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Abstract: Artificial intelligence generated content (AIGC) has emerged as an indispensable tool for producing
large-scale content in various forms, such as images, thanks to the significant role that AI plays in imitation
and production. However, interpretability and controllability remain challenges. Existing AI methods often face
challenges in producing images that are both flexible and controllable while considering causal relationships within
the images. To address this issue, we have developed a novel method for causal controllable image generation
(CCIG) that combines causal representation learning with bi-directional generative adversarial networks (GANs).
This approach enables humans to control image attributes while considering the rationality and interpretability of
the generated images and also allows for the generation of counterfactual images. The key of our approach, CCIG,
lies in the use of a causal structure learning module to learn the causal relationships between image attributes and
joint optimization with the encoder, generator, and joint discriminator in the image generation module. By doing so,
we can learn causal representations in image’s latent space and use causal intervention operations to control image
generation. We conduct extensive experiments on a real-world dataset, CelebA. The experimental results illustrate
the effectiveness of CCIG.
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1 Introduction

Artificial intelligence generated content (AIGC)
has been gradually changing the production of dig-
ital content, especially in the image field, and has
been widely used for a variety of tasks such as image
generation, image editing, image reconstruction, and
image restoration (Huang SS et al., 2022). With the
development of the AIGC technique, the controllable
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image generation method has been applied in many
fields, including face beautification, virtual try-on,
and industrial design. Existing controllable image
generation methods (Huang S et al., 2023; Zhang LM
et al., 2023) achieve control over the generated im-
ages by inputting different conditional information,
including label information (e.g., image attributes
and semantic segmentation maps), visual informa-
tion (e.g., sketches, low-resolution images, and im-
age blocks), and text information (i.e., text descrip-
tions), also known as conditional image generation
methods. Several approaches (Shen YJ and Zhou,
2021; Shen YJ et al., 2022) are also available to find
interpretable, semantically meaningful directions by
exploring the latent space of generative adversarial
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networks (GANs), allowing controllable image gener-
ation by varying the latent code of desired directions.

Although these methods enable control over the
generated images and have yielded many exciting re-
sults, there are still several issues: conditional image
generation methods require independent sampling of
the labels, ignoring the dependencies between labels.
The generated image can also be affected by spu-
rious correlations, which can lead to an irrational
result; for example, changing the “age” label leads to
the change of “glasses,” which is obviously not pos-
sible. Similarly, another class of approaches, GAN
inversion based solutions (Shen YJ et al., 2022; Xia
et al., 2023), often assume that the semantic factors
can correspond to the latent variables one by one;
that is, each dimension of latent encoding measures
a different and mutually independent variable factor
in the data. However, in practical applications, the
semantic meaningful factors of interest are not in-
dependent of each other. Instead, there may be an
underlying causal structure that makes these seman-
tically meaningful factors interdependent; for exam-
ple, smile causes mouth opening and eye narrowing.

Fortunately, there have been recent efforts to
explore causal learning based methods for control-
lable image generation, which have shown promising
results. Some of these methods (Kocaoglu et al.,
2018; Moraffah et al., 2020; Shen XW et al., 2022)
learn causal generative models for controlled image
generation by given labeled causal graphs; however,
obtaining such graphs can be challenging in realis-
tic situations. There are also methods (Yang et al.,
2021; Zhu JG et al., 2022) that introduce struc-
tural causal models (SCMs) into generative models,
learn causal relationships between underlying factors
from the data, and use the learned causal relation-
ships to provide interpretability for the generated im-
ages. Unfortunately, the quality of the images gener-
ated from these methods is often unsatisfactory due
to their heavy reliance on variational autoencoder
(VAE) models.

To tackle the aforementioned issues, this ar-
ticle presents a causal controllable image genera-
tion method by integrating causal structure learn-
ing (CSL) with bi-directional GANs. This method,
on one hand, avoids the requirement for providing
a causal graph beforehand, but instead learns the
causal relationships among image attributes from
the data. On the other hand, the introduction of

bi-directional GANs can improve the image repre-
sentation learning capability and enhance the fidelity
and resolution of the generated images. In summary,
the key contributions of this article are as follows:

1. We propose a novel causal controllable im-
age generation (CCIG) framework, which combines
a CSL module with an image generation module
(IGM), to learn causal graphs of image attributes,
and the learned causal graphs are used to constrain
the latent representations to understand the image
generation mechanism.

2. We propose a bi-directional generative model
for image generation and representation learning,
which combines an encoder, a generator, and a joint
discriminator (JointD) to improve the model repre-
sentation learning capability, and integrates the at-
tention mechanism and residual structure into both
the generator and JointD to enhance the quality of
the generated images.

3. We instantiate the proposed framework and
conduct extensive experiments over a public dataset,
CelebA, verifying the effectiveness and rationality of
CCIG.

2 Related works

In this section, we provide a brief review of the
latest advances in the fields of causal structure learn-
ing, causal representation learning, and controllable
image generation.

