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Abstract

Despite proficiency in generating realistic images, cur-
rent text-to-image diffusion models often fail to render spa-
tial relationships within complex scenes faithfully, espe-
cially in scenarios involving multiple objects and relations.
This suggests that such models lack an inherent mechanism
to understand and represent the compositional spatial rela-
tions as indicated by the input text. To address this short-
fall, we introduce an innovative approach to enhance the
relational compositionality of diffusion models. In partic-
ular, our model takes scene graphs that encode object de-
scriptions and their relations as the input specification, and
generates images with a two-stage generation pipeline. It
first generates a spatial layout from the scene graph, and
then generates images conditioned on the created layouts.
In each stage, our method leverages composable diffusion
models for each individual object and relation in the scene
graph, integrating their outputs during denoising steps. Our
framework shows improved spatial compositionality on the
CLEVR dataset. Moreover, when trained on simple two-
object scenes, our model can generalize to multi-object
scenes with complex spatial relations. Leveraging compo-
sitionality, our model demonstrates potential for generating
complicated scenes with high fidelity.

1. Introduction
In recent years, deep generative models, such as GANs
and diffusion models [2, 12, 30], have made significant
strides, demonstrating versatility in diverse applications.
Applications based on large vision-language models like
DALL-E and Stable Diffusion have enabled the creation
of highly photorealistic images from textual descriptions
[23, 26, 27, 29]. These generative models excel at creating
images in various styles and scenes. However, they often
fail to accurately capture simple yet specific spatial rela-
tionships in prompts, such as “an apple on a plate, a banana
to the right.” Prior works have shown that, when given in-
put text with multiple objects, these models often resort to
an imprecise bag-of-words approach [9, 31, 36].

*These authors contributed equally to this work. Correspondence to
Ryan Lian: ryanlian@stanford.edu

Generation Samples for 4-object Scenes

SC-Diffusion (Ours) CLEVR-Diffusion Composable Diffusion

Figure 1. Comparison of generated samples using our method and
prior works, with 4 objects specified in the prompt. SC-Diffusion
successfully generates accurate object attributes and spatial rela-
tionships, while CLEVR-Diffusion shows missing objects and in-
correct attributes, and Composable Diffusion struggles with noisi-
ness. See Appendix D for the prompt.

Our goal is to address this failure mode by enhancing
the models’ ability to learn and compose spatial relation-
ships. This spatial compositionality is a crucial desidera-
tum for generative models, as it allows users to control the
manipulation of image contents and supports generalization
to an exponentially diverse range of scenes by recomposing
learned visual features from a finite set of objects and re-
lations. Our approach improves spatial compositionality by
modularizing the diffusion process to reflect the structure of
an object-centric scene description. Specifically, we repre-
sent scenes as scene graphs comprising objects and their in-
terrelations. We present Spatially Compositional Diffusion
(SC-Diffusion), a model that accepts scene graphs encoding
object descriptions and their relations as input, and gener-
ates images using a two-stage generation pipeline. Stage I
generates a layout, and Stage II produces the final image
guided by this layout. By incorporating compositionality
into the model’s structure, we enable not only faithful im-
age generation but also generalization across more complex
scenes with more objects and relationships.

2. Related Works

Controllable text-to-image generation Recent text-to-
image generation models, like Imagen [29] and DALL-E
2 [26], have shown impressive realism and stylistic flex-
ibility, primarily using diffusion-based generative models
[12]. Latent diffusion models (LDMs) improve upon these
with enhanced generation fidelity and efficiency [27]. De-



spite their advancements, challenges remain in generat-
ing accurate representations from complex prompts, par-
ticularly in maintaining spatial and semantic relationships
[9, 21, 31, 36]. Efforts to increase control have led to the
development of techniques such as cross-attention layer ma-
nipulation [10], mask-guided edits [3], and zero-shot edit-
ing [7]. These methods help navigate the limitations of ini-
tial generations, especially for long and complex prompts.

