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Abstract: The use of Generative Adversarial Networks (GANs) has led to significant advancements
in the field of compositional image synthesis. In particular, recent progress has focused on achiev-
ing synthesis at the semantic part level. However, to enhance performance at this level, existing
approaches in the literature tend to prioritize performance over efficiency, utilizing separate local
generators for each semantic part. This approach leads to a linear increase in the number of local gen-
erators, posing a fundamental challenge for large-scale compositional image synthesis at the semantic
part level. In this paper, we introduce a novel model called Single-Generator Semantic-Style GAN
(SSSGAN) to improve efficiency in this context. SSSGAN utilizes a single generator to synthesize all
semantic parts, thereby reducing the required number of local generators to a constant value. Our
experiments demonstrate that SSSGAN achieves superior efficiency while maintaining a minimal
impact on performance.

Keywords: compositional learning; generative adversarial network; image synthesis; disentanglement;
efficiency

1. Introduction

There has been significant progress in the field of digital signal processing [1–7]. With
the advancement of deep learning, researchers have increasingly focused on processing
digital information using neural networks, including the synthesis of images through
generative models. Our world, with its diverse range of objects and scenes, is inherently
compositional. Compositionality emphasizes that complex entities are composed of simpler
parts or components [8,9]. In the realm of generative models for image synthesis, it is
crucial to embrace this fundamental principle that underlies the fabric of our reality. By
considering objects as compositions of semantic parts, we can generate images that not
only possess visual appeal but also exhibit a deeper level of interpretability. This approach
grants us greater control over the generation process and facilitates the creation of highly
customizable and meaningful images. Unfortunately, much of the existing literature
has overlooked this principle, focusing solely on visual appeal or layout manipulation
without leveraging compositionality. A limited number of recent works have proposed
models based on compositionality, but these studies often neglect an important factor:
efficiency. Real images or scenes typically involve a significant number of semantic parts
and, without taking efficiency into consideration, the generative model becomes non-
scalable and impractical. Hence, it is imperative to address both compositionality and
efficiency when developing generative models for image synthesis.

Generative Adversarial Networks (GANs) have emerged as the dominant approach
for image generation, primarily due to their superior performance in generating high-
fidelity, visually appealing images. A typical example is the style-based GAN [10], where
a noise code drawn from a Gaussian distribution is mapped to a latent space. This latent
code is then used to modulate each layer of the model. Although this method can gener-
ate high-fidelity images efficiently, the generation process lacks semantic meaning. This
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limitation arises from the use of a single latent code to modulate the generation of the
entire image, without the ability to represent the semantic meanings of its components. In
our work, we propose to utilize a set of latent codes, each of which represents a specific
semantic meaning, to generate images. These latent codes encode both the individual
components and their relationships, allowing for the formation of complete images based
on the compositional principle.

Another line of research focuses on the mapping from layout to image, exemplified
by SPADE [11]. Such an approach utilizes the layout as a content latent code to modulate
the style of the image. While efficient and capable of achieving semantic control, these
methods require the layout as a conditional input for image generation and cannot generate
images from scratch. As the semantic meaning is provided by the user—rather than
learned by the model—there is no explicit modeling of semantic parts and the model
lacks compositionality.

One promising new model, called SemanticStyleGAN, has recently been proposed
by Yichun et al. [12]. This model utilizes one latent code to modulate a set of local
generators, with each local generator representing a semantic component. Following the
compositional principle, these components are combined to form the complete object.
However, a significant limitation of their model lies in the need for substantial local
generators to represent each semantic part, resulting in linear growth in the number of local
generators. This limitation makes their model non-scalable and inefficient. In contrast, our
approach goes in the opposite direction: instead of using a single latent code to modulate
multiple heavy local generators, we employ a set of latent codes to modulate a single local
generator. This results in an efficient model that reduces the required number of local
generators to a constant.

The limitations of the discussed models can be summarized based on three criteria:
whether they are semantic-aware, compositional and efficient (see Table 1). It is evident
that those models proposed in the existing literature either lack semantic awareness, com-
positionality or efficiency. In this paper, we introduce SSSGAN to address these limitations.
The primary contribution of our work is a novel method that addresses the challenging task
of generating all parts using a single local generator. This innovation is crucial, due to the
inherent difficulties posed by strong entanglement and mode collapse problems associated
with the generation of semantic parts using a shared generator. These challenges are further
elaborated on in Section 3. The resulting model is both semantic-aware and compositional,
while maintaining high efficiency. We conducted a comprehensive comparative analysis
between SSSGAN and a state-of-the-art model, clearly demonstrating that SSSGAN excels
in efficiency while making only minimal compromises in compositional performance. Our
contributions are summarized as follows:

1. We propose a novel method that enables the generation of all semantic parts using
a single local generator. This method effectively addresses the efficiency challenge
encountered in large-scale compositional image-synthesis tasks.