2.1 Causal structure learning

Causal structure learning is a fundamental
task across various scientific disciplines and has
been widely used in medical diagnosis, policy-
making, social sciences, computer science, and many
other fields (Pan et al., 2022; Sun et al., 2022).
Many researchers have developed various methods,
which can be divided roughly into four categories:
score-based, constraint-based, function causal model
(FCM) based, and continuous optimization based
methods. In particular, with the development of
deep learning, continuous optimization based meth-
ods have been extensively studied, and the increasing
computational power has made it feasible to learn
causal structures on large-scale high-dimensional
datasets. A growing number of methods that fuse
black-box deep learning models and structural learn-
ing are transforming the combinatorial graph search
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problem back into a continuous optimization prob-
lem (Zheng et al., 2018; Yu et al., 2019; Gao et al.,
2021; Petkov et al., 2022). NoTEARS (Zheng et al.,
2018) is usually considered the pioneering method.
This method focuses only on the linear structural
equation model (SEM), has a high time complex-
ity for acyclic constraints, and is not applicable
to the learning of large-scale causal graphs. To
address these issues, DAG-GNN (Yu et al., 2019)
extends NoTEARS by incorporating neural net-
work functions and black-box variational inference,
and uses the evidence lower bound (ELBO) as a
score function to learn the directed acyclic graph
(DAG). Ng et al. (2019) proposed a causal frame-
work based on graph autoencoders to support non-
linear SEM and vector-valued variables. Further-
more, Wei et al. (2020) revisited various aspects of
DAG-GNN and NoTEARS, and refined the afore-
mentioned methods with acyclic constraints. Similar
methods are available in the literature (Lachapelle
et al., 2020; Varando, 2020; Gao et al., 2021; Ng
et al., 2022; Petkov et al., 2022). In addition,
there are methods (Zhu SY et al., 2020; Wang XQ
et al., 2021) that combine reinforcement learning
with causal structure learning. More related work
can be found in Vowels et al. (2023).

2.2 Causal representation learning

The assumption of traditional causal structure
learning is that the causal units are random variables
connected by the causal graph. In the real world,
observations are often not composed of these units,
such as objectives in images (Lopez-Paz et al., 2017).
Emerging causal representation learning (Schölkopf
et al., 2021) endeavors to learn these variables from
data and to apply them to downstream tasks. These
methods have combined SCMs with representation
learning. For example, Leeb et al. (2020) proposed
a structured encoder embedded with SCMs to auto-
matically learn the hierarchical structure of disentan-
gled factors. Lu et al. (2021) learned causal represen-
tations by observing similar causal models in differ-
ent environments. Lippe et al. (2022) learned causal
representations from time-series data of labeled in-
terventions, assuming that causal effects are not in-
stantaneous but can be resolved over time. There
are also methods (Brehmer et al., 2022; Lv et al.,
2022; Wang WJ et al., 2022; Ahuja et al., 2023) that
use causal representation learning to address domain

generalization problems, including image classifica-
tion and recommendation systems.

2.3 Controllable image generation

Controllable image generation is a method that
uses deep generative models along with input con-
ditions, to control the attributes of the generated
images. The focus of this study is causal learn-
ing based controllable image generation methods.
Unlike other approaches, causal controllable image
generation methods leverage SCMs and deep gener-
ative models to enable intervention and counterfac-
tual queries, offering vital insights to address the cur-
rent challenges of lacking robustness, interpretabil-
ity, and fairness in generative models. Motivated
by this, numerous work has been conducted, achiev-
ing promising results, including VAEs-based (Suter
et al., 2019; Reinhold et al., 2021; Yang et al., 2021;
Lai, 2022; Zhu JG et al., 2022), GANs-based (Ko-
caoglu et al., 2018; Moraffah et al., 2020; Zhang
XH et al., 2021; Shen XW et al., 2022; Zhang WB
et al., 2022), and diffusion-based methods (Sanchez
and Tsaftaris, 2022; Sanchez et al., 2022).

CausalGAN is the first method that combines
SCMs with GANs, which provides a theoretical guar-
antee for sampling from the interventional distribu-
tion. Similarly, Sauer and Geiger (2021) embed-
ded SCMs into the generator to control the gener-
ation of counterfactual images as augmented data
for invariant classifier training. In contrast to these
methods that require a complete causal graph as a
prior, DEAR (Shen XW et al., 2022) requires only
causal variables or their causal order. Furthermore,
Yang et al. (2021) achieved causal controllable im-
age generation by automatically learning the causal
structure using the adjacency matrix. Instead of ex-
plicitly encoding SCMs, Reinhold et al. (2021) and
Lai (2022) used VAEs to learn the structure assign-
ment for generating counterfactual images. In addi-
tion, recent studies (Augustin et al., 2022; Sanchez
and Tsaftaris, 2022) have shown that combining
generative diffusion models with SCMs can achieve
counterfactual image generation and provide coun-
terfactual explanations. In our work, we propose
an end-to-end controllable image generation method
that combines causal structure learning with the bi-
directional generative model. Unlike DEAR, our
method, CCIG, does not require a causal order or
a causal graph of the variables given as a prior.
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3 Method

This section presents the problem definition and
the proposed framework, CCIG.