Spatially conditioned image generation Spatial accuracy
in image generation has been explored through structured
visual inputs like segmentation maps and layouts [6, 24, 39].
Diffusion models have been extended to use structured in-
puts like bounding box layouts and edge maps for more
grounded generation [17, 32, 37]. Additionally, the use
of large language models (LLMs) in creating visual pri-
ors from text [8, 18, 38] and using scene graphs as inputs
[16, 33] have shown promise. However, these methods still
struggle with complex prompts with complete descriptions
of scenes due to their holistic rather than compositional pro-
cessing of inputs. RPG Diffusion [34] is a prime example.
It can leverage vision language models to iteratively plan
detailed layouts that enforce 2D spatial accuracy, but the
complementary regional diffusion does not guarantee spa-
tial accuracy with heavily overlapping layouts as no form
of spatial reasoning is embedded in the diffusion process.

Composable diffusion models Addressing the limitations
of spatial and semantic complexity, several works have ex-
plored composable diffusion models. Recent work involves
parametrizing diffusion models as energy-based models for
simple compositions [4, 5, 19, 20]. Approaches such as
Collaborative Diffusion [13] and MultiDiffusion [1] suggest
using an orchestrator module or treating composition as an
optimization problem. These models offer higher-level se-
mantic juxtapositions but still face challenges in composing
specific objects and relations in detailed scenes.

3. Spatially Compositional Diffusion

We study the text-to-image generation task and simplify this
setting by considering every scene as primarily composed
of a set of objects and a set of relations between the ob-
jects. The input to our method is a scene graph [14] (See
Figure 2), and our model outputs an image x. This elimi-
nates some ambiguity from natural language while preserv-
ing flexibility, and, in practice, we can conceivably get the
scene graphs from a language-to-code model. More con-
cretely, given a set of all objects Co (e.g. “small metal red
ball”) and relations Cr (e.g. “on”), a scene graph is the tu-
ple (V; E) where V = foi 2 Cogni=1 is a set of objects, and
E = feij = ( oi; r ij ; oj); r ij 2 Crg1� i;j� n is a set of re-
lationships between objects. It is the set of directed edges
from oi to oj , analogous to (subject, predicate, object). Note
that objects can be general subsets of a scene.
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Figure 2. An example of a scene graph input to SC-Diffusion.

Since current diffusion models (See appendix A) have
demonstrated strong performance in generating objects, our
main challenge under this formulation is modeling spatial
relations. Our insight is to improve spatial accuracy by en-
forcing local object relationships with the new relation de-
noiser. Due to the complexity of generating images with
accurate spatial relations, we take inspiration from recent
works and propose a two-stage generation process. The first
stage is generating a bounding box layout that satisfies the
relations in the scene graph for the final image. This al-
lows us to focus on modeling the higher-level spatial rela-
tions (e.g., “left/right”, “above/below”) without considering
pixel-level details. Once a spatially correct layout is gener-
ated, our second stage is to generate the image grounded by
the layout — the goal for this stage is to model the lower
level, more semantically complex, and spatially ambiguous
relations between overlapping objects (e.g., “front/behind”,
“holding”). Figure 3 shows the overall architecture SC-
Diffusion, and Appendix B contains more details.

Stage I: Compositional layout generation Given a scene
graph S = ( O; R), we aim to generate a layout b =
(b(1) ; � � � ; b(n) ) where for each object oi 2 V we gener-
ate an axis-aligned bounding box b(i) 2 R4 parameterized
as [center x; center y; width; height].

Given all the objects and relations specified in a scene
graph, we aim to learn a generative distribution p(b(i) jV; E)
of the bounding boxes. We parameterize this distribu-
tion by composing an object-conditioned diffusion model
with a relation-conditioned diffusion model. Concretely,
the object-conditioned diffusion model is a denoiser �O�
that takes in the current diffusion timestep t , an object at-
tribute oi, a noisy bounding box b

(i)
t for oi, and predicts

noise over b
(i)
t . The relation-conditioned diffusion model

is a separate denoiser �R� that takes the current diffusion
timestep t , a directed edge eij , and the noisy bounding
boxes of the objects oi and oj in eij concatenated together
as [b

(i)
t : b

(j)
t ], and predicts noise over both bounding

boxes. For simpler notation, let the output of the relation-
conditioned denoiser �R� ([b