2. We introduce SSSGAN, a model that is semantic-aware, compositional and efficient. It
addresses the gap in existing works by meeting all three of these criteria simultaneously.

3. We conduct extensive experiments to evaluate the performance of SSSGAN, examining
its compositional properties and the characteristics of its latent space.

4. We investigate the entanglement mechanism between semantic parts and devise a
method to control the intensity of this entanglement.

Table 1. Comparison of representative models with the proposed model.

Model Semantic-Aware Compositional Efficient

StyleGAN [10] 7 7 3

SPADE [11] 3 7 3

SemanticStyleGAN [12] 3 3 7

Ours 3 3 3
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In the following sections, we delve deeper into the topic of compositional image
generation. Section 2 provides a comprehensive review of the related literature, highlighting
the existing approaches and their limitations. In Section 3, we present our proposed model,
SSSGAN, detailing its architecture and key components. The experimental setup and
results are presented in Section 4, and we evaluate the performance and efficiency of
SSSGAN against a state-of-the-art model. Finally, in Section 5, we conclude the paper
by summarizing our contributions, discussing the limitations faced and outlining future
research directions in this field.

2. Related Work

Here, we review the related works in three areas: Disentanglement in generative
models, compositional image synthesis and layout-to-image generation. It is worth noting
that disentanglement and composition are inter-related and a work may be relevant to
both aspects. To ensure clarity, we categorize the models that involve a compositional step
into the compositional group, and those that do not into the disentanglement group. To
enhance comprehension, the reviewed works are summarized in Table 2.

Disentanglement in Generative Models. Disentanglement refers to the property of
a learned representation being sensitive to changes in one generating factor while being
relatively insensitive to changes in other factors [13]. Some studies promote disentangle-
ment by regularizing the distribution of latent codes to be factorized or independent [14,15].
This regularization encourages the latent code to control specific attributes of the generated
image. Other studies introduce additional information loss to enhance the influence of
factorized latent codes [16,17]. However, due to the lack of explicit inductive bias, the
disentanglement achieved by these models is not predictable and the phenomenon is often
not apparent. In contrast, our model incorporates an explicit inductive bias that considers
an object as a composition of several parts, with each part defined in a supervised manner
and assigned a semantic meaning. As a result, our model achieves significantly improved
disentanglement, compared to these existing models.

Some studies have focused on achieving disentanglement between specific attribute
pairs, such as style and content [18,19], identity and pose [19], identity and domain [20],
shape and physical attribute [21] and appearance and geometry [22–27]. In contrast, our
model aims to disentangle semantic parts defined by humans. Another line of research
aims to disentangle representations in the hierarchy dimension by incorporating structure
priors into the model [28–31] or by utilizing structured noise codes [32]. However, as the
disentanglement in these models is achieved without supervision, the resulting disentan-
gled factors may not align well with human understanding. In contrast, the disentangled
factors in our model align closely with human conception.

Compositional Image Synthesis. Composition reflects the concept that an object is
composed of its components and the goal of compositional learning is to explicitly model
these components and their interactions [33]. Some researchers have directly performed
compositional image synthesis in pixel space [34–36]. However, these models often generate
floating objects over the background or are only effective on simple datasets, due to the
limited representational power of the pixel space. In contrast, our model achieves high-
fidelity image synthesis on real-image datasets.

It is important to note that our world is inherently three-dimensional. Several models
with a 3D prior have recently been proposed in the literature [37–44]. These models typically
encode a 3D prior by incorporating explicit 3D operations such as camera view direction,
rotation and translation. However, these models are still designed to decompose the image
at the object level and are unable to fully capture the fine-grained part-level decomposition.
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Table 2. Analysis and summary of relevant research.

References Achievement Disadvantage Comparison with Our Model

[14,15] Increased disentanglement by encouraging latent
codes to be factorized

Non-obvious,
non-predictable
disentanglement

Disentanglement factor has
semantic meaning

[16,17] Use of mutual information loss to boost factorized
latent codes for improved disentanglement

Non-obvious,
non-predictable
disentanglement

Disentanglement factor has
semantic meaning

[18,19] Style–content disentanglement Not fine-grained Part-level disentanglement

[19] Identity–pose disentanglement Not fine-grained Part-level disentanglement

[20] Identity–domain disentanglement Not fine-grained Part-level disentanglement

[21] Shape and physical attribute disentanglement Not fine-grained Part-level disentanglement

[22–27] Appearance–geometry disentanglement Not fine-grained Part-level disentanglement

[28–31] Structure disentanglement by customizing model
architecture, unsupervised

