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Abstract

The inaccessibility of controlled randomized trials due to in-
herent constraints in many fields of science has been a fun-
damental issue in causal inference. In this paper, we focus
on distinguishing the cause from effect in the bivariate set-
ting under limited observational data. Based on recent devel-
opments in meta learning as well as in causal inference, we
introduce a novel generative model that allows distinguish-
ing cause and effect in the small data setting. Using a learnt
task variable that contains distributional information of each
dataset (task), we propose an end-to-end algorithm that makes
use of similar training datasets at test time. We demonstrate
our method on various synthetic as well as real-world data
and show that it is able to maintain high accuracy in detecting
directions across varying dataset sizes.

Introduction
Discovering causal links between variables has been a long
standing problem in many areas of science. Ideally all exper-
iments are in a randomized controlled environment where
each variable can be accounted for separately. However in
most cases, this is impossible due to physical, financial or
ethical reasons. The problem of determining causal direction
becomes even more apparent, when trying to understand the
true generating process of data. Although modern machine
learning models are able to achieve impressive performances
in capturing complex nonlinear relationships among vari-
ables, many of them do not take into account causal struc-
ture, which might lead to generalization errors when faced
with different data than seen during training.

Hence, in recent years, researchers have focused on infer-
ring causal relations from observational data and have de-
veloped many different algorithms. One of the major ap-
proaches is constraint-based methods, which analyze the
conditional independence among variables to determine the
causal graph up to a Markov equivalence class under certain
assumptions (Neuberg 2003); in addition to early example
of the PC algorithm (Spirtes et al. 2000), there are also non-
linear methods for capturing independence (Sun et al. 2007;
Sun, Janzing, and Schölkopf 2007; Zhang et al. 2011).

Another category is score-based methods which use
search algorithms to find the best causal graph with respect
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to such a score as BIC (Chickering 2002). These methods
are, however, often unable to determine the correct structure
and can be computationally very expensive. There are also
hybrid methods which mitigate such difficulty (Tsamardi-
nos, Brown, and Aliferis 2006).

A new line of research has taken specific interest in the
bivariate case, i.e., the cause-effect inference, where one de-
cides between causal hypotheses “X → Y ” and “Y →
X” (Hoyer et al. 2009; Goudet et al. 2017; Mitrovic, Se-
jdinovic, and Teh 2018; Wu and Fukumizu 2020). In this
setting, methods that exploit the inherent asymmetries be-
tween cause and effect are the most prominent. The data is
analysed under the Functional Causal Model (FCM, (Pearl
2009)) formalism, following respective model assumptions.
Due to the intrinsic asymmetry of the problem, several statis-
tics have been proposed to infer the direction of the cause-
effect pairs (Shimizu et al. 2006; Hoyer et al. 2009; Mooij
et al. 2016; Mitrovic, Sejdinovic, and Teh 2018).

Most relevant prior work to this paper is the framework
of Causal Generative Neural Networks (CGNN, (Goudet
et al. 2017)). When applied to cause-effect inference, CGNN
learns a generative model using a neural network for each
direction and compares their fitting to determine the causal
directionality. Many advanced methods including CGNN,
however, assume an access to a large dataset to make use
of strong learning models such as neural networks. This in
turn may lead significantly degraded performances in small
data settings encountered in practical problems (Look and
Riedelbauch 2018). We demonstrate this phenomenon in our
experimental section. In addition, training a model for every
dataset may cause significantly slow inference time by the
computational burden of neural networks.

In this paper, we revisit the problem of cause-effect in-
ference from the viewpoint of empirical learning. Specif-
ically, we are interested in learning from many examples
of cause-effect datasets together with their true causal di-
rections. Our purpose is to develop a method for using this
empirical knowledge on causal directions effectively, when
making cause-effect inference on a new unseen and purely
observational dataset.

