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Abstract
This paper provides a comprehensive review
of deep structural causal models (DSCMs), par-
ticularly focusing on their ability to answer coun-
terfactual queries using observational data within
known causal structures. It delves into the char-
acteristics of DSCMs by analyzing the hypothe-
ses, guarantees, and applications inherent to the
underlying deep learning components and struc-
tural causal models, fostering a finer understand-
ing of their capabilities and limitations in address-
ing different counterfactual queries. Furthermore,
it highlights the challenges and open questions in
the field of deep structural causal modeling. It sets
the stages for researchers to identify future work di-
rections and for practitioners to get an overview in
order to find out the most appropriate methods for
their needs.

1 Introduction
The extraction of general and scientific knowledge from
extensive and complex datasets has increasingly become
a critical expectation in various domains. As highlighted
by Pearl [2009b], attaining a deeper understanding that tran-
scends mere associations necessitates an exploration of cau-
sation. This is particularly true when seeking to answer
“why” questions, which require an insight into the underlying
data generating processes. Standard generative approaches
typically model the joint density of a set of variables. In con-
trast, causal generative models emphasize distributions de-
rived from causal interventions and counterfactual operations
as classified by the Pearl Causal Hierarchy (PCH) [Pearl and
Mackenzie, 2018; Bareinboim et al., 2022]. The PCH com-
prises three cognitive layers, named association, interven-
tion, and counterfactual, correlating with the cognitive pro-
cesses of seeing, doing, and imagining [Pearl and Macken-
zie, 2018]. A comprehensive understanding of these layers
is imperative for addressing diverse causal queries. The first
layer, L1, focuses on associations and factual data. The sec-
ond one, L2, delves into intervention data, shedding light
on the effects of specific manipulations (a.k.a interventions).
The third and final layer, L3, encompasses counterfactu-
als, facilitating the exploration of hypothetical scenarios that

might have ensued under different interventions, as opposed
to actual occurrences. Causal inference tasks aims to de-
rive a quantitative understanding at a higher-level hierarchy
when provided with data solely from lower-level ones [Pearl
and Mackenzie, 2018]. However, achieving such a goal is
inherently challenging without additional assumptions, pri-
marily because the indeterminacy of higher levels by the
lower ones poses a fundamental obstacle to such inference
efforts [Ibeling and Icard, 2020; Bareinboim et al., 2022].
The so-called indeterminacy means that without making ex-
plicit assumptions about the higher level, it is impossible to
answer higher-level questions from lower-level data. For in-
stance, answering counterfactual questions requires one to
model the influence of the unobserved variables [Bareinboim
et al., 2022]. Structural causal models (SCMs) enable one
to do so (Section 2). An SCM M models a set of causal
mechanisms F on the observed X and unobserved U vari-
ables in addition to distributions over the unobserved vari-
ables P (U). Nevertheless, a complete SCM is rarely known
in practice, which leads one to question how a counterfactual
query (L3) can be evaluated using a set of data from the un-
derlying levels (i.e., L1 and L2). In general, experimental
data (L2) are difficult to access. Thus, in practice, one relies
on observational data (L1) and the knowledge of the causal
structure (L2), formulated as a causal graph [Pearl, 1995;
Spirtes et al., 2000].

The recent advancements in deep learning, par-
ticularly the development of deep generative models
(DGMs), have spawned a multitude of SCMs, the so-
called DSCMs [Pawlowski et al., 2020], which rely on deep
learning approaches to model causal mechanisms. DGMs en-
able one to build more expressive SCMs [Xia et al., 2021]
thanks to the universal approximation capabilities of neural
networks [Hornik, 1991]. As a result, they have been used in
various high-stakes domains, including healthcare and fair-
ness, where identifiability guarantees (i.e., existence and
uniqueness) of the sought model are fundamental. However,
it is essential to acknowledge that different DSCMs may oper-
ate under diverse assumptions regarding the functional form
of causal mechanisms, leading to distinct guarantees. Under-
standing these variations is pivotal for informed and effective
application of DSCMs in different contexts.

