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Abstract

With the benefit of explicit object-oriented reasoning capa-
bilities of scene graphs, scene graph-to-image generation has
made remarkable advancements in comprehending object co-
herence and interactive relations. Recent state-of-the-arts typ-
ically predict the scene layouts as an intermediate represen-
tation of a scene graph before synthesizing the image. Never-
theless, transforming a scene graph into an exact layout may
restrict its representation capabilities, leading to discrepancies
in interactive relationships (such as standing on, wearing, or
covering) between the generated image and the input scene
graph. In this paper, we propose a Scene Graph-Grounded
Image Generation (SGG-IG) method to mitigate the above
issues. Specifically, to enhance the scene graph representa-
tion, we design a masked auto-encoder module and a relation
embedding learning module to integrate structural knowledge
and contextual information of the scene graph with a mask
self-supervised manner. Subsequently, to bridge the scene
graph with visual content, we introduce a spatial constraint and
image-scene alignment constraint to capture the fine-grained
visual correlation between the scene graph symbol represen-
tation and the corresponding image representation, thereby
generating semantically consistent and high-quality images.
Extensive experiments demonstrate the effectiveness of the
method both quantitatively and qualitatively.

Introduction
Recently, text-to-image (T2I) diffusion models (Nichol et al.
2021; Saharia et al. 2022; Balaji et al. 2022; Luo et al. 2024)
have revolutionized the image generation landscape. Current
techniques, like Stable Diffusion (SD) (Rombach et al. 2022),
depend on protracted and loosely organized natural language
for image generation. However, owing to the constraints im-
posed by linguistic ambiguity and a linear sentence structure,
articulating the semantics of intricate scenes along with the
interplay and correlations among diverse objects proves to be
challenging for existing methods. Scene graph offers a viable
alternative for generating visual data descriptions through
the use of graph syntax. Through the proposition of a ro-
bust and versatile method for delineating objects and their
interactive relations within a given scene graph, the scene
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graph-to-image generation technique has garnered consider-
able public interest in recent years.

There exist two primary categories of current scene graph-
to-image generation approaches. One category employs a
two-stage generative pipeline that relies on predictive sce-
nario layout and adversarial training to generate images.
SG2IM (Johnson, Gupta, and Fei-Fei 2018) is the pioneer-
ing generative model designed to generate images from a
scene graph. It initially predicts a rough layout from an input
scene graph, which subsequently serves as the input for condi-
tional Generative Adversarial Network (GAN) (Goodfellow
et al. 2020) in the image synthesis process. The alternative
approach eliminates the necessity for an intermediate lay-
out and optimizes the scene graph-to-image alignment by
pre-training graph encoders. A classic work in this area is
SGDiff (Yang et al. 2022), which extracts global and local
information from the scene graph during pre-training, utilizes
the improved scene graph representation as the conditional
signal, and generates images based on the diffusion model.

Despite yielding promising outcomes, fundamental issues
exist with the existing methods. For the first approach, trans-
forming the scene graph into a precise layout restricts its
expressive capacity in terms of object interactions (Sortino
et al. 2023). As illustrated in Fig. 1, the coarse scene lay-
out is proficient in depicting spatial positional relationships
but falls short of capturing the intricate non-spatial relation-
ships between objects (e.g., standing on, wearing, covered
in). Furthermore, image generation processes that rely on
adversarial strategies may limit the potential of conditional
image generation due to the instability of adversarial-based
methods during training (Sortino et al. 2023). For the sec-
ond approach, given the high diversity of object categories,
layout, and relation dependencies present in the scene graph,
the pre-trained scene graph embedding differs significantly
from the CLIP text embedding. End-to-end fine-tuning of SD
solely based on the final image reconstruction loss (i.e., noise
prediction loss) hinders the accurate learning of aligning the
scene graph signal with the SD text-to-image control, leading
to object distortions or content generation failures.