Learning-based cause-effect inference has been already
explored in the literature. For instance, Randomized Cau-
sation Coefficient (RCC) (Lopez-Paz, Muandet, and Recht
2015) and Neural Causation Coefficient (NCC) (Lopez-
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Paz et al. 2017) make a learning-based binary classifier
for causal directions. RCC and NCC, however, require to
synthesize vast amounts of problem specific data pairs up
10000 (Lopez-Paz et al. 2017). Other examples, such as
NonSENS (Monti, Zhang, and Hyvarinen 2019) and Causal
Mosaic (Wu and Fukumizu 2020), aim to recover a FCM
using nonlinear independent component analysis. An impor-
tant assumption for these methods is availability of multiple
datasets sharing the same causal mechanism and the same
exponential family of latent variables. We then need to as-
sume or select datasets to satisfy this.

Different from these works, aiming at alleviating the prob-
lem of small data, we consider methods of meta learning
by introducing a dataset-feature extractor. The feature repre-
sents the distributional information of each dataset, aiming
to encode similar causal mechanisms of datasets into sim-
ilar features. For this purpose, we employ two approaches:
the formalism of kernel mean embeddings (Muandet et al.
2017) and DeepSets (Zaheer et al. 2017).

We propose a neural network-based generative model that
trains jointly on all the training datasets. The model has
an encoder-decoder architecture, which has been employed
successfully by meta learning frameworks (Garnelo et al.
2018b,a); the encoder gives the dataset-features, and the
decoder realizes a generative model or FCM, which is ac-
companied with the Feature-wise Linear Modulation lay-
ers (FiLM (Perez et al. 2018)) to adapt the generator to
the dataset at hand. With this meta-learning architecture, the
proposed method is able to determine the cause-effect direc-
tion efficiently for new unseen, possibly small, and purely
observational datasets.

The contributions of this work can be summarized as fol-
lows:
• We introduce a new meta learning algorithm that can

leverage similar datasets for unseen causal pairs in causal
direction discovery.

• We exploit structural asymmetries with an adaptive gener-
ative model, thus avoiding the need to retrain at test time.

• We propose an end-to-end algorithm that assumes no
a priori assumptions on the causal mechanism between
cause and effect.

• High performance on small dataset sizes can be achieved
by virtue of meta learning.

Meta Learning for Detecting Causal Direction
We first give a brief summary of FCM and explain the pro-
posed method including its building blocks.

Functional Causal Model
Functional Causal Models (FCM) have been widely used
when conducting causal inference. Formally, a FCM on a
random vectorX = (X1, . . . , Xd) is a tripletC = (G, f, E),
where (G is the causal graph and f, E such that:

Xi = fi(XPa(i;G), Zi), Zi ∼ E , for i = 1, . . . , d, (1)

where Xi are the observed variables, Zi are the indepen-
dent hidden variables, Pa(i;G) being the parents of Xi and

fi being the mechanism linking the cause and the effect. Un-
der this formulation, there is clear asymmetry between cause
and effect, given that cause is used to infer the effect, and
hence numerous work has been done exploiting this fact.

For inferring causal direction X → Y for bivariate
(X,Y ), we can consider only the FCM Y = f(X,Z),
where Z and X are independent. Among other inference
methods, CGNN (Goudet et al. 2017) uses neural networks
to train the mechanism f for a dataset. More precisely,
given dataset D = {(xj , yj)}mj=1, we generate Zj by the
standard normal distribution N(0, 1), and train neural net-
work f so that the distribution of {(Xj , Yj)}j be close
to that of {(Xj , f(Xj , Zj)}j . The difference of the distri-
butions is measured by the Maximum Mean Discrepancy
(MMD, (Gretton et al. 2012)). CGNN learns two models
Ŷ = fy(X,Z) and X̂ = fx(Y,Z), and chooses a better
fit to determine the direction.

Unlike CGNN, which trains networks fy and fx for each
dataset, our method considers a single neural network work-
ing for all the datasets in a cause-effect database {Di}Ni=1
where Di = {(Xi

j , Y
i
j )}mi

j=1 is a dataset in the database. We
assume that the causal direction is known for all Di during
training. More specifically, givenXi → Y i is the true causal
direction, we wish to create a single suitable model F (X,Z)
based on neural networks so that the distribution ofDi is ap-
proximately the same as that of {(Xi

j , Ŷ
i
j )} for any i, where

Ŷ i
j = F (Xi

j , Z
i
j).

