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Abstract

Estimating conditional average treatment ef-
fects (CATE) from observational data involves
modeling decisions that differ from super-
vised learning, particularly concerning how
to regularize model complexity. Previous ap-
proaches can be grouped into two primary
“meta-learner” paradigms that impose distinct
inductive biases. Indirect meta-learners first
fit and regularize separate potential outcome
(PO) models and then estimate CATE by
taking their difference, whereas direct meta-
learners construct and directly regularize es-
timators for the CATE function itself. Nei-
ther approach consistently outperforms the
other across all scenarios: indirect learners
perform well when the PO functions are sim-
ple, while direct learners outperform when
the CATE is simpler than individual PO func-
tions. In this paper, we introduce the Hybrid
Learner (H-learner), a novel regularization
strategy that interpolates between the direct
and indirect regularizations depending on the
dataset at hand. The H-learner achieves this
by learning intermediate functions whose dif-
ference closely approximates the CATE with-
out necessarily requiring accurate individual
approximations of the POs themselves. We
demonstrate that intentionally allowing sub-
optimal fits to the POs improves the bias-
variance tradeoff in estimating CATE. Exper-
iments conducted on semi-synthetic and real-
world benchmark datasets illustrate that the
H-learner consistently operates at the Pareto
frontier, effectively combining the strengths of
both direct and indirect meta-learners. Code:
https://github.com/AlaaLab/H-learner
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1 INTRODUCTION

We consider the problem of estimating conditional aver-
age treatment effects (CATE) from observational data
(Johansson et al., 2016; Alaa and Van Der Schaar, 2017;
Shalit et al., 2017; Wager and Athey, 2018; Künzel
et al., 2019; Kennedy, 2020). Let D “ tpXi, Ti, Yiquni“1

denote the observational dataset, where Xi P X is a fea-
ture vector, Ti P t0, 1u is a binary treatment indicator
and Yi P R is the observed outcome of interest. Un-
der the Neyman-Rubin potential outcomes framework
(Neyman, 1923), let Yip1q and Yip0q denote the poten-
tial outcomes (POs) for individual i under treatment
and control, respectively. The fundamental problem
of causal inference is that we only observe one of the
POs for each individual, i.e., Yi “ TiYip1q`p1´TiqYip0q.
We denote µ0pxq “ ErY p0q | X “ xs and µ1pxq “

ErY p1q | X “ xs as the expected POs under control
and treatment. Our goal is to estimate the CATE
function:

τpxq “ ErY p1q ´ Y p0q | X “ xs, (1)

using the dataset D. This estimand is identifiable
from the sample D under the following assumptions:
(1) Consistency: Yi “ Yiptq, (2) Unconfoundedness:
pY p0q, Y p1qq KK T | X, and (3) Positivity: @x P X , 0 ă

πpxq ă 1, where πpxq “ PpT “ 1 | X “ xq is the
propensity score (Rubin, 1974).

Learning the CATE function differs from standard su-
pervised learning in several important ways. As noted
by Curth and van der Schaar (2021), two key distinc-
tions stand out: (1) covariate shift induced by con-
founding, where the feature distributions differ across
treatment and control groups, i.e., PpX | T “ 1q ‰

PpX | T “ 0q, and (2) the inductive biases associated
with the goal of estimating a difference between two
outcome functions, τpxq “ µ1pxq ´ µ0pxq, rather than
the individual POs, which introduces unique consid-
erations in how we design and regularize the models
for µ0pxq, µ1pxq, and τpxq. In this paper, we focus
on the second aspect and propose a new strategy for
regularizing CATE models.

https://github.com/AlaaLab/H-learner
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Figure 1: Impact of inductive biases on CATE estimation. (a) When CATE is simpler than POs, indirect
learners introduce spurious heterogeneity due to independent regularization. (b) When CATE is as complex as
POs, indirect learners perform better by accurately modeling each outcome surface.

To understand how regularization affects learning of
CATE, consider the following illustrative example, with
variants of this example appear in the literature (Künzel
et al., 2019; Kennedy, 2020; Curth and van der Schaar,
2021). We define the POs as:

µ0pxq “ sinpωxq, µ1pxq “ sinpωx ` ∆q ` β. (2)

Here, the control and treatment outcome functions
share the same sinusoidal shape and frequency, and
differ only by a phase shift ∆ and an amplitude shift
β. As a result, both µ0pxq and µ1pxq have comparable
complexity, i.e., both are equally easy—or difficult—to
learn. However, the complexity of the resulting treat-
ment effect function τpxq “ µ1pxq ´ µ0pxq can vary
significantly depending on the values of ∆. We high-
light this by considering the following two scenarios:

‚ Scenario 1: If ∆ “ 0, the phase alignment implies
the treatment effect is constant across all units: τpxq “

µ1pxq ´ µ0pxq “ β,@x P R. In this case, τpxq is much
simpler than either PO, both of which are nonlinear.
This scenario is common in medicine, where prognostic
factors (predicting outcomes) may be complex, while
predictive factors (modulating treatment effects) are
simpler or fewer.

‚ Scenario 2: If ∆ ą 0, the treatment effect becomes
heterogeneous: τpxq “ µ1pxq ´ µ0pxq “ β ` psinpωx `

∆q ´ sinpωxqq. Now, τpxq inherits the full complex-
ity of the POs. Though the individual POs have not
changed in complexity, the induced CATE function is
substantially more complex.

This example illustrates that the intrinsic difficulty in
learning the treatment effect depends not just on the
complexity of the POs, but also on the relationship be-
tween them. As such, choosing how to regularize CATE
estimators requires careful consideration of which func-
tion—outcome or effect—can be better estimated in
the given domain.

Künzel et al. (2019) coined the notion of “meta-learners”
to describe a family of model-agnostic strategies for

learning CATE. Broadly, these strategies fall into
two categories (Curth and van der Schaar, 2021):

Indirect meta-learners use the datasets D0 “

tpXi, Yiq : Ti “ 0u and D1 “ tpXi, Yiq : Ti “ 1u

to obtain intermediate models of the PO functions
pµt, t P t0, 1u, and then set pτpxq “ pµ1pxq ´ pµ0pxq.

Direct meta-learners target the CATE function di-
rectly by constructing a pseudo-outcome Yφ based on
some nuisance parameter φ (e.g., estimates of the
propensity score pπpxq and the POs pµt, t P t0, 1u), and
then fit a model pτpxq for the CATE function using the
constructed dataset tpXi, Yφ,iqu.

Figure 1 shows how direct and indirect learners perform
under both scenarios. In Scenario 1, where the CATE
function is simpler than the PO, the direct learner out-
performs the indirect approach. This is because indirect
learners separately fit and regularize the PO models,
and each model make errors in different regions of the
covariate space. When the two models are subtracted
to estimate the treatment effect, they can compound in
unpredictable ways, introducing spurious heterogeneity
into the CATE function. This phenomenon is known
as “regularization-induced confounding” (Hahn et al.,
2018). Conversely, in Scenario 2, where the CATE
function is as complex as the POs, direct learners tend
to underperform, as the benefit of targeting a simpler
effect function no longer holds. In practice, however, it
is difficult to know in advance which strategy will per-
form better, as their relative performance also depends
on other factors underlying data generation processes
(DGPs), including sample sizes, treatment imbalance,
the degree of confounding and overlap.

To address these limitations, we propose the Hybrid
learner (H-learner), a novel meta-learner regularization
strategy for CATE estimation that generalizes both
direct and indirect meta-learners. Our strategy formu-
lates a proximal indirect learning task, where the model
learns two intermediate functions, f0 and f1, which are
not necessarily optimal estimators of the POs but are
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trained such that their difference accurately approxi-
mates the treatment effect. Regularization is applied
by weighting two competing objectives: encouraging
f0 and f1 to closely approximate the true POs, and
ensuring that their difference f1 ´ f0 aligns with a
pseudo-outcome-based guess of CATE.

