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Figure 1: The proposed UniCon supports diverse generation behavior in one model for a targeted
type of image and condition. UniCon also offers flexible conditional generation ability with natural
support for free-form input and seamless integration of multiple models.

ABSTRACT

Recent progress in image generation has sparked research into controlling these
models through condition signals, with various methods addressing specific chal-
lenges in conditional generation. Instead of proposing another specialized tech-
nique, we introduce a simple, unified framework to handle diverse conditional
generation tasks involving a specific image-condition correlation. By learning a
joint distribution over a correlated image pair (e.g. image and depth) with a dif-
fusion model, our approach enables versatile capabilities via different inference-
time sampling schemes, including controllable image generation (e.g. depth to
image), estimation (e.g. image to depth), signal guidance, joint generation (im-
age & depth), and coarse control. Previous attempts at unification often introduce
significant complexity through multi-stage training, architectural modification, or
increased parameter counts. In contrast, our simple formulation requires a single,
computationally efficient training stage, maintains the standard model input, and
adds minimal learned parameters (15% of the base model). Moreover, our model
supports additional capabilities like non-spatially aligned and coarse condition-
ing. Extensive results show that our single model can produce comparable results
with specialized methods and better results than prior unified methods. We also
demonstrate that multiple models can be effectively combined for multi-signal
conditional generation.

∗Corresponding author.
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1 INTRODUCTION

Text-to-image diffusion models, such as Dall-E 2 (OpenAI, 2023) and Imagen (Ho et al., 2022a),
have revolutionized the field of image generation, leading to contemporary models (Midjourney,
2023; Baldridge et al., 2024) that can produce images almost indistinguishable from real ones. This
progress in generative modeling, particularly with diffusion models, has spawned new research areas
and reshaped existing fields within computer vision. With advancements in image quality, the gen-
erative community has expanded its focus to controllability, resulting in many different approaches,
each promoting a distinct scheme for guiding the generative process. ControlNet (Zhang et al.,
2023b) highlights the effectiveness of using modalities like depth and edges as conditional input.
Meanwhile, other works, such as Loose Control (Bhat et al., 2024) and Readout Guidance (Luo
et al., 2024), propose alternative conditioning types (e.g. coarse depth maps) and control mecha-
nisms (e.g. guidance through a prediction head). Concurrently, the estimation community has seen
diffusion models advance the state-of-the-art for predicting various modalities from RGB images,
e.g. Marigold (Ke et al., 2024) repurposes a pretrained image generator to generate depth instead.
In addition, other work Stan et al. (2023) has explored joint diffusion, generating paired image and
depth simultaneously.

Although typically addressed as separate tasks within distinct communities, these problems share
a common underlying structure: conditional generation between correlated images. Consider the
relationship between an image and its depth map: controllable generation translates depth to im-
age, estimation maps image to depth, guidance uses depth predictions to guide image generation,
and joint generation produces image-depth pairs. This observation motivates us to unify all these
tasks under a global distribution modeling problem. While a few works (Qi et al., 2024; Zhang
et al., 2023a) have also explored unified models capable of handling these diverse tasks, they often
introduce significant complexity through multi-stage training, increased parameter counts, or archi-
tectural modifications. This additional complexity makes creating and using these models difficult,
hindering their adoption.

In this paper, we propose UniCon, a unified diffusion model that learns an image-condition joint
distribution with a flexible model architecture and simple but effective training strategy to support
diverse inference behaviors. We propose an architecture adaptation to the standard image generator
diffusion model that is more flexible than ControlNet (allowing for non-pixel-aligned conditioning
signals) and more efficient to train, decreasing both the number of learned parameters and required
training samples. Inspired by Diffusion Forcing (Chen et al., 2024a), we use a training scheme that
disentangles the noise sampling of the image and the condition, allowing flexible sampling strategies
at inference time to achieve different conditional generation tasks without explicit mask input.

As shown in Fig. 1, with the same model but different sampling schedules, UniCon can do: 1)
controllable image generation in the form of ControlNet, Readout Guidance, and Loose Control, 2)
estimation, and 3) joint generation. We train our models based on a large text-to-image model for
several different modalities (depth, edges, human poses, identity) and show that the behavior of our
single model is similar to or better than specialized methods using standard image quality and align-
ment metrics. We demonstrate significant improvements over prior unified models in conditional
generation, training efficiency, and generation flexibility. We also show that UniCon can combine
multiple models for multi-signal conditional generation or switch our model to other base model
checkpoints. Our models are trained in about 13 hours on 2-4 Nvidia A800 80G GPUs, adding 15%
parameters to the base model.