This approach involves obvious difficulty, since a wide-
variety of cause-effect relations must be learnt by a single
network. Naı̈vely training a single model jointly over all the
different dataset does not yield desired performance as we
demonstrate in our ablation study in the Appendix. In order
to achieve successful training, we introduce two novel and
crucial components:

1. Dataset-feature: This feature C represents the causal
mechanism of each dataset as the distributional informa-
tion on the dataset D. The feature will be used to adapt
our single network efficiently at test time.

2. FiLM layers: To adapt the base neural network to each
dataset using the dataset-features C, the FiLM layers en-
able us to adapt the weights of our network to a given new
dataset D quickly at test time.

Together, with these two additional apparatus, we are able
to train our model across datasets and therefore harness in-
formation from all the datasets together, instead of treating
them independently as it is done for example in CGNN.

In the next section we describe methods to capture distri-
butional information of dataset Di, by leveraging, the well
studied area of conditional mean embeddings (CME) (Song,
Fukumizu, and Gretton 2013) as well as DeepSets (Zaheer
et al. 2017). For a briefly give an high level overview of meta
learning see Appendix.

Dataset Features via DeepSets
DeepSets (Zaheer et al. 2017) have been used as task embed-
ding Ci in previous meta learning literature (Garnelo et al.
2018a,b; Xu et al. 2019). Using a neural network φx,y , the
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task embedding is defined by

Ci =
1

mi

m∑
j=1

φx,y([xj , yj ]). (2)

DeepSets is a simple flexible approach to encoding sets into
vectors, which is also permutation invariant. The latter is im-
portant as we do not want the embeddings to change solely
based on the order of the elements in the dataset. Zaheer
et al. (2017) show that DeepSets is a universal approximat-
ing for any set function. Hence this aggregation method al-
lows us to have a good representation of the dataset.

However, given that we use a concatenation in DeepSets
we do not encode the conditional distribution information
but rather the joint. Therefore, in this paper, we in addi-
tion also consider conditional mean embeddings as dataset-
features.

Dataset features via Conditional Mean
Embeddings (CME)
Kernel mean embeddings of distributions provide a powerful
framework for representing probability distributions (Song,
Fukumizu, and Gretton 2013; Muandet et al. 2017). Given
sets X and Y , with a distribution P over the random vari-
ables (X,Y ) taking values in X × Y , the conditional mean
embedding (CME) of the conditional density p(y|x), is de-
fined as:

µY |X=x := EY |X=x[φy(Y )] =

∫
Y
φy(y)p(y|x)dy. (3)

where φy is the feature map associated to the reproduc-
ing kernel Hilbert space (RKHS) of Y , HY . Intuitively, the
equation above allows us to represent a probability distribu-
tion p(y|x) in a function space such as a RKHS, by taking
the expectation under p(y|x) of the features φy(y) ∈ HY .
Hence, for each value of the conditioning variable x, we ob-
tain µY |X=x ∈ HY .

Following (Song, Fukumizu, and Gretton 2013), the CME
can be associated with the operator CY |X : HX →
HY , known as the conditional mean embedding operator
(CMEO), which satisfies

µY |X=x = CY |Xφx(x) (4)

where CY |X := CY XC−1XX with CY X := EY,X [φy(Y ) ⊗
φx(X)] and CXX := EX,X [φx(X)⊗ φx(X)]. The operator
inverse should be understood as a regularized inverse, unless
the rigorous inverse exists.

As a result, the finite sample estimator of CY |X based on
the dataset {(xj , yj)}nj=1 can be written as

ĈY |X = Φy(K + λI)−1ΦT
x (5)

where Φy := (φy(y1), . . . , φy(yn)) and Φx :=
(φx(x1), . . . , φx(xn)) are the feature matrices,K := ΦT

x Φx

is the kernel matrix with entries Ki,j = kx(xi, xj) :=
〈φx(xi), φx(xj)〉, and λ > 0 is a regularization parameter.