In the remainder of the paper, we describe the pro-
posed H-learner regularization strategy and place it
in the context of existing meta-learning paradigms.
Our method is model-agnostic and compatible with a
wide range of machine learning (ML) architectures. In
particular, we make the following contributions:

1. We characterize the performance of meta-learners
by identifying key factors of the underlying DGPs
and explicitly linking them to the inductive biases
introduced by their regularization strategies.

2. We introduce the H-learner as a unified approach
that combines direct and indirect regularization and
theoretically demonstrate that it achieves lower pre-
diction risk by balancing the bias–variance trade-off
inherent in existing meta-learners.

3. We empirically show that the H-learner consistently
achieves state-of-the-art performance, remains ro-
bust across diverse DGP characteristics, and lies on
the Pareto frontier of common benchmarks.

2 META-LEARNERS

In this section, we illustrate representative examples of
indirect and direct meta-learners from the literature,
and discuss the implicit inductive biases and regular-
ization they impose.

2.1 Indirect Meta-learners

Given an observational dataset partitioned by the two
treatment groups, D0 and D1, an indirect meta-learner
estimates the PO models µ0 and µ1 by independently
fitting outcome models on each group by minimizing a
regularized empirical risk of the form:

řn
i“1ℓ

`

Yi, µTi
pXi; θTi

q
˘

` λRpθ0, θ1q, (3)

where ℓ is a supervised loss function (e.g., squared
error), θ0 and θ1 are the parameters of the models
for the control and treatment groups respectively, and
Rp¨q is a regularization term (e.g., ℓ2 norm, shared
representation penalty, or complexity constraint). The
final CATE estimate is then given by the difference
between these plug-in estimates of the PO functions:
pτpxq “ µ1px; pθ1q ´ µ0px; pθ0q.

Several well-known methods fall under the category of
indirect meta-learners. The T-learner fits two separate
models µ0px; θ0q and µ1px; θ1q independently using the

datasets D0 and D1, and estimates CATE as their differ-
ence. Another architecture is the S-learner, which fits a
single model µpx, t; θq by treating the treatment indica-
tor as an additional feature, then estimating CATE by
toggling this feature t, i.e., µpx, 1; pθq´µpx, 0; pθq. Exam-
ples of these models include Bayesian additive regres-
sion trees (BARTs), regression trees and representation-
based methods such as TARNet, which learn a shared
latent representation of the features before fitting sep-
arate heads for each treatment arm (Hill, 2011; Athey
and Imbens, 2016; Shalit et al., 2017).

However, because indirect learners optimize and reg-
ularize µ0 and µ1 independently, their inductive bias
favors simpler functions that best fit D0 and D1. As a
result, taking their difference can yield biased estimates
and implicitly induce spurious treatment effect hetero-
geneity, particularly under DGPs where the CATE func-
tion is simpler than the POs (Hahn et al., 2018, 2020).
This occurs because the models are not regularized
with respect to the difference that defines the CATE,
i.e., τpxq “ µ1pxq ´ µ0pxq. Curth and van der Schaar
(2021) further points out that this inductive bias not
only risks introducing artefactual heterogeneity but also
contradicts how treatment effect heterogeneity should
be approached from a scientific standpoint—where the
default (null) hypothesis is often that treatment effects
are homogeneous (Crump et al., 2008; Ballman, 2015).

2.2 Direct Meta-learners

Direct meta-learners are typically implemented as two-
stage procedures. In the first stage, a nuisance pa-
rameter φ—such as the propensity score or outcome
regression—is estimated and used to construct a pseudo-
outcome Yφ. In the second stage, a single model
is trained to estimate τpxq using the pseudo-labeled
dataset tpXi, Yφ,iqu. The pseudo-outcome is designed
so that it depends only on observables and satisfies, ei-
ther exactly or approximately, the following condition:

ErYφ|X “ xs “ ErY p1q ´ Y p0q|X “ xs, @x P X . (4)

Once the pseudo-outcomes are constructed, the CATE
is estimated via empirical risk minimization:

řn
i“1ℓ

`

Yφ,i, τpXi; θq
˘

` λRpθq, (5)

where ℓ is a loss function and Rpθq is a regularization
applied directly to the CATE function. The general
framework described above captures various methods in
literature, including the X-learner, the Inverse propen-
sity weighted (IPW) learner and the Doubly-robust
(DR) learner (Table 1). When the propensity score
is known, the IPW and DR pseudo-outcomes satisfy
(4) exactly. The regularization strategy underlying di-
rect meta-learners differs fundamentally from that of
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indirect learners: rather than independently regulariz-
ing the PO models, direct learners apply training and
regularization directly to the CATE function.

However, the effectiveness of this approach hinges on
the quality of the pseudo-outcome transformation, i.e.,
how accurately it reflects the CATE function, and it
is largely determined by factors underlying the DGP.
When the CATE surface is higher-dimensional than
the underlying POs, direct learners often yield poorer
estimates as they target a harder function. Imbal-
anced propensities can further worsen pseudo-outcome
constructions—such as those based on inverse propen-
sity—which suffer from high variance and degrade per-
formance (Curth and Van der Schaar, 2021).

Pseudo-outcome

IPW-learner (Horvitz and Thompson, 1952) Yφ “
T´πpXq

πpXqp1´πpXqq
Y

X-learner (Künzel et al., 2019) Yφ “ T pY ´ pµ0pXqq ` p1 ´ T qppµ1pXq ´ Y q

DR-learner (Kennedy, 2020) Yφ “
T´πpXq

πpXqp1´πpXqq
pY ´ pµT pXqq ` pµ1pXq ´ pµ0pXq

Table 1: Direct meta-learners based on pseudo-outcome
regression.

3 HYBRID META-LEARNERS

The key idea behind the proposed H-learner is to train a
pair of models f0, f1 P F , where the CATE is estimated
as their difference, f1pxq ´ f0pxq. However, unlike tra-
ditional indirect learners, which train f0 and f1 solely
to minimize empirical risk with respect to the POs,
the H-learner jointly optimizes these models to balance
both accurate prediction of the POs and the accuracy
of their implied CATE. As a result, the optimal finite-
sample solutions pf0, pf1 P F may not correspond to the
best fits for the POs individually, but may instead favor
a pair whose difference yields a more accurate estimate
of the implied treatment effect function. Similar to
direct meta-learners, the H-learner follows a two-stage
procedure outlined below (Figure 2):

Stage 1: Construct a pseudo-outcome using a subset
of the observational dataset D based on any of the
transformations in Table 1. For instance, the X-learner
pseudo-outcome can be constructed as:

Yφ,i “ TipYi ´ µ̂0pXiqq ` p1 ´ Tiqpµ̂1pXiq ´ Yiq, (6)

where µ̂0 and µ̂1 are initial estimates of the POs for
the control and treatment groups, respectively. These
initial estimates can be obtained through any indirect
learner, e.g., the T-learner described earlier.

Stage 2: Fit two intermediate functions f0, f1 P F by
jointly minimizing the empirical risk of each function
in predicting the observed (factual) outcomes, along
with the empirical risk of their difference in approxi-
mating the pseudo-outcome constructed in Stage 1.

Figure 2: Pictorial depiction of the H-learner.