3.1 Problem definition

3.1.1 Generative model

The goal of the generative model is to learn
a generator Gφ : z → x that can produce user-
controllable images. This model is parameterized
by φ, where z ∈ R

k is a latent code sampled from a
prior distribution pz, and the encoder Eϑ : x → z,
parameterized by ϑ, is used to learn high-level se-
mantic representations of images. Formally, the op-
timization objective of the generative model is to
maximize the likelihood of the observed image by
minimizing the Kullback–Leibler (KL) divergence
between the encoder joint distribution pe(x, z) =

px(x)pe(z|x) and the generator joint distribution
pg(x, z) = pz(z)pg(x|z), as follows:

min
G,E
L(pe(x, z), pg(x, z)), (1)

which is equivalent to maximizing ELBO using vari-
ational inference or adversarial training. So, Eq. (1)
can be rewritten as follows:

L(pe(x, z), pg(x, z)) = −Ez∼pe(z|x)[log pg(x | z)]
−Ex∼px [DKL(pe(z | x), pz(z))] + Ex∼px [log px(x)],

(2)
where Ex∼px [log px(x)] is free of parameters. Fur-
thermore, the supervision signals (e.g., true factor
labels) are used to train the generative model to ac-
quire the meaningful disentangled image representa-
tions. ζ ∼ pζ ∈ R

m denotes the underlying ground-
truth factor in image x and l denotes the observation
(e.g., the image attribute label) corresponding to ζ,
which can be discrete or continuous. Without loss of
generality, ζi = E(li | x), i = 1, 2, ...,m. For exam-
ple, l1 could be a binary label denoting the gender
of a person, while ζ1 = E(l1|x) = P (l1 = 1|x) is the
possibility that a person is male given an image x.
Therefore, the following supervised loss Lsup(E) will
be used to optimize the generative model along with
the generative loss:

LG,E = L(pe(x, z), pg(x, z)) + λLsup(E), (3)

where λ represents the weight of the supervised loss
and is a constant. Unlike conditional GANs where

supervised labels involve GAN losses, the unsuper-
vised generative modeling losses and supervised reg-
ularizers in Eq. (3) are decoupled in terms of taking
expectations. Specifically,

Lsup(E) = Ex,l[ls(E;x, l)], (4)

where ls can be a cross-entropy (CE) loss or L2 loss.

3.1.2 Discovery of causal relationships in images

In an ideal scenario, the causal relationships be-
tween different attributes should be considered in
the image generation process. However, due to the
presence of data selection bias, the generative model
often learns some spurious correlations. To pursue a
more interpretable and reasonable image generation
process, we consider the discovery of causal relation-
ships in images as another goal of controllable image
generation.

Causal structure learning is an emerging tech-
nique for discovering causal relationships, which is
believed to be a key to next-generation artificial in-
telligence with powerful cross-domain performance,
transfer learning, and interpretability. It can be for-
malized as follows: let l = [l1, l2, · · · , lm]T ∈ R

m×d

as a d-dimensional vector with m variables, and
let G = (V, F ) be a DAG, representing the im-
age generation mechanism of l. Here, V and F

are the node set and edge set, respectively. h =

[h1, h2, · · · , hm]T ∈ R
m×d denotes random noise,

and A = [A1, A2, · · · , Am] ∈ R
m×m is an adja-

cency matrix encoding the causal mechanisms inside
l, where Aij �= 0 if li is the parent node of lj and
Aij = 0 otherwise.

The causal effect signified by a DAG can be
quantified by a linear SEM as follows:

l = ATl + h. (5)

When the nodes of the graph are sorted in topologi-
cal order, and matrix A is strictly upper triangular.
Hence, ancestral sampling from the DAG is equiv-
alent to generating a random noise h followed by a
triangular solver:

l = (I −AT)−1h. (6)

In our case, we generalize the previous linear SEM to
a nonlinear form using a graph autoencoder, as de-
scribed in Section 3.2. Briefly, to learn the optimal
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causal structure of image attributes, the score func-
tion with acyclic constraints should be minimized:

min
A∈Rm×m

S(A) s.t. c(A) = 0, (7)

where c(A) = 0 is the acyclic constraint that guar-
antees the acyclicity of the learned causal graph G,
and S(A) is the score function, which can usually
be calculated by the MSE loss function (Wang YF
et al., 2021), regularized negative maximum likeli-
hood function (Lachapelle et al., 2020), or ELBO (Yu
et al., 2019). In our case, ELBO is used as the score
function, which will be introduced in Section 3.2.