Hence µ̂Y |X=x = ĈY |Xφx(x) simplifies to a weighted
sum of the feature maps of the observed points yi:

µ̂Y |X=x =
n∑

i=1

βi(x)φy(yi) = Φyβ(x), (6)

β(x) = (β1(x), . . . , βn(x))T = (K + λI)−1K:x, (7)

where K:x = (kx(x, x1), . . . , kx(x, xn))T .
In fact, when using finite-dimensional feature maps, the

conditional mean embedding operator is simply a solution to
a vector-valued ridge regression problem (regressing φy(y)
to φx(x)), which allows computation scaling linearly in the
number of observations n.

The Woodbury matrix identity allows us to have compu-
tations of either order O(n3) or O(d3) + O(d2n), where d
is the dimension of the feature map φx. In our case, given
that we are in the meta learning setting, the dataset size n is
usually rather small and hence the CME can be efficiently
computed.

The CME is a canonical way for capturing conditional
densities and thus the mechanism in a functional causal
model. Therefore the CME also encodes the causal direc-
tion. We give further motivations on why we use CMEO as
dataset-features in the next few sections.

A Feature-wise Linear Modulation (FiLM)
We propose an architecture that is able to adapt the network
f(X,Z), i.e. a FCM, with the dataset-feature by using the
Feature-wise Linear Modulation (FiLM) (Perez et al. 2018).

The FiLM layers are known to allow network adaptation
to new environments quickly without adding further model
parameters. They have been shown to work effectively in
various tasks of computer vision (Perez et al. 2018) and re-
gression (Requeima et al. 2019). In essence, the FiLM layers
work as follows: given a conditioning variable C (this may
be the label for image classification) and la being the ath
layer of a network, the FiLM layer FLa, constructed by a
neural network, adapts la to lFL

a by

(βa, γa) = FLa(C), lFL
a = βa + γa ◦ la, (8)

where ◦ is the element-wise multiplication. Intuitively, the
FiLM layer learns shift and scale parameters, conditioned on
C, for any given layer la. We shall use the CME or DeepSets
for C.

Proposed Method
We propose a new meta learning algorithm, meta-CGNN,
which works for cause-effect inference given cause-effect
training database D = {Di}Ni=1 with known directionality,
where Di = {(xij , yij)}

mi
j=1. Without loss of generality, we

assume Xi → Y i for any dataset i. The FCM is trained on
this database D, and is used to infer the causal direction for
an unseen dataset Dtest.

Overview: We use the popular encoder-decoder based ar-
chitecture for meta learning, which is similar to the Neural
Process (Garnelo et al. 2018b). The encoder first maps the
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Figure 1: Proposed meta-CGNN Algorithm for only one
dataset Di in the mini-batch

dataset Di into a dataset-feature Ci, which is given as an in-
put to two further neural networks, (1) FiLM network and
(2) amortization network. The FiLM network, operates as
described in the above, by producing shift and scale parame-
ters that allow us to adapt the decoderDFL accordingly. The
amortization network outputs (µ(C), σ(C)), with which we
use to modulate the latent random variable Zi

j ∼ N(0, 1) to
W i

j := µ(Ci) + σ(Ci)Z
i
j .

The decoder network, DFL, then maps (X,W ) to Ŷ so
that the distribution of {(Xi

j , Ŷ
i
j )}j is close to {(Xi

j , Y
i
j )}j .

By using an encoder network, which trains across datasets
jointly, we are able to share distributional information be-
tween datasets (tasks) and apply it to a new unseen task. See
Figure 1 and Algorithm 1 (Appendix) for a detailed break-
down of meta-CGNN.

The overall functional causal model in the proposed meta-
CGNN is thus

ŷj = F ((xj , zj);C) , where zj ∼ N(0, 1), zj |= xj .
(9)

Encoder: For representing dataset-specific distributional
information or mechanism for each task, we consider both
the CME and DeepSets approach.

As argued by Mitrovic, Sejdinovic, and Teh (2018),
CMEs hold critical information for causal-effect inference
by representing the mechanism in the FCM. The claim is
that the Kolmogorov complexity (Grunwald et al. 2008) of
the mechanism tends to be larger in the anti-causal direction
than it is in the causal direction. Hence, we expect CME
to capture relevant distributional information, and inform
adapting our generative model to the task at hand.