To mitigate the above issues, particularly in synthesizing
coherent objects and layouts while considering the interactive
relations among multiple objects, we propose a Scene Graph-
Grounded Image Generation (SGG-IG) method. Specifically,
to enhance scene graph representation, we design a rela-
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Figure 1: Compared to other image generation methods, SGG-IG yields results that faithfully adhere to the input scene graph,
producing semantically coherent and high-fidelity images.

tion embedding learning module and a masked auto-encoder
module to integrate structural knowledge and contextual in-
formation of scene graph with a mask self-supervised man-
ner (He et al. 2022). We randomly mask a certain proportion
of node objects and then predict the missing node objects
with their related relationship embeddings and contextual
clues from surrounding node objects. By this means, the pre-
trained relation embedding module acquires a more profound
comprehension of the semantic and structural details across
various scene graphs. In particular, to bridge the scene graph
with visual content, we introduce two constraints to capture
the fine-grained visual correlation between the scene graph
symbol representation and corresponding image representa-
tion in different stages. In the pre-training stage, we propose
a spatial constraint to learn fine-grained visual correlation
between scene graph and image. In the fine-tuning stage, we
attempt to leverage a large-scale pre-trained text-to-image
diffusion model for scene graph-to-image generation, which
offers a generative prior with extensive semantic coverage.
These models primarily rely on text embeddings, leading to
notable semantic distinctions compared to the pre-trained
scene graph embeddings. To improve the alignment between
the scene graph and diffusion models, we propose an image-
scene alignment constraint to refine the scene graph, text, and
image embedding spaces, thereby generating semantically
consistent and high-quality images.

The contribution can be summarized as follows:

• We propose a Scene Graph-Grounded Image Generation
(SGG-IG) method, which designs a masked auto-encoder
module and a relation embedding learning module to inte-
grate structural knowledge and contextual information of
the scene graph in a mask self-supervised manner.

• We introduce a spatial constraint and image-scene align-
ment constraint to capture the fine-grained visual correla-
tion between the scene graph symbol representation and
the corresponding image representation.

• Extensive quantitative and qualitative experiments demon-
strate that the proposed SGG-IG method generates percep-
tually appealing images with distinct textures and coherent
scene relationships, achieving superior performance.

Related Work
Controllable Text-to-Image Generation
Diffusion models have made notable strides in producing life-
like images promptly aligned with textual prompts (Ramesh
et al. 2022; Saharia et al. 2022; Wang, Li, and Cui 2024;
Wang et al. 2024; Luo et al. 2024). Recent efforts have been
concentrated on integrating multiple conditions into the text-
to-image (T2I) generation process, offering valuable insights
into enhancing the controllability of image generation. Tech-
nically, efforts primarily concentrate on refining both the
training and inference phases. One way to implement control-
lable image generation in training is to introduce additional
modules. ControlNet uses a spectrum of conditional inputs
to provide a high degree of control over the resulting image.
Nevertheless, the incorporation of supplementary modules
into the original backbone led to an expansion in the model’s
size, thereby incurring additional training and inference costs.

In contrast, strategies that apply generative control during
the inference phase use reward functions to encourage faithful
image generation conditioned on specific criteria; these are
referred to as training-free methods. Layout Guidance Diffu-
sion (Chen, Laina, and Vedaldi 2024) and BoxDiff (Xie et al.
2023) leverage predefined bounding boxes to backpropagate
gradients to the latent space, steering cross-attention maps
to emphasize regions corresponding to designated tokens.
Similarly, Dense Diffusion (Kim et al. 2023) and Directed
Diffusion (Ma et al. 2024) manipulate cross-attention maps
to align generated images with predefined layouts. While sig-
nificant advancements have been made in controllable image
generation, further exploration is required to develop tech-
niques that integrate scene graph signals. In this study, we
investigate the potential of text-to-image diffusion models
for image generation tasks guided by scene graphs.

Scene-Graph-based Image Generation
A scene graph captures the essence of a scene by encoding
object instances, their properties, and inter-object relation-
ships (Johnson et al. 2015). In the domain of scene graph-to-
image generation, one prominent research direction adopts
a two-stage generation pipeline: first, predicting scene lay-
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outs and then using adversarial training to generate images.
SG2IM (Johnson, Gupta, and Fei-Fei 2018) employs a graph
convolutional neural network (GCN) to extract objects and
features from the scene graph. The predicted scene layout,
represented by bounding boxes and segmentation masks of
the objects, is subsequently transformed into an image using a
cascading refinement network. Subsequent studies build upon
this approach by enhancing graph comprehension (Ashual
and Wolf 2019; Garg et al. 2021) or improving the quality
of intermediate layouts (Sun and Wu 2019; Li et al. 2021;
Yang et al. 2023). For instance, WSGC (Herzig et al. 2020)
employs normalization to capture semantic equivalence, im-
proving invariance before converting the scene graph into a
scene layout. SIMSG (Dhamo et al. 2020) focuses on interac-
tive image manipulation, enabling users to adjust the scene
graph to control the composition outcome.