Formally, the H-learner loss function balances both
POs prediction and treatment effect estimation, and is
given by:

min
f0,f1

řn
i“1 p1 ´ λq ℓpYi, fTi

pXiqq
looooooomooooooon

Indirect component ℓI

` λ
`

pf1pXiq ´ f0pXiqq ´ Yφ,i

˘2

looooooooooooooooomooooooooooooooooon

Direct component ℓD

,
(7)

where 0 ď λ ď 1, and we obtain the final CATE
estimator as τ̂pxq “ f̂1pxq ´ f̂0pxq.

The H-learner loss can be viewed as a regularized ver-
sion of the indirect learning framework, with a regu-
larization term that encourages the difference between
the two intermediate models to align with a pseudo-
outcome. Alternatively, it can be interpreted as a
generalized regularization strategy that interpolates
between direct learners (λ “ 1) and indirect learners
(λ “ 0) while adaptively balancing the influence of
each. In the following sections, we demonstrate that
the optimal value of λ often depends on several fac-
tors of the underlying DGP, but in most cases, lies
strictly within λ P p0, 1q rather than at the boundary
values. This reflects the benefit of leveraging both reg-
ularization strategies rather than relying on either one
alone. Practically, we treat λ as a hyperparameter and
adaptively tune its value by minimizing the validation
loss. Details of this validation procedure are provided
in Appendix A.

The H-learner procedure is compatible with any exist-
ing CATE estimation architecture that provides explicit
estimates of the POs. In our implementation, we use
the TARNet architecture both to estimate the nuisance
components required for constructing pseudo-outcomes
and to fit the intermediate models used to derive the
final CATE estimate as illustrated in Figure 2(a). Fur-
ther implementation details with a pseudo-algorithm
can be found in the Appendix A.
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4 RELATED WORK

4.1 Inconsistent Performance of Indirect and
Direct Learners

The divergence in performance between indirect and
direct learners has been consistently observed across
settings in the literature. In particular, prior work has
shown that no single meta-learner consistently outper-
forms others across all settings (Künzel et al., 2019).
Both theoretical and empirical studies show that their
relative performance varies substantially with the spar-
sity and smoothness of the response surfaces (Curth
and Van der Schaar, 2021). Acharki et al. (2023) ex-
tended the comparison of meta-learners to the non-
binary treatment setting, theoretically highlighting the
bias–variance trade-off in the multi-treatment setting.
These inconsistencies highlight the importance of devel-
oping a more robust approach, as the true DGP is often
unknown in practice, and relying on either method can
result in unreliable performance.

4.2 Regularization Strategies for CATE
Estimations

Several other regularization strategies have been pro-
posed to mitigate “regularization-induced confound-
ing”. Weight regularization penalizes discrepancies
between the weights of the outcome heads to encourage
parameter sharing (Hahn et al., 2018). Reparameteri-
zation implicitly introduces regularization by modeling
µ1pxq “ µ0pxq`τpxq, allowing the treatment effect τpxq

to be predicted directly by one head as an offset from
µ0pxq (Imai and Ratkovic, 2013; Curth and van der
Schaar, 2021). Structural regularization was proposed
with FlexTENet, a specialized neural architecture that
enforces regularization through flexible feature sharing
across layers (Curth and van der Schaar, 2021).

Comparison with H-learner: H-learner formulation
easily reveals the limitations of these regularization
strategies. Penalizing weight differences between f0
and f1, or enforcing shared layers when implement-
ing these functions with neural networks, effectively
reduces the output difference f1pxq ´ f0pxq, which is
equivalent to applying H-learner with Yφ “ 0. This
reveals their key weakness: such regularization im-
poses a strong inductive bias toward scenarios with
small treatment effects. As a result, naively applying
these approaches can degrade performance when this
assumption is violated.

5 THEORETICAL ANALYSIS

In this section, we analyze the statistical properties
of the H-learner. We focus on the linear setup, where

the H-learner admits a closed-form solution. We then
characterize conditions under which H-learner achieves
strictly lower prediction risk than either estimator alone.
Extending to nonlinear function classes does not yield
a tractable closed form, so we defer to experiments
in Section 6 for empirical validation. All proofs are
deferred to Appendix B.

5.1 Closed-Form Solution of the H-Learner in
Linear Models

Throughout this section, we use X P Rnˆd to denote
the covariate matrix and X1 P Rn1ˆd and X0 P Rn0ˆd

denote the submatrices of X corresponding to treated
and control groups. Let τpxq denote the true CATE,
and define θ‹ “ argminθ E

“

pxJθ ´ τpxqq2
‰

as the true
treatment effect parameter in the linear τpxq case, or
the best linear projection of τpxq onto the span of x in
the nonlinear case over the feature space. We denote
by θ̂ind, θ̂dir, and θ̂H the OLS parameter estimates
produced by the indirect learner, direct learner, and
H-learner, respectively. For ease of notation, let G1 “

XJ
1 X1, G0 “ XJ

0 X0, G “ XJX.

Theorem 5.1 (Exact H-learner). Under the linear
setup, the H-learner OLS estimator admits a closed-
form solution given by a matrix-weighted combination
of the indirect and direct OLS estimators.

θ̂H “ pI ´ W qθ̂ind ` Wθ̂dir,

where W “ λA
“

p1´λqI`λA
‰´1

, A :“ pG´1
1 `G´1

0 qG.

Theorem 5.1 shows that the H-learner forms a matrix-
weighted linear combination with a weight that depends
on the regularization parameter λ and the geometry
encoded in the matrix A. When λ “ 0, the H-learner
reduces to the indirect learner, and when λ “ 1, it
equals the direct learner. In general, this weighting
operates in a direction-wise manner across the feature
space. Let tµiu

d
i“1 be the eigenvalues of A. Then

the eigenvalues of W are
!

λµi

p1´λq`λµi

)d

i“1
, which are

strictly increasing in both λ and µi. This highlights
the adaptivity of the H-learner: Under poor overlap or
in unbalanced settings with a small treatment arm, the
eigenvalues of A tend to increase, as the Gram matrix
G1 or G0 corresponding to the smaller treatment group
becomes ill-conditioned. Consequently, the eigenvalues
of W increase, shifting more weight toward the direct
approach, where indirect learners are more susceptible
to bias induced by separate regularization.

We next analyze how this interpolation translates into
improved prediction risk through a bias–variance de-
composition.
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5.2 Bias–Variance Analysis of the H-Learner

Let eind “ θ̂ind ´ θ‹ and edir “ θ̂dir ´ θ‹ denote the
estimation errors of the indirect and direct learners,
respectively. We then define their biases bind “ Ereinds

and bdir “ Eredirs, and their covariance matrices Σind “

Varpeindq, Σdir “ Varpedirq, Σind,dir “ Covpeind, edirq.
The mean squared error (MSE) can be expressed as
MSEind “ Er}eind}22s and MSEdir “ Er}edir}

2
2s.

To facilitate the analysis, we start by focusing on
the scalar path W “ ωI, which leads to closed-
form conditions under which the H-learner outper-
forms both endpoints. Since minW MSEHpW q ď

minωPr0,1s MSEHpωIq, any improvement achieved along
this scalar path provides a sufficient condition, as the
full matrix optimization yields no higher risk and thus
will also improve upon both endpoints.

Assumption 5.2. We assume that the indirect and
direct learners are trained via cross-fitting (e.g., on
independent folds), so that Σind,dir “ 0.

Theorem 5.3 (MSE expansion and optimal weight).
Under Assumptions 5.2, the MSE of the H-learner
estimator is

MSEH “ E
“

∥θ̂H ´ θ‹∥22
‰

“ p1 ´ ωq2 MSEind

` ω2 MSEdir ` 2ωp1 ´ ωqD,

where D “ bJ
indbdir.

The optimal convex weight that minimizes MSEH is

ω˚ “ min

"

1, max

"

0,
MSEind ´ D

MSEind ` MSEdir ´ 2D

**

.