More concretely, we use conditional mean embeddings as
follows. We first compute the CMEO CY |X from Di as de-
scribed in (Eq 5), and use it to obtain the CME for each
datapoint using:

Ci,j = CY |Xφx(xj). (10)

where, φx is the feature vector such that k(xi, xk) =
〈φx(xj), φx(xk)〉, k being the RBF kernel. To obtain a finite
dimensional representation efficiently, we will use Random
Fourier Features (Rahimi and Recht 2008) to approximate
the CME. Throughout the paper we will use 100 features
as we work on problems with at most 1500 datapoints.
According to (Li et al. 2019), we need approximately

√
N ,

where N is the number of datapoints. For DeepSets the
dataset feature Ci is simply defined in (Eq 2).

Decoder: For the generative part of our model, the
dataset-feature Ci or Ci,j gives modulation through the
FiLM and amortization network. Both FiLM and amortiza-
tion networks take as input Ci (DeepSets) or Ci,j (CME).
The FiLM layer is able to adapt the weights of the de-
coder network depending on the distributional feature of a
dataset. This is crucial for a single network to learn FCMs
of all the datasets. Naı̈vely training a single network over
multiple datasets resulted in poor performance (see abla-
tion study in Appendix). The amortization network works
on z ∼ N(0, 1) similarly to FiLM. It can be interpreted as
the adaption of latent Gaussian distribution; p(w|Ci) with
W i = µ(Ci)+σ(Ci)Z regarded as a new latent variable for
the dataset Di.

Together with the FiLM layer we construct a decoder
which generates data from the conditional distribution, by
firstly sampling from p(w|Di) and concatenate w with x be-
fore pushing it through the decoder DFL. This novel archi-
tecture, allows us to model and more importantly, sample
from the conditional distribution of unseen task quickly and
efficiently. In the next section, we will describe how we will
make use of the samples to train our networks.

ŷj = DFL ((xj , wj);C) , where wj ∼ N(µ(C), σ(C))
(11)

Training: The objective function of training is similar to
(Goudet et al. 2017); by sampling {ŷij}

mi
j=1 from (11) and es-

timating the Maximum Mean Discrepancy (MMD) (Gretton
et al. 2012) between the sampled data D̂i = {(xij , ŷij)}

mi
j=1

and the original data Di = {(xij , yij)}mj=1. MMD is a popu-
lar metric to measure the distance between two distributions.
It has been widely used in two-sample tests (Gretton et al.
2012) as well as in applications of Generative Adversarial
Network (GAN) (Li et al. 2017) etc.

More formally, the MMD estimator between two datasets
U = {ui}mi=1 and V = {vi}ni=1 is, given by

M̂MD
2
(U ,V) =

1

m(m− 1)

m∑
i=1

m∑
j 6=i

k(ui, uj)

+
1

n(n− 1)

n∑
i=1

n∑
j 6=i

k(vi, vj)

− 2

mn

m∑
i=1

n∑
j=1

k(ui, vj).

We use Gaussian kernel, which is characteristic (Sriperum-
budur, Fukumizu, and Lanckriet 2011). With k being the
Gaussian kernel, the above expression is differentiable and
thus can be optimized as already demonstrated in various
works such as (Goudet et al. 2017; Li et al. 2017). A draw-
back of using MMD as a loss function however is that it
scales quadratically in the sample size. We can again use
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Random Fourier Features (Rahimi and Recht 2008; Lopez-
Paz, Muandet, and Recht 2015), which give us linear-time
estimators of MMD.

Using stochastic mini-batches of q datasets {Di}qi=1, the
objective function to minimize is

LOSS =

q∑
i=1

M̂MD
2
(D̂i,Di) (12)

This joint training, similar to that used in other encoder-
decoder architectures for meta learning (Garnelo et al.
2018a,b; Xu et al. 2019), allows us to utilize the information
of all the available training datasets in a single generative
model. This is in stark contrast to CGNN (Goudet et al.
2017), which trains a separate generative model for each
dataset. As noted in (Goudet et al. 2017) training these
neural networks separately can be very costly and one of the
major drawbacks of the CGNN. Hence meta-CGNN aims
to alleviate this constraint by training over datasets jointly.
This considerably speeds up the model inference time as
meta-CGNN does not need to retrain the network for a new
task.

