methods. Our ControlNet++
aims to improve the controllability of diffusion models using image-based condi-
tions. Concerned about the potential adverse effects on text controllability, we
evaluated various methods using CLIP-Score metrics across different datasets to
measure the similarity between generated images and input text. As indicated in
Tab. 3, ControlNet++ achieved comparable or superior CLIP-Score outcomes on
several datasets relative to existing approaches. This suggests that our method
not only markedly enhances conditional controllability but also preserves the
original model’s text-to-image generation proficiency.
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Generated Images GT + Generated ImagesGround Truth Images

Fig. 5: Training DeepLabv3 (MobileNetv2) from scratch with different images, includ-
ing ground truth images from ADE20K, and the generated images from ControlNet
and ours. All the labels (i.e., segmentation masks) are ground truth labels in ADE20K.
Please note improvements here are non-trivial for semantic segmentation.

Effectiveness of Generated Images. To further validate our improvements in
controllability and their impact, we use the generated images along with real
human-annotated labels to create a new dataset for training discriminative mod-
els from scratch. Please note that the only difference from the original dataset
used to train the discriminative model is that we have replaced the images with
those generated by the controllable diffusion model while keeping the labels un-
changed. If the generative model exhibits good controllability, the quality of the
constructed dataset will be higher, thereby enabling to train a stronger model.

Specifically, we conduct experiments on the ADE20K [64, 65] dataset on
DeepLabv3 with MobileNetv2 backbone [4]. We use the standard training dataset
(20210 training samples) to train the discriminative model and the validation
dataset (5000 evaluation samples) for evaluation. We show the experimental re-
sults in Fig. 5, the segmentation model trained on our images outperforms the
baseline results (ControlNet) by 1.19 mIoU. Please note that this improve-
ment is significant in segmentation tasks. For instance, Mask2Former [7]
improves previous SOTA MaskFormer [8] with around 1.1 mIoU in semantic
segmentation. In addition to conducting experiments solely on the generated
dataset, we also combined generated data with real data to train the segmenta-
tion model. The experimental results indicate that augmenting real ground truth
data with data generated by ControlNet does not yield additional performance
improvements (34.11 v.s. 34.08). In contrast, augmenting real data with our
generated data results in significant performance enhancements (+1.76 mIoU).

Qualitative Comparison. Figs. 6 and 7 provide a qualitative comparison between
our ControlNet++ and previous state-of-the-art methods across different con-
ditional controls. When given the same input text prompts and image-based
conditional controls, we observe that existing methods often generate areas
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Fig. 6: Visualization comparison results in different conditional controls.
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Fig. 7: Comparison on Line-Art Edge.

inconsistent with the image conditions.
For instance, in the segmentation mask
generation task, other methods often pro-
duce extraneous picture frames on the
walls, resulting in a mismatch between the
segmentation masks extracted from the
generated image and the inputs. A sim-
ilar situation occurs under depth conditions, where other methods fail to accu-
rately represent the depth of different fingers. In contrast, images generated by
ControlNet++ maintain good consistency with the input depth map.
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4.3 Ablation Study

Loss Settings. In Fig. 8, we find that maintaining the original diffusion train-
ing process is crucial for preserving the quality and controllability of generated
images. Relying solely on pixel-level consistency loss leads to severe image dis-
tortion, whereas training the model with both this loss and the diffusion training
loss can enhance controllability without affecting image quality.

Input Condition
Prompt: A pelican 
gracefully takes off 

from the calm water.

100 Steps 200 Steps 400 Steps50 Steps100 Steps 200 Steps 400 Steps50 Steps

Without Diffusion Training Loss With Diffusion Training Loss

Fig. 8: Ablation study on different loss settings during training. Using only pixel-level
consistency loss leads to severe image distortion, affecting both image quality and
controllability. However, when combined with diffusion training loss, it is possible to
gradually improve controllability without compromising image quality.

Generalizability of Efficient Reward Fine-tuning. Although the reward fine-
tuning is used in a small subset of timesteps, it updates all the parameters
of the ControlNet and therefore helps more timesteps to improve controllability
during sampling. To prove this, we divide the sampling process into two parts:
the unoptimized timesteps [T, tthre], and the optimized timesteps [tthre, 1] and
use ControlNet and our model for inference crossly, with 20-step sampling follow-
ing ControlNet. Table 4 shows that our reward finetuning performed on a small
number of timesteps [tthre, 1] can be generalized to larger timesteps [T, tthre].

