
Nonparametric Estimation of Heterogeneous Treatment Effects:
From Theory to Learning Algorithms

Alicia Curth Mihaela van der Schaar
University of Cambridge

amc253@cam.ac.uk

University of Cambridge, UCLA & The Alan Turing Institute
mv472@cam.ac.uk

Abstract

The need to evaluate treatment effectiveness
is ubiquitous in most of empirical science,
and interest in flexibly investigating effect
heterogeneity is growing rapidly. To do so, a
multitude of model-agnostic, nonparametric
meta-learners have been proposed in recent
years. Such learners decompose the treat-
ment effect estimation problem into sepa-
rate sub-problems, each solvable using stan-
dard supervised learning methods. Choos-
ing between different meta-learners in a data-
driven manner is difficult, as it requires ac-
cess to counterfactual information. There-
fore, with the ultimate goal of building bet-
ter understanding of the conditions under
which some learners can be expected to per-
form better than others a priori, we the-
oretically analyze four broad meta-learning
strategies which rely on plug-in estimation
and pseudo-outcome regression. We high-
light how this theoretical reasoning can be
used to guide principled algorithm design and
translate our analyses into practice by con-
sidering a variety of neural network architec-
tures as base-learners for the discussed meta-
learning strategies. In a simulation study, we
showcase the relative strengths of the learn-
ers under different data-generating processes.

1 INTRODUCTION

Many empirical scientists ultimately aim to assess the
causal effects of interventions, policies and treatments
by analyzing experimental or observational data us-
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ing tools from applied statistics. Due to the impres-
sive performance of machine learning (ML) methods
on prediction tasks, recent years have seen exciting
developments incorporating ML into the estimation
of average treatment effects (van der Laan and Rose,
2011; Chernozhukov et al., 2017). While average treat-
ment effects (ATEs) have been the main estimand of
interest thus far, data-adaptive, ML-based estimators
have even more potential to shape our ability to flex-
ibly investigate heterogeneity of effects across popula-
tions. As interest moves towards personalized policy-
and treatment design in fields such as econometrics
and medicine, the need to accurately estimate the full
conditional average treatment effect (CATE) function
becomes ubiquitous.

The causal inference communities across disciplines
have produced a rapidly growing number of algorithms
for CATE estimation in recent years (see e.g. Bica
et al. (2020) for an overview). In practice, this leads
to the need to select the best model – which is no-
toriously difficult in treatment effect studies because
the ground truth is unobserved. While recent liter-
ature has presented promising solutions using data-
driven strategies (Rolling and Yang, 2014; Alaa and
Van Der Schaar, 2019), we believe that it is equally im-
portant to reduce the complexity of the selection task
a priori by building greater systematic understanding
of the strengths and weaknesses of different algorithms
from a theoretical viewpoint.

Here, we put our focus on comparing different so-
called meta-learners for binary treatment effect es-
timation, which are model-agnostic algorithms that
decompose the task of estimating CATE into multi-
ple sub-problems, each solvable using any supervised
learning/ regression method (Künzel et al., 2019). In
the theoretical part of this paper (Sections 3 and 4),
we consider estimation within a generic nonparamet-
ric regression framework, i.e. we assume no known
parametric structure, and derive theoretical arguments
why one learner may outperform others. In the more
practical part (Sections 5 and 6), we compare the em-
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pirical performance of the different learners using the
same underlying machine learning method, and con-
sider a variety of neural network (NN) architectures
for CATE estimation. Throughout, instead of arguing
that one learning algorithm is superior to all others, we
aim to highlight how expert knowledge on the under-
lying data-generating process (DGP) can narrow the
choice of algorithms a priori and guide model design.

Contributions Our contributions are three-fold:
First, we provide theoretical insights into nonpara-
metric CATE estimation using meta-learners. We
propose a new classification of meta-learners inspired
by the ATE estimator taxonomy, categorizing algo-
rithms into four broad classes: one-step plug-in learn-
ers and three types of two-step learners, which use
unbiased pseudo-outcomes based on regression adjust-
ment (RA), propensity weighting (PW) or both (DR),
as illustrated in Figure 1. We present an analysis of the
theoretical properties of the learners and discuss re-
sulting theoretical criteria for choosing between them.
While both plug-in and DR-learner have been previ-
ously analyzed, our analysis and discussion of RA- and
PW-learner are – to the best of our knowledge – new.
Second, we compare four existing model architectures
for CATE estimation using NNs and propose a new
architecture which generalizes existing approaches.
These architectures allow for different degrees of in-
formation sharing between nuisance parameter estima-
tors, and we highlight the (dis-)advantages of differ-
ent architectures. We also provide a suite of sklearn-
style implementations for all architectures and meta-
learners we consider1.
Third, we illustrate our theoretical arguments in sim-
ulation experiments, demonstrating how differences in
DGPs and sample size influence the relative perfor-
mance of different learners empirically. By consid-
ering how to best combine model architectures and
meta-learner strategies, we also attempt to bridge the
gap between the relatively disjoint literatures on meta-
learners and end-to-end CATE estimation using NNs.