3.2 CCIG framework

In this subsection, we present the proposed
framework, CCIG, which consists of three main com-
ponents: the CSL module for learning causal re-
lationships between image attributes, the IGM for
learning image representations and generating im-
ages, and the loss function for optimizing the model.
Fig. 1 illustrates the workflow of our framework.

3.2.1 Causal structure learning module

The CSL module aims to learn the causal rela-
tionships between image attributes to support image
causal representation learning of IGM. Inspired by
Yu et al. (2019), we use the graph autoencoder to

explicitly model the causal structure of image at-
tributes, as shown in Fig. 2. The encoder infers
the latent vector h by performing a reparameterized
sampling trick on a Gaussian distribution with mean
Mh ∈ R

m×d and standard deviation Vh ∈ R
m×d,

which can be formulated as follows:

Encoderl : h = f2((I −AT)f1(l)), (8)

where f1 and f2 are parameterized functions that
perform transformations (linear or nonlinear trans-
formations) on l and h, respectively. In our case, f1 is
the multilayer perceptron (MLP) and f2 is the iden-
tity mapping (IM). Then, the CSL module recovers
the observations with a decoder, as follows:

Decoderl : l = f4((I −AT)−1f3(h)), (9)

where f3 and f4 are also parameterized functions
that conceptually inverse f1 and f2, respectively. In
our case, f3 and f4 are implemented by IM and MLP,
respectively. Ml ∈ R

m×d and Vl ∈ R
m×d are ob-

tained from Decoderl, and represent the mean and
standard deviation of the likelihood p(l|h) that obeys
the Gaussian distribution, respectively. Therefore,
Eq. (9) can be rewritten as follows:

f−1
4 (l) = ATf−1

4 (l) + f3(h). (10)

To obtain a more accurate latent representation
h, the following reconstruction loss is used as the

Fig. 1 Overall workflow of our framework. In the training phase, our model first uses the CSL module to learn
causality from the image labels, thereby constraining the underlying representation z′ = E(x) obtained from
the encoder to be consistent with the learned causal relationships. Then, the causal representation l′, which
encodes causal relationships between factors of interest in image generation, is used to replace a portion zl
of the prior distribution z, which is then concatenated with the other factors zo needed for image generation
to obtain a new latent representation z∗. This representation is then fed into the generator G to obtain the
generated image x′ = G(z∗). Note that JointD is trained alternatively with the generator G and encoder E.
In the inference phase, we can achieve causal controllability of an image attribute by modifying the value of a
latent representation along a specific dimension, i.e., causal intervention
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Encoder l  

f1: MLP

f4: MLP
f2: IM

f3: IM

l

Mh

Ml
Vl

Vh

h

Decoderl

l'

Fig. 2 Workflow of the CSL module, which consists of
two components: Encoderl and Decoderl. Encoderl
acts as an inference model designed to encode the
input attribute l as the latent posterior h. Decoderl
acts as the causal generative model for reconstructing
the input attributes

optimization objective of the CSL module:

Lr = 1

2

m∑

i=1

d∑

j=1

lij log(Ml)ij . (11)

Furthermore, a regularizer term is added to recon-
struction loss to avoid overfitting, as follows:

rl =
1

2

m∑

i=1

d∑

j=1

(Mh)
2
ij . (12)

To ensure the acyclicity of the learned causal graphs,
we add the following acyclic constraints:

c(A) : tr[(I + αA ◦A)m]−m = 0, (13)

where “◦” denotes the Hadamard product.
Overall, the objective of CSL consists of the re-

construction error, the regularizer, and the acyclicity
constraint. Thus, problem (7) can be rewritten as
follows:

min
A,ϕ

(Lr + rl) s.t. c(A) = 0. (14)

To optimize the above objective, we follow Yu
et al. (2019) and adopt the augmented Lagrangian
method, which introduces a quadratic penalty term
to problem (14) and can be rewritten as

Lν(A,ϕ, κ) = Lr+rl + κc(A) +
ν

2
|c(A)|2, (15)

where ϕ is the parameter of the CSL module, and
κ and ν are the Lagrange multiplier and penalty
parameter, respectively. We solve this optimization
problem by iteratively updating κ and ν, following
the strategy in Yu et al. (2019).

3.2.2 Image generation module

As shown in Fig. 1, IGM takes the representa-
tion generated by CSL that encodes the causal rela-
tionships of image attributes and outputs the gener-
ated images.