Disentanglement factor does
not align well with human

conception

Disentanglement factor aligns
with human conception

[32] Structure disentanglement by use of structured
noise codes, unsupervised

Disentanglement factor does
not align well with human

conception

Disentanglement factor aligns
with human conception

[34–36] Compositional image synthesis in pixel space
Floating object over

background or feasible on
simple dataset

Composition in hidden space,
high quality on real-image

dataset

[37–44] 3D-aware compositional image synthesis
Decomposes images into

object and background, not
fine-grained

Part-level compositional image
synthesis

[45,46] Decomposes image into foreground shape,
foreground appearance and background Not fine-grained Part-level compositional image

synthesis

[47] Part-level compositionality, unsupervised Decomposition quality is
low

With supervision, high-quality
decomposition

[12] Part-level compositionality, high-quality for image
and decomposition

Need substantial amount of
heavy local generators,

inefficient

Uses single local-generator,
efficient

[48–54] Sketch-to-image mapping Semantic-agnostic, need
sketches as input

Semantic-aware, no need for
input

[11,55–58] Semantic layout-to-image mapping,
semantic aware

Object-level, need semantic
layout as input

Part-level, no need for input,
generation from scratch

[59,60] Semantic layout-to-image mapping, part-level Need layout as input No need for input, generation
from scratch

[60–62] Semantic layout-to-image mapping, supports both
part- or object-level layout Needs layout as input No need for input, generation

from scratch

[55,62,63]
Semantic layout-to-image mapping, utilizing

multi-scale methods to better encode
semantic component

Needs layout as input No need for input, generation
from scratch

Some studies have explored compositional learning by decomposing objects into shape
and appearance representations [45,46]; however, these are still not as fine-grained as that in
our model. To the best of our knowledge, only a limited number of studies have achieved com-
positional learning at the semantic part level [12,47]. Among them, SemanticStyleGAN [12]
stands out for its high-quality compositional image synthesis ability. However, Semantic-
StyleGAN sacrifices efficiency for performance by employing separate local generators for
each semantic part. Additionally, it requires explicit factorization of the latent code into base,
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shape and texture codes, resulting in a complex and inefficient model. In contrast, our model
overcomes these limitations by using a single local generator for all parts and eliminates the
need for latent code factorization, making it more efficient and simple.

Layout-to-Image Generation. Many studies have focused on mapping layouts to
realistic images, which is valuable for controllable image editing and creation. Some studies
have utilized sketches as input, which lack semantic meaning [48–54]. Other studies have
employed segmentation masks. The granularity of the semantic component varies from
object level [11,55–58] to part level [59,60]. Certain models support both object- and part-
level semantic layouts [60–62]. Some researchers have utilized multi-scale methods during
training to capture the varying granularity of semantic components [55,62,63]. While
these models achieve high-fidelity image synthesis and provide control over the semantic
component(s), they share a common drawback, when compared to our model: they require
a layout as input. As a result, they are unable to generate images from scratch and their
models are not compositional.

3. Methods

Our method is based upon SemanticStyleGAN. In order to understand the proposed
approach in this work and the reason why SemanticStyleGAN sacrifices efficiency for
performance, it is necessary to comprehend the challenges involved in image composition
at the semantic part level. These challenges can be identified in two aspects. First, at
the part level, the components are typically strongly entangled with each other, making it
difficult to achieve compositional learning, necessitating the disentanglement of the parts as
a prerequisite. Second, the parts themselves are usually heterogeneous objects originating
from different distributions, posing a challenge for GANs to model due to the notorious
mode collapse problem [64]. So, how does SemanticStyleGAN address these challenges
and what is the trade-off? At the core of SemanticStyleGAN is a set of local generators
responsible for generating the corresponding features for each semantic part—in other
words, it utilizes a separate generator for each semantic part. This design naturally resolves
the second difficulty mentioned earlier, as each local generator only needs to generate one
semantic part from a single distribution. Moreover, this design also aids in addressing
the first challenge, as there is no interaction between the parts within the local generator,
given that each local generator has its own parameters. While SemanticStyleGAN has
good performance, the drawback of this design is apparent: as it requires a dedicated
local generator for each semantic part, the number of local generators increases linearly
with the number of semantic parts, making the model impractical when dealing with a
large number of semantic parts. Therefore, addressing this issue is crucial for achieving
large-scale compositional image synthesis at the semantic part level.