1.1 Related Work

We restrict our attention to so-called ‘meta-learners’
for CATE – model-agnostic algorithms that can be
implemented using any arbitrary ML method. Künzel
et al. (2019) appear to be the first paper explicitly
discussing meta-learning strategies for CATE estima-
tion, of which they consider and named three in de-
tail: The S-learner (single learner), in which the treat-
ment indicator is simply included as an additional fea-

1The code is available at https://github.com/
AliciaCurth/CATENets and at https://github.com/
vanderschaarlab/mlforhealthlabpub/tree/main/alg/
CATENets

Figure 1: High-level overview of the four meta-learning
strategies considered in this paper. A refers to a
generic regression algorithm and D refers to input
data, both of which are used to estimate the propensity
score π̂(x), the potential outcomes µ̂w(x) and CATE
τ̂(x), and to compute the pseudo-outcomes Ỹl,η̂.

ture in otherwise standard regression, the T-learner
(two learners) which fits separate regression functions
for each treatment group and then takes differences,
and the X-learner, a two-step regression estimator that
uses each observation twice (see discussion in Section
3). Nie and Wager (2020) propose a two-step algo-
rithm that estimates CATE using orthogonalization
with respect to the nuisance functions, which they
dub R-learner as it is based on Robinson (1988). Fi-
nally, Kennedy (2020) proposes the DR-learner (dou-
bly robust learner), a two-step algorithm that uses the
expression for the doubly robust augmented inverse
propensity weighted (AIPW) estimator (Robins and
Rotnitzky, 1995) as a pseudo-outcome in a two-step re-
gression set-up. With the exception of the DR-learner,
the current naming strategy of meta-learners is sur-
prisingly disjoint from the naming of ATE estimators,
resulting in names that do not necessarily reflect the
statistical concepts the learners are based on. To build
better intuition and to facilitate principled theoretical
analyses, we re-categorize meta-learning strategies in
Section 3.

Our theoretical considerations build on the statistical
analyses of the fundamental limits of CATE estima-
tion presented for Bayesian nonparametrics in Alaa
and van der Schaar (2018a,b), as well as the analyses
of frequentist estimation using S-, T- and X-learner in
Künzel et al. (2019) and the DR-learner in Kennedy
(2020). All prior work considers only a subset of (vari-
ations of) the meta-learners we consider here, and can
hence not lead to comprehensive practical advice on
choosing between all strategies.

While our theoretical analyses of meta-learners apply
to generic estimators, in the practical part of this pa-
per we focus on instantiations using standard feed-
forward neural networks (NNs) and NN-based repre-



Alicia Curth, Mihaela van der Schaar

sentation learning. This choice is motivated by inter-
esting recent implementations (Johansson et al., 2016;
Shalit et al., 2017; Hassanpour and Greiner, 2020; Shi
et al., 2019) of hybrids of Künzel et al. (2019)’s S- and
T-learners, which build on ideas from representation
learning (Bengio et al., 2013) and multi-task learning
(Caruana, 1997), sharing some information between
regression tasks. We discuss these in detail in Section
5. As the meta-learners can be used with arbitrary
regression estimators, a wide range of other ML meth-
ods have been used in practice, and popular choices in-
clude Bayesian Additive Regression Trees (Hill, 2011)
and random forests (Künzel et al., 2019). Note that,
in contrast to the model-agnostic nature of the meta-
learners, there also exist a variety of CATE estimators
that rely on a specific ML method – e.g. generative
adversarial networks (Yoon et al., 2018), deep kernel
learning (Zhang et al., 2020) or generalized random
forests (Athey et al., 2019) – which therefore fall out-
side the scope of this paper.

2 PROBLEM DEFINITION

Assume we observe a sample D = {(Yi, Xi,Wi)}ni=1,

with (Yi, Xi,Wi)
i.i.d.∼ P. Here, Y ∈ Y is a continu-

ous or binary outcome of interest, Xi ∈ X ⊂ Rd a
d-dimensional covariate vector of possible confounders
and Wi ∈ {0, 1} is a binary treatment, which is as-
signed according to propensity score π(x) = P(W =
1|X = x), with marginal treatment assignment prob-
ability pπ = P(W = 1). Using the Neyman-Rubin po-
tential outcomes framework (Rubin, 2005), our main
interest lies in the individualized treatment effect: the
difference between the potential outcomes Yi(0) if in-
dividual i does not receive treatment (Wi = 0) and
Yi(1) if treatment is administered (Wi = 1). How-
ever, by the fundamental problem of causal inference,
only one of the potential outcomes is observed, since
Yi = WiYi(1) + (1−Wi)Yi(0). Therefore, in line with
the majority of existing literature, we focus on estimat-
ing the conditional average treatment effect (CATE),

τ(x) = EP[Y (1)− Y (0)|X = x] (1)

the expected treatment effect for an individual with
covariate values X = x.