Table 4: The impact of efficient re-
ward fine-tuning on different timesteps.
Unoptimized

[T, tthre]
Optimized
[tthre, 1]

ADE20K
mIoU (↑)

ControlNet ControlNet 32.55
ControlNet Ours 38.03

Ours ControlNet 41.46
Ours Ours 43.64

Table 5: Stronger reward model (UperNet-
R50) leads to better controllability than the
weaker reward model (DeepLabv3-MBv2).
Reward Model (RM) RM mIoU↑ Eval mIoU↑

- - 32.55
DeepLabv3-MBv2 34.02 31.96

FCN-R101 39.91 40.44
UperNet-R50 42.05 43.64

Choice of Different Reward Models. We demonstrate the effectiveness of different
reward models in Tab. 5, all the evaluation results (i.e., Eval mIoU in the table)
are evaluated by the most powerful segmentation model Mask2Former [7] with
56.01 mIoU, on ADE20K dataset. We experiment with three different reward
models, including DeepLabv3 [4] with MobileNetv2 [44] backbone (DeepLabv3-
MBv2), FCN [27] with ResNet-101 [14] backbone (FCN-R101) and UperNet [54]
with ResNet-50 backbone. The results demonstrate that a more powerful reward
model leads to better controllability for controllable diffusion models.

https://huggingface.co/lllyasviel/control_v11p_sd15_canny/blob/115a470d547982438f70198e353a921996e2e819/control_net_canny.py#L34
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5 Discussion
How to make Hed/LineArt Edge extraction methods differentiable? The Hed and
LineArt Edge extraction models are neural networks without non-differentiable
operations. Differentiability can be achieved by simply modifying forward code.
Some conditions (e.g., Box/Sketch/Pose) are not available. Our reward fine-
tuning leverages a pre-trained ControlNet and a differentiable reward model.
Currently, pre-trained ControlNet for object bounding boxes and differentiable
reward models for sketches are lacking. In existing pose models, there are non-
differentiable operations such as the NMS and keypoints grouping. We leave the
question of how to extend consistency reward to more conditions to future work.
Influence of Text Prompt. We discuss how different types of text prompts (No
Prompt, Conflicting Prompt, and Perfect Prompt) affect the final results. As
shown in Fig. 9, when the text prompt is empty or there is a semantic conflict
with the image conditional control, ControlNet often struggles to generate accu-
rate content. In contrast, our ControlNet++ manages to generate images that
comply with the input conditional controls under various text prompt scenarios.

No Prompt Conflict Prompt
“delicious cake”

Perfect Prompt
“a house, high-quality, extremely detailed, 4K”

O
ur

s
C

on
tr

ol
N

et

Fig. 9: When the input text prompt is empty or conflicts with the image-based condi-
tional controls (the segmentation map in the top left corner), ControlNet struggles to
generate correct content (red boxes), whereas our method manages to generate it well.

6 Conclusion
In this paper, we demonstrate from both quantitative and qualitative perspec-
tives that existing works focusing on controllable generation still fail to achieve
precise conditional control, leading to inconsistency between generated images
and input conditions. To address this issue, we introduce ControlNet++, it ex-
plicitly optimizes the consistency between input conditions and generated images
using a pre-trained discriminative reward model in a cycle consistency manner,
which is different from existing methods that implicitly achieve controllability
through latent diffusion denoising. We also propose a novel and efficient reward
strategy that calculates consistency loss by adding noise to input images fol-
lowed by single-step denoising, thus avoiding the significant computational and
memory costs associated with sampling from random Gaussian noise. Exper-
imental results under multiple conditional controls show that ControlNet++
significantly improves controllability without compromising image quality and
image-text alignment, offering new insights into controllable visual generation.

https://github.com/lllyasviel/ControlNet-v1-1-nightly/blob/e2b44154b72965c5e11b1ccee941d550682e4701/annotator/hed/__init__.py#L56
https://github.com/lllyasviel/ControlNet-v1-1-nightly/blob/e2b44154b72965c5e11b1ccee941d550682e4701/annotator/lineart/__init__.py#L94
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