Specifically, IGM consists of three components,
namely, the encoder E for learning high-level causal
semantic representations, the generator G for gener-
ating user-controllable images, and JointD for distin-
guishing real-data distribution-latent representation
pairs from generated data distribution-prior distri-
butions. These three components play with each
other until they reach a global optimum, formally:

min
E,G

max
D

Ex∼px,z∼pe(z|x)[logD(x,E(x))]

+Ez∼pz ,x∼pg(x|z)[log(1−D(G(z∗), z∗))],

where z∗ represents a hybrid representation that in-
tegrates representations sampled from the prior dis-
tribution with latent representations obtained by the
CSL module that encodes the causal relationships
between image attributes. In other words, z∗ con-
sists of an m-dimensional causal representation that
encodes m interested generative factors’ causal rela-
tionships and a (k −m)-dimensional representation
that encodes other factors required for image gen-
eration (sampled from the prior distribution of z or
E(x)). Specifically, the generator–encoder loss (3)
can be rewritten as follows:

LG,E =Ex∼px,z∼pe(z|x)[lG,E(x,E(x))]

−Ez∼pz,x∼pg(x|z)[lG,E(G(z∗),z∗)]+λLsup(E),
(16)

and the discriminator loss is given as follows:

LD =Ex∼px,z∼pe(z|x)[lD(x,E(x), 1)]

+ Ez∼pz ,x∼pg(x|z)[lD(G(z∗), z∗,−1)], (17)

where lG,E(x, z) = sx(x) + sz(z) + sxz(x, z) and
lD(x, z, τ) = h(τsx)+h(τsz)+h(τsxz), τ ∈ {−1, 1}.
Here, h(t) = max(0, 1− t) is a “hinge” used to regu-
larize the discriminator, and sx, sz, and sxz are the
learned projections of the discriminators Dx, Dz,
and Dxz, respectively:

⎧
⎨

⎩

sx(x) = θTxD
Θ
x (x),

sz(z) = θTz D
Θ
z (z),

sxz(x, z) = θTxzD
Θ
xz(D

Θ
x (x) +DΘ

z (z)),

(18)

whereDx, Dz, andDzx are the three key components
of JointD, as shown in Fig. 3, each characterized by
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the corresponding parameters θx, θz, and θxz. The
role of Dx is to discriminate between the generated
image and the real image, while Dz is responsible for
differentiating the latent representation z∗ from the
output of the encoder E(x). Additionally, Dzx is a
function that takes into account the outputs fx and
fz of both Dx and Dz. We design our discrimina-
tor in this way as generative models require adver-
sarial learning and optimization in both image and
feature domains to accurately learn the underlying
data distribution.

JointD

z*

x
x'

z'

Dx Sx

Sxz

Dz Sz

Dxz
fx

fz S
co

re

Fig. 3 Workflow of JointD

Overall, the generator and encoder are trained
by LG,E to force them to create matching joint data-
latent distributions that JointD cannot predict cor-
rectly. JointD is trained with LD to correctly dis-
tinguish between two joint data-latent distributions
from the encoder and the generator, that is, (x,E(x))

and (G(z∗), z∗), respectively.

3.3 Model structure

In this subsection, we introduce the model struc-
ture of IGM, including the generator, encoder, and
discriminator. Note that details of CSL are intro-
duced in Section 3.2.1.

3.3.1 Encoder

We use ResNet50 (He et al., 2016) as our encoder
to encode the image into the latent space (i.e., feature
domain) to obtain the latent representation of the
input image.

3.3.2 Generator

The generator architecture of our proposed
framework consists of a GenInBlock, followed by
two GenBlocks, an AttentionBlock, and a Gen-
Block, with batch normalization, rectified linear unit
(ReLU) activation, SNConv2d, and Tanh as activa-
tion functions. The detailed structures of GenIn-

Block, GenBlock, and AttentionBlock can be found
in Figs. 4b–4d. GenBlock adopts a residual struc-
ture to assist the generative model in adapting to
the complex data distribution, ultimately improving
the quality of the generated images. AttentionBlock
introduces an attention mechanism, which assigns
different weights to the features at different locations
in the image, enhancing the detailed information of
the generated images. Moreover, the NoiseInjection
layer in both GenInBlock and GenBlock improves
the expressiveness of the generative model by inject-
ing noise.

3.3.3 Discriminator

The proposed JointD is composed of three dis-
tinct components, namely, Dx, Dz, and Dxz, as de-
picted in Fig. 3. Specifically, Dx is implemented as
a convolutional neural network (ConvNet), as shown
in Fig. 5a, while Dz and Dxz have identical MLP
structures.

4 Experiments

To evaluate the proposed CCIG framework, we
conduct extensive experiments to answer the follow-
ing research questions:

RQ1: How does CCIG perform compared with
state-of-the-art methods?

RQ2: How does the proposed CSL module im-
pact the interpretability and controllability of the
generated images? Does the causal matrix learned in
the CSL module conform to human common sense?

RQ3: Do different supervised loss functions af-
fect the quality of the generated images?

RQ4: Do key modules of the discriminator and
generator affect the quality of the generated images?