Theorem 5.3 decomposes the H-learner’s MSE into a
weighted sum of the direct and indirect errors together,
and characterizes the optimal weight ω˚. Consequently,
the H-learner strictly outperforms both learners when-
ever 0 ă ω˚ ă 1. We next present two corollaries that
provide sufficient conditions for this to hold.

Corollary 5.4. If bJ
indbdir ă 0, then MSEH ă

mintMSEind, MSEdiru.

Corollary 5.5. If }bind}2 ě }bdir}2 and trpΣdirq ą

bJ
dirpbind ´ bdirq, then MSEH ă mintMSEind, MSEdiru.

Corollary 5.4 shows that when the biases point in
opposite directions, the H-learner benefits from their
cancellation. When they point in the same direction,
Corollary 5.5 makes explicit the bias–variance trade-off
between indirect and direct learners. It implies that
whenever the indirect learner has a larger bias and the
direct learner’s variance is sufficiently large relative to
this bias gap, then the H-learner strictly outperforms
both individual estimators.
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Figure 3: MSE and bias-variance decomposition of H-
learner across convex weight ω. Empirical optimum
ω‹ aligns with the theoretical optimal point. H-learner
with ω‹ achieves lower MSE than either baseline.

We further illustrate this with a 1D example in Figure 3.
The plot shows the MSE of the H-learner as a function
of the convex weight ω, together with its decomposition
into bias and variance. As expected, the indirect learner
exhibits higher bias, while the direct learner suffers
from higher variance. H-learner achieves strictly lower
MSE than either baseline by reducing variance below
both while maintaining a small level of bias.

6 EXPERIMENTS

In this section, we evaluate the performance of H-
learner through semi-synthetic experiments and estab-
lished benchmarks. Section 6.1 outline the datasets and
experimental setup. Section 6.2 highlight the incon-
sistent performance between indirect and direct learn-
ers using custom-designed semi-synthetic setups and
demonstrate the robustness of H-learner. In Section 6.3,
we present results on widely used benchmark datasets,
further highlighting the improved performance of H-
learner over existing baselines.

6.1 Setup

Datasets. We evaluate performance using two widely
adopted benchmark datasets: IHDP and ACIC 2016,
both commonly used in the literature on heterogeneous
treatment effect estimation (Shalit et al., 2017; Alaa
and Van Der Schaar, 2017; Shi et al., 2019; Lee et al.,
2020; Curth and Van der Schaar, 2021). Following prior
work, we use a 63/27/10 train/validation/test split for
both datasets.

IHDP. The IHDP dataset is based on covariates from
the Infant Health and Development Program, a ran-
domized study assessing the effect of specialist home
visits on cognitive outcomes for premature infants (Hill,
2011). Confounding and treatment imbalance are in-
troduced by removing a subset of treated units. The
resulting dataset includes 747 observations with 25
covariates. Following prior work, we evaluate perfor-
mance by averaging over 1,000 realizations from setting
“A” implemented in the NPCI package (Dorie, 2016).
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Figure 4: PEHE results for three semi-synthetic scenarios. In all setups, we observe performance trade-offs
between TARNet (indirect learner) and X-learner (direct learner), while the proposed H-learner consistently
outperforms both counterparts.

ACIC 2016. The ACIC 2016 datasets are derived
from the Collaborative Perinatal Project and were in-
troduced as part of the Atlantic Causal Inference Com-
petition (Dorie et al., 2019). This benchmark provides
a comprehensive evaluation that varies in functional
complexity, confounding, overlap, and treatment ef-
fect heterogeneity. It includes 77 distinct DGPs, with
4,802 observations and 79 covariates. Following (Lee
et al., 2020), we remove rows where the POs below the
1st and above the 99th percentile to eliminate outliers
and evaluate performance by averaging over 5 random
realizations per setting.

Evaluations. We evaluate performance using Preci-
sion in Estimation of Heterogeneous Effect (PEHE)
(Hill, 2011). The PEHE loss is defined as ϵPEHE “
1
n

řn
i“1ppτpxiq ´ τpxiqq2, which corresponds to the mean

squared error in estimating the CATE. We report per-
formance on both in-sample (training and validation)
and out-of-sample (test) data. Note that in-sample
evaluation is non-trivial, as only the factual outcomes
are observed during training, while the true CATE
τpxq is never observed.

6.2 Semi-Synthetic Experiments

Real-world datasets often lead to inconsistent perfor-
mance between direct and indirect learners due to a
mixture of underlying factors. To disentangle these
effects, we design semi-synthetic DGPs that isolate
and examine three key sources of variation: (A) Rel-
ative complexity of POs and CATE, (B) Imbalance
between treated and control units, and (C) Strength
of confounding.

Experiment setup. In all setups, we use covariates
from the IHDP dataset (n “ 747, d “ 25) but design
custom response surfaces as follows.

Let S0 and S1 denote sets of randomly selected features
used to construct µ0pxq and µ1pxq, respectively, and let
S “ S0 Y S1. We then simulate the response surfaces
and the treatment assignment as follows:

Yi “ 2
ř

jPSTi
Xj ` 2

ř

jPSTi
X2

j `
ř

j,kPSTi
XjXk ` εi,

PpTi “ 1 | Xiq “ σ
´

α ¨
ř

jPS βjXj

¯

,

where εi, βj „ N p0, 1q, Ti „ BernoullipPpTi “ 1 | Xiqq,
and σp¨q denotes the sigmoid function.

In Setup A, we vary the relative complexity of
the CATE and PO functions by changing the pro-
portion of shared features between S0 and S1 in
t10%, 30%, 50%, 70%, 90%u, where a greater number
of shared features implies a simpler CATE function.
In Setup B, we vary group imbalance by adjusting
the proportion of treated units in the dataset to
t20%, 30%, 40%, 50%u, where a higher percentage in-
dicates more balanced treatment and control groups.
In Setup C, we introduce varying levels of confound-
ing in the treatment assignment function by adjusting
α P t0, 0.2, 0.4, 0.6, 0.8u, where larger values of α cor-
respond to stronger confounding. All simulations are
averaged over 80 runs, with features in S0 and S1 ran-
domly selected in each run.

Results. Figure 4 presents results from the three
simulated scenarios. We show the performance of the
H-learner using X-learner pseudo-outcomes in its first
stage and compare it against its constituent compo-
nents: the X-learner (direct learner) and TARNet (in-
direct learner). Results using alternative learners are
provided in Appendix C.

Setup A shows the performance trade-off through
the relative complexity of the POs and the CATE. As
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Figure 5: Performance of H-learner across different λ
values for Setup A. Optimal performance is consistently
achieved at intermediate λ values.

the proportion of shared features increases, the PO
functions become more similar, which leads to a simpler
CATE surface. Correspondingly, we observe that the X-
learner only outperforms TARNet when the proportion
of shared features is high, as its constructed pseudo-
outcomes target a simpler function, but underperforms
when the shared feature proportion is low.

Setup B demonstrates the performance trade-off
driven by the treatment–control imbalance. As the
proportion of treated units decreases, the imbalance in
sample sizes between the treatment and control groups
becomes more severe. This imbalance disproportion-
ately affects indirect learners, as their separate outcome
models are trained on increasingly unbalanced samples
and are more susceptible to “regularization-induced
confounding”. Empirically, TARNet performs better
under balanced treatment but underperforms when
only 20% of units receive treatment.

Setup C demonstrates the performance trade-off
driven by the strength of confounding. As the degree
of confounding increases, the feature distributions dif-
fer more significantly across treatment groups. This
poses greater challenges for indirect learners, as their
separate outcome models are trained on increasingly
divergent data distributions and suffer from reduced
sample efficiency. As expected, TARNet performs well
only under weaker confounding, but fails to match the
X-learner when confounding is stronger.