This paper aims to clarify the scope and limitations of the
existing DSCMs when provided a known causal graph to an-



swer counterfactual queries. Our primary goal is to make
a tour of the state-of-the-art, enabling a practitioner to bet-
ter identify their needs and the requisites to fulfill them. A
secondary one is to list the open questions and challenges.
Formally, the overarching question investigated by this paper
can be articulated as follows. Given a known causal structure
G⋆ and observational data, what are the capabilities of exist-
ing DGMs in learning a SCM M̂ that approximates the true
but unknown SCM M⋆? In other words, we are interested
in their capability in answering counterfactual questions as if
one had access to the true SCM M⋆.
Contributions. The contributions of this paper are three-
fold. First, it categorizes the existing deep structural causal
models (Section 3) following their assumptions and guar-
antees based solely on observational data and a known
causal structure. This classification provides a comprehensive
framework for understanding the landscape of deep structural
causal modeling when aiming to answer counterfactual ques-
tions. Second, analyzing existing DSCM from a theoreti-
cal and a empirical viewpoint, this paper assists practitioners
when selecting an appropriate DGM to learn an SCM (Sec-
tion 4) in order to apply these models effectively. Finally, this
paper highlights some open questions and challenges (Sec-
tion 5), serving as suggestions for future research directions
in the field. Particularly, this paper stands out as the first
one to classify the methods to learn SCMs through DGM
based on their hypotheses and guarantees. In contrast, ex-
isting surveys [Zhou et al., 2023; Komanduri et al., 2023;
Kaddour et al., 2022] primarily classify them according to
their deep learning components.

2 Preliminaries of Causal Inference
In this work, we use capital letters for random variables, low-
ercase letters for their realizations, and bold letters to repre-
sent vectors.

2.1 Structural Causal Model
A Structural Causal Model [Pearl, 2009b] is a tuple M :=
(F , P (U)), where F comprises a set of d structural equa-
tions fi, one for each random variable, Xi ∈ X , F =
{Xi := fi(PA(Xi), Ui)}di=1. Each structural equation fi
computes each variable Xi, also called endogenous variable,
from its parents PA(Xi) ⊆ X \ {Xi}, and an exogenous
noise variable Ui ∈ U . P (U) is a strictly positive mea-
sure over the exogenous noises, U . Whenever an unmea-
sured common cause exists for several endogenous variables,
these variables are said to be confounded by a hidden con-
founder. If one assumes that no hidden confounder exists
over the endogenous variables X, the exogenous noise vari-
ables U are considered jointly independent. An SCM char-
acterizes a unique distribution over the variables, PM(X),
called the entailed distribution. The conditional distribution
of a variable given its parents, PM(Xi|PA(Xi)), is called
a causal kernel [Pearl, 2009b]. An SCM describes the so-
called causal graph G := (V, E) which encodes the causal
dependencies between the variables. Each node corresponds
to an endogenous variable, and the set of directed edges rep-
resents the parent-child relationships; i.e., V = X and

E = {PA(Xi) −→ Xi, ∀i ∈ [1, d]}. A causal graph is usu-
ally assumed to be a Directed Acyclic Graph (DAG).

One can use an SCM to answer intervention and coun-
terfactual questions [Pearl, 2009a]. Given an SCM M,
an intervention consists in changing at least one of the
structural equations, for instance, Xk := f̃k(P̃A(Xk), Ũk).
This operation, denoted do(Xk := f̃k(P̃A(Xk), Ũk)), de-
fines a new SCM M̃ whose entailed distribution is called
the intervention distribution, PM̃(X) = PM(X|do(Xk :=

f̃k(P̃A(Xk), Ũk))). Given an SCM M and some factual
realizations y of Y ⊂ X , a counterfactual consists in
changing the exogenous noise distribution into the posterior
distribution PU |Y =y . It defines a new SCM M′, where
PM′(U) = PM(U |Y = y), whose entailed distribution is
called the counterfactual distribution. Counterfactuals gen-
erally also include an additional intervention. The counter-
factual distribution is hence denoted by PY =y

M (X|do(Xk :=

f̃k(P̃A(Xk), Ũk))). Counterfactuals can be derived through
the following three-step procedure [Pearl, 2009b]: (a) Abduc-
tion to change the exogenous noise distribution, (b) Action to
build the new SCM M′, and (c) Prediction to estimate the
counterfactual distribution given M′.

2.2 Identifiability
Once a causal task is defined in terms of its causal quantities,
it needs to be translated into statistical ones for estimation.
The property of identification amounts to showing whether,
under the appropriate set of assumptions, such a unique trans-
lation exists. There exist several types of identifiability. For
instance, structure identifiability states whether the causal
graph can be recovered, model identifiability whether the full
causal model can be recovered, and, estimand identifiabil-
ity whether a specific causal estimand, such as a treatment
effect, can be estimated. Finally, intervention and coun-
terfactual identifiability involves checking whether all in-
tervention and counterfactual queries can be retrieved. For-
mally, given a class of causal models M (e.g., SCMs), an
Li-query Q(M) of a model M ∈ M is identifiable from Lj-
data, 1 ≤ j < i, if for any pair of models M1 and M2 from
M, Q(M1) = Q(M2) whenever M1 and M2 match in all
Lj queries [Pearl, 2009b]. Let us note that model identifia-
bility implies intervention and counterfactual identifiability.