4.1 Experimental setup

4.1.1 Parameter setting

In our implementation, we pre-process the im-
ages by taking center crops of 128× 128 for CelebA
and resizing all images to the 64× 64 resolution. We
use PyTorch for our implementation and the Adam
optimizer with hyperparameters β1 = 0, β2 = 0.999,
and learning rates 1e-3, 5e-5, 5e-5, and 1e-4 for CSL,
generator, encoder, and JointD, respectively. The
proposed model is trained using a mini-batch size of
64. We employ CE loss as the supervised loss and
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GenInBlock

GenBlock

GenBlock

GenBlock

AttentionBlock

Batch norm

ReLU

ReLU

SNConv2d

SNConv2d

SNConv2d SNConv2d

SNConv2d

SNConv2d

SNConv2dSNConv2d

Tanh

(a) (b)

Batch norm

Batch norm

ReLU
Upsample Upsample

NoiseInjection

NoiseInjection

Sigmoid

(c)

Spectral norm

Linear

NoiseInjection

(d)

Fig. 4 Details of the generator: (a) generator; (b) GenBlock; (c) AttentionBlock; (d) GenInBlock

DiscBlock

DiscBlock

DiscBlock

DiscBlock

DiscBlock

AttentionBlock
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Fig. 5 Detail of discriminator Dx: (a) discriminator;
(b) DiscBlock

set the weight λ of this loss to 5. When visualizing
the causal matrix, we follow the recommendation of
Zheng et al. (2018) and use a thresholding value of
0.3. We train the models for around 150 epochs
on the CelebA dataset, including CelebA (smile),
CelebA (age), and CelebA (gender) using NVIDIA
RTX 2080Ti.

4.1.2 Dataset and evaluation metrics

1. Dataset
We validate the proposed method on the real

dataset CelebA (Liu et al., 2015), which contains
a total of 202 599 face images with 40 different con-
cepts. Specifically, we select three subsets of causally
related attributes, namely, CelebA (smile), CelebA
(gender), and CelebA (age). The first dataset
contains six attributes: gender (male), smile, nar-
row eye, mouth open, high cheekbone, and chubby.
The second dataset focuses on five attributes: age
(young), gender, bald, beard, and mustache. The

last dataset focuses on six attributes: age, gender,
bag under eye, chubby, heavy makeup, and receding
hairline.

2. Evaluation metrics
To evaluate the quality of the generated images

by the proposed method, we employ a comprehen-
sive evaluation approach that combines subjective
and objective measures, including a subjective
evaluation method called the mean opinion score
(MOS), as well as two objective image quality
evaluation metrics: Fréchet inception distance
(FID) (Heusel et al., 2017) and inception score (IS)
(Salimans et al., 2016).

4.2 Performance comparison (RQ1)

To demonstrate the effectiveness of CCIG, we
compare our method with four baseline methods,
namely, CausalGAN (Kocaoglu et al., 2018), Causal-
VAE (Yang et al., 2021), CMGAN (Zhang WB et al.,
2022), and DEAR (Shen XW et al., 2022). The ex-
perimental results are shown in Table 1 and Figs. 6–
15. We have the following observations:

1. From a subjective perspective, our method,
CCIG, not only outperforms the other methods in
terms of visual perception quality of the generated
images, as shown in the two last columns in Ta-
ble 1, but also produces more plausible images than
the other methods, as illustrated in Figs. 6–15. In-
deed, our approach’s success may be attributed to
two key factors: the IGM used in our method is a
bi-directional GAN, which has a strong capability of
representation learning and high-quality image gen-
eration, and the incorporation of the CSL module
is equally significant. This module ensures that the
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Table 1 Performance comparison with the baseline methods

Method IS_MEAN IS_STD FID MOS* MOS**

CausalVAE 1.3659 0.0694 284.41 4.16 4.52
CMGAN 1.3392 0.0412 218.12 3.52 3.86
CausalGAN 1.8314 0.0157 144.16 3.20 4.15
DEAR 2.0140 0.0232 97.16 4.58 4.03
CCIG (L2) 2.0360 0.0214 96.89 4.43 4.60
CCIG (CE) 2.1461 0.0347 96.71 4.66 4.62

* Image quality; ** controllability of image editing. FID: Fréchet inception distance; MOS: mean opinion score. IS_MEAN and
IS_STD represent the mean and standard deviation of the inception score (IS), respectively. Best results are in bold

(a) (b)

Smile

Gender

High 
cheekbone

Mouth
open

Narrow
eye

Chubby

Fig. 6 Results of CCIG in causal controllable genera-
tion on the CelebA (smile) dataset: (a) source image;
(b) results. For each row, we change only one latent
factor and fix all other latent factors. By changing
the cause factor (smile or gender), we observe corre-
sponding changes in the effect factors (mouth open
and narrow eye). Conversely, by changing the effect
factor (mouth open, high cheekbone, narrow eye, or
chubby), the reconstruction can become a counterfac-
tual image, while the cause factor remains unchanged

learned image representations effectively encode the
causal generative mechanisms among the factors of
interest within the generated images.