Inference of Causal Direction: After training, when we
wish to infer the causal direction for a new dataset Dtest =
{(xj , yj)}mj=1, we feed both of Dxy = {(xj , yj)}mj=1 and
Dyx = {(yj , xj)}mj=1 into the trained model and esti-
mate the MMDs between the generated samples and the
true ones, i.e., Mxy := M̂MD(Dxy, D̂xŷ) and Myx :=

M̂MD(Dyx, D̂yx̂). IfMxy <Myx, we deduce thatX → Y
as it agrees better with a postulated FCM than Y → X , and
similarly Y → X if Mxy > Myx. Intuitively, this means
that we choose the direction of whose samples that match
the ground truth best.

Related Work
There have been already some works that exploit the
asymmetry by taking a closer look at decomposing the
joint distribution P (X,Y ) into either P (Y |X)P (X) or
P (X|Y )P (Y ). Relevant to this work is the approach using
the asymmetry in terms of functional causal models (FCMs).
Some of the previous methods make strong assumptions on
the model; LiNGAM (Shimizu et al. 2006) considers linear
non-Gaussian model for finding causal structure. For non-
linear relations, Hoyer et al. (2009) discusses nonlinear ad-
ditive noise models, and Zhang and Hyvarinen (2009) in-
vertible interactions between the covariates and the noise
models. There are other methods to consider the nonlinear
models such as Gaussian process regression (Stegle et al.
2010).

Information theory gives an alternative view on asymme-
try using Kolmogorov complexity, following the postulate
that the mechanism in the causal direction should be less
complex than the one in the anti-causal direction. Several pa-
pers have proposed to approximate or use certain proxies for
intractable Kolmogorov complexity (Janzing and Scholkopf
2010; Lemeire and Dirkx 2006; Daniusis et al. 2010; Mitro-
vic, Sejdinovic, and Teh 2018).

Method Inference Time
ANM <1sec CPU
CDS <1sec CPU
RECI <1sec CPU
ICGI <1sec CPU
RCC <1sec CPU
CGNN 24 mins GPU
meta-CGNN (DeepSets) <1min GPU
meta-CGNN (CME) <1min GPU

Table 1: Time needed during inference i.e. to determine the
causal direction for a new dataset at test time. meta-CGNN is
much faster than CGNN, which is crucial, given that CGNN
needs to be trained from scratch for every new dataset.

The method that comes closest to ours is CGNN (Goudet
et al. 2017). However, our meta-CGNN method differs from
CGNN in a multitude of aspects.

1. Our method employs meta learning, while CGNN only
considers one dataset at a time. Hence CGNN is not
able leverage similarity between datasets. A naı̈ve way of
training the CGNN jointly over datasets as in (Eq 12) was
analysed in our ablation study and performed poorly.

2. CGNN averages over 32-64 separately trained generative
networks per direction, which is computationally very ex-
pensive, i.e. training up to 128 models per dataset. In con-
trast, we merely train the model with four random initial-
izations and average over the resulting MMDs for each
dataset, thereby achieving similar results to CGNN for
larger datasets and significantly better for smaller ones.

3. CGNN needs to be trained separately for every new
dataset, which in practice can be slow as well as com-
putationally expensive. meta-CGNN does not need to be
trained for a new dataset and can give a causal direction
through a simple forward pass at the test time. This is
a crucial difference which allows much faster inference
once a new dataset is presented to the model.

Lastly, there have recently been other applications of meta
learning to causal inference. MetaCI (Sharma et al. 2019)
uses a MAML-style (Finn, Abbeel, and Levine 2017) (opti-
mization based) learner but mainly deals with counterfactual
causality rather than causal directionality.