It is well known that the identification of causal effects
from observational data hinges on the imposition of
untestable assumptions. Here, we consider estimation
under the standard assumptions:

Assumption 1. [Consistency, unconfoundedness and
overlap] Consistency: If individual i is assigned treat-
ment wi, we observe the associated potential outcome
Yi = Yi(wi). Unconfoundedness: there are no un-
observed confounders, such that Y (0), Y (1) |= W |X.

Overlap: treatment assignment is non-deterministic,
i.e. 0 < π(x) < 1, ∀x ∈ X .

Under assumption 1, CATE can be written as τ(x) =
µ1(x) − µ0(x) for µw(x) = EP[Y |W = w,X = x],
and can be estimated from observational data using
the meta-learners we discuss. We assume no known
parametric form for τ(x), any of the nuisance param-
eters η = (µ0(x), µ1(x), π(x)) or error distributions in
P, leaving us with a nonparametric estimation prob-
lem. Throughout the theoretical analysis we consider
generic nonparametric regression estimators, and use
NNs in the experiments, yet all strategies could be
used directly with other methods, e.g. random forests.

3 CATEGORIZING CATE
META-LEARNERS

To improve our ability to analyze the meta-learner‘s
theoretical performance in a structured manner in
the following section, we propose a high-level classi-
fication of CATE meta-learners that follows the well-
known ATE taxonomy of estimators (see e.g. Imbens
(2004)). We prefer this naming strategy because it
builds on existing intuition and classifies learners by
the characteristics that reflect their statistical prop-
erties. Therefore, we suggest to divide meta-learners
into one-step plug-in learners – learners that output
two regression functions which can then be differenced
– and two-step learners, based on a regression adjust-
ment (RA), propensity weighting (PW) or doubly ro-
bust (DR) strategy, outputting a CATE function di-
rectly. These strategies are illustrated in Figure 1.

We define one-step plug-in learners as those who ob-
tain regression functions µ̂w(x) from the observed
data, and estimate CATE directly as τ̂(x) = µ̂1(x) −
µ̂0(x). This is the strategy underlying Künzel et al.
(2019)’s S- and T-learners. We do consider it impor-
tant to keep a distinction between S- and T-learner
as special cases of plug-in learners, because they dif-
fer in an important dimension: namely the amount of
information shared between the potential outcome es-
timators. We use these terms to summarize somewhat
broader estimator classes than Künzel et al. (2019):
We consider as T-learners those that separate estima-
tion of the nuisance functions into disjoint sub-tasks
(of which are two or three, depending on estimation of
π(x)) while S-learners share some information between
nuisance estimators, which encompasses more strate-
gies than just including the treatment indicator as a
covariate (e.g. joint feature selection, or the strategies
for NNs we discuss in Section 5).

We define two-step learners by their approach of using
a first stage to obtain plug-in estimates η̂ of (a subset
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of) the nuisance parameters η = (µ0(x), µ1(x), π(x)),
and then a second stage to obtain an estimate τ̂(x)
by regressing a pseudo-outcome Ỹη̂ (based on nuisance
estimates η̂) on X directly. To do so, we consider
pseudo-outcomes for which it holds that EP[Ỹη|X =
x] = τ(x) (i.e. they are unbiased for CATE when η
is known), for which there are three straightforward
strategies inspired by ATE estimators:

(1) We propose an RA-learner, which uses the
regression-adjusted pseudo-outcome

ỸRA,η̂ = W (Y − µ̂0(X)) + (1−W )(µ̂1(X)− Y ) (2)

in the second step. Künzel et al. (2019)’s X-learner is
a variant of this estimator: Instead of performing one
regression in the second step, they suggest perform-
ing two separate regressions for each term in the sum,
leading to two CATE estimators τ̂1(x) and τ̂0(x) that
should then be combined into a final estimate using
τ̂(x) = g(x)τ̂0(x) + (1− g(x))τ̂1(x) for some weighting
function g(x). For g(x) = 1−π(x), the two estimators
coincide in expectation. We prefer the RA-learning
strategy here, as it does not require choice of ‘hyper-
parameter’ g(x).