Since converting a scene graph into an exact layout may
limit its representational capacity and cause inconsistencies
between the generated image and the input graph, partic-
ularly in non-spatial relationships, a recent study (Sortino
et al. 2023) focuses on directly aligning graph nodes and con-
nections with image objects and their relationships to learn
scene graph embeddings. SGDiff (Yang et al. 2022) intro-
duces a mask auto-encoding loss and a contrastive loss for
pre-training a graph encoder, enabling the extraction of both
global and local information from the scene graph. Another
recent study (Mishra and Subramanyam 2024) leverages a
pre-trained text-to-image diffusion model and CLIP guidance
to transform graph knowledge into images, while pre-training
a graph encoder to align graph features with the correspond-
ing CLIP image features.

Method
Preliminaries
Stable Diffusion. Stable Diffusion (SD) (Rombach et al.
2022) are adeptly trained to implement both the diffusion
process and reverse sampling procedure within the latent
space of images for faster and more stable training. Specifi-
cally, given an input image I , the encoder E translates it into a
latent representation z. Afterward, SD trains a well-designed
denoising UNet ϵθ to perform denoising directly on the latent
space. SD trains with a mean squared error loss as:

LSD = Ez0,c,t,ϵ∼N (0,I)
[
∥ϵ− ϵθ(zt, c, t)∥22

]
(1)

where c represents the contextual embedding of textual/visual
condition obtained from CLIP (Radford et al. 2021).

Classifier-free Guidance. Classifier guidance offers a
technique for diffusion models to achieve conditional gener-
ation by utilizing the gradient of the independently trained
classifier p(y|xt) throughout the sampling process. A more
efficient approach, known as classifier-free guidance, substi-
tutes noise estimators with a blend of conditional and uncon-
ditional models, eliminating the need for p(y|xt):

ϵ̃θ(xt, t|y) = ωϵθ(xt, t|y) + (1− ω)ϵθ(xt, t|∅) (2)
where ∅ denotes that c is set to null text. y represents the
class label or text embedding derived from a language model,
while ω signifies the guidance scale. It is worth noting that
incrementing ω will straightforwardly enhance the impact of
the conditional input.

Overview
The overview framework of SGG-IG is shown in Fig. 2,
which consists of three stages: pre-training (gray dotted lines),
fine-tuning (blue solid lines), and inference (red solid lines).
During the pre-training stage, we first employ the frozen
CLIP text encoder to obtain node object embeddings and rela-
tional embeddings, which are then injected into the relational
embeddings module and a masked auto-encoder module for
aggregating triple relationships and enhancing scene graph
representation with a masked self-supervised manner. At the
same time, we introduce a spatial constraint loss to capture
fine-grained visual correlations from the scene graph to the
image and to optimize alignment between them. During the
fine-tuning stage, we aim to leverage these embeddings to
construct diffusion models for the scalable scene graph to
image generation. We incorporate an additional image-scene
alignment loss to enhance alignment between the scene graph
representation and diffusion latent space at each denoising
timestep. With the above well-trained models, we can infer
spatial and semantic high-fidelity images according to given
scene graph descriptions.

Enhanced Scene Graph Representation
SGs embody directed graphs, wherein nodes symbolize ob-
jects within a scene while edges depict the relationships in-
terlinking these objects (Krishna et al. 2017; Herzig et al.
2018; Li et al. 2017; Tang et al. 2020; Suhail et al. 2021).
Given a vocabulary C of object categories, a scene graph
can be defined as a tuple (O,R), where O = {oi|ni=1} is
a set of objects with oi ∈ C and R = {ri,j |ni,j=1,i̸=j} rep-
resents a set of relations among objects. Each oi and ri,j
could be mapped into a high-dimensional word embedding
space by a CLIP text encoder as object embedding Xoi and
relationship embedding Xri,j . To enhance the scene graph
representation, we build a relational embeddings module to
model global scene graph embedding, as described below.
Let Sout(oi) (resp. Sin(oi)) denote the set of object to which
oi has an outgoing directed edge (resp. incoming directed
edge), we compute embeddings for object oi and relationship
ri,j as follows:

Xoi
in = goin(X

oi , Xri,j , Xoj )j∈Sin(oi), (3)

Xoi
out = goout(X

oj , Xrj,i , Xoi)j∈Sout(oi), (4)