So, the following question arises: can we achieve similar performance with Semantic-
StyleGAN by using fewer generators or even a single local generator? To do so, we face the
same challenges mentioned above. To tackle these challenges, we drew inspiration from
the auto-regressive model [65], in which the image is generated in a pixel-by-pixel manner,
with each pixel being sampled conditioned on the previously sampled pixels. Our main
idea is to apply a similar approach to model the relationships between the noise codes.
By doing so, the sampled noise codes will contain the dependency information. Despite
processing the noise codes with a shared local generator, it is possible for the GAN to utilize
this dependency information to encode each part feature in its own distinct way. Therefore,
this design has the potential to overcome the aforementioned challenges. The key distinc-
tion between the original auto-regressive model and our approach lies in the generation
process. While the original auto-regressive model generates images pixel-by-pixel, our
approach generates them part-by-part. Additionally, in the original auto-regressive model,
no semantic meaning is assigned to each pixel. However, in our approach, our model
learns the semantic meaning of each part’s noise code during training. The necessity of the
proposed approach is further examined in Section 4.2.4.
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The architecture of SSSGAN is depicted in Figure 1. In particular, SSSGAN is built
upon SemanticStyleGAN [12], consisting of three main modules: A set of local generators,
a render network and a dual-branch discriminator. SSSGAN introduces modifications to
SemanticStyleGAN in three key aspects. First, it incorporates a LSTM module to model
the relationships between the parts and generate the noise codes. Second, it employs a
single local generator for generating all the parts. Third, unlike SemanticStyleGAN—which
factorizes the latent code into a base code, shape code, and texture code to enhance the
encoding of part relationships—our model leverages the LSTM module to capture the part
dependencies, rendering the manual factorization of latent codes unnecessary. Instead, we
use a single latent code to modulate the local generator. To offer a comprehensive under-
standing of the information processing flow in SSSGAN, we provide brief descriptions of
the modules inherited from SemanticStyleGAN as needed. For more detailed information,
please refer to the original paper [12].

re
al

 / 
fa

ke

fake image/mask

real images/masks

coarse mask 


refinement

LSTM

LSTM

LSTM

Figure 1. Overview of the SSSGAN architecture: The LSTM module models noise code relationships,
the shared generator g generates part features, the Fusion module fuses part features, the render net
R renders features to images and the discriminator D provides adversarial loss.

Noise Code Generation. As SSSGAN uses a single local generator for the generation
of all parts, we need to explicitly model their joint distribution P(q1, q2, · · · , qK), where qk,
k = 1, · · · , K is a random variable representing the kth part. Instead of directly modeling
this joint distribution, inspired by the auto-regressive model [65], we factorize this joint
distribution into the product of a sequence of conditional distributions, as defined below:

P(z1, z2, · · · , zK) =
K

∏
k=1

P(zk|z1, · · · , zk−1). (1)

We start the generation of the noise codes from a learnable constant vector V0, which
is mapped to a tuple (µ0, log var0) by a two-layer MLP; here, µ0 and var0 represent the
mean and variance of the Gaussian distribution, respectively. The logarithm operation is
performed to ensure that the variance is a positive value. The initial input to the LSTM
layer is sampled from the diagonal Gaussian N (µ0, δ0) using the re-parameterization trick:

z0 = ε0 � δ0 + µ0, (2)

where � denotes element-wise product, ε0 ∼ N (0, I) and δ0 =
√

var0. N (0, I) represent
the multivariate Gaussian distribution with zero mean 0 and identity covariance matrix I.

At step t, the LSTM layer takes two vectors as input: one is the noise code zt−1 sampled
at step t− 1 and the other is the hidden state of the LSTM layer ht−1, which aggregates
the interaction of the parts up to step t− 1. The output layer of the LSTM is a single linear
layer that maps the hidden state ht to a tuple (µt, log vart). Similarly, the noise code zt is
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sampled from the diagonal Gaussian N (µt, δt) using the re-parameterization trick, defined
as follows:

zt = εt � δt + µt, (3)

where εt ∼ N (0, I) and δt =
√

vart.
In our experiment, we set the maximum step T to the part count K, which means that

we generate one part at each step.
Part Feature Generation and Composition. The noise codes {zk}K

k=1 are mapped to
a set of latent codes {wk}K

k=1 by a group of equal linear layers [66]. As mentioned above,
we do not factorize the latent code as in SemanticStyleGAN and use one latent code to
modulate the generator; that is, SemanticStyleGAN uses a separate local generator for the
generation of each part, while we use a shared local generator for the generation of all the
parts. The architecture of the local generator is shown in Figure 2. The local generator is
a stack of modulated convolutional layers [66] and the toDepth and toFeat modules are
mainly single modulated convolutional layers with fixed style. The local generator g takes
the Fourier feature p and the kth latent code wk as input, then produces a pseudo depth map
dk ∈ RH f×W f×1 and a feature map fk ∈ RH f×W f×D f , where H f , W f and D f are the spatial
height, spatial width and channel dimension, respectively. The mapping is defined as:

g : (p, wk) 7→ ( fk, dk). (4)

The main logic of the composition process is to use the pseudo depth map dk as a
weighting factor for the feature map fk. Specifically, the depth maps are squeezed to a
channel-wise probability function by the softmax function, defined as:

Mcoarse
k (i, j) =

exp(dk(i, j)/τ)

∑K
k′ exp(dk′(i, j)/τ)

, (5)

where τ is a temperature hyper-parameter with default setting of 1. Then, the feature maps
{ fk}K

k=1 are fused using weighted summation, defined as follows:

fwhole =
K

∑
k

Mcoarse
k � fk, (6)

where � represents element-wise multiplication.

toDepth
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Figure 2. The architecture of the local generator. The blue blocks are modulated convolutional layers
and the purple blocks are both a single modulated convolutional layer with fixed style.