(2) Inspired by inverse propensity weighted (IPW)
estimators, we consider a PW-learner with associ-
ated pseudo-outcome based on the Horvitz-Thompson
transformation (Horvitz and Thompson, 1952)

ỸPW,η̂ =

(
W

π̂(X)
− 1−W

1− π̂(X)

)
Y (3)

(3) Finally, the DR-learner (Kennedy, 2020) has
pseudo-outcome

ỸDR,η̂ =

(
W

π̂(X)
− (1−W )

1− π̂(X)

)
Y+[(

1− W

π̂(X)

)
µ̂1(x)−

(
1− 1−W

1− π̂(X)

)
µ̂0(X)

] (4)

which is based on the doubly-robust AIPW estimator
(Robins and Rotnitzky, 1995) and is hence unbiased
if either propensity score or outcome regressions are
correctly specified. Variants of the DR-learner have
previously also been studied in e.g. Lee et al. (2017);
Fan et al. (2020).

The R-learner proposed in Nie and Wager (2020) does
not fall in any of these categories. While all learn-
ers considered above are inherently model-agnostic,
i.e. can be implemented using any off-the-shelf ML
method, the R-learner requires specific model-fitting
procedures (e.g. the ability to manipulate a loss func-
tion). We therefore do not consider this estimator fur-
ther here, also because an in-depth theoretical analysis
is given in Nie and Wager (2020).

4 THEORETICAL ANALYSES OF
CATE META-LEARNERS

In this section we consider the theoretical behavior of
the four different types of CATE meta-learners. While
the asymptotic properties of both plug-in and DR-
learner have been previously analyzed, our analyses
of both RA- and PW-learner, as well as the compari-
son between all four strategies in asymptotic and finite
sample settings, are new and are meant to provide in-
sights to guide principled choice between algorithms.

Throughout, we denote by τ(x) the true CATE and
by τ̂l,η̂(x) the output of learner l. For two-step esti-
mators we denote by τ̂l,η(x) the output of the second
stage regression if we had oracle-access to the nuisance
parameters. Further, for an estimator f̂(x) of f(x), we

denote by εsq(f̂(x)) = E[(f̂(x) − f(x))2] its expected
squared error. Finally, we use a . b to indicate a ≤ Cb
for some universal constant C. For the purpose of the
theoretical analysis in this section, we make the fol-
lowing two assumptions:

Assumption 2. [Assumptions on estimators] We as-
sume for the propensity score estimates that δ ≤
π̂(x) ≤ 1 − δ for δ > 0. Further, all regression es-
timators fulfill the mild assumptions characterized in
Kennedy (2020)’s Theorem 1 (see supplement).

Assumption 3. [Assumptions on true DGP] We
assume that µw(x) is αw-smooth, π(x) is β-smooth
and τ(x) is γ-smooth, and all are estimable at Stone

(1980)’s minimax rate of n
−p

2p+d for a p-smooth func-
tion (which has p continuous and bounded derivatives).
Further, the potential outcomes and the propensity
scores are bounded, i.e. |µw(x)| ≤ C and ω ≤ π(x) ≤
1− ω for C,ω > 0.

Asymptotic Behavior First, we consider the
(asymptotic) behavior of εsq(τ̂l,η̂(x)) = E[(τ̂l,η̂(x) −
τ(x))2]. For a generic one-step plug-in estimator
τ̂(x) = µ̂1(x)− µ̂0(x) we almost trivially have that

εsq(τ̂(x)) ≤ 2[εsq(µ̂1(x))+εsq(µ̂0(x))] . n
−2α0
2α0+d+n

−2α1
2α1+d

by (a + b)2 ≤ 2(a2 + b2) and assumption 3. The sec-
ond inequality holds asymptotically for plug-in estima-
tors based on T-strategies, but not necessarily for the
S-learners because information-sharing might restrict
the set of possible potential outcome functions.

The three other learners all require two regression
stages and are hence more difficult to analyze. How-
ever, under the assumption that we perform the two
regression stages on two separate samples D0 and D1

of size n, we can apply Kennedy (2020)’s Theorem 1 ,
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yielding that εsq(τ̂l,η̂(x))

. εsq(τ̂l,η(x))︸ ︷︷ ︸
.n

−2γ
2γ+d

+E[(E[Ỹη̂(x)|X = x,D0]− τ(x))2]︸ ︷︷ ︸
=R2

l,η̂(x)

for all three learners l. As the oracle term is of fixed or-
der across all estimators, the remainder term R2

l,η̂(x),
which we analyze in the following theorem (proof and
additional analyses in supplement), will determine rel-
ative asymptotic performance.