Xoi ← fpool({Xoi
in ∪Xoi

out}), (5)
Xri,j ← gr(Xoi , Xri,j , Xoj ), (6)

where goout, g
o
in, and gr are the graph convolution layers (Kipf

and Welling 2016; Yang et al. 2022), and fpool represents
an average pooling operator. With the above extracted ob-
ject and relationship embeddings, we can calculate a triple
relationship embedding X rel

i,j that encapsulates each unique
triplet within the scene graph, formulated as:

X rel
i,j=fo(Xoi)+fr(Xri,j )+fo(Xoj )

+ ConCat(fpool({Xoi |ni=1}), fpool({Xri,j |ni,j=1,i̸=j})),
(7)

where fo and fr are two MLP layers to map the dimension-
ality of object embeddings and relationship embeddings into
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Figure 2: The overall framework of our proposed SGG-IG, which consists of three stages, pre-training (denoted by gray dotted
lines), fine-tuning (denoted by blue solid lines), and inference (denoted by red solid lines). During pre-training, the frozen CLIP
text encoder encodes the object embedding Xoi and the relation embedding Xri,j , and they are fed into the relation embedding
module for learning global scene graph representation Xglobal. We randomly discard a certain proportion of node objects, and
perform masked self-supervised reconstruction based on the contextual cues of the scene graph and Xglobal to enhance the global
scene graph representation. Meanwhile, we introduce a spatial constraint loss Lcon to capture fine-grained visual correlations
from the scene graph to the image and to optimize alignment between them. During fine-tuning, we aim to leverage Xglobal to
construct diffusion models for the scalable scene graph to image generation. We incorporate an additional image-scene alignment
loss LISA to enhance alignment between the scene graph representation and diffusion latent space at each denoising timestep.

an identical dimensional space. ConCat(·, ·) denotes the con-
catenation operation. Subsequently, we can obtain a global
scene graph embedding by aggregating all triple relationship
embeddings {X rel

i,j |ni,j=1,i ̸=j} in scene graph, formulated as:

Xglobal = fglobal(ConCat({X rel
i,j |ni,j=1,i̸=j})), (8)

where fglobal is a MLP layer used to extract global scene
graph embedding. In training stage, to improve representation
capability of relationships among objects for relational em-
beddings module, we introduce the masked self-supervised
technique (He et al. 2022) and design a masked auto-encoder
module to randomly mask some object embeddings, followed
by incorporating the global scene graph embedding Xglobal
to reconstruct the masked embeddings.

Implicit Spatial Layout Learning

With the above well-modeled global scene graph embedding
Xglobal, we then utilize contrastive learning between Xglobal
and image embeddings to bridge scene graph representation
with image content. Specially, the InfoNCE (Oord, Li, and
Vinyals 2018; Wang et al. 2023) technique is adopted to
enable the maximization of mutual information between the

scene graph representation and image embeddings:

Lcon = −logσ(fd(Xglobal, Ipos)−logσ(1−fd(Xglobal, Ineg)),
(9)

where fd is a discriminator function implemented by dot
product. The image embeddings Ipos and Ineg signify im-
ages that correspond to and deviate from Xglobal, respectively.
Thus, (Xglobal, Ipos) and (Xglobal, Ineg) are the positive pair
and negative pair, respectively. Ipos is sampled from the scene
graph-image pair dataset, while Ineg is created by uniformly
selecting an image that does not align with scene graph within
the dataset. Intuitively, Lcon discerns between positive and
negative embeddings of images and scene graph, thus bridg-
ing scene graph representation with image content.

Scene Graph to Image Refinement
In the denoising (i.e., sampling) stage, however, as the inher-
ent sampling errors in Stable Diffusion, the injected scene
graph information of image embeddings by Lcon may gradu-
ally deviate from the original scene graph semantics as the
denoising timestep decreases. A question arises: how to miti-
gate scene graph semantic gap during denoising stage?