The main contributions of this work are:

• Proposing a framework that unifies controllable generation, estimation, and joint genera-
tion, including model adaptation, training strategy, and sampling methods allowing flexible
conditional generation at inference.

• Demonstrating that our architecture and training can work on a large-scale text-to-image
diffusion model with a small number of learned parameters and a relatively small training
data scale.

• Showing that our unified models can perform similar to specialized methods or better than
current unified approaches on different modalities.
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2 RELATED WORK

Controllable Generation. Fine-tuning text-to-image diffusion models to conditional image genera-
tion on signals beyond text has gained signi�cant popularity (Huang et al., 2023; Zhang et al., 2023b;
Ye et al., 2023; Mou et al., 2023; Sohn et al., 2023). ControlNet (Zhang et al., 2023b) trains a con-
trol network attached to pre-trained diffusion models to incorporate condition signals, such as edge
maps, segmentation masks, and pose estimation. Based on ControlNet, LooseControl (Bhat et al.,
2024) generalizes depth conditioning to loose depth maps that specify scene boundaries and object
positions. Readout-Guidance (Luo et al., 2024) proposes a new control scheme by adding prediction
heads to internal features and guiding the generation by the predicted condition signal. DAG (Kim
et al., 2022) guides a diffusion model to generate geometrically plausible images using depth prior.
Conditional editing tasks, such as DiffEdit (Couairon et al., 2023), have enhanced conditional im-
age manipulation by applying diffusion-based models for inpainting and editing tasks. Instead of
one speci�c control behavior, our proposed framework provides diverse controlling abilities through
different sampling strategies.

Estimation. Extracting signals like depth, surface normals, or segmentation maps from RGB im-
ages has been a longstanding challenge in computer vision. Typically, each task has been addressed
in isolation or limited combinations,e.g.joint depth and segmentation, but distinct from image gen-
eration. Starting works like DDVM (Saxena et al., 2023a), these tasks have started to be addressed
directly with diffusion models including depth prediction (Saxena et al., 2023b;a), optical �ow pre-
diction (Saxena et al., 2023a), correspondence matching (Nam et al., 2024), etc.. Recently, there has
been considerable interest in either using generative features inside estimators (Xu et al., 2023; Zhao
et al., 2023) or explicitly �ne-tuning image generators as estimators, such as Marigold (Ke et al.,
2024) which adds a clean RGB conditioning and �ne-tunes the entire model to diffuse a depth map.
While Marigold shares some similarities with our depth estimation setting for our RGBD model, our
approach differs signi�cantly in both goals and techniques. Unlike Marigold, which focuses solely
on depth and discards image generation capabilities, our method retains the ability to perform image
generation, depth estimation, and other tasks, through lightweight LoRA �ne-tuning.

Joint and Uni�ed Generation. While less common than controllability or estimation, several works
have attempted to unify multiple images and modalities within a single model. LDM3D (Stan et al.,
2023) jointly generates image and depth data in an RGBD latent space. Following approaches com-
monly include an inpainting mask in the input to extend joint generation to bidirectional conditional
generation. For example, UniGD (Qi et al., 2024) uni�es image synthesis and segmentation through
a diffusion model trained with image, segmentation, and inpainting mask as inputs. JeDi (Zeng et al.,
2024) learns a joint distribution over images that share a common object, facilitating personalized
image generation. Among the most relevant works, JointNet (Zhang et al., 2023a) adopts a symmet-
ric ControlNet-like structure for generating both image and depth, utilizing an inpainting scheme
to support depth-to-image and image-to-depth generation. Our approach presents several improve-
ments over these uni�ed methods. First, our training strategy enables �exible conditional generation
without requiring an explicit mask input. Thus we can avoid concatenating multiple inputs in the
feature dimension or adding inpainting masks, which allows our model to act like adapters that can
be plugged into the base model checkpoints. Furthermore, our structure supports both loosely corre-
lated image pairs (as in JeDi) and densely correlated pairs (as in JointNet), providing more versatile
capabilities across different scenarios.