3 Classification into SCM and DGM Classes
This section introduces a classification of DGMs designed to
learn an approximate structural causal model M̂ when pro-
vided a known causal graph G⋆ and observational data. By
abuse of language but without loss of generality, we refer to
these methods as DSCMs, since they all model causal mech-
anisms with deep generative models. The purpose of the ap-
proximate structural causal model M̂ is to answer counter-
factual queries. In practical terms, a method aiming to answer
counterfactual queries must effectively perform the abduction
step by modeling the distribution of the exogenous variables
given the realization of the factual data (i.e., P (U | X = x)
by using the causal mechanisms (Section 2.1). In addition, as-
sessing whether L3-identifiability holds is paramount to build
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Figure 1: The two-dimension classification of DSCMs

trust in the estimated counterfactuals.
The classification, illustrated in Fig. 1, comprises two di-

mensions. The first dimension relates to the classes of SCM
providing identifiability guarantees (Table 1), while the sec-
ond one, originally proposed by Pawlowski et al. [2020],
focuses on the characteristics of the DGM used to learn
the SCM, restricting hence the tractability of the abduction
step (Table 2). In this classification, DGM classes are exclu-
sive while the SCM ones are not, as one can see in Table 3.

3.1 Classes of Deep Generative Models
DSCMs rely on deep learning components to capture and
model the causal mechanisms. The choice of the network
architecture can make it hard to compute the abduction step.
Hence, a DSCM falls into one of the following classes intro-
duced by Pawlowski et al. [2020]: invertible explicit, amor-
tised explicit, and amortised implicit.

Invertible Explicit. Invertible explicit methods use invert-
ible mechanisms with regard to the exogenous noises. The
abduction step is hence directly tractable, computing the in-
verse transformation of the mechanism. Existing invertible
explicit methods use conditional normalizing flows to rep-
resent the structural equations. In this case, each causal
kernel can be computed as P (Xi|PA(Xi)) = P (Ui) ·
|det∇Uifi(PA(Xi), Ui)|−1|Ui=f−1

i (Ui,PA(Xi))
whenever fi is

assumed to be a diffeomorphic transformation. Exam-
ples of methods include Causal-NF [Javaloy et al., 2023],
NF-DSCM [Pawlowski et al., 2020], NCF [Parafita and
Vitrià, 2020], CAREFL [Khemakhem et al., 2021] and, NF-
BGM [Nasr-Esfahany et al., 2023].

Amortised Explicit. Amortised explicit methods enlarge
the considered causal mechanisms to non-invertible func-
tions. By losing the invertibility of the structural equa-
tions, the abduction step can no longer be directly com-
puted. Hence, these methods approximate the conditional ex-
ogenous noise distribution through auto-encoders. Notably,
fi(PA(Xi), Ui) = gi(PA(Xi), Ui) and Ui = ei(PA(Xi), Xi)
where gi and ei represent the decoder and the encoder1. Ex-
amples of learning methods belonging to this class include

1Note that the initial functional form enables “low-level” trans-
formations: fi(PA(Xi), Ui) = hi(PA(Xi), gi(PA(Xi), µi), ϵi)
where gi is a function of any form, hi an invertible function,
and Ui = (ϵi, µi) a noise decomposition such that P (Ui) =
P (ϵi)P (µi).

Class Mechanism Identifiability Guarantees

DSCM Neural network -

NCM Feedforward
neural network

L3-id. (resp. L2) iif L3-id.
(resp. L2) from the true SCM

BGM Bijective noise L3-id. for three settings⋆ cf.
Theorems 5.1, 5.2 and 5.3

⋆Markovian, Instrumental Variable, and Backdoor Criterion

Table 1: Identifiability guarantees of the classes of SCMs

iVGAE [Zečević et al., 2021], VACA [Sánchez-Martin et al.,
2022], and, DCM [Chao et al., 2023].
Amortised Implicit. Instead of explicitly learning an en-
coder, one can also implicitly model it, for instance, using
adversarial learning. Such approaches constitute the amor-
tised implicit class. In this case, the abduction step must
be conducted using sample rejection [Xia et al., 2023]. In
other words, for a given observation Y = y and any SCM,
one needs to sample and filter the exogenous noises not gen-
erating the desired observation y; and then, uses the re-
mained samples to estimate the counterfactual distribution
corresponding to P (U |Y = y). This class includes the
following learning methods: SCM-VAE [Komanduri et al.,
2022], Causal-TGAN [Wen et al., 2022], CausalGAN [Ko-
caoglu et al., 2018], CFGAN [Xu et al., 2019], DECAF [van
Breugel et al., 2021], WhatIfGAN [Rahman and Kocaoglu,
2023], CGN [Sauer and Geiger, 2021], DEAR [Shen et al.,
2022], GAN-NCM and MLE-NCM [Xia et al., 2023].