2. From the objective metric perspective, our
proposed method shows superior performance on
both FID and IS, which suggests that it has ad-
vantages in generating realistic and diverse images.
Other methods tend to perform poorly on both FID
and IS metrics, and the images generated by Causal-
VAE (Yang et al., 2021) look blurry due to the re-
liance on MSE or L1 loss functions to minimize the
reconstruction loss between the real and the gener-
ated images during the training process. For Causal-
GAN (Kocaoglu et al., 2018), it introduces abrupt
changes during the generation process, leading to a
more disjointed appearance in the generated images,
as shown in Fig. 12. For DEAR (Shen XW et al.,
2022), the quality of the generated images is compa-
rable to that of CCIG but still slightly poorer than

(a) (b)

Gender

Receding
hairline

Heavy
makeup

Chubby

Bag under
eye

Age

Fig. 7 Results of CCIG in causal controllable gener-
ation on the CelebA (age) dataset: (a) source image;
(b) results. For each row, we change only one latent
factor and fix all other latent factors. By changing the
cause factor (age or gender), we observe correspond-
ing changes in the effect factors (receding hairline
and bag under eye). Conversely, by changing the ef-
fect factor (receding hairline, heavy makeup, chubby,
or bag under eye), the reconstruction can become a
counterfactual image, while the cause factor remains
unchanged

(a) (b)

Age

Gender

Bald

Mustache

Beard

Fig. 8 Results of CCIG in causal controllable gen-
eration on the CelebA (gender) dataset: (a) source
image; (b) results. For each row, we change only one
latent factor and fix all other latent factors. By chang-
ing the cause factor (gender or age), we observe cor-
responding changes in the effect factors (bald, mus-
tache, and beard). By changing the effect factor
(bald, mustache, or beard), the reconstruction can
become a counterfactual image, while the cause fac-
tor remains unchanged
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Fig. 9 Results of DEAR (Shen XW et al., 2022) in
causal controllable generation on the CelebA (age)
dataset
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Fig. 10 Results of DEAR (Shen XW et al., 2022) in
causal controllable generation on the CelebA (gender)
dataset
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Fig. 11 Results of DEAR (Shen XW et al., 2022) in
causal controllable generation on the CelebA (smile)
dataset

Smile

Gender

Mouth
open

Narrow
eye

Fig. 12 Results of CausalGAN (Kocaoglu et al.,
2018) in causal controllable generation on the CelebA
(smile) dataset

that of CCIG in terms of the FID metric, which may
be due to the improved network structure used by
the generator and discriminator. Moreover, there is
no significant change in the generated images when
intervening on the beard attribute for DEAR since
it cannot always generate counterfactual images as

Age
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Bald

Beard

Fig. 13 Results of CausalGAN (Kocaoglu et al., 2018)
in causal controllable generation on the CelebA (gen-
der) dataset

Age

Gender

Bald

Beard

Fig. 14 Results of CausalVAE (Yang et al., 2021) in
causal controllable generation on the CelebA (gender)
dataset

Smile

Gender

Mouth
open

Narrow
eye

Fig. 15 Results of CausalVAE (Yang et al., 2021) in
causal controllable generation on the CelebA (smile)
dataset

shown in the third row of Fig. 10. Therefore, its gen-
erated image distribution is closer to the true image
distribution, which results in better IS_STD val-
ues. Overall, our method still outperforms the other
methods.

3. In terms of image controllability, our pro-
posed method achieves higher levels of control over
generated images. Specifically, our method induces
changes in the resulting attribute when intervening
on the causal attribute of an image, while leaving the
causal attribute unchanged when modifying the re-
sulting attribute. Other methods can also meet these
conditions in some cases, such as CausalGAN (Ko-
caoglu et al., 2018). CausalGAN often generates im-
ages with non-smooth changes. Similarly, although
the DEAR (Shen XW et al., 2022) method pro-
duces high-quality generated images, it may not al-
ways flexibly control the changes in image attributes
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and produces only subtle and imperceptible changes
at times. The controllability of CausalVAE (Yang
et al., 2021) is similar to that of our method, but due
to its use of VAE as a generative model, the quality
of the generated images is significantly poorer than
that of other methods.

4.3 Ablation study (RQ2–RQ4)

4.3.1 Study of the CSL module (RQ2)

We conduct experiments with or without the
CSL module to verify the existence of causal relation-
ships in image attributes and their impact on control-
lable image generation. In Fig. 16, we visualize the
learned causal matrix of CSL on the three datasets.
The corresponding true causal graphs are shown in
Fig. 17. It can be observed that although there are
certain redundant edges in the learned causal ma-
trices, most of the learned causal relationships are
plausible and in line with common sense. Fig. 18
presents the experimental results on the CelebA
(smile) dataset with or without the CSL module.
The results demonstrate that incorporating the CSL
module yields the generated images that more accu-
rately reconstruct the real images.

Furthermore, the CSL module enhances the con-
trollability of the generated images by allowing for
more precise manipulation of their variations. As
shown in Fig. 18, when intervening on the smile at-
tribute, the generated images without the CSL mod-
ule exhibit abrupt changes, whereas those produced
by the final model display gradual variations. Sim-
ilar issues are observed for other attributes such as
narrow eye and chubby.