3 PRELIMINARIES

Diffusion Model. Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2020b)
are generative models that model a data distributionp(x) through an iterative denoising process.
Consider a forward process gradually adding Gaussian noise� to datax0 � p(x) with timesteps
t = 1 ; : : : ; T and noise schedulef � t g,

q(x t jx0) = N (x t ;
p

�� t x0; (1 � �� t )I ); q(x t jx t � 1) = N (x t ;
p

� t x t � 1; (1 � � t )I ); (1)

where�� t =
Q t

s=1 � s andxT � N (0; I ) reaches pure noise. Diffusion models learn to denoisex t
at any timestep by estimatinĝx � (x t ; t) � x0. According to common� -parameterization, we can
train the model to predict the noise� � (x t ; t) instead using the following least squares objective,

min
�

Ex 0 ;� ;t k� � � � (x t ; t)k2; (2)
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Figure 2:UniCon pipeline. Given a pair of image-condition inputs, our UniCon model processes
them concurrently in two parallel branches, with injected joint cross-attention modules where fea-
tures from two branches attend to each other. We use LoRA weights to adapt our model from a
pretrained diffusion model. During training, we separately sample timesteps for each input and
compute loss over both branches.

wherex t = AddNoise(x0; t) =
p

�� t x0 +
p

1 � �� t � and� � N (0; I ) is random noise. With the
trained denoiser, one can adopt any sampler (Ho et al., 2020; Song et al., 2020a; Karras et al., 2022)
to sample new data from noise. Recent latent diffusion models (Rombach et al., 2022; Ramesh et al.,
2022) map image data into the latent space to improve performance and ef�ciency. We base our
experiments on Stable Diffusion (Rombach et al., 2022), a large-scale text-to-image latent diffusion
model.

4 METHOD

Our method, UniCon, aims to train a uni�ed diffusion model for diverse conditional image genera-
tion tasks, such as conditional generation on clean, coarse, or partial control signals, estimation, and
joint generation. The key idea is to learn a joint distribution over a correlated image pairx ; y , which
allows �exible conditional sampling. The image pair can have strict spatial alignment (image-depth,
image-edge) or loose semantic correspondence (frames from one video clip). In Sec. 4.1, we �rst
introduce our motivation for learning the joint distribution. Then, we elaborate on our model struc-
ture and training pipeline in Sec. 4.2 and the sampling strategies for �exible conditional generation
in Sec. 4.3.

4.1 MOTIVATION

Image diffusion models offer signi�cant �exibility when sampling in the learned image distribu-
tion p(x). In addition to generating new imagex � p(x), one can perform image inpainting by
conditioning partial imagexm and image editing by conditioning noisy imagex t , corresponding to
sampling in conditional distributionsp(x jxm ) andp(x jx t ). Our motivation is to generalize these
abilities from a single image to a correlated image pair(x ; y ) by learning a joint distributionp(x; y ).
We then use the modeled joint distribution to enable �exible conditional generation. If the condi-
tional signal is encoded as imagey , we can train a diffusion model to denoise both imagex and
conditiony . The trained joint diffusion model supports various conditional generation tasks that
can be uni�ed as sampling in the following conditional distribution,

(x ; y ) � p(x; y jxm x
t x

; y m y
t y

); (3)
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wherexm x
t x

indicatesx partially masked by maskmx under noise level (timestep)tx .

Sampling in the joint conditional distribution can be regarded as a direct generalization of image
inpainting and editing. The conditional generation and estimation are equivalent to inpainting image
x or conditiony (p(x jy0); p(y jx0)). We can also inpaint image and condition for partial con-
trol (p(x; y jxm x

0 ; y m y
0 )). Adding noise toy enables the model to accept coarse condition input

(p(x; y jy t )) like SDEdit (Meng et al., 2021) does for image. We can control the condition �delity
by adjusting the noise level. To sum up, combining spatial maskingmx ; my and noise masking
tx ; ty provides substantial possibilities in free-form conditional generation.

Based on this motivation, our goal is to train a uni�ed diffusion model for targeted image pair(x ; y )
and develop sampling strategies to support the conditional sampling described in Eq. 3.

4.2 UNICON

Figure 2 illustrates the model structure and training pipeline of the proposed UniCon. Instead of
training a new model from scratch, we leverage existing large-scale diffusion models (Rombach
et al., 2022) as a starting point. Since these models have learned a strong image prior, it is more
ef�cient to adapt the prior for a single imagep(x) to model the joint distribution of a correlated
image pair,p(x; y ), than to learn this distribution from scratch.

Given a noisy image pair(x t x ; y t y ), we feed them as a batch into the denoising network. They are
simultaneously processed in two parallel branches, denoted asx-branch andy-branch. By default,
x is the image, andy is the condition. When the conditional image differs from a natural image, we
add a LoRA (Hu et al., 2021) to they-branch, which serves to adapt the image generator to produce,
e.g.depth or edges. Additional joint cross-attention modules are injected parallel to the self-attention
modules to join two branches. During training, we separately sample the timestepstx ; ty for x; y
and optimize the model with the standard diffusion MSE loss from both branches. Next we provide
details on our joint cross-attention modules, LoRA adaptation, and training strategy.