3.2 Classes of Structural Causal Models
As stated in the previous section, there are various deep gen-
erative approaches that can be used to learn an SCM. They
all model DSCMs as they rely on deep learning components.
However, they make different assumptions about the causal
mechanisms leading to differences in the modelled DSCMs.
In particular, the Bijective Generation Mechanisms [Nasr-
Esfahany et al., 2023] and Neural Causal Models [Xia et al.,
2021] are two classes of SCMs to distinguish them.

Bijective Generation Mechanisms
Bijective generation mechanism (BGM) models [Nasr-
Esfahany et al., 2023] are structural causal models where the
causal mechanisms fi : {PA(Xi), Ui} 7→ Xi are bijective
mappings from the exogenous noises to the endogenous vari-
ables. BGM models can also represent hidden confounders:
if a hidden confounder has an impact on both Xi and Xj , their
exogenous noises Ui and Uj are considered dependent. The
bijective mapping enables to uniquely identify the exogenous
noise Ui for each realization of the direct causes PA(Xi).
As a result, all the invertible explicit methods are notably
modeling BGM models. Nasr-Esfahany et al. [2023] pro-
vides sets of constraints on the causal mechanisms and prob-
ability distributions to guarantee L3-identifiability for three
common causal structures: bivariate Markovian, Instrumen-
tal Variable, and Backdoor Criterion.

Neural Causal Models
The class of Neural Causal Models (NCMs) is introduced
by [Xia et al., 2021]. It defines a set of DSCMs whose causal



Abduction step

Class of DGM Mechanism
Inversion

Encoding Sample
Rejection

Invertible Explicit ✓ ✓ ✓
Amortised Explicit ✗ ✓ ✓
Amortised Implicit ✗ ✗ ✓

Table 2: Abduction steps for the classes of DGMs

mechanisms are feedforward neural networks. They involve
all generative models except diffusion models (e.g., GANs,
VAE, NF). Unlike feedforward neural networks, which pro-
cess data in a direct, layer-by-layer flow without feedback,
diffusion models employ an iterative and inherently stochas-
tic mechanism. It involves gradually adding noise to the
data over a series of steps to form a noisy distribution, and
then systematically reversing this process through feedback
mechanisms to generate new samples from the noisy distribu-
tion [Sohl-Dickstein et al., 2015]. As a result, except DCM,
all the methods mentioned previously model NCMs. NCMs
are defined to consider hidden confounders. Besides the for-
mer exogenous noise (i.e., one per observed variable), NCMs
consider additional exogenous noises, one for each hid-
den confounder impacting a subset C of variables: Xi =
fi(PA(Xi), {UC |Xi ∈ C}). The distributions of the exoge-
nous variables are set to Unif(0, 1)2. It is proven that an
L2 [Xia et al., 2021] or L3 [Xia et al., 2023] query is identi-
fiable from an NCM if and only if it is identifiable from the
true SCM. Indeed, given that there might exist some hidden
confounders, neither L2 nor L3 identifiability are guaranteed
in general.

4 Analysis of Deep Structural Causal Models
This section analyses the existing DSCMs under the hy-
potheses, guarantees, evaluation, and applications. Sec-
tion 4.1 describes the hypotheses and guarantees under five
distinct characteristics (Table 3): (a) causal structure knowl-
edge: the required type of knowledge on the causal structure,
(b) hidden confounding: whether the method can handle
hidden confounding, (c) data assumption: the hypotheses on
the causal generating process of the data, (d) abduction: the
capacity of the method to perform the abduction step, and,
(e) the additional guarantees highlight supplemental guar-
antees to the ones provided by the SCM class. Section 4.2
focuses on the practical capabilities of the existing methods
based on the experiments reported in the corresponding pa-
pers and the existing applications (Table 4).