In contrast, across all varying setups, the H-learner
consistently outperforms both its direct and indirect
counterparts by adjusting its inductive bias to better
align with the underlying data, demonstrating robust-
ness by unifying the strengths of both learners.

Table 2: Within-sample and out-of-sample PEHE re-
sults on benchmark datasets IHDP and ACIC 2016.
Entries marked with ‹ indicate statistically significant
improvements over all baselines based on one-sided
paired t-tests.

IHDP ACIC 2016

In-sample
?
ϵPEHE

Out-of-sample
?
ϵPEHE

In-sample
?
ϵPEHE

Out-of-sample
?
ϵPEHE

T-learner 0.97 ˘ .02 1.07 ˘ .03 2.08 ˘ .04 2.19 ˘ .04
TARNet 0.81 ˘ .02 0.93 ˘ .03 1.66 ˘ .03 1.77 ˘ .04

IPW-learner 4.93 ˘ .19 4.95 ˘ .20 2.69 ˘ .07 2.68 ˘ .07
DR-learner 0.98 ˘ .02 1.08 ˘ .02 1.63 ˘ .04 1.75 ˘ .04
X-learner 0.79 ˘ .01 0.91 ˘ .02 1.58 ˘ .03 1.70 ˘ .04

TARNet-WR 1.19 ˘ .03 1.33 ˘ .04 1.89 ˘ .04 1.97 ˘ .04
OffsetNet 2.11 ˘ .08 2.18 ˘ .09 2.10 ˘ .05 2.15 ˘ .05
FlexTENet 1.18 ˘ .03 1.30 ˘ .04 1.81 ˘ .04 1.89 ˘ .04

H-learner (DR) 0.81 ˘ .01 0.91 ˘ .02 1.57 ˘ .03 1.68 ˘ .04
H-learner (X) 0.78 ˘ .01‹ 0.88 ˘ .02‹ 1.56 ˘ .03‹ 1.67 ˘ .04‹

Effect of regularization parameter λ. We further
investigate the performance of H-learner across different
λ values. Figure 5 shows how the test PEHE varies
with λ in Setup A, across different levels of feature
sharing: low (10%), medium (50%), and high (90%).

Results. Figure 5 shows that the optimal value of
λ consistently lies between the two extremes—λ “ 0
(indirect learner) and λ “ 1 (direct learner)—further
highlighting that combining both regularizations yields
better performance than relying on either alone. Across
different levels of feature sharing, the H-learner with
the best-performing λ consistently improves upon the
weaker learner by at least 10% and the stronger learner
by at least 5%. Moreover, the trend in the optimal λ
reflects the inductive bias inherent in the data: as more
features are shared, the underlying CATE function be-
comes simpler and tends to favor direct regularization.
We observe that the H-learner adapts to this inductive
bias by yielding a larger optimal λ as the number of
shared features increases. Similar performance results
in Setups B and C are provided in Appendix C.

6.3 Benchmark Evaluation

Here we present results on the IHDP and ACIC 2016
benchmark datasets, comparing the H-learner with
baseline meta-learners and regularization strategies
from the literature.

Baselines. We consider T-learner and TARNet as
baselines for indirect learners, and X-learner, DR-
learner, and IPW-learner as baselines for direct learners.
Additionally, we include three state-of-the-art regular-
ization strategies: (1) Weight Regularization: TARNet-
WR, a variant of TARNet with an explicit regulariza-
tion that penalizes differences between the weights of
the two output heads (Hahn et al., 2018; Curth and
van der Schaar, 2021). (2) Reparametrization: Off-
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Figure 6: Radar chart of ACIC performance by DGP
characteristics. PEHE is min–max normalized so that
higher values indicate better performance, with 1 de-
noting the best. Only the top method per class is
shown. H-learner performs best across all settings.

setNet, a neural network–based indirect learner that
achieves implicit regularization through the reparam-
eterization µ1pxq “ µ0pxq ` τpxq, enabling direct es-
timation of τpxq as an offset from µ0pxq (Imai and
Ratkovic, 2013; Curth and van der Schaar, 2021). (3)
Structural Regularization: FlexTENet, a neural net-
work architecture that imposes regularization through
flexible feature sharing across layers (Curth and van der
Schaar, 2021).

Results. As shown in Table 2, H-learner outperforms
all other baselines in terms of PEHE on both datasets.
The best results are achieved when H-learner constructs
X-learner pseudo-outcomes in its first stage.

Comparison to direct and indirect learners:
Among indirect learners, TARNet outperforms the
T-learner due to its shared representation and im-
proved sample efficiency. Among direct learners, the
X-learner outperforms both the IPW-learner and DR-
learner, which suffer from higher variance. Notably,
H-learner consistently outperforms both its indirect
and direct counterparts on both datasets when con-
structing pseudo-outcomes from either the DR-learner
or X-learner in the first stage.

Comparison to other regularization strategies:
Note that all other existing regularization strategies
fail to perform well on these benchmarks. As discussed
in Section 4.2, these strategies rely on the assumption
that reparameterization or sharing of weights simpli-
fies the learning problem—an assumption that only
holds when the treatment effect is small. Since the
assumption fails to hold in practical scenarios, using
these strategies can actually harm performance. For
example, TARNet with weight regularization performs
worse than the standard TARNet model. This further

highlights the robustness of H-learner in handling di-
verse data conditions without relying on any structural
assumptions.

Performance breakdown by DGP characteristics:
We further analyze performance on ACIC 2016 by
decomposing results along specific DGP characteristics,
as summarized in Figure 6. The H-learner consistently
achieves the best performance across a wide range
of settings, including variations in response models,
treatment effect heterogeneity, confounding strength,
and covariate overlap. Complete results are provided
in Appendix D.

7 DISCUSSION

Meta-learning approaches remain a prominent strat-
egy for estimating CATE due to their intuitive design
and strong empirical performance. However, achiev-
ing robustness across diverse DGPs requires a deeper
understanding of how different meta-learners encode
inductive biases through their regularization strategies.
Indirect learners regularize models for POs, while direct
learners directly regularize the CATE function by con-
structing pseudo-outcome estimators. These differing
inductive biases make certain strategies more effective
under specific DGPs while failing on others.

H-learner introduces a generalized regularization strat-
egy that interpolates between indirect and direct reg-
ularizations while adaptively tuning the appropriate
strength of each. This adaptivity enables H-learner to
adjust its inductive bias to better match the underlying
structure of the data without requiring prior knowl-
edge of the DGPs. Experiments show that H-learner
effectively overcomes the trade-off between indirect and
direct learners, and achieving robust performance.

H-learner also offers several promising directions for
future extensions. Potential directions include integrat-
ing H-learner with more complex causal models, such
as those involving hidden confounding or multi-level
treatments. Further, our experiments are currently
limited to neural network implementations, extending
H-learner to other ML models is left for future work.
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A Implementations Details

A.1 Pseudo-algorithm of H-learner

Below, we present the pseudo-code for the H-learner.