Image Rendering. Following SemanticStyleGAN [12], the whole feature map fwhole
is rendered into realistic images using a render net R. The render net R is actually the
generator of StyleGAN [66]. As our goal is to render the feature and generate the image, R
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should only depend on the whole feature fwhole. To achieve this, the style of the generator
is fixed. The render net is defined as follows:

R : fwhole 7→ (x̃, M f ine), (7)

where x̃ ∈ RH×W×3 and M f ine ∈ [0, 1]H×W×K are the fake image and the fake segmentation
mask, respectively; and H and W represent the image height and width, respectively.

The segmentation signal directly interacts with the fine mask M f ine, but only indirectly
interacts with the coarse mask Mcoarse through the pseudo depth maps. As Mcoarse is crucial
for decomposing the part features, a mask loss is used to strengthen the supervision signal
over Mcoarse, defined as:

Lmask = ‖upsample(Mcoarse)−M f ine‖2, (8)

where upsample denotes the bilinear interpolation function.
Discriminator and Loss. As the output of the render net is a synthesized image and

a segmentation mask, a dual branch discriminator D is used to enhance the regulariza-
tion of the segmentation mask. This discriminator is a variation of the discriminator in
StyleGAN [66], with the addition of a toSeg branch, which consists of a stack of equal
convolution layers [66]. In the discriminator, the image feature and the segmentation
feature are added for further processing. The benefit of this design is that a separate R1
regularization term [67] LR1seg can be applied specifically to the segmentation mask.

As there is no constraint on the values of the noise codes, we empirically observed that
the values of the noise codes tend to grow very large during training, leading to training
instability. To address this issue, we introduce a Kullback–Leibler divergence term, defined
as follows:

LKL =
1
T

T

∑
t=1
−DKL(P(zt|z1, · · · , zt−1)‖N (0, I)). (9)

The final loss is

Lall = Lstylegan2 + Lmask + LR1seg + LKL, (10)

where Lstylegan2 represents the loss used in StyleGAN2 [10].

4. Experiments and Results
4.1. Dataset and Training Method

Our main results were obtained using the CelebAMask-HQ dataset [68], which is a
large-scale face image dataset consisting of 30,000 high-resolution images accompanied
by fine-grained segmentation masks for facial attributes. This dataset is well-suited to our
fine-grained compositional image synthesis task. To ensure a fair benchmark comparison
with SemanticStyleGAN, we adopted the same pre-processing method. Specifically, we
used the first 28,000 facial images and their corresponding segmentation masks for training.
The segmentation masks include thirteen semantic parts: Background, skin, eyes, eyebrows,
nose, mouth, ears, hair, neck, clothing, eyeglasses, hats and earrings. Prior to training, we
resized both the images and segmentation masks to 256 × 256 pixels and normalized them
within the range of [−1, 1].

We also attempted to use the same optimization settings as SemanticStyleGAN, when-
ever possible, to ensure a fair comparison. For training, we employed the Adam optimizer
with β = (0, 0.99). In SemanticStyleGAN, a single learning rate of 0.002 was used. However,
we observed that this value is too high when applied to the LSTM module with the Adam
optimizer, as it leads to gradient spikes and disrupts the training process. Consequently, we
introduced a separate learning rate of 0.0001 exclusively for the LSTM module to mitigate
this issue.

To regularize the training process, we applied path regularization [10] on the generator
and R1 regularization on the discriminator every 4 and 16 iterations, respectively. The
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weight factors for Lmask and LKL were set to 100 and 0.0001, respectively. As we explicitly
modeled the relationships between the parts using the LSTM module, we observed that
style mixing had a detrimental effect on the training. This is expected, as style mixing
assumes independent styles for the parts, which contradicts the function of the LSTM
module. Therefore, we did not utilize style mixing during training.

Our model was trained using a single RTX3090 GPU, with a batch size of 16 and
gradient accumulation every two iterations, resulting in an effective batch size of 32.
We set the maximum number of training steps to 150,000, with each iteration taking
approximately 4 s.

4.2. Results
4.2.1. Image Quality Evaluation

The quality of the generated images is a crucial aspect for a generative model. In
Figure 3, we show some generated images produced with a resolution of 256 × 256 and
with a truncation of 0.7. It is evident that these images have high perceptual quality and the
corresponding segmentation masks accurately align with their intended semantic meanings.
To quantitatively assess the image quality, two widely used metrics—-namely, the Fréchet
Inception Distance (FID) [69] and Inception Score (IS) [70]—were employed. A lower
FID value or a higher IS value indicates higher image quality. The FID and IS scores are
summarized in Table 3. Notably, SSSGAN achieved the lowest FID value of 6.19, albeit with
a slightly lower IS value of 3.15. It should be acknowledged that quantitative evaluation of
image quality remains an open problem; overall, based on the results, we can conclude that
SSSGAN achieves comparable performance in generating high-quality images.