Theorem 1. [Learner-specific remainders] Under as-
sumptions 2 and 3 and using two-step estimation on
two separate samples D0 and D1 of size n, we have
that
(1) for the RA-learner:

R2
RA,η̂(x) ≤ 2(1− ω)2

(∑
w

εsq(µ̂w(x))

)
. n

−2α0
2α0+d + n

−2α1
2α1+d

(2) for the PW-learner:

R2
PW,η̂(x) ≤ 4C2

δ2
εsq(π̂(x)) . n

−2β
2β+d

(3) (Kennedy (2020), Theorem 2 and Corollary 1) If
π(x) and µw(x) are fit on separate sub-samples, we
have for the DR-learner that:

R2
DR,η̂(x) ≤ 2

δ2
εsq(π̂(x))

(∑
w

εsq(µ̂w(x))

)
. n−2(minw

αw
2αw+d+

β
2β+d )

By asymptotic properties, we thus prefer the DR-
learner over the other two-step learners, and the PW-
learner over the RA-learner if β > minwαw, i.e. if the
propensity score is easier to estimate than the outcome
regressions. Further, if minw

αw
2αw+d + β

2β+d > γ
2γ+d ,

the DR-learner attains the oracle rate, and so do PW-
and RA-learner if β > γ and minwαw > γ, respec-
tively. The latter, however, is unlikely since it is com-
monly assumed that in practice τ(x) is simpler than
µ0(x) (Künzel et al., 2019). Asymptotically, we there-
fore expect RA- and plug-in learner to perform simi-
larly. In the case where τ(x) is of similar complexity as
the potential outcomes functions, plug-in and two-step
learners can be expected to perform similarly. Instead
of relying on assumed smoothness of the nuisance func-
tions, similar analyses can be performed by relying on
different assumptions on the problem structure. In the
supplement, we consider sparsity instead of smooth-
ness, which leads to analogous conclusions in terms of
relative performance of the different learners.

While in reality it is unlikely to have exact knowledge
on the theoretical properties of the nuisance functions,
the considerations above are also useful when an ex-
pert can give insight on the relative complexity of the
underlying functions. Further, in experimental set-
tings, when propensity scores are known, the remain-
der terms of PW- and DR-learner will be exactly zero,
rendering their performance equal to the oracle rate.

Considerations for Finite Samples However, as
we will discuss next, in smaller sample regimes, we
cannot rely on convergence rates only. A first rea-
son for this derives from the fact that while the or-
acle term E[(τ̂l,η(x) − τ(x))2] is of the same order
for all estimators, the variance of inverse propensity
weighted estimators is well-known to be high, par-
ticularly when propensity scores are extreme. Addi-
tionally, the pseudo-outcome associated with the PW-
learner has a very high variance even when propensity
scores are constant and known, because it then still lies
in {−2Y (0), 2Y (1)}. This – as we will demonstrate in
the experiments – can lead to very poor empirical per-
formance of the PW-learner. Similarly, for δ small, the
constants in the error bounds of PW- and DR-learner
in Theorem 1 can be large, possibly leading to rela-
tively better performance of the RA-learner in smaller
samples.

Second, so far we did not consider selection bias –
π(x) 6= 0.5 for some x – which matters in finite sample
regimes, as it results in each regression surface not
being fit optimally. Consider the expected (integrated)
error on the treated outcome surface, for which it is
straightforward to show (see supplement) that:

EX∼P(·)[(µ̂1(X)− µ1(X))2] = (5)

EX∼P(·|W=1)[w(X)(µ̂1(X)− µ1(X))2]

where w(X) = pπ(1 + 1−π(X)
π(X) ). When µ̂1(x) is fit on

factual data only, this corresponds to setting w(x) = 1
for all x, which gives too much weight to samples with
large π(x). Combining this with assumption 3, we have
for one-step learners that EX∼P(·)[(τ̂(X)− τ(X))2]

≤ 2

ω

(
EX∼P(·|W=1)[(µ̂1(X)− µ1(X))2]

+EX∼P(·|W=0)(µ̂0(X)− µ0(X))2]
)

which highlights why selection bias does not matter
asymptotically, but can be severe in finite samples if
ω is small (a similar conclusion was reached in Alaa
and van der Schaar (2018b)). It also shows that the
degree of overlap, which determines ω, is of paramount
importance. Because the second stage regressions use
all data to estimate τ(x) directly, and hence consider
X ∼ P(·), this can correct for sub-optimal weighting
in the first stage.
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Figure 2: Overview of five possible model architectures for one-step estimation of nuisance parameters, involving
different levels of sharing information between tasks (representation layers in gray, task-specific layers in blue)

Overall, we conclude that a second stage regression
can act like a ‘regularizer’ on the first stage output,
removing some of the bias induced by regularization
and overfitting in finite samples. We note that the
DR-learner does so optimally from a theoretical view-
point, as it can also be shown to build on the notion of
nonparametric plug-in bias removal via influence func-
tions (Curth et al., 2020). Nonetheless, we note that
two-step learners generally need to estimate more pa-
rameters on the same amount of data (or, if sample
splitting is used, on less), which could in practice also
lead to higher variance and worse performance in low
sample regimes.