Algorithm 1: H-learner

Input : D “ tpXi, Ti, Yiqu
n
i“1

Output : pθpxq “ pf1pxq ´ pf0pxq

1 Split D into D1 and D2 ;
2 Stage 1: Pseudo-outcome construction ;
3 Estimate pφ “ ppπ, pµ0, pµ1q using D1 ;
4 Construct Yφ via the options in Table 1 ;
5 Stage 2: Training the H-learner ;
6 Train pf0, pf1 on D2 using the loss in (7) ;
7 return pθpxq “ pf1pxq ´ pf0pxq

A.2 Model Architectures and Training Details

We implement all models following the architecture used in (Shalit et al., 2017). Specifically, the representation
network of H-learner consists of three fully connected layers, each with 200 units and exponential linear unit
(ELU) activations. Each output head comprises two additional dense layers with 100 units, followed by a final
prediction layer. We implement similar architectures for the other meta-learners to ensure a fair comparison.
All models are trained for 1000 epochs using the AdamW optimizer with mini-batches of size 100 and a cosine
annealing learning rate schedule. We perform a grid search over learning rates {0.0001, 0.0005, 0.001}, and
checkpoint achieving the lowest validation loss is used for final evaluation. We detail the validation criteria in the
following section.

While we propose the H-learner with sample splitting using D1 and D2 for first and second stages as is commonly
done in the literature, we found that using the full dataset for both stages often yields better empirical performance,
particularly in small-sample settings. Similar observations have been made in Curth and Van der Schaar (2021),
where sample splitting is then omitted. We therefore do not apply sample splitting and instead train both stages
using the full dataset D. Experiments were conducted on machine with an AMD EPYC 7543 32-Core Processor.

A.3 Hyperparameter Tuning

Hyperparameter tuning in CATE estimation is inherently challenging, as the true CATE is never observed,
making standard supervised validation infeasible. To address this, we impute the unobserved counterfactual
outcome using first-stage estimates µ̂0pxq and µ̂1pxq, and use the following proxy loss on the validation set to
select the best model checkpoint and hyperparameter:

{PEHEpf0, f1q “
1

n

n
ÿ

i“1

rpf1pxiq ´ f0pxiqq ´ ptipyi ´ µ̂0pxiqq ` p1 ´ tiqpµ̂1pxiq ´ yiqqs
2
.

However, the above mechanism cannot be used to select the regularization strength λ, since imputing the
unobserved counterfactual outcomes using first-stage estimates produces X-learner pseudo-outcomes Yφ,i “

TipYi ´ µ̂0pXiqq ` p1 ´ Tiqpµ̂1pXiq ´ Yiq. As a result, when H-learner constructs X-learner pseudo-outcomes in its
first stage, this validation loss will be biased toward favoring no indirect regularization (i.e., λ “ 1).

To address this issue, we instead estimate the POs by training outcome models on the validation set,
yielding µ̌0pXiq and µ̌1pXiq. We then select the value of λ that minimizes the following validation loss:
1
n

řn
i“1 rpf1pxiq ´ f0pxiqq ´ ptipyi ´ µ̌0pxiqq ` p1 ´ tiqpµ̌1pxiq ´ yiqqs

2
. Similar strategies have also been employed

in prior works (Alaa and Van Der Schaar, 2019; Mahajan et al., 2022). We compare the λ chosen by our
validation-based strategy with the ground-truth optimal λ˚ (minimizing test PEHE) in Table 3, showing that the
validation-selected λ closely tracks the optimal value. Note that all validations are performed using the same
validation set as other meta-learners, ensuring H-learner uses the same amount of information for fair comparisons.
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Feature Overlap Ratio λ˚ (Test PEHE) λ (Validation X-score)
0.1 0.49 0.52
0.3 0.54 0.57
0.5 0.57 0.58
0.7 0.57 0.58
0.9 0.67 0.62

Table 3: Comparison between the optimal λ˚ minimizing test PEHE and the λ selected using the X-score on the
validation set in the first synthetic setup of Section 6.2.

B Proof and Additional Theoretical Analysis

B.1 Complete Proof for the H-Learner Solution in Linear Models

Setup. Let X P Rnˆd denote the covariate matrix, T P t0, 1un denote the treatment vector, and Y P Rn denote
the observed outcomes. Let X1 P Rn1ˆd and X0 P Rn0ˆd denote the submatrices of X corresponding to treated
(T “ 1) and control (T “ 0) units, and similarly Y1 P Rn1 and Y0 P Rn0 . Let Yϕ P Rn be the pseudo-outcomes.
For ease of notation, let G1 “ XJ

1 X1, G0 “ XJ
0 X0, G “ XJX, S1 “ XJ

1 Y1, S0 “ XJ
0 Y0, Sϕ “ XJYϕ.

Indirect and direct estimators. The indirect learner fits separate linear models to both groups:

θ̂
p1q

ind “ pXJ
1 X1q´1XJ

1 Y1 “ G´1
1 S1, θ̂

p0q

ind “ pXJ
0 X0q´1XJ

0 Y0 “ G´1
0 S0, θ̂ind “ θ̂

p1q

ind ´ θ̂
p0q

ind

The direct estimator from the pseudo-outcome regression is

θ̂dir “ pXJXq´1XJYϕ “ G´1Sϕ

H-learner. We study the H-learner setup by modeling f1 and f0 as linear models with parameters θ1, θ0 P Rd:

f1pxq “ θJ
1 x, f0pxq “ θJ

0 x, f1pxq ´ f0pxq “ pθ1 ´ θ0qJx “ θ̂J
Hx

We minimize the H-learner objective

Lpθ1, θ0q “ p1 ´ λq
`

}Y1 ´ X1θ1}22 ` }Y0 ´ X0θ0}22

˘

` λ }Xpθ1 ´ θ0q ´ Yϕ}22

Taking gradients and setting to zero yields

BL

Bθ1
“ ´2p1 ´ λqXJ

1 pY1 ´ X1θ1q ` 2λXJpXpθ1 ´ θ0q ´ Yϕq “ 0

BL

Bθ0
“ ´2p1 ´ λqXJ

0 pY0 ´ X0θ0q ´ 2λXJpXpθ1 ´ θ0q ´ Yϕq “ 0

Rearrange:

p1 ´ λqG1θ1 ` λGpθ1 ´ θ0q “ p1 ´ λqS1 ` λSϕ (1)

p1 ´ λqG0θ0 ´ λGpθ1 ´ θ0q “ p1 ´ λqS0 ´ λSϕ (2)

Multiply (1) by G´1
1 and (2) by G´1

0 :

p1 ´ λqθ1 ` λG´1
1 Gpθ1 ´ θ0q “ p1 ´ λqG´1

1 S1 ` λG´1
1 Sϕ,

p1 ´ λqθ0 ´ λG´1
0 Gpθ1 ´ θ0q “ p1 ´ λqG´1

0 S0 ´ λG´1
0 Sϕ

Subtract the second from the first:

“

p1 ´ λqI ` λpG´1
1 ` G´1

0 qG
‰

pθ1 ´ θ0q “ p1 ´ λqpG´1
1 S1 ´ G´1

0 S0q ` λpG´1
1 ` G´1

0 qSϕ



Hybrid Meta-learners for Estimating Heterogeneous Treatment Effects

Then
“

p1 ´ λqI ` λA
‰

θ̂H “ p1 ´ λqθ̂ind ` λAθ̂dir, where A “ pG´1
1 ` G´1

0 qG

Hence,

θ̂H “
“

p1 ´ λqI ` λA
‰´1“

p1 ´ λqθ̂ind ` λAθ̂dir
‰

“ p1 ´ λq
“

p1 ´ λqI ` λA
‰´1

θ̂ind ` λA
“

p1 ´ λqI ` λA
‰´1

θ̂dir

Therefore,

θ̂H “ pI ´ W qθ̂ind ` Wθ̂dir, W “ λA
“

p1 ´ λqI ` λA
‰´1

B.2 Bias–Variance Analysis of the H-Learner Estimator

B.2.1 Equivalence Between Parameter-Space MSE and CATE Prediction Error

Assumption (Isotropy). Throughout this analysis, we assume the covariates are isotropic, i.e.,

ΣX :“ ErXXJs “ cId, for some constant c ą 0.