To address this issue, we design a image-scene alignment
loss to constrain the learned global scene graph information
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aligned with image embeddings at each timestep. Taking the
timestep t as an example, the image-scene alignment loss
LISA at timestep t can be formulated as:

LISA = ∥1−
I(t) ·Xglobal

|I(t)||Xglobal|
∥, (10)

where I(t) is a noisy image embedding at timestep t. Intu-
itively, LISA could constrain the Xglobal aligned with I(t) at
each timestep. To allow the pretrained SD model to adapt to
the input Xglobal, we further fine-tune the whole SD model
using the following diffusion loss Ldiff:

Ldiff = Ez0,Xglobal,t,ϵ∼N (0,I)
[
∥ϵ− ϵθ(zt, Xglobal, t)∥22

]
. (11)

Finally, the total loss Ltotal in the fine-tune stage is defined
as:

Ltotal = λLdiff + (1− λ)LISA, (12)

where λ denotes a hyperparameter used for adjusting the
magnitude of the alignment task which is set 0.5 in our exper-
iment. Consequently, Ltotal facilitates the alignment of scene
graph features with images, resulting in a closer resemblance
to text features. This alignment enables the unification of
scene graph representation and images in a cohesive space,
allowing refined scene graph embedding representation is bet-
ter suited for SD image generation and enhancing the quality
of the generated images.

Experiments
Datasets
Following previous works (Johnson, Gupta, and Fei-Fei 2018;
Li et al. 2019; Ashual and Wolf 2019) on scene graph-to-
image generation, we conduct our experiments on two stan-
dard benchmarks, Visual Genome (Krishna et al. 2017) and
COCO-Stuff (Caesar, Uijlings, and Ferrari 2018).

• Visual Genome constitutes a dataset designed specifically
for complex scene understanding contains 108,077 scene
graph-image pairs, with additional annotations such as
object bounding boxes, object attributes, and relationships.
Each image within VG encompasses a spectrum of 3 to 30
objects spanning across 178 distinct categories. Following
prior studies(Cheng et al. 2023; Zheng et al. 2023; Yang
et al. 2023), we partition the data into training, validation,
and test sets with proportions of 80%, 10%, and 10%
respectively. Finally, small and uncommon objects were
removed, yielding 62,565 images in the VG dataset for
training, 5,062 for validation, and 5096 for testing.

• COCO-Stuff collects 164K images from COCO 2017,
which contains 80 object categories and 91 object bound-
ing boxes and pixel-level segmentation masks. Follow-
ing (Yang et al. 2022; Zheng et al. 2023), we first employ
footage from the COCO 2017 dataset to partition the
challenge subset, comprising 40,000/5,000/5,000 images,
correspondingly, for the training/validation/testing devel-
opment sets. After that, we disregard objects occupying
less than 2% of the image and filter out images that con-
tain 3 to 8 objects, yielding 24,972 images for training,
1024 for validation, and 2048 for testing.

Evaluation metrics
We consider two standard evaluation metrics, i.e., Inception
Score (IS) (Szegedy et al. 2016) and Fréchet Inception Dis-
tance (FID) (Heusel et al. 2017), that are used to measure the
quality of scene graph-to-image generation.

• Inception Score (IS) uses an Inception-V3 (Salimans
et al. 2016) pretrained on ImageNet network to compute
the statistical score of the output of the generated images.

• Fréchet Inception Distance (FID) shows the overall
visual quality and diversity of the generated image by
measuring the difference in the distribution of features be-
tween real images and generated images on an ImageNet-
pretrained Inception-V3 (Salimans et al. 2016) network.

Baselines and Implementation Details
Baselines. In the course of our research, we selected four
established methods for scene graph-to-image generation
as reference points: SG2IM (Johnson, Gupta, and Fei-Fei
2018), PasteGAN (Li et al. 2019), WSGC (Herzig et al. 2020)
and SGDiff (Yang et al. 2022). All our experiments follow
the evaluation setup and quantitative results reported in re-
lated work. For qualitative comparisons, we chose the classi-
cal two-stage GAN-based scene graph-to-image generation
method (Johnson, Gupta, and Fei-Fei 2018) and the state-
of-the-art diffusion-based scene graph-to-image generation
method SGDiff (Yang et al. 2022). In addition, we convert
scene graph inputs to textual description inputs, comparing
the widely used text-to-image generation method Stable Dif-
fusion (Rombach et al. 2022).