The semantic parts of a face exhibit strong correlations with each other. To generate
a high-fidelity facial image, it is essential to arrange the latent codes for these parts in a
cohesive manner. Our findings demonstrated that the LSTM module of SSSGAN effectively
captures the relationships between the parts, enabling a single local generator to encode
the facial images using these latent codes.

Table 3. Quantitative evaluation of the quality of the synthesized images.

Method Data Compositional FID ↓ IS ↑

SemanticGAN 1 img & seg 7 7.50 3.51
SemanticStyleGAN 1 img & seg 3 6.42 3.21
SSSGAN img & seg 3 6.19 3.15

1 These data are from [12].

Figure 3. Examples of images and segmentation masks generated by SSSGAN.
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4.2.2. Compositional and Disentanglement Properties

Sequential Part Composition. Sequential Part Composition (SPC) is a task that in-
volves sequentially adding components to an object for composition. This task serves as an
intuitive demonstration of both the model’s compositional ability and its disentanglement
property. In terms of compositional property, a desirable model should accurately add
each semantic part. Regarding the disentanglement property, there should be minimal
interference with previously added components when a new component is introduced.

As SSSGAN utilizes a single local generator for all parts, it is possible that there are
stronger interactions between the features of different parts, resulting in a higher degree of
entanglement. The evaluation results for the SPC task are depicted in Figure 4. It is evident
that SSSGAN successfully added the correct semantic part at each step, indicating its
compositional ability. When comparing it with SemanticStyleGAN (Figure 4a), a stronger
entanglement between the part features in SSSGAN can be observed; for example, in
Figure 4b, the lip color and even the gender changed in the first and second samples,
respectively. Furthermore, it can be observed that the most significant change occurred
when the hair was added. This observation can be attributed to the fact that the hair
is a prominent part of the human face, occupying a large portion of the image’s pixels.
Consequently, more neural activity is dedicated to representing its features. Given the
limited resources, SSSGAN learned to exert greater control over facial attributes through
interactions with the larger part (i.e., the hair).

(a) SemanticStyleGAN

a

(b) SSSGAN
Figure 4. Sequential part composition: (a) SemanticStyleGAN, and (b) SSSGAN. Each sample consists
of three rows: The synthesized image, the pseudo depth map and the segmentation mask.

Although there was entanglement between the parts in SSSGAN, it occurred in a
coherent manner. For instance, consider the skin: while its appearance changes after the
addition of hair, a shared coarse structure remains before and after the change, indicating
that the coarse structure is disentangled. This aspect may initially seem like a drawback,
in terms of image attribute editing; however, we argue that entanglement also offers an
advantage, in terms of representation efficiency. This entanglement enables the model
to re-use learned features to represent a wider range of attributes. This ability becomes
particularly crucial under limited computational resources.

Entanglement Mechanism. The next question was the following: how does this
entanglement occur? As we did not employ any style-mixing tricks during training, the
only source of disentanglement came from the supervision of the segmentation mask. We
speculate that information leakage occurred in the spatial dimension, from one part to
another. Figure 5 illustrates the proposed mechanism of entanglement between the parts.
The coarse mask in Equation (5) was computed using a softmax activation function. It is
possible that SSSGAN learns to decrease the intensity of the pseudo depth map to create
a softer mask. Taking the situation in Figure 5 as an example, when the temperature is
higher, the segmentation mask becomes softer. As a result, the features of part B may leak
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to parts A and C, enabling part B to influence the attributes of parts A and C through their
interaction.

Spatial Dimention

M
as

k 
In

te
ns

ity

Part A Part B Part C

Reduce temperature

Spatial Dimention

M
as

k 
In

te
ns

ity

Part A Part B Part C

Information leak Information leak

Figure 5. Illustration of the proposed entanglement mechanism.

Conversely, when we lower the temperature in Equation (5), the coarse mask becomes
harder, making it more challenging for information to leak to neighboring parts. To validate
our hypothesis, we decreased the temperature in Equation (5) from the default value of
1.0 to 0.01 and generated the second sample in Figure 4b again. The result is shown in
the last sample of Figure 4b. It can be observed that, through the sequential composition
process, there was minimal change in previous results when a new part was added and
the gender of the individuals remained unchanged. While lowering the temperature
can achieve better disentanglement, SSSGAN tended to generate femininity in males
under lower temperatures. This outcome suggests a trade-off between disentanglement
and diversity in SSSGAN, which can be controlled by the temperature variable. Higher
temperatures increase the intensity of entanglement but yield more diverse images, while
lower temperatures reduce entanglement intensity but also decrease the diversity of the
generated images.