4.1 Hypotheses and Guarantees
Causal Structure Knowledge. Some approaches only
need a causal ordering as input. Indeed, a causal ordering
is usually sufficient to build a fully connected DAG compat-
ible, but non-minimal, with the true SCM. However, this is
at the expense of additional training, computation time, and
complexity. Other methods rely on the known causal graph.

2Note that, as the exogenous noise variable enters as input of the
neural model, the assumption of uniform noise is not limiting.

Note that CARFEL can also learn the causal structure on top
of the causal mechanisms. However, in this case, model iden-
tification is only provided in the Markovian bivariate setting.
Hidden confounding. As said, unobserved common causes
create spurious correlations that bias L3 estimations, and real-
world applications tend to involve hidden confounding. How-
ever, only five methods can deal with them. CGN consid-
ers confounded variables in a specific structure configuration,
while NCM, BGM, WhatIfGAN, and NCF can deal with any
position of unobserved variables in the causal graph as long
as this position is known. NeuralID [Xia et al., 2023], an
algorithm built on top of the NCM class, can automatically
evaluate if a query is identifiable given a DAG with hidden
confounders. To do so, two NCMs, constrained to preserve
consistency with the observed data, are trained in parallel to
maximize and minimize the target query. If the two resulting
queries are identical, then the query is considered identifiable.
Such a tool is crucial for sensitive applications.
Data Assumptions. Apart from the methods dealing with
images (i.e., SCM-VAE, DEAR, and CGN), in general, no
assumption is made about the data except those related to the
selected DGM. SCM-VAE and DEAR make the hypothesis
that one works with high dimensional data, knowing only a
causal structure on some attributes characterizing the data,
like labels of images. Both methods hence encode and de-
code the high-dimensional data into their attribute and model
the SCM over the attributes. CGN is a computer vision model
using a specific DAG over images, liking an image shape, tex-
ture, and background. Let us also highlight that WhatIfGAN
has been designed to deal with an SCM with variables of dif-
ferent dimensions (e.g., scalars and images). Indeed, it trains
the generators independently, when not confounded, to fa-
cilitate the convergence and enable one to utilize pre-trained
models.
Abduction. On the one hand, as detailed in Section 3, all
the explicit (i.e., invertible explicit and amortized explicit)
methods are designed to automatically perform the abduction
step. On the other hand, the implicit methods must rely on the
sample rejection procedure. However, this abduction proce-
dure is only implemented in NCM. As a result, if one wants
to estimate counterfactuals with the other implicit methods,
this procedure needs to be implemented on top of the existing
code. Note that learning an encoder can replace the sample
rejection procedure, though it is unclear how expensive and
efficient it is compared to this procedure. Indeed, no compar-
ison has been made yet.
Identifiability guarantees. Several results on identifiabil-
ity exist. The most noticeable one is the NCM identifiability
theorem, as the NCM class contains all the methods consid-
ered in this work except DCM; see Section 3. This result
states that an L2 [Xia et al., 2021] or L3 [Xia et al., 2023]
query is identifiable from a G⋆-constrained NCM if and only
if it is identifiable from the true SCM. This can be interpreted
as follows: if the search space of the selected feedforward
deep conditional generative models is expressive enough to
represent the causal mechanisms, the identifiability property
depends only on the causal structure and the available data
to train the model. Then, a natural question arises: What if



Classification Additional Hypotheses Additional Guarantees

Method SCM class DGM
class⋆

Causal
Structure

Hidden
Confounder Data Assumptions Available

Abduction
Identifiability, Expressivity,
Bounds

NF-BGM BGM, NCM IE DAG ✓ - Inversion -
NF-DSCM BGM, NCM IE DAG ✗ fi diffeomorphic Inversion -
GAN-NCM;
MLE-NCM

NCM AI DAG ✓♯ - Sample
Rejection

-

Causal-NF BGM, NCM IE Ordering ✗ fi diffeomorphic Inversion Model id. up to invertible
transformation of U

NCF BGM, NCM IE DAG ✓♯ fi diffeomorphic Inversion -
CARFEL BGM, NCM IE DAG, ∅ ✗ Affine autoregres-

sive flow
Inversion Model id. in bivariate case

iVGAE NCM AE DAG ✗ - ✗ -
VACA NCM AE DAG ✗ - Encoding L2-expressivity if the decoder

is deep enough cf. Prop.2
DCM - AE Ordering ✗ - Encoding L3-id. with error bounds cf.