5 CATE ESTIMATION USING
NEURAL NETWORKS

In the practical part of this paper, we use feed-forward
NNs as nuisance estimators for each meta-learner.
The simplest NN-based implementation of each learner
consists of using a separate network for each regression
task (a TNet), which would be a good choice asymp-
totically, allowing for arbitrarily different regression
surfaces.

However, as we alluded to in Section 3, it can be use-
ful to share information between nuisance estimation
tasks in finite samples. That is, it may be more effi-
cient to share data between the two regression tasks
if µ1(x) and µ0(x) are similar, which would be the
case if they were supported on similar covariates and
τ(x) is not too complex. Therefore, next to a simple
T-learner (TNet), we consider a class of model archi-
tectures we refer to as SNets because they are based on
sharing information between nuisance estimation tasks
using representation learning. The resulting one-step
architectures for nuisance estimation are visualized in
Fig. 2, and we discuss implementation details and
loss-functions in the supplement.

Existing SNet Architectures Building on the suc-
cess of representation learning on a variety of learning
tasks (Bengio et al., 2013), Shalit et al. (2017) intro-
duce the idea of learning a shared input representa-
tion for the two potential outcome regressions. For-

mally, this entails jointly learning a map Φ : X → R,
representing all data in a new space, and two regres-
sion heads µw : R → Y, fit using only the data of
the corresponding treatment group. This results in
TARNet (Shalit et al., 2017), which we will also re-
fer to as SNet-1 because it results in the simplest
way of sharing information between tasks. Shi et al.
(2019)’s DragonNet (SNet-2) takes this idea one step
further and learns a representation space from which
both π(x) and µw(x) can be learned, ensuring that
confounders are sufficiently controlled for. While Shi
et al. (2019) used this architecture, combined with
ideas from the targeted maximum likelihood estima-
tion framework, to estimate average treatment effects,
we use only their model architecture for CATE es-
timation. Finally, Hassanpour and Greiner (2020)’s
DR-CFR (SNet-3) learns three representations which
are used to model either propensity score, potential
outcome regressions or both, respectively2.

Underlying Assumptions and a New Architec-
ture Each existing architecture reflects implicit as-
sumptions on the underlying structure of the CATE
estimation problem. Therefore, explicitly characteriz-
ing assumptions can help choosing between architec-
tures in practice, and guide improvements by identi-
fying shortcomings. SNet-1 builds on the assumption
that there exists a common feature space underlying
both {µw(x)}w∈{0,1}, while SNet-2 assumes that π(x)
can also be represented in the same space. SNet-3 is
built on the assumption that there exist three separate
sets of features, determining µw(x) and/or π(x).

Reflecting on these assumptions, we note that there
is one important case missing: We wish to explicitly
allow for the existence of features that affect only one
of the potential outcome functions. This is driven by
medical applications where one distinguishes between
markers that are prognostic (of outcome) regardless
of treatment status or predictive (of treatment effec-
tiveness) (Ballman, 2015). Therefore, we propose a

2To limit the number of possible models, we consider
only straightforward plug-in strategies, and do not use the
propensity heads for re-weighting within the loss function
(as Hassanpour and Greiner (2020) do).
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final model architecture that learns five representa-
tions3, also allowing potential-outcome regressions to
depend on only a subset of shared features. We will
simply refer to this architecture as SNet because it
encompasses all existing SNet-architectures and even
the TNet as special cases. That is, if we increase the
width of the µw(x)-specific representations while re-
ducing the shared representations, SNet will approach
TNet. If we do the reverse, the proposed architecture
approaches SNet-3, which can in turn become either
SNet-1 or SNet-2 by changing what is shared between
µw(x) and π(x). We expect that such a general archi-
tecture should perform best on average in absence of
knowledge on the underlying problem structure, but
may be more difficult to fit than simpler models.

Further Practical Considerations Two-step learn-
ers are most commonly implemented using indepen-
dently trained “vanilla” nuisance estimators, yet, as
we investigate in the experiments, all SNet architec-
tures could also be used to estimate nuisance param-
eters in the first step. Further, while our theoretical
analyses rely on sample splitting for two-step learn-
ers, we observed that using all data for both steps can
work better in practice (particularly in small samples).
If estimation with theoretical guarantees is desired yet
data is scarce, it can be useful to rely not on sam-
ple splitting, but on cross-fitting (Chernozhukov et al.,
2018) to obtain valid nuisance function estimates for
all observations in the sample, which can then all be
used for a second stage regression. Which strategy to
use involves a trade-off between precision in estima-
tion and computational complexity. While we imple-
ment all strategies in our code base, we do not use any
form of sample splitting in our experiments. Finally,
a convenient by-product of splitting the causal infer-
ence task into a series of multiple supervised learning
tasks is that hyper-parameters can be tuned using fac-
tual hold-out data only – which can be done in both
regression stages, if data is split appropriately.