Bengio et al. (2020) also consider a meta learning method
using FCM, based on the principle that the model assuming
true causal direction can be “adapted faster” than the one as-
suming the anti-causal. However, their method is designed
for different settings. Firstly, the test distribution comes from
a perturbation of the training distribution, which is modeled
by a known parametric family. The choice of the model is
not trivial for continuous domains in real-world data. Sec-
ondly, for training of neural networks, they assume to have
access to a large training dataset around 3000 for a single
mechanism, which is different from our setting of small data.
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Figure 2: AUPRC for Net, Multi, Gauss and Tuebingen dataset. The thin colored bars with blue dots represent the AUPRC with
1500 datapoints, whereas the thicker barplots are with 100 datapoints. The proposed meta-CGNN shows among the best results
in all the cases. Note that the other methods show significant degradation for some datasets or small data size.

Experiments
Synthetic Datasets
For the synthetic experiments we use three different types
of datasets taken from Goudet et al. (2017), each of which
exhibits distinct cause-effect (CE) mechanism. The CE-Net
contains 300 cause-effect pairs with random distributions
for the causes and random Neural Networks as mechanisms
to create the effects. The CE-Gauss also contains 300 data
pairs, where the cause is sampled from a random mixture of
Gaussians and the mechanism is drawn from a Gaussian pro-
cess (Mooij et al. 2016). Lastly, CE-Multi datasets take the
cause from Gaussian distributions and the mechanisms are
built using random linear and polynomial functions. They
also include multiplicative and additive noise before or after
the causal mechanism, making the task harder. In addition,
to confirm the advantage of meta learning, we use two dif-
ferent data size regimes: 1500 and 100 datapoints.

We measure the performance of distinguishing the causal
direction using the Area Under the Precision Recall Curve
(AUPRC), as in (Goudet et al. 2017) (accuracy is presented
in the Appendix). With AUPRC, we are able to take into ac-
count the confidence of an algorithm, thus allowing models
not to commit to a prediction if not certain.

For meta-CGNN, we use 100 datasets for training and the
remaining 200 for testing. We average the MMD of each
dataset over 4 independent runs in order to get our final pre-
diction. At testing time, we only need to do a simple forward

pass through our model, as our model has been trained to
adapt to new dataset quickly and efficiently. Hence it takes
<1 minute for each new dataset at inference time. This is
contrary to CGNN that needs to be trained on each new
dataset separately. Note that CGNN (Goudet et al. 2017)
significantly benefits from averaging their model over mul-
tiple runs i.e. around 32-64 different runs, which takes about
takes 24 minutes per dataset. This would be infeasible with-
out high-performance computing environments as we have
hundreds of datasets to do inference on. Hence we have re-
stricted ourselves to averaging CGNN over 12 runs in the
comparisons, which is still computationally very heavy.

Regarding architectures, we use 2 hidden layers with
ReLU activation function for FiLM, amortization and en-
coder network. For the decoder we use a 1 hidden layer with
ReLU. As noted in Goudet et al. (2017), the number of hid-
den nodes in the decoder is very important; too small net-
works are not able to realize the mapping properly, while
too big networks tend to overfit so that both directions have
low MMD values. Hence for our experiments, for simplicity,
we solely cross-validated over the number of decoder nodes
[5, 40] (Goudet et al. 2017) by leaving out a few datasets
at training aside for validation. Around 40 nodes for the 1-
hidden layer was optimal for (Goudet et al. 2017).

In addition, following (Goudet et al. 2017), for our loss
function, we use a sum over Gaussian kernel MMDs with
bandwidth η ∈ {0.005, 0.05, 0.25, 0.5, 1, 5, 50} together
with an Adam optimizer (Kingma and Ba 2014) and a
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fixed learning rate 0.01. For the mini-batch size we fix q
to 10. These were parameters we fixed in the beginning and
seemed to work well in our experiments. We compare meta-
CGNN against several competing ones that have open source
codes; the methods are:

1. Additive noise model (ANM) (Mooij et al. 2016) with
Gaussian process regression and HSIC test.

2. Information Geometric Causal Inference (IGCI) (Daniu-
sis et al. 2010) with entropy estimator and Gaussian ref-
erence measure

3. Conditional Distribution Similarity statistic (CDS)
(Fonollosa 2019), which analyses the variance of the
conditional distributions

4. Regression Error based Causal Inference (RECI)
(Blöbaum et al. 2019), which analyses the residual of
each direction using a polynomial fit

5. Randomized Causation Coefficient (Lopez-Paz, Muandet,
and Recht 2015), which builds creates a synthetic classi-
fication problem and use CME as the feature.