Case 1: When the true CATE function is linear τpxq “ xJθ‹, then for any estimator θ̂, the CATE prediction
error is

E
“

pτ̂pXq ´ τpXqq2
‰

“ E
”

pXJθ̂ ´ XJθ‹q2
ı

“ E
”

pXJpθ̂ ´ θ‹qq2
ı

“ pθ̂ ´ θ‹qJ ErXXJs pθ̂ ´ θ‹q “ pθ̂ ´ θ‹qJ ΣX pθ̂ ´ θ‹q (3)

Under isotropy, ΣX “ cId, so (3) becomes

E
“

pτ̂pXq ´ τpXqq2
‰

“ c }θ̂ ´ θ‹}22.

Therefore, comparing CATE error is equivalent (up to the constant) to comparing their parameter-space errors:

E
“

pτ̂pXq ´ τpXqq2
‰

9 E
”

}θ̂ ´ θ‹}22

ı

Case 2: When the true CATE function τpxq is not linear, let

θ‹ :“ argmin
θ

E
“

pxJθ ´ τpxqq2
‰

be its best linear projection. Then for any estimator θ̂,

E
“

pxJθ̂ ´ τpxqq2
‰

“ E
“

pxJθ‹ ´ τpxqq2
‰

` E
“

pxJθ̂ ´ xJθ‹q2
‰

“ E
“

pxJθ‹ ´ τpxqq2
‰

loooooooooomoooooooooon

approximation error (independent of θ̂)

` cE
“

}θ̂ ´ θ‹}22

‰

.

Therefore, even in the nonlinear case, all estimator comparisons can be carried out entirely in parameter space
via E}θ̂ ´ θ‹}22. Hence, in the following sections, we compare estimators through their parameter-space MSE.

B.2.2 Mean Squared Error Decomposition for the H-Learner

Let eind “ θ̂ind ´ θ‹, edir “ θ̂dir ´ θ‹ denote the estimation errors of the indirect and direct estimators, denote the
estimation errors of the indirect and direct estimators, where θ‹ P Rd is the true treatment-effect parameter in
the linear CATE case, or the best linear projection as defined above in the nonlinear case.

Define their biases and covariances as

bind “ Ereinds, bdir “ Eredirs, Σind “ Varpeindq, Σdir “ Varpedirq
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Then their mean squared errors can be written as

MSEind “ E
“

}θ̂ind ´ θ‹}22

‰

“ }bind}2 ` trpΣindq, MSEdir “ E
“

}θ̂dir ´ θ‹}22

‰

“ }bdir}
2 ` trpΣdirq

H-learner. We begin by analyzing the MSE along the scalar path W “ ωI, under which θ̂H forms a convex
combination of the indirect and direct OLS estimators: θ̂H “ p1 ´ ωq θ̂ind ` ω θ̂dir.

We then compute the bias of the H-learner.

bH “ Erθ̂H ´ θ‹s

“ E
”

p1 ´ ωq θ̂ind ` ω θ̂dir ´ θ‹
ı

“ p1 ´ ωq bind ` ω bdir.

Variance of the H-learner:

Varpθ̂Hq “ Var
`

p1 ´ ωq θ̂ind ` ω θ̂dir
˘

“ p1 ´ ωq2 Varpθ̂indq ` ω2 Varpθ̂dirq ` 2ωp1 ´ ωq Covpθ̂ind, θ̂dirq.

Therefore, the MSE of the H-learner is:

MSEH “ E
”

›

›θ̂H ´ θ‹
›

›

2

2

ı

“ }bH}22 ` tr
`

Varpθ̂Hq
˘

“
›

›p1 ´ ωq bind ` ω bdir
›

›

2

2
` tr

´

p1 ´ ωq2Σind ` ω2Σdir ` 2ωp1 ´ ωqΣind,dir

¯

“ p1 ´ ωq2
`

}bind}22 ` trpΣindq
˘

` ω2
`

}bdir}
2
2 ` trpΣdirq

˘

` 2ωp1 ´ ωq
`

bJ
indbdir ` trpΣind,dirq

˘

“ p1 ´ ωq2 MSEind ` ω2 MSEdir ` 2ωp1 ´ ωqD,

where D “ bJ
indbdir ` tr

`

Σind,dir

˘

, Σind,dir “ Covpθ̂ind, θ̂dirq

B.2.3 When Does the H-Learner Strictly Improve MSE?

We now analyze conditions that the optimal convex combination θ̂H “ p1´ωq θ̂ind `ω θ̂dir achieve strictly smaller
MSE than either endpoint (ω “ 0 or ω “ 1).

From the quadratic form of the H-learner MSE, the optimal weight is

ω‹ “
MSEind ´ D

MSEind ` MSEdir ´ 2D
,

The H-learner strictly improves on both endpoints if and only if ω‹ P p0, 1q, which holds when

D ă mintMSEind, MSEdiru (4)

Now we prove Corollary 5.4 and 5.5:

Under the assumption of cross-fitting, Σind,dir “ Covpθ̂ind, θ̂dirq “ 0, D “ bJ
indbdir.

• Case 1: If bJ
indbdir ă 0, then D ă 0 ď mintMSEind,MSEdiru, so condition (4) holds.

• Case 2: If }bind}2 ě }bdir}2 and Varpθ̂indq “ trpΣdirq ą bJ
dirpbind ´ bdirq. Then

D “ bJ
indbdir ď }bind}2 }bdir}2 ď }bind}22 ă }bind}22 ` trpΣindq “ MSEind

D “ bJ
indbdir ă bJ

dirbdir ` trpΣdirq “ MSEdir

Therefore D ă mintMSEind,MSEdiru, so condition (4) holds.

Since minW MSEHpW q ď minωPr0,1s MSEHpωIq, the conditions derived above along this scalar path provide a
sufficient guarantee: whenever the scalar path admits an interior minimizer, the full matrix optimization achieves
no higher risk and therefore strictly improves upon both endpoints.
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C Additional Semi-Synthetic Experiment Results

In the main paper, we present results from the semi-synthetic experiment evaluating the H-learner (X). Here, we
provide additional results for the H-learner (DR), comparing it against its counterparts: the DR-learner (direct
learner) and TARNet (indirect learner). We follow the same experimental setup detailed in Section 6.2 and fix
the proportion of shared features at 90% in Setups B and C to better observe the performance trade-offs. The
results are summarized in Figure 7.

Results. Setup A demonstrates the performance trade-off through the relative complexity of the POs and the
CATE. As the proportion of shared features increases, the CATE becomes simpler. Correspondingly, we observe
that the DR-learner only outperforms TARNet when the proportion of shared features is high but underperform
when the shared feature proportion is low. Setup B demonstrates the performance trade-off driven by the data
imbalance between treated and control populations. As the proportion of treated units decreases, the imbalance in
sample sizes between the treatment and control groups becomes more severe. This affects the DR-learner, as its
pseudo-outcomes depend on inverse propensity scores that exhibit high variance. Empirically, DR-learner performs
better under balanced treatment assignment but underperforms when only 10% of units receive treatment. Setup
C demonstrates the trade-off associated with the strength of confounding. As confounding increases and feature
distributions diverge more significantly, the DR-learner performs worse due to exacerbated variance in its inverse
propensity pseudo-outcomes. In contrast, the H-learner is more robust across these settings and performs better.
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Figure 7: PEHE results for three semi-synthetic scenarios. The H-learner is more robust across these settings and
outperforms both learners in most cases.