To quantitatively assess the level of disentanglement in the SPC task, we propose a
metric called Sequential Mean Square Error (SMSE), as defined in Equation (11).

SMSEi =

H
∑

h=1

W
∑

w=1

[(
i−1
∑

j=1
Mi

j,h,w

)(
Ii
h,w − Ii−1

h,w

)]2

H
∑

h=1

W
∑

w=1

i−1
∑

j=1
Mi

j,h,w

, (11)

where h, w represent the spatial height and width indices, respectively; i denotes the
sequence index; Mi

j,h,w ∈ {0, 1} represents the mask value at location (h, w) of the jth part

in step i; and Ii
h,w represents the pixel value at location (h, w) in step i. The SMSE metric

quantifies the intensity of change in the original image when the ith part is added. A lower
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SMSE value indicates a better performance, in terms of disentanglement, meaning that the
added part has a lesser impact on the rest of the image.

Figure 6 displays the quartiles of the SMSE values at different temperatures for each
semantic part. For quantitative comparison, Table 4 presents the SMSE values and their
corresponding standard deviations. Each row in the table corresponds to a specific part,
while each column represents the SMSE values at different temperatures. The lowest
SMSE value for each part is highlighted in bold font in the table. From Figure 6, it can be
observed that the skin and hair exhibited relatively larger SMSE values, indicating higher
entanglement for larger parts. Additionally, SSSGAN with the default temperature of
1.0 exhibited higher SMSE values, compared to SemanticStyleGAN. However, by reducing
the temperature in Equation (5) for SSSGAN, the SMSE values were effectively reduced.
For instance, as shown in Table 4, the skin’s SMSE value for SSSGAN with a temperature of
0.01 was 0.022 ± 0.036, significantly lower than that for SemanticStyleGAN (0.078 ± 0.101).
This result indicates that the level of entanglement can be significantly reduced by lowering
the temperature. This finding is in alignment with the proposed entanglement mechanism
illustrated in Figure 5.

skin eyes eyebrows mouth nose ears hair neck cloth
Part Sequence

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

S
M

S
E

SemanticStyleGAN

SSSGAN τ=1.0

SSSGAN τ=0.8

SSSGAN τ=0.1

SSSGAN τ=0.01

Figure 6. Quartiles of SMSE for the semantic parts. The statistical calculation is based on 10,000 samples.

Table 4. SMSE mean value and standard deviation for SemanticStyleGAN and SSSGAN at different
temperatures.

Model SemanticStyleGAN SSSGAN

Temperature 1.0 1.0 0.8 0.1 0.01

skin 0.078 ± 0.101 0.244 ± 0.232 0.214 ± 0.210 0.028 ± 0.044 0.022 ± 0.036
eyes 0.022 ± 0.009 0.031 ± 0.011 0.032 ± 0.012 0.041 ± 0.017 0.040 ± 0.016
eyebrows 0.004 ± 0.002 0.006 ± 0.003 0.006 ± 0.002 0.006 ± 0.002 0.006 ± 0.002
mouth 0.009 ± 0.006 0.009 ± 0.005 0.009 ± 0.005 0.008 ± 0.004 0.008 ± 0.004
nose 0.004 ± 0.003 0.013 ± 0.005 0.014 ± 0.005 0.014 ± 0.006 0.014 ± 0.007
ears 0.008 ± 0.012 0.012 ± 0.016 0.011 ± 0.016 0.005 ± 0.010 0.004 ± 0.010
hair 0.053 ± 0.051 0.149 ± 0.104 0.115 ± 0.090 0.052 ± 0.044 0.046 ± 0.041
neck 0.011 ± 0.012 0.013 ± 0.017 0.012 ± 0.016 0.008 ± 0.007 0.008 ± 0.007
cloth 0.004 ± 0.006 0.005 ± 0.009 0.005 ± 0.009 0.003 ± 0.005 0.002 ± 0.004
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4.2.3. Noise and Latent Space Property

As SSSGAN utilizes a shared local generator for generating all the parts, we can
analyze the properties of the noise codes and latent codes directly, without considering the
local generator. In particular, we can visualize the noise codes and latent codes through low-
dimensional embeddings. Figure 7 presents the two-dimensional embedding results using
the t-SNE algorithm [71]. It can be observed that the noise codes were not well-separated,
with clusters formed by the background, neck and clothes being close together. In contrast,
the latent codes were well-grouped and did not overlap. These results suggest that the
latent space of SSSGAN is flatter (or more linear) than the noise space. Consequently, the
t-SNE algorithm finds it easier to separate the parts in the latent space, compared to the
noise space. Furthermore, we noticed that the noise codes for consecutive semantic parts,
such as the eyes, eyebrows and mouth, were closely grouped. This finding indicates that
the LSTM module of SSSGAN can capture the relationships between these parts well.