Corollary 1 & 2
SCM-VAE NCM AI DAG ✗ Additive noise on

attributes
✗ -

Causal-TGAN NCM AI DAG ✗ - ✗ -
CausalGAN NCM AI DAG ✗ - ✗ -

CFGAN NCM AI DAG ✗ Categ. outcome &
sensitive feature

✗ -

DECAF NCM AI DAG ✗ - ✗ -
WhatIfGAN NCM AI DAG ✓ - ✗ -

CGN NCM AI DAGτ ✓τ Image with at-
tributes

✗ -

DEAR NCM AI Ordering ✗ High-dimensional
data with attributes

✗ Data to attribute encoder dis-
entanglement

♯A common cause is represented by an additional exogenous noise, τOnly a confounded trivariate DAG is considered
⋆Invertible Explicit (IE), Amortised Explicit (AE), and Amortised Implicit (AI)

Table 3: Hypotheses and guarantees of deep structural causal models. The classification (Figure 1) enables one to spot the identifiability
results inherited by the SCM class and the compatible abduction step procedures. The methods are described in sections 3.1 and 3.2.

the assumptions made about the causal graph are wrong due
to imperfect causal knowledge? We shall return to this point
in Section 5.2. DCM also provides the same L3-identifiability
result but in the absence of hidden confounders. In addition,
DCM is the only method to furnish L3-error bounds based on
the encode-decoder reconstruction error after training.

Discussion. Table 3 shows that, firstly, half of the method
does not implement the abduction step automatically. How-
ever, one can rely on the sample rejection procedure [Xia et
al., 2023] to answer L3 queries. Secondly, only a few meth-
ods consider hidden confounders. Thirdly, on one hand, in the
absence of hidden confounding, knowing a causal ordering
and building the associated fully connected DAG is sufficient
to compute counterfactuals. On the other hand, if there are
hidden confounders, it is preferable to precisely locate them
in the causal graph and use the NeuralID algorithm of Xia
et al. [2023] to evaluate if the desired query is identifiable.
Fourthly, for all the methods reviewed in this paper, any L3-
query is identifiable if it is from the true SCM M⋆.

4.2 Evaluation and Applications
Experimental evaluation. There is considerable hetero-
geneity in the evaluation of the methods: on the datasets,

the PCH of the tasks, and the metrics. The PCH heterogeneity
comes from the fact that only half of the methods automati-
cally compute the abduction step. Those methods are hence
evaluated on L2-tasks such as intervention estimation, dis-
entanglement, invariant classification, or debiasing by inter-
vening. fMRI [Thompson et al., 2020], Color-MNIST [Kim
et al., 2019] are commonly used image datasets to evaluate
intervention estimation. Pendulum [Yang et al., 2021] and
CelebA [Liu et al., 2015] seem more suited for disentan-
glement while Morpho-MNIST [Castro et al., 2019] can be
used for counterfactual estimation. Regarding tabular data,
bnlearn [Scutari, 2010] datasets (ASIA, Child, ALARM, In-
surance) are often used to evaluate intervention estimation ac-
curacy as they are extracted from causal bayesian networks.
Datasets from the UCI repository [Dua and Graff, 2020]
(Adult, Credit Approval, Census, News) are also popular for
real data L2-experiments as causal graphs can be easily ap-
proximated from common sense knowledge. However, re-
garding L3-estimations, there is a high heterogeneity between
the simulated SCMs. As a result, without a unified bench-
mark, it is a hard task to compare their capabilities to answer
counterfactual questions. Moreover, the simulated SCMs are
designed without multiple sources of randomness (e.g., DAG



Method Dataset PCH DSCM Comparison Applications

NF-BGM Ellips generation simulations L3 ✗ Video streaming simulations for adaptive bi-
trate

NF-DSCM Morpho-MNIST L3 ✗ Scientific discovery [Yu et al., 2023], cyber-
security data generation [Agrawal et al., 2024]

GAN-NCM;
MLE-NCM

Simulated SCMs L3 ✓GAN, MLE NCM -

Causal-NF Simulated SCMs L3 ✓VACA, CARFEL Counterfactual fairness & fair regularization
of classifier

NCF Salary simulations using a
simulated SCM

L3 ✗ Counterfactual fairness and explainability

CARFEL 4-dimentional polynomial
simulated SCM, fMRI

L2 & L3 ✗ -

iVGAE ASIA L2 ✗ -
VACA Simulated SCMs L3 ✗ Counterfactual fairness
DCM Simulated SCMs, fMRI L3 ✓VACA, CARFEL -