Implementation Details. SGG-IG consists of three stages:
pre-training, fine-tuning and inference. In the pre-training
stage, a standard multi-layer graph convolutional network
is employed to implement the relation embedding module,
where the node objects and relation edges of the input scene
graph are with processed into 512-dimensionality vectors.
For the pre-training process with mask self-supervision, we
set the random mask ratio to 0.3, and for the pre-training
process with spatial constraint, we use CLIP image encoder to
encode the images. In the fine-tuning stage, we adopt stable-
diffusion-v1-4 (Rombach et al. 2022) as the initialization
parameter weights of SGG-IG, and the sampling process
uses DDIM (Song, Meng, and Ermon 2020) sampling with
100 sampling steps. In both the pre-training and fine-tuning
stages, we employ the Adam optimizer (Kingma and Ba
2014) with learning rates of 5e-4 and 1e-6, correspondingly.
We set batch size to 2, and perform 700,000 iterations and
30,000 iterations in the fine-tuning stage. All experiments are
conducted on the NVIDIA GeForce RTX 4090 GPUs. Our
code will be available at our site1.

Baseline Comparison Results
Quantitative Results As shown in Tab. 1, SGG-IG
achieves state-of-the-art performance in both FID and IS
metrics compared to other baseline methods at 128 × 128
and 256 × 256 resolution settings. In contrast to SGG-IG,

1https://github.com/fuyunwang/SGG-IG
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Methods
COCO-Stuff Visual Genome

128×128 256×256 128×128 256×256
FID (↓) IS (↑) FID (↓) IS (↑) FID (↓) IS (↑) FID (↓) IS (↑)

SG2IM 93.3 7.1 ± 0.2 99.1 8.2 ± 0.2 82.7 6.1 ± 0.1 90.5 7.9 ± 0.1
PasteGAN 70.7 11.1 ± 0.7 79.1 12.3 ± 1.0 61.2 7.6 ± 0.7 66.5 8.1 ± 0.9

WSGC 108.6 5.1 ± 0.3 121.7 6.5 ± 0.3 80.4 7.2 ± 0.3 84.1 9.8 ± 0.4
SGDiff 30.2 14.6± 0.9 36.2 17.8± 0.8 20.1 11.4± 0.5 26.0 16.4± 0.3

SGG-IG 26.2 19.3 ± 0.5 31.4 22.5 ± 0.3 16.3 15.2 ± 0.1 21.9 20.4 ± 0.4

Table 1: SGG-IG achieves substantial performance gains on COCO-Stuff and Visual Genome datasets, surpassing previous
methods in both quality and accuracy across all metrics. The best results are shown in bold and the second-best are underlined.

SGDiffScene Graph SG2IM SD SGG-IG

Figure 3: Visual comparisons of different methods on the Visual Genome. SD stands for Stable Diffusion. It can be seen that
SGG-IG generates images that are semantically consistent with the scene graph and of high quality compared to previous work.

the outcomes achieved by current methods in generating im-
ages that exhibit both semantic coherence with the scene
graph and high visual fidelity are found to be unsatisfactory.
This limitation arises from the inability to effectively capture
structural knowledge and contextual information within the
scene graph and the gap between the scene graph and the
visual content is not bridged. Consequently, the model strug-
gles to comprehend the fine-grained semantics embedded in

the scene graph, particularly in scenarios involving multiple
objects and their complex interactions.

From the Tab. 1, we can observe that SGG-IG significantly
outperforms the GAN-based two-stage scene-graph-to-image
generation method due to the fact that the intermediate repre-
sentation of the scene layout fails to optimize the semantic
alignment of the scene-graph to the image, and falls short of
expressing the interaction relations (e.g., wearing, covering,
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MAE Lcon LISA

COCO-Stuff Visual Genome
128 × 128 256 × 256 128 × 128 256 × 256

FID (↓) IS (↑) FID (↓) IS (↑) FID (↓) IS (↑) FID (↓) IS (↑)
66.2 8.0 ± 0.5 73.8 11.3 ± 0.5 56.7 7.8 ± 0.1 62.3 10.4 ± 0.2
36.3 13.6 ± 0.5 40.2 15.5 ± 0.4 25.4 12.7 ± 0.2 33.9 14.6 ± 0.3
43.5 9.1 ± 0.3 50.7 12.1 ± 0.4 33.9 8.8 ± 0.1 42.2 11.3 ± 0.3
39.6 10.4 ± 0.3 45.2 13.2 ± 0.3 30.8 10.0 ± 0.2 39.5 12.4 ± 0.2
34.4 15.7 ± 0.3 38.8 17.4 ± 0.3 23.3 13.3 ± 0.5 31.5 16.3 ± 0.5
28.8 18.2± 0.2 33.5 20.9± 0.1 21.6 14.2± 0.4 25.2 18.7± 0.2
26.2 19.3 ± 0.5 31.4 22.5 ± 0.3 16.3 15.2 ± 0.1 21.9 20.4 ± 0.4