6. Causal Generative Neural Networks (CGNN) (Goudet
et al. 2017)

We use the implementation by (Kalainathan and Goudet
2020) which provides a GitHub repository toolbox for the
above mentioned methods. In order to keep the comparisons
fair, we use the same 200 data pairs as the one that our meta-
CGNN is tested on. Finally, in order to demonstrate the ef-
fect of each building block in our model, we have also con-
ducted an ablation study, highlighting the importance of the
task embeddings and FiLM layer (see Appendix).

Tuebingen Cause-Effect dataset
As a real-world example, we use the popular Tuebingen
benchmark (Mooij et al. 2016), from which we take 99 bi-
variate datasets. We use a similar setup as in the synthetic
experiments, and the only difference is that we employ 5-
fold cross-validation for training and testing, i.e. We train
on 4 of the folds and test on the last one. We repeat this
procedure such that each fold has been the test fold at one
point, while the remaining were acting as training. That way
we obtain a prediction on each of the 99 datasets. We repeat
this 3 times with different random splits and report the re-
sults in Figure 2, where we also check the performance on
decreasing size of samples in a dataset.

Results
Figure 2 illustrates how both our meta-CGNN algorithms are
the only ones that can retain high AUPRC across different
datasets, as well as dataset sizes, i.e. 1500 and 100 datat-
points. NOTE: meta-CGNN performs well in all the small
dataset settings, while remaining computationally more ef-
ficient at inference time, in contrast to CGNN, which has
significantly worse result in the small data for CE-Gauss
and CE-Tueb dataset and requires training the whole model
at test time. Another important point to notice is that sim-
ilarly to CGNN, meta-CGNN does not have any assump-
tions on the data and hence can be used in a variety

of datasets, while retaining good performance. Algorithms
such as ANM (Mooij et al. 2016), for example, seems to
do reasonably well on the CE-Net and CE-Gauss dataset,
but completely fails in the CE-Multi and, more importantly,
on the real-world Tuebingen dataset. This occurs mainly
because of the strict assumptions which ANM imposes on
the FCM. Similarly, RECI which performs well on the CE-
Multi, but not on the CE-Net, CE-Gauss and the Tuebingen
dataset. Similarly for the remaining methods.

Our proposed method is amongst the top performing ones
and is consistently doing well for both 1500 and 100 data-
points settings. These results illustrate that meta-CGNN is
able to retain high performance, even when faced with small
data, by leveraging the meta-learning setting.

Lastly, note that meta-CGNN does not need to be trained
for each test dataset, but instead only needs a forward pass
through the generative model to determine the causal direc-
tion, which makes it vastly more computationally efficient
than CGNN, while attaining higher performance (Table 1).

Conclusion
We introduced a novel meta learning algorithm for cause-
effect inference which performs well even in the small data
regime, in sharp contrast to the existing methods. By lever-
aging a dataset-feature extractor that can be learned during
training, we are able to efficiently adapt our model at test
time to new previously unseen datasets by using amortiza-
tion and FiLM layers. We also demonstrate the utility of us-
ing conditional mean embeddings, as they allow us to cap-
ture the distribution and adapt the model at test time.

In addition, we extended Causal Generative Neural Net-
work (CGNN) (Goudet et al. 2017) by learning a single gen-
erative network, readily adaptable for new datasets, vastly
alleviating the computation burden of CGNNs. In particular,
instead of having to train multiple models on each dataset
separately, our proposed methods are able to achieve simi-
lar or better performance than existing methods with simple
forward passes through our generative network at test time.

Recently there has been an increase in interest in causal-
ity topics in reinforcement learning (Zhu and Chen 2020;
Buesing et al. 2019; Dasgupta et al. 2019), where the pro-
posed methods may also be applicable. Assuming that we
have a skeleton graph of the relevant quantities in the RL
model, meta-CGNN could be used to efficiently infer causal
direction of unoriented edges.
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