Joint cross attention. The joint cross-attention module is the key component that enables ours
model to learn a joint distributionp(x; y ) given the marginal distributionsp(x); p(y ). It entangles
x-branch andy-branch with cross branch attention.

The UNet (Ronneberger et al., 2015) is among the most common diffusion model implementation
and consists of residual blocks and transformer blocks. As shown in prior work (Tumanyan et al.,
2023), the self-attention modules in the transformer blocks are crucial in determining the image
structure and appearance. Therefore, we inject the joint cross-attention modules in parallel to the
self-attention modules. The module receives the features from both branches as input, with its
outputs being added to the self-attention output of the two branches. Speci�cally, given the input
features of two branchesF in

x ; F in
y , the output featuresFout

x ; Fout
y are computed as,

F joint
x ; F joint

y = JointCrossAttn(F in
x ; F in

y );

Fout
x = SelfAttn(F in

x ) + F joint
x ; Fout

y = SelfAttn(F in
y ) + F joint

y :
(4)

In the joint cross-attention, two featuresF in
x ; F in

y attend to each other instead of attending to them-
selves as in the self-attention. First, features are projected into queriesQx ; Qy , keys K x ; K y ,
and valuesV x ; V y . We use different matrices to projectx features andy features. For instance,
Qx = F in

x W Q x ; Qy = F in
y W Q y . Then we perform cross-attention betweenx andy in bidirection,

Ox = Softmax(
Qx K T

yp
d

) � V y ; Oy = Softmax(
Qy K T

xp
d

) � V x ; (5)

whered is the feature dimension and the feed-forward projection after the attention operation is omit-
ted. Essentially,x aggregatesy valuesV y according to the query-key similarity matrixQx K T

y , and
vice versa. As a common practice (Zhang et al., 2023b; Guo et al., 2024), we add a zero-initialized
linear projection ProjOut at the end to ensure the training starts without disrupting the pretrained
feature distribution.F joint

x ; F joint
y = ProjOut([Ox ; Oy ]). Ox ; Oy are concatenated in channel dimen-

sion if imagex and conditiony are spatially-aligned to enhance feature fusion. Otherwise, they are
fed forward separately.
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Compared to alternatives including feature residual (Zhang et al., 2023b), input concatenation (Stan
et al., 2023), and backbone sharing (Liu et al., 2023), joint cross attention is compatible with im-
age pairs without strict spatial correlation. We initialize all joint cross-attention weights from the
pretrained self-attention modules and train LoRA adapters forx; y projection matrices.

LoRA adaption for condition branch and joint cross attention. Training all the parameters in
our model for our conditional signal at least doubles the parameter number in pretrained image
layers. Therefore, we instead adopt the Low-Rank Adaptation technique (Hu et al., 2021) (LoRA)
to �ne-tune the pretrained weights by adding low-rank trainable weight matrices. In addition to
reducing trainable parameter numbers, using LoRA adapters allows us to apply our model to other
checkpoints sharing the same structure as the training base model by plugging joint cross-attention
and trained LoRA weights.

We freeze all pretrained layers in thex-branch to retain the natural image priorp(x). When the
conditiony is encoded as a pseudo-image falling out of natural image distribution, we add a LoRA
adapter to they-branch to adapt for the condition image distributionp(y ), denoted asy-LoRA.
y -LoRA applies to all projection matrices in the self-attention and cross-attention modules.

For joint cross-attention, we initialize all weights from the pretrained self-attention modules. Then
we add two sets of LoRA adapters to the pretrained projection matrices.xy -LoRA includes
L Q x ; L K x ; L Vx andyx -LoRA includesL Q y ; L K y ; L Vy . For instance, the adaptedx; y query pro-
jection matrices areW Q x = W Q + L Q x ; W Q y = W Q + L Q y whereW Q is the frozen query
projection matrix from pretrained self-attention module.

Training with disentangled noise levels.One training objective adopted by previous methods (Stan
et al., 2023; Liu et al., 2023) ismin � E (x 0 ;y 0 ) ;� ;t k� � � � (x t ; y t ; t)k2 wherex; y shares the same
noise level. The model learns how to denoise the noisy(x t ; y t ) jointly and can generate new sam-
ples(x; y ) � p(x; y ). However, models trained in this way do not explicitly support conditional
sampling. Some work (Zhang et al., 2023a) solves the problem by augmenting the input with an con-
dition mask and masked latents and �netuning the model with an inpainting target, yet this requires
heavy training involving all model parameters.