6 EXPERIMENTS

In this section we supplement our theoretical analyses
with experimental evidence to demonstrate the empir-
ical performance of all learners under different DGPs,
using both fully synthetic data and the well-known
semi-synthetic IHDP benchmark. In addition to veri-
fying the theoretical properties of the different learners

3Note that, when multiple representations and outcome
functions are learned jointly, the distinction between repre-
sentations is not necessarily well-identified. Therefore, for
both SNet-3 and SNet we use a regularization term inspired
by Wu et al. (2020) that enforces orthogonalization of in-
puts to the different representation layers, as we discuss in
the supplement.

empirically, we consider it of particular interest to gain
insight into how to best use the different NN architec-
tures as nuisance estimators for the two-step learners.

Throughout the experiments, we fixed equiva-
lent hyper-parameters across all model architectures
(based on those used in Shalit et al. (2017)), ensur-
ing that every estimator (output head) has access to
the same total amount of hidden layers and units, and
effectively used each learner ‘off-the-shelf’. To ensure
fair comparison across learners, we implemented every
architecture in our own python code base4; for imple-
mentation details, refer to the supplement. Through-
out, we consider performance in terms of the Root
Mean Squared Error (RMSE) of estimation of τ(x),
also sometimes referred to as the precision of esti-
mating heterogeneous effects (PEHE) criterion (Hill,
2011).

6.1 Synthetic Experiments

We simulate data to investigate the relative perfor-
mance of the different learners across different under-
lying DGPs and sample sizes. Throughout, we con-
sider d = 25 multivariate normal covariates, of which
we let subsets determine µw(x) and π(x). To high-
light scenarios under which different learners can be
expected to perform well, we consider three (highly
stylized) settings: (i) τ(x) = 0, and µ0(x) depends
on 5 covariates influencing outcome and 5 confounders
(which influence also π(x)), (ii) the same set-up as (i),
but with τ(x) nonzero and supported on 5 additional
covariates and (iii) µ1(x) and µ0(x) depend on disjoint
covariate sets, making τ(x) the most difficult function
to estimate (no confounders). All DGPs are discussed
in detail in the supplement. In all simulations, we
evaluate performance on 500 independently generated
test-observations, and average across 10 runs.

When comparing the 5 plug-in architectures (Fig. 3),
we note that S-architectures always improve upon the
TNet in small samples when {µw}w∈{0,1} share some
structure. Even when µ1(x) and µ0(x) are very differ-
ent, shared layers can help by filtering out noise co-
variates. Further, the flexibility of the respective SNet
architecture seems to indeed drive performance. As
expected, the general SNet performs best on average,
and is the only architecture to outperform TNet when
µ1(x) and µ0(x) are very different. SNet performs
well also in the absence of any treatment effect, which
we attribute to the architecture’s ability to learn that
there are no predictive features to represent using the
µw(x)-specific representations. Further, as expected,

4All code is available at https://github.com/
AliciaCurth/CATENets and at https://github.com/
vanderschaarlab/mlforhealthlabpub/tree/main/alg/
CATENets
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Figure 3: RMSE of plug-in architectures by sample
size and across different DGPs. Shaded area indicates
one standard error.

the strength of SNet relative to all variants becomes
most apparent in relatively larger sample sizes.

When comparing the four learning strategies (Fig. 4),
all based on TNet in the first step, we observe that
the DR-learner substantially outperforms the others
when there is confounding but no treatment effect (set-
ting (i)). Conversely, when CATE is more complex
than either potential outcome function (setting (iii)) –
making the task of learning CATE directly more dif-
ficult than learning the potential outcome functions
separately – the plug-in learner performs best, as ex-
pected. The RA-learner performed best when there
is both confounding and a non-trivial treatment ef-
fect (setting (ii)). The PW-learner performed poorly
in general, which is caused by the very low signal-to-
noise ratio and high variance in the associated pseudo-
outcome. While all other learning strategies performed
very well using equivalent architectures, optimizing the
PW-learner would require much stronger regulariza-
tion and less flexibility (smaller networks) than what
we considered here.

To gain further insight to the relative performance of
different learning strategies, we interpolate between
settings (i) and (ii) by gradually increasing the num-

Figure 4: RMSE of different meta-learners by sample
size and across different DGPs. Shaded area indicates
one standard error.

Figure 5: RMSE of different plug-in architectures (left)
and meta-learners (right) by number of predictive fea-
tures at n = 2000. Shaded area indicates one standard
error.

ber of predictive features (features determining τ(x))
at n = 2000 in Fig. 5. We observe that the perfor-
mance of the different S-architectures degrades relative
to TNet as the number of predictive features increases,
which is to be expected as µ0(x) and µ1(x) become less
similar. We also observe that while the performance
gap between TNet and RA-learner remains virtually
constant, the DR-learner loses its advantage as CATE
becomes less sparse.