Moreover, the introduction of the CSL module
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Fig. 16 Visualization of the learned causal matrix:
(a) CelebA (smile) (0–5 correspond to smile, gender,
high cheekbone, mouth open, narrow eye, and chubby,
respectively); (b) CelebA (age) (0–5 correspond to
age, gender, receding hairline, heavy makeup, chubby,
and bag under eye, respectively); (c) CelebA (gender)
(0–4 correspond to bald, gender, mustache, beard,
and age, respectively)

leads to more reasonably generated images, as it en-
sures that changing the cause attribute results in
corresponding changes in the result attribute, while
keeping the cause attribute unchanged when chang-
ing the result attribute. Taking smile as an example,
there exists a causal relationship among mouth open
← smile → narrow eye, where smile is the cause
and narrow eye and mouth open are the effects. As
shown in Fig. 18, changing the smile attribute al-
ways seems to have a consistent effect on the narrow
eye attribute, no matter whether the CSL module is
added. However, modifying the narrow eye attribute
reveals that CCIG without the CSL module signifi-
cantly alters the smile attribute, which is evidently
irrational. The incorporation of the CSL module re-
solves this issue and ensures that a change in one
attribute does not result in an unexpected change
in another attribute. This further highlights the
CSL module’s ability to capture the causal relation-
ships between image attributes and enable control of
image attributes through causal intervention opera-
tions. Here, causal intervention refers to changing
only a single dimension of a latent representation
while fixing all other dimensions.

4.3.2 Study of the supervised loss Lsup (RQ3)

The quality of the images generated using dif-
ferent loss functions as supervised loss is shown in
Table 1. The results show that the image quality ob-
tained using either L2 or CE loss as the supervised
loss is comparable. Overall, CE loss exhibits better
performance, so we use CE loss as the final super-
vised loss to constrain the latent representation with
supervision information (i.e., the labels).

4.3.3 Study of generator and discriminator struc-
tures (RQ4)

We verify the effectiveness of the modified
generator and discriminator structures by ablat-
ing key blocks in the generators and discrimi-
nators. There are four variants in the experi-
ments: the generator without the AttentionBlock
(CCIG_GNA), the discriminator without the At-
tentionBlock (CCIG_DNA), the discriminator that
considers only the output of the Dxz module
(CCIG_DNsxz), and the final method (CCIG). The
experimental results are displayed in Table 2. We
notice that the quality of the generated images is
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Fig. 17 True causal graph: (a) CelebA (smile); (b) CelebA (age); (c) CelebA (gender)
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Fig. 18 Experimental results of the proposed method with or without the CSL module based on the CelebA
(smile) dataset: (a) source images; (b) CCIG with the CSL module; (c) CCIG without the CSL module

Table 2 Results of ablation experiments

Method IS_MEAN IS_STD FID MOS* MOS**

CCIG_GNA 2.296 0.0740 104.63 4.58 4.33
CCIG_DNA 2.1107 0.0649 100.77 4.40 4.37
CCIG_DNsxz 1.9482 0.0482 102.36 4.33 4.43
CCIG (CE) 2.1461 0.0347 96.71 4.66 4.62

* Image quality; ** controllability of image editing. FID: Fréchet inception distance; MOS: mean opinion score. IS_MEAN and
IS_STD represent the mean and standard deviation of the inception score (IS), respectively. Best results are in bold

significantly improved by adopting the Attention-
Block either in the generator or in the discrimina-
tor. This is due to the fact that the introduction
of the AttentionBlock helps distribute the weights of
the features more efficiently, allowing the model to

pay more attention to the key details of the infor-
mation in the image. In addition, when we consider
only the output of Dxz, that is, when sx and sz are
removed and only sxz is considered, the experimen-
tal results show that CCIG significantly outperforms
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CCIG_DNsxz in terms of FID and IS of the gener-
ated images. This result is intuitively reasonable as
it matches the standard generator loss. Overall, the
quality of the generated images is significantly im-
proved when the AttentionBlock is employed and the
incorporation of JointD enhances the quality of the
generated images, while improving the model repre-
sentation capability by imposing joint constraints on
the image-latent representation distribution.

5 Conclusions

In this article, we propose a novel framework,
CCIG, for controllable image generation that uses
causal representation learning. We adopt a CSL
module to capture the causal relationships between
image attributes and constrain the latent represen-
tation of the image. The CSL module is jointly op-
timized with the encoder, generator, and JointD in
IGM. Through causal intervention operations on the
latent representation, we can generate counterfac-
tual images and perform real image editing. This
work is a bold attempt to explore the interpretabil-
ity and causal controllability of image generation.
In the future, we will make more efforts to explore
image causal representation and controllable genera-
tion, including but not limited to new representation
generation mechanisms and more practical and effi-
cient causal structure learning methods.
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