(i)
t : b

(j)
t ]jeij ; t) be denoted as

[�R� (b
(i)
t jeij ; t) : �R� (b

(j)
t jeij ; t)]. Under the energy-based

interpretation of diffusion models [4, 5, 20], we can then
predict noise over b

(i)
t by combining the denoisers with

� �(b
(i)
t jV; E ; t) = �O� (b

(i)
t joi; t) +

X
eij 2E

�R� (b
(i)
t jeij ; t):



Figure 3. A detailed illustration of the two-stage process and SC-Diffusion architecture. The �rst stage focuses on generating spatial
layouts from detailed scene graphs, utilizing separate diffusion models for individual objects and their interrelations. These layouts then
serve as inputs for the second stage, where images are generated conditioned on the spatially accurate layouts.

During training, we follow the standard diffusion proto-
col by uniformly sampling a timestept and randomly sam-
pling a Gaussian noise� , then optimizing the following loss:

L mse = jj � � � � (
p

1 � � t b +
p

� t � j V; E; t)jj2
2;

where� t is the diffusion noise schedule [12] andb is the
ground truth layout.

Stage II: Compositional layout-guided image generation
Our goal is to modularly generate an imagex 2 RH � W � 3

conditioned on the generated layoutb = ( b (1) ; � � � ; b (n ) )
and following the object and relation attributes. We assume
that the layout is accurate here and focus on enforcing the
relational accuracy inside overlapping bounding boxes.

Formally, we parameterize the generative distribution
p(x jV; E; b) with the composition of three diffusion mod-
els: object-conditioned diffusion, relation-conditioned dif-
fusion, and unconditional diffusion. Given a timestept,
an object attributeoi , a noisy imagex t , and a bounding
box b ( i ) , the object denoiser� O

� predicts noise overx t .
To ensure that the object denoiser only denoises within the
relevant region in the layout, we construct a binary mask
m ( i ) 2 RH � W � 3 from the bounding box and apply the
mask to the denoiser output. For brevity, let us denote

� O
oi

= � O
� (x t joi ; b ( i ) ; t) 
 m ( i ) ;

where
 is the Hadamard product. Similarly, the clipped
relation denoiser can be written as the following:

� R
eij

= � R
� (x t jeij ; b ( i ) ; b ( j ) ; t) 
 (m ( i ) [ m ( j ) ):

The unconditional background denoiser� B
� simply predicts

the noise overx t givenx t andt for the purpose of denoising
the background components that are not affected by the ob-
ject and relation denoiser, ensuring a cohesive result. Com-
posing the three diffusions together by adding the predicted

noises, we arrive at the combined denoiser� � :

� � (x t jV; E; b; t) = � B
� (x t jt) +

X

oi 2V

� O
oi

+
X

eij 2E

� R
eij

Similar to Stage I, during training, we randomly sample
a timestept and Gaussian noise� , then optimize with the
loss

L mse = jj � � � � (
p

1 � � t x +
p

� t � j V; E; b; t)jj2
2; (1)

where� t is the diffusion noise schedule andx is the ground
truth image.

4. Experiments

Relational CLEVR We present comparisons of our
model's performance compared to that of prior methods on
a variation of CLEVR [15]. In addition to the regular re-
lations ofleft/right andfront/behind, this variation also in-
cludesabove/below. This introduces more complex spatial
relationships by highlighting the 3D nature of the dataset
with more overlaps and occlusions. Following prior work
[20], we generate 40,000 examples with two objects as the
train set. For evaluation, we generate 100 examples for 2,
3, 4, and 8 object scenes as the test set.1 This set-up is de-
signed to test the model's ability to generalize to scenes with
more objects, so we train SC-Diffusion on the scenes with 2
objects only. Some baselines require calibration to prompts
of different lengths and are trained on a mixture of 1, 2, and
3 object scenes. Nonetheless, our method still demonstrates
better generalization. To assess image �delity, we utilize
the Frechet Inception Distance (FID) metric [11]. To evalu-
ate spatial accuracy, we use the Scene Relation Score (RA)
[32] and introduce an object accuracy metric (OA) (details
in Appendix C).

1Due to the cost of the OpenAI API required for LayoutGPT [8]
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