Given that t-SNE is designed to capture local patterns within a distribution, we also
examined the relationships between the noise codes and latent codes by measuring the
pairwise cosine similarity. The results, illustrated in Figure 8, revealed a distinct pattern:
the cosine similarity between parts was significantly stronger in the latent space, compared
to the noise space. This suggests that the vectors representing the parts are more closely
distributed, possibly forming a smoother manifold, in the latent space. In contrast, the
distribution of part vectors in the noise space appeared to be less structured. Additionally,
in the noise space, we observed slightly stronger cosine similarity between consecutive
parts, indicating that the LSTM module can successfully capture the interdependence
of adjacent parts, in line with our earlier analysis. Furthermore, in the latent space, we
observed a stronger cosine similarity among facial components such as the eyes, eyebrows,
mouth and nose. This observation indicates stronger correlations between these features,
suggesting that they are distributed closer to each other in the manifold.

Noise Space Latent Space

skin
eyes

eyebrows
mouth

nose
ears

hair
neck

cloth
background

Figure 7. Noise code and latent code visualization using the t-SNE algorithm [71].
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Figure 8. Correlation analysis between noise codes and latent codes using cosine similarity. The
stochastic calculation is based on 10,000 samples.

4.2.4. Necessity of the LSTM Module

SSSGAN includes an LSTM module to explicitly capture the relationships between
the noise codes, which plays a crucial role in the subsequent compositional synthesis steps.
While GANs have the capability to generate diverse images, one might question the need
for the LSTM module. Could SSSGAN achieve similar performance without modeling these
relationships? To address this question, we conducted an ablation study by removing the
LSTM module, resulting in a simplified version called SSSGAN-s. In SSSGAN-s, the noise
codes for the parts were independently sampled from a Gaussian distribution, while other
aspects remained the same as in SSSGAN. The experimental results on the CelebAMask-HQ
dataset are presented in Figure 9, revealing that SSSGAN-s failed to generate the semantic
mask, indicating a lack of awareness of the semantic part structure. To further examine how
SSSGAN-s encodes the part noise code, we evaluated its performance on the sequential
part composition task, as shown in Figure 10. It is evident that SSSGAN-s treated each part
code as a whole face, completely disregarding the semantic meaning of each part. These
findings clearly demonstrate the necessity of the LSTM module in SSSGAN, validating the
effectiveness and novelty of our approach.
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Figure 9. Images and segmentation masks generated by SSSGAN-s without the LSTM module.

background skin eyes eyebrows mouth nose ears hair neck cloth

Figure 10. Sequential part composition results of SSSGAN-s without the LSTM module.

4.2.5. Performance on Other Domains

To demonstrate the versatility of our model beyond facial datasets, we conducted
an evaluation on the DeepFashion dataset [72]. This dataset comprises 30,000 fashion
images and we utilized the segmentation data provided in [60]. For supervision, we
considered seven semantic parts; namely, background, skin, hair, face, upper clothes, pants
and shoes. The experiment followed the same settings as our main results. The sequential
part composition outcomes are presented in Figure 11. It is evident that the components
were successfully combined one-by-one, starting from the background. At each step, the
added part aligned with its semantic meaning and no apparent entanglement was observed.
These results indicate that our model also demonstrated impressive performance on this
dataset, in terms of compositional synthesis and disentanglement.



Appl. Sci. 2023, 13, 7587 16 of 20

background skin face hair upper clothes pants shoes

Figure 11. Sequential part composition results on DeepFashion dataset.

5. Conclusions

In this paper, we introduced SSSGAN, an efficient model for fine-grained compo-
sitional image synthesis. SSSGAN achieves improved efficiency by utilizing a shared
generator to generate all of the semantic components. In order to accomplish this, we
needed to address the challenges associated with entanglement and mode collapse. To
overcome these challenges, we presented a novel method that explicitly models the rela-
tionships between the noise codes. Each noise code in SSSGAN controls the generation of
a specific semantic part, which are then combined to form a complete object. Our model
demonstrated impressive performance in generating high-quality images, providing a
high level of control over the generation process for each semantic part, albeit with a
slightly increased level of entanglement. We believe that efficiency is crucial for large-scale,
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fine-grained compositional image synthesis and our work presents a fundamental method-
ology for advancing this field. However, there are still several challenges that need to be
addressed in future research. First, improving the disentanglement performance while
maintaining image diversity is crucial. Incorporating style-mixing techniques into our
method (which is currently incompatible) could potentially achieve this goal. Second, our
current model supports the generation of images with a fixed component count. However,
it is important to extend its capability to handle dynamic component counts, which are
common in real-world objects and scenes. This can potentially be achieved by explicitly
modeling the component count in the composition process. Finally, similar to Semantic-
StyleGAN, SSSGAN relies on full supervision, and so would be valuable for developing
models with similar performance having lower supervision requirements.
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