Table 2: An ablation study was conducted to evaluate different combinations of components. MAE is an abbreviation for masked
auto-encoder. The best performance is highlighted in bold and the second best performance is underlined.

holding). In contrast, SGDiff (Yang et al. 2022) uses a diffu-
sion model trained from scratch and directly optimizes the
scene-graph-to-image alignment to achieve decent generation
results. However, it fails to utilize the strong generative prior
of pre-trained text-to-image models, such as Stable Diffusion.
Moreover, it only conducts initial alignment during the pre-
training stage, neglecting the issue of injected scene graph
information deviating from the original semantic content of
the scene graph due to sampling errors in the denoising stage.
In contrast, SGG-IG effectively mitigates these issues and
attains superior performance compared to existing methods.

Qualitative Results Fig. 3 shows a qualitative compari-
son between the images generated by our method and those
generated by publicly available models. Our comparisons
include three representative methods, i.e., the GAN-based
SG2IM (Johnson, Gupta, and Fei-Fei 2018), the text-to-
image generation approach Stable Diffusion (Rombach et al.
2022), and the diffusion-based scene graph-to-image gen-
eration method SGDiff (Yang et al. 2022). The qualitative
comparisons reveals the superior performance of our model.
For instance, as illustrated in the second and third rows of
Fig. 3, SGDiff synthesizes a distorted image that inaccu-
rately represents the objects within the scene and SG2IM
exhibits poor quality attributable to unstable GAN (Goodfel-
low et al. 2020) training and pattern collapse. In the first and
third lines, SG2IM (Johnson, Gupta, and Fei-Fei 2018) and
SGDiff (Yang et al. 2022) either fail to generate the node ob-
jects in the specified scene graph or there is an inconsistency
in the number. One possible explanation is that these methods
fail to maximize scene-graph-to-image alignment during the
training or fine-tuning stage of the model. In addition, for
all scene graph inputs, when we convert the scene graphs to
text and generate them with the help of Stable Diffusion, it
is difficult to generate images that correspond to the spatial
and interactive relationships described by the scene graphs
in a consistent manner due to the ambiguity of the text and
the lack of understanding of the relationships among objects.
Since SGG-IG excels in maximizing alignment with the input
scene graph during image generation, the images synthesized
by SGG-IG exhibit fidelity to the input scene graph structure,
generating semantically coherent and high-fidelity images.

Ablation Study

In this section, we conduct extensive ablation studies on SGG-
IG based on different generated image resolutions. Specif-
ically, by removing the masked auto-encoder module, the
spatial constraint loss, and the image-scene alignment loss,
we constructed corresponding versions of six different model
variants. As illustrated in Tab. 2, compared to solely removing
the masked auto-encoder module and the spatial constraint,
SGG-IG exhibits a notable decline in performance upon the
exclusion of the image-scene alignment loss. This demon-
strates the effectiveness of the image-scene alignment loss in
maximizing scene graph-to-image alignment during denois-
ing process. By aligning the global scene graph representation
with image embedding at each time step through image-scene
alignment constraints, the semantic deviation of the scene
graph due to random sampling during the denoising process
is avoided. As the second crucial module, the masked auto-
encoder captures the structural knowledge and contextual
information of a scene graph, enhancing the model’s under-
standing of fine-grained semantics within the scene graph.
Relatively speaking, the contribution of spatial constraints
is minor but still beneficial. By bridging the semantic gap
between the scene graph and image, spatial constraints offer
an initial alignment from scene graph to image.

Conclusion

In this study, we propose SGG-IG, a novel approach for gener-
ating images from scene graphs. SGG-IG directly optimizes
the alignment between the scene graph and the generated
image, eliminating the need for intermediate rough layouts.
By incorporating mask self-supervised learning and a spa-
tial constraint loss based on contrastive learning, our model
enhances its understanding of the structural and visual rela-
tionships within the scene graph, resulting in higher-quality
and more precise images. To leverage the strong priors of
pretrained text-to-image diffusion models, SGG-IG intro-
duces an image-scene alignment loss during the denoising
process to further improve scene graph-to-image alignment.
The implementation consists of three phases: pre-training,
fine-tuning, and inference, resulting in a streamlined and ef-
ficient tuning process. In the future, we aim to develop an
end-to-end model that integrates these three stages.
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