Effect of regularization parameter λ. Lastly, we add additional results by expanding Figure 5 to include
all three experimental setups. Figure 8 presents the H-learner’s performance across different values of the
regularization strength λ for each setup. Note that λ “ 0 corresponds to the indirect learner, and λ “ 1 to
the direct learner. Depending on the levels of feature sharing, treatment proportion, and confounding, either
λ “ 0 or λ “ 1 may perform better. However, the optimal value of λ consistently falls between the two extremes,
demonstrating the strength of the H-learner in leveraging both types of regularization. Across different setups,
the H-learner consistently outperforms both the direct and indirect learners.

D Additional Results on ACIC 2016

The ACIC 2016 benchmark datasets were introduced as part of the Atlantic Causal Inference Competition (Dorie
et al., 2019) and offer a comprehensive testbed for evaluating causal inference methods. The benchmark includes
77 distinct DGPs that vary in the complexity of the response surface, the degree of confounding, covariate overlap,
and treatment effect heterogeneity. While the main paper reports results averaged over all DGPs, here we provide
aggregated results for specific settings.

Results. We present the results in Tables 4, 5, 6, and 7. The H-learner consistently achieves state-of-the-
art performance across various response models, levels of heterogeneity, confounding, and overlap. The best
performance is obtained when constructing the X-learner pseudo-outcome in the first stage. We also observe that
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Figure 8: Performance of the H-learner across different λ values for all three setups. Note that λ “ 0 corresponds
to the indirect learner (TARNet), and λ “ 1 to the direct learner (X-learner). The H-learner consistently
outperforms both learners across all three setups.

using the DR-learner pseudo-outcome yields competitive performance under settings with low confounding or low
heterogeneity. This aligns with expectations, as the DR pseudo-outcome estimator tends to suffer less from high
variance in such scenarios.

Table 4: Performance on the ACIC 2016 benchmark dataset across different response models.

Response Model Linear Exponential Step

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

T-learner 1.51 ˘ .09 1.56 ˘ .11 2.05 ˘ .05 2.19 ˘ .05 2.23 ˘ .06 2.30 ˘ .06
TARNet 1.01 ˘ .06 1.03 ˘ .07 1.73 ˘ .05 1.86 ˘ .05 1.70 ˘ .05 1.79 ˘ .06

IPW-learner 1.83 ˘ .17 1.84 ˘ .18 3.13 ˘ .10 3.13 ˘ .10 2.31 ˘ .09 2.30 ˘ .08
DR-learner 1.00 ˘ .07 1.03 ˘ .09 1.75 ˘ .05 1.90 ˘ .06 1.60 ˘ .06 1.69 ˘ .06
X-learner 0.96 ˘ .07 0.96 ˘ .07 1.69 ˘ .05 1.84 ˘ .05 1.58 ˘ .05 1.67 ˘ .06

TARNet-WR 1.32 ˘ .09 1.35 ˘ .11 2.02 ˘ .06 2.12 ˘ .06 1.82 ˘ .06 1.89 ˘ .06
OffsetNet 1.37 ˘ .12 1.38 ˘ .12 2.30 ˘ .07 2.37 ˘ .07 1.99 ˘ .07 2.03 ˘ .08
FlexTENet 1.19 ˘ .10 1.23 ˘ .12 1.94 ˘ .06 2.04 ˘ .06 1.76 ˘ .06 1.83 ˘ .07

H-learner (DR) 0.96 ˘ .07 1.00 ˘ .09 1.67 ˘ .05 1.79 ˘ .05 1.57 ˘ .06 1.66 ˘ .06
H-learner (X) 0.98 ˘ .07 1.00 ˘ .08 1.65 ˘ .04 1.78 ˘ .05 1.56 ˘ .06 1.65 ˘ .06

Table 5: Performance on the ACIC 2016 benchmark dataset across different heterogeneity levels.

Heterogeneity Level Low High

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

T-learner 1.99 ˘ .05 2.06 ˘ .06 2.16 ˘ .05 2.30 ˘ .06
TARNet 1.56 ˘ .05 1.65 ˘ .05 1.77 ˘ .05 1.90 ˘ .05

IPW-learner 2.47 ˘ .11 2.45 ˘ .10 2.95 ˘ .08 2.97 ˘ .09
DR-learner 1.51 ˘ .05 1.61 ˘ .06 1.77 ˘ .05 1.90 ˘ .06
X-learner 1.48 ˘ .05 1.57 ˘ .05 1.71 ˘ .05 1.85 ˘ .05

TARNet-WR 1.75 ˘ .06 1.82 ˘ .06 2.04 ˘ .06 2.13 ˘ .06
OffsetNet 1.91 ˘ .07 1.96 ˘ .07 2.31 ˘ .06 2.37 ˘ .07
FlexTENet 1.65 ˘ .06 1.72 ˘ .06 1.97 ˘ .06 2.08 ˘ .06

H-learner (DR) 1.45 ˘ .05 1.53 ˘ .05 1.71 ˘ .05 1.83 ˘ .05
H-learner (X) 1.45 ˘ .05 1.53 ˘ .05 1.69 ˘ .05 1.82 ˘ .05
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Table 6: Performance on the ACIC 2016 benchmark dataset across different confounding levels.

Confounding Level Low High

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

T-learner 2.09 ˘ .05 2.19 ˘ .06 2.08 ˘ .05 2.20 ˘ .06
TARNet 1.64 ˘ .05 1.75 ˘ .06 1.69 ˘ .05 1.79 ˘ .05

IPW-learner 2.62 ˘ .10 2.59 ˘ .10 2.75 ˘ .10 2.76 ˘ .10
DR-learner 1.61 ˘ .05 1.72 ˘ .06 1.66 ˘ .05 1.77 ˘ .06
X-learner 1.57 ˘ .05 1.68 ˘ .06 1.61 ˘ .05 1.72 ˘ .06

TARNet-WR 1.88 ˘ .06 1.96 ˘ .06 1.91 ˘ .06 1.99 ˘ .06
OffsetNet 2.05 ˘ .07 2.11 ˘ .07 2.15 ˘ .07 2.20 ˘ .08
FlexTENet 1.79 ˘ .06 1.88 ˘ .07 1.83 ˘ .06 1.92 ˘ .06

H-learner (DR) 1.55 ˘ .05 1.65 ˘ .06 1.60 ˘ .05 1.70 ˘ .06
H-learner (X) 1.55 ˘ .05 1.66 ˘ .06 1.58 ˘ .05 1.68 ˘ .05

Table 7: Performance on the ACIC 2016 benchmark dataset across different overlap levels.

Overlap Level Full Penalize

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

In-sample
?
εPEHE

Out-of-sample
?
εPEHE

T-learner 2.09 ˘ .05 2.21 ˘ .06 2.07 ˘ .05 2.17 ˘ .05
TARNet 1.66 ˘ .05 1.78 ˘ .06 1.66 ˘ .05 1.76 ˘ .05

IPW-learner 2.73 ˘ .10 2.76 ˘ .10 2.65 ˘ .09 2.63 ˘ .09
DR-learner 1.63 ˘ .05 1.76 ˘ .06 1.64 ˘ .05 1.74 ˘ .06
X-learner 1.58 ˘ .05 1.71 ˘ .06 1.59 ˘ .05 1.69 ˘ .05

TARNet-WR 1.92 ˘ .06 2.01 ˘ .07 1.86 ˘ .05 1.94 ˘ .06
OffsetNet 2.17 ˘ .07 2.23 ˘ .08 2.05 ˘ .06 2.09 ˘ .07
FlexTENet 1.85 ˘ .06 1.94 ˘ .07 1.78 ˘ .05 1.86 ˘ .06

H-learner (DR) 1.57 ˘ .05 1.68 ˘ .06 1.58 ˘ .05 1.67 ˘ .05
H-learner (X) 1.55 ˘ .05 1.66 ˘ .06 1.57 ˘ .05 1.67 ˘ .06
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