SCM-VAE Pendulum, CelebA L2 ✗ -
Causal-TGAN ASIA, Child, ALARM, Insur-

ance; Adult, Census, News
L1 ✗ In-domain data augmentation

CausalGAN CelebA L⋆
2 ✗ Out-of-domain data augmentation

CFGAN Adult L♯
2 ✗ Fairness debiasing

DECAF Adult, Credit Approval L♯
2 ✓CFGAN Fairness debiasing

WhatIfGAN Color-MNIST L2 ✓NCM -

CGN Color-MNIST;
ImageNet [Deng et al., 2009] Lτ

2 ✗ Out-of-domain data augmentation

DEAR Pendulum, CelebA L⋆
2 ✗ -

⋆ Disentanglement, ♯ Fairness debiasing by intervention, τ Invariant classification after intervention

Table 4: Existing evaluations and applications of DSCMs. The methods are described in Sections 3.1 and 3.2.

structure). This can introduce a bias in the evaluation, result-
ing in non-generalizable performance when facing real-world
applications.

Applications. Three major goals have been considered in
the literature: fairness, explainability, and robustness of ma-
chine learning models. Concretely, ImageCFGen3 [Dash et
al., 2022], Causal-NF, NCF, and VACA were used for coun-
terfactual fairness evaluation. Counterfactual fairness con-
sists of assessing the existence of discrimination regarding a
sensitive feature by answering the following counterfactual
question: “Would the outcome have been the same had the
person had a different sensitive feature value?”. Once a model
is assessed to be counterfactually unfair, counterfactuals can
also be used to debiasing a model. For instance, ImageCF-
Gen and Causal-NF have been used to regularize classifiers
on unfair classifications by penalizing outcome variation over
unfair counterfactuals. Focusing on data fairness instead of
model fairness, DECAF and CFGAN have been designed to
remove unfair biases from datasets learning the SCM model-
ing the data generation process and generating a new dataset
intervening on the causal graph to break unfair causal paths.
Regarding explainability, NCF has also been used for coun-
terfactual explanations of black box image classifiers. Causal
data augmentation has been a common approach to increase
the robustness of machine learning methods for image clas-
sification. CausalTGAN performs in-domain augmentation

3ImageCFGEN [Dash et al., 2022] uses an SCM learned with
NF-DSCM [Pawlowski et al., 2020].

by sampling data from the learned SCM without interven-
tion. CausalGAN and CGN rely on out-of-domain data aug-
mentation by generating data from an intervened SCM. The
interventions are performed on the variables that change the
image without changing the label to predict. Cai et al. [2024]
also use out-of-domain data generation for adversarial attacks
of image classifiers. Yu et al. [2023] use NF-DSCM for
scientific discovery in the case of a Bioinformatics applica-
tion. They use a counterfactual approach to determine which
genetic correlations actually correspond to causal effects on
Alzheimer and Glioblastoma illnesses. Finally, Agrawal et
al. [2024] uses DSCMs to generate synthetic data to train and
test cybersecurity models.

5 Challenges and Future Directions
5.1 Lack of Evaluation
The lack of a benchmark comprises the major challenge one
faces when comparing existing deep structural causal models,
as underlined in Table 4. The methods must be evaluated us-
ing the same counterfactual distributions and metrics. In ad-
dition, they should be assessed regarding their data efficiency,
computing time, and robustness to real-world challenges like
selection bias, imbalanced data distributions, and imperfect
causal knowledge. Furthermore, assessing the methods’ ro-
bustness against potential misspecification of the causal graph
is fundamental. To support a fair comparative evaluation, the
community needs to build a referential SCM simulator. In-
deed, instead of selecting specific SCMs, the simulator will



enable one to randomly generate DAGs, exogenous noises,
and causal mechanisms to fully assess these methods’ capa-
bilities, paying attention to the various pitfalls involved in
such automatic procedures [Reisach et al., 2021]. Extend-
ing the evaluation methodology of Poinsot and Leite [2023]
to counterfactuals could be a possible direction.

Finally, a first step towards such a comprehensible bench-
marking of DSCMs could focus on the comparison of abduc-
tion procedures. Such a study is expected to assess the com-
parative merit of sample rejection with respect to learning an
encoder.