Recently, Diffusion Forcing (Chen et al., 2024a) proposed a new training paradigm where the model
is trained to denoise inputs with independent noise levels. Inspired by the idea, we separately sample
the diffusion timesteps forx andy when training, leading to the following training objective,

min
�

E (x 0 ;y 0 ) ;� ;t k� � � � (x t x ; y t y ; tx ; ty )k2; (6)

where� = ( � x ; � y ) andx t x = AddNoise(x0; tx ); x t y = AddNoise(y0; ty ). Models trained with the
timestep-disentangled objective can directly perform conditional generation by denoisingx t x while
keepingty = 0 . The noise added to the input can be regarded as an implicit noise mask. Unlike
explicit input masks, noise masking can interpolate between no mask (t = 0 ) and full maskt = T,
enabling image generation with coarse conditions.

4.3 INFERENCE

Our timestep-disentangled training allows UniCon models to process paired inputs with different
noise levels in each denoising step. Suppose we have a denosing sequencef (x i ; y i )g0

i = S . x i ; y i are
sampled under independent noise schedules(tS

x ; :::; t0
x ) and(tS

y ; :::; t0
y ) wheret i � t i +1 .

Sampling with independent noise schedules.The independentx; y noise schedule enables diverse
sampling behaviors. First, we can jointly generatex; y by denoising them together with identical
noise schedules,t i

y = t i
x 8i . For conditional generation, we can samplex from noise with a clean

condition inputy , i.e. y i = y; t i
y = 0 8i . We can similarly sampley conditioned onx by giving

thex-branch clean input andt i
x = 0 8i . Furthermore, our models allow samplingx with a coarse

control signal conditioning on a noisy condition imageyS = AddNoise(y ; tS
y ). We can control the

condition �delity by adjusting the noise levelt0
y from0(no noise) toT (pure noise). Since the control

signal is corrupted by noise, the condition image itself does not need to be precise. Therefore, we
can use arti�cially created or edited condition images to loosely control image generation.

Sampling with guidance.Since our model has an output for both branches, we can apply guidance
to each of them for image inpainting or partial condition. Latent replacement is a typical approach
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Figure 3: Qualitative comparison of diverse Image-Depth generation tasks.We compare our
single UniCon-Depth model with other specialized methods and a previous uni�ed method Joint-
Net (Zhang et al., 2023a) on diverse generation tasks.

Figure 4: Conditional generation samples. We show our sample conditional generation results.
For each model, the left column is the input condition and the right column is the output image.

for inpainting where the noisy latentszt are partially replaced by exact samples from the forward
process (Eq. 1) in each step,zt = (1 � m ) � AddNoise(z; t) + m � zt wherez; m are the given
condition sample and mask. The method is an approximation to exact conditional sampling. Fol-
lowing Ho et al. (2022b), we can add a guidance term to correct the sampling process and improve
the condition adherence,

zg
t = zt � wr

�� t

2
r z ~m

t
jj zm � ẑm

0 (zt ; � )jj2; (7)

wherezg
t is guided noisy latents,̂z0(zt ; � ) = [ zt �

p
1 � �� t � � (zt ; t)]=

p
�� t is the predicted original

sample andwr is a weighting factor.zm indicates part ofz where maskm = 0 and ~m is the inverted
mask. The guidance term leads the noisy latents toward reconstructing the masked condition area
zm . For UniCon, above variables include both inputs,zt = ( x t x ; y t y ); z = ( x; y ); m = ( m x ; m y ).

Sampling with multiple conditional signals. To sample with multiple conditional images, we
combine multiple UniCon models and extend the joint cross attention to include all image-condition
pairs. In speci�c, the image feature is paired with each condition feature in the joint cross-attention
modules and processed by weights from corresponding models. Then the image branch aggregates
all output features with weight factors to balance the strength of each condition.

5 RESULTS

We base our experiments on Stable Diffusion (Rombach et al., 2022) (SD), a large-scale text-to-
image diffusion model. We train 4 UniCon models, Depth, SoftEdge, Human-Pose (Pose), Human-
Identity (ID) on SDv1-5. The �rst three pair an image with a spatially aligned condition image.
Following Luo et al. (2024), we train Depth, SoftEdge models on 16k images from PascalVOC (Ev-
eringham et al., 2012) and Pose model on a subset with 9k human images. Depth, soft edge, and
pose images are estimated by Depth-Anything-v2 (Yang et al., 2024b), HED (Xie & Tu, 2015) and
OpenPose (Cao et al., 2019). We train the ID model on 30k human face images from CelebA (Liu
et al., 2015) and use images with the same identity as training image pairs. In addition, we train
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