In Fig. 6 we reconsider setting (i) but with imbalance
in addition to confounding, by gradually changing the
proportion of treated individuals. Comparing the dif-
ferent plug-in architectures, we observe that informa-
tion sharing has a much larger added value when sam-
ples are highly imbalanced. Comparing the different
learners, we observe that the performance gap between
T- and DR-learner is not impacted by the proportion
of treated individuals, but that the RA-learner outper-
forms the T-learner only for moderate to no imbalance.

Finally, we consider how to best combine nuisance es-
timators and two-step learners (Fig. 7). We recon-
sider settings (i) and (ii) where DR- and RA-learner

Figure 6: RMSE of different plug-in architectures (left)
and meta-learners (right) by proportion of treated in-
dividuals in setting (i) at n = 2000. Shaded area indi-
cates one standard error.
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Figure 7: RMSE of different learner-architecture com-
binations by sample size and across different DGPs.
Shaded area indicates one standard error.

performed best, and use SNet-1, which does not esti-
mate π(x), and the more general SNet, which does, as
nuisance estimators. For the RA-learner, we observe
that using SNet, which has better performance on its
own, leads to the best RA-learner and conclude that
in practice the RA-learner should be combined with
an architecture that is expected to best capture the
underlying DGP. For the DR-learner, we note that
strong dependence between π̂(x) and µ̂w(x) leads to
a slower decaying remainder term theoretically, man-
ifesting in poor empirical performance of using SNet
with the DR-learner relative to SNet-1 in smaller sam-
ples. Hence, the DR-learner is best combined with a
nuisance estimator that does not share information be-
tween estimation of π(x) and µw(x).

6.2 Semi-synthetic Benchmark: IHDP

Additionally, we deploy all algorithms on the well-
known IHDP benchmark, based on real covariates with
simulated outcomes. We use an adapted5 version of
the 100 realizations provided by Shalit et al. (2017).
The data-set is small (n = 747, of which 90% are used
in training), imbalanced (19% treated), and there is
only partial overlap (Hill, 2011). While the two po-
tential outcome functions are supported on the same
covariates, their functional forms are different, making
their difference – CATE – the most difficult function to
estimate. A more detailed description of the data-set
can be found in the supplement.

In Table 1, we observe that information sharing in
plug-in learners indeed significantly improves perfor-
mance versus the simple TNet, and that more com-
plex models (SNet-3 & SNet) underperform simpler
models (SNet-1 & 2). Both of these observations are

5We noticed that the scale of CATE varies by orders
of magnitude across different settings in the original data,
making (R)MSE incomparable across runs. As discussed
in the supplement, we rescaled the responses to correct for
this.

Table 1: RMSE of all learners on the adapted IHDP
data-set. Averaged across 100 realizations, standard
error in parentheses.

Model In-Sample Hold-out

TNet 0.761 (0.011) 0.770 (0.013)
SNet-1 0.678 (0.009) 0.689 (0.012)
SNet-2 0.676 (0.009) 0.687 (0.012)
SNet-3 0.683 (0.009) 0.691 (0.011)
SNet 0.729 (0.009) 0.737 (0.011)
RA-Learner + TNet 0.740 (0.010) 0.745 (0.013)
RA-Learner + SNet-2 0.670 (0.009) 0.680 (0.012)
DR-Learner + TNet 0.893 (0.017) 0.902 (0.019)
PW-Learner + TNet 2.250 (0.093) 2.285 (0.094)

not surprising given the small sample size, the high
treatment group imbalance, as well as the fact that
there is no true separation of covariates into differ-
ent adjustment sets in the DGP. Further, we observe
that – with the exception of using the RA-Learner on
top of the best-performing plug-in model – the two-
step learners underperform the plug-in learners on the
IHDP data-set, a direct consequence of the complex-
ity of the simulated τ(x). Further, potentially because
overlap is incomplete in this data-set, the RA-learner
outperforms the DR-learner substantially.

7 CONCLUSION

In this paper we considered meta-learning strategies
for nonparametric CATE estimation, theoretically an-
alyzed their properties, and implemented them using
a range of neural network architectures. We demon-
strated that while the DR-learner is asymptotically
optimal in theory, both the RA-learner and plug-in
learners sharing information between nuisance estima-
tion tasks can outperform it in finite samples. We also
showed that using sophisticated architectures as nui-
sance estimators for two-step learners instead of vanilla
NNs can boost their small sample performance. In ad-
dition, we highlighted that the relative performance of
different learners and architectures depends both on
the underlying DGP and the amount of data at hand,
such that the choice of learner in practice should incor-
porate an expert’s assessment of the most likely DGP.
While we considered only the choice between meta-
learners using the same underlying method through-
out, investigating the optimal choice of ML method –
e.g. NNs versus random forests – would be an inter-
esting next step.
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