5.2 From Identifiability to Partial Identifiability
Most of the causal generative methods presented in this sur-
vey assume knowing the actual causal graph. Yet, assuming
complete knowledge of the causal structure is a strong as-
sumption. Indeed, causal graphs are usually built either based
on expert knowledge, which is sensitive to human biases, or
using causal discovery algorithms, which still have numer-
ous limitations nowadays [Vowels et al., 2022; Faller et al.,
2024]. It is thus essential not to dismiss the possibility of re-
lying on an erroneous causal graph, as this can have profound
implications for the validity of causal inference results. Some
other assumptions, such as additive noise or absence of selec-
tion bias, can also be questioned. An envisioned solution re-
lies on moving towards partial identification, which consists
of computing bounds for causal queries whenever point iden-
tification is impossible due to unsatisfied or un-testable as-
sumptions. Some work has already been done to derive par-
tial identifiability for discrete SCMs [Zaffalon et al., 2020;
Zhang et al., 2022]. Hence, more research still needs to
be carried out to provide such partial identifiability guaran-
tees to DSCMs in general. However, some partial identifi-
ability guarantees have been proven to be non-informative.
Indeed, Melnychuk et al. [2023] showed, for instance, that,
in general, the counterfactual outcome of (un)treated has
non-informative bounds in the class of continuous bivari-
ate SCMs. Even in these cases, it is still possible to carry
out a sensitivity analysis to compute bounds on the causal
query. Among the studied methods in this paper, only van
Breugel et al. [2021] carried out a sensitivity analysis re-
garding the imperfect knowledge of the causal graph. How-
ever, the profound impact of any wrong assumption on the
validity of causal query estimation should motivate the sys-
tematic use of sensitivity analysis for practitioners and the-
oreticians. Note that some work has already been done on
sensitivity analysis under hidden confounding. For exam-
ple, Frauen et al. [2024] developed a neural framework for
generalized sensitivity analysis under unobserved confound-
ing for L2-queries including conditional average treatment ef-
fect (CATE). Whereas, ? [?] studied the sensitivity of causal
fairness (L3-queries) under unobserved confounding.

5.3 Applications: Opportunities and Challenges
Realistic Causal Simulations. As done by Agrawal et
al. [2024], we believe DSCMs constitute a great opportu-
nity for practitioners to generate synthetic data similar to real
ones following a causal generating process. We particularly
think that such approaches could be very useful to benchmark

causal inference methods on various types of data coming
from numerous applications (e.g., finance, marketing, health-
care), while having a ground truth. Nevertheless, the causal
graph, assumed to be known, may, in fact, be misspecified.
For this reason, it is crucial to ensure that it was validated
by experts beforehand. Otherwise, we recommend limiting
the use of such DSCMs to realistic synthetic data generation.
Moreover, it is important to note that the existing methods
have only been designed to deal with tabular data and images.
Sensitive Applications. As presented in Section 4.1, there
exists an algorithm, NeuralID [Xia et al., 2023], compat-
ible with all the methods considered in this survey, auto-
matically testing for query identifiability given the causal
graph and the data. This constitutes a great opportunity
for sensitive applications requiring identifiability guarantees.
However, such an analysis still depends on the hypotheses
about the causal graph. This emphasizes again the impor-
tance of sensitivity analyses. Moreover, it is also paramount
for decision-makers to have access to uncertainty or er-
ror measures. DCM is the only method to provide error
bounds. Therefore a major direction for forward research is
related to uncertainty quantification extending the active re-
search in numerical modeling [Rischel and Weichwald, 2021;
Wang et al., 2022] to the field of causal inference. In prac-
tice, the reconstruction error used in DCM could be extended
to amortised explicit models.

6 Conclusion
This paper reviews and classifies deep structural causal mod-
els (DSCMs), examining them from the perspectives of their
underlying classes of structural causal model (SCM) and deep
generative model (DGM). This dual viewpoint enables one to
spotlight the guarantees concerning the identifiability and the
ability of these models to address counterfactual queries us-
ing only observational data and existing causal knowledge.
The analyses reveal that the majority of these guarantees are
rooted in the intrinsic properties of the deep learning ar-
chitectures. Moreover, the studied methods have predom-
inantly been evaluated through heterogeneous and straight-
forward datasets. This highlights the critical need for devel-
oping benchmark datasets that encapsulate the complexities
encountered in various high-stakes applications, such as in
the medical and financial domains. Lastly, our findings un-
derscore the importance of integrating uncertainty quantifica-
tion methods and partial counterfactual estimation methods
with DSCM. Such a joint approach could significantly im-
prove the resilience and practical utility of these models, es-
pecially in complex environments.

Ethical Statement
In this paper, we try to prevent malicious or naive use of deep
structural causal models by being transparent about the lim-
itations and guarantees of the various methods. Readers are
also warned about the veracity of the made assumptions. To
mitigate the risk of misuse of these models, it is emphasized
that these methods should not be used to answer causal ques-
tions for decision-making if upstream experts have not vali-
dated them.
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