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Introduction: Estimation of individualized causal quantities 

Why is this 
important?

● Estimating conditional average potential outcomes (CAPOs) and conditional average 
treatment effect (CATE) from observational data is one of the core challenges in causal ML

● Existing end-to-end representation learning methods 
○ work well in practice (based on numerous semi-synthetic benchmarks) 
○ but lack asymptotic optimality

● Two-stage Neyman-orthogonal learners 
○ offer such asymptotic optimality (e.g., quasi-oracle efficiency/double robustness) 
○ but do not explicitly benefit from representation learning

4
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Introduction: Estimation of individualized causal quantities 

Problem 
formulation: 
CAPOs & 
CATE 
estimation

Given i.i.d. observational dataset    with                        
- covariates
- binary treatments 
- continuous (factual) outcomes 

we aim to estimate covariate-level 
causal quantities:
● conditional average potential 

outcomes (CAPOs): 

● conditional average treatment effect 
(CATE):

However, we never observe both 
potential (counterfactual) outcomes!
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Introduction: Research gap – Our contributions

● We are the first to unify representation learning methods and Neyman-orthogonal learners 
into a joint framework of orthogonal representation learners (OR-learners)

● At the same time, we provide answers to two main research questions (RQ 1 & RQ 2):  
Our 
contributions

Research 
gap

● From a representation learning perspective:
○ multiple works simply suggested specific representation learning models 
○ they often apply a balancing constraint as a tool to reduce estimation variance
○ yet, they do not (explicitly) offer assymptic optimality properties 

● From a perspective of Neyman-orthogonal learners:
○ no rigorous study on structural assumptions and the usage of representation 

learning for CAPOs/CATE estimation  (only for APOs/ATE (Schulte et al., 20251))

1) Rickmer Schulte, David Rügamer, and Thomas Nagler. Adjustment for confounding using pre-trained representations. In International Conference on Machine Learning, 2025. 

https://arxiv.org/abs/2506.14329
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CAPOs/CATE estimation: Assumptions
● Potential outcomes framework (Neyman-Rubin):

1. Consistency.  If  is a treatment for some patient, then
2. Strong overlap.  There is always a non-zero probability of receiving
 treatment, conditioning on the covariates:
3. Unconfoundedness. Current treatment is independent of the 
potential outcome, conditioning on the covariates:

●  Under assumptions (1) - (3) CAPOs/CATE are identifiable as

where   is an expected covariate-level outcome 

Identifiability 
assumptions

Estimability 
assumptions

● To consistently estimate causal quantities, we assume that:
○ Covariate space is compact
○ Ground-truth causal quantities (CATE/CAPOs) and nuisance functions (expected 

covariate-level outcome & propensity score) are s-Hölder smooth (for s > 0) with the 
corresponding Hölder norms

The causal diagram of 
a DGP that satisfies 
Assumptions (1) - (3) 
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● To consistently estimate causal quantities, we assume that:
○ Covariate space is compact
○ Ground-truth causal quantities (CATE/CAPOs) and nuisance functions (expected 

covariate-level outcome & propensity score) are s-Hölder smooth (for s > 0) with the 
corresponding Hölder norms

The causal diagram of 
a DGP that satisfies 
Assumptions (1) - (3) 

All the partial derivatives up to ⌊s⌋
exist and ⌊s⌋-th partial derivatives 

are Hölder, namely: 

with 

(i) Upper-bound on all the partial derivatives < ⌊s⌋
+ (ii) Hölder semi-norm for ⌊s⌋-th partial derivatives
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CAPOs/CATE estimation: Existing approaches
● End-to-end representation learning aim to minimize a factual MSE:

where Ф(.) is a representation subnetwork and hA(.) is an outcome subnetwork

● Often, balancing constraint is enforced to reduce the estimation variance: 

where the last term is a distributional distance:

● However, as discovered in (Melnychuk et al., 2024)1, non-ivertible representations can 
induce confounding bias (RICB):

● Numerous specific neural models were proposed for CAPOs/CATE estimation 

Existing 
approaches: 
Representa-
tion learning 
methods

Original causal 
diagram Transformed causal 

diagram

1) Valentyn Melnychuk, Dennis Frauen, and Stefan Feuerriegel. Bounds on representation-induced confounding bias for treatment effect estimation. In International Conference on Learning Representations, 2024. 

https://arxiv.org/abs/2311.11321
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CAPOs/CATE estimation: Existing approaches

● Meta-learners for CAPOs/CATE estimation are model-agnostic methods that proceed in 
two stages: (i) nuisance functions estimation and (ii) target model fit

● They aim to minimize a weighted MSE in a target model class 

where χx(.) is a causal quantity (CAPOs/CATE)

● Neyman-orthogonal learners use debiased MSE (so that the gradient of the MSE wrt. g(.) is 
first-order insensitive to the nuisance functions):

where φ(.) is a pseudo-outcome (matches to a causal quantity in expectation)

● They possess quasi-oracle efficiency and (often) double-robustness:

● By choosing different weight functions, we can reduce the variance of estimation (yet, 
when MSE is regularized, we might add bias)

Existing 
approaches: 
Neyman-
orthogonal 
learners
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Finite-sample second-stage error
Second-order remainder

Empirical minimizer

Best in-class projection
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OR-learners: Unified framework 

Unified 
framework 

● To answer RQ 1 & RQ 2, we propose a unified framework of (i) representation learning 
methods and (ii) Neyman-orthogonal learners, called orthogonal representation 
learners (OR-learners)

● OR-learners combine “best of both worlds”: (i) representation learning capabilities and 
(ii) favorable asymptotic properties of Neyman-orthogonality

● They proceed in three stages: 
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RQ1: Error bounds under smoothness – Heterogeneity trade-off 

RQ 1: Error 
bounds 
under 
smoothness

● Under Hölder smoothness, the following error bound holds assymptotically for 
non-parametric models (e.g. local polynomial regression (Kennedy, 20231)): 

where is the best projection,       - Hölder smooth with Hölder norm     , and 
 is a second-order remainder that depends on the smoothness of nuisance 

functions  
● Similar error bounds can be found for neural networks (Schulte et al., 20252)

● While the   term is irreducible, we can reduce the first term by choosing different V:  
○ V = X: no asymptotic bias between and ground truth CAPOs/CATE, but the first 

term is the largest
○ V = ∅: first term becomes a parametric rate (1/n), but we lose all the heterogeneity 

of CAPOs/CATE (= asymptotic bias) 

1) Edward H. Kennedy. Towards optimal doubly robust estimation of heterogeneous causal effects. Electronic Journal of Statistics, 17(2):3008–3049, 2023.
2) Rickmer Schulte, David Rügamer, and Thomas Nagler. Adjustment for confounding using pre-trained representations. In International Conference on Machine Learning, 2025. 

RQ 1: 
Heterogeneity 
trade-off

https://arxiv.org/abs/2004.14497
https://arxiv.org/abs/2506.14329
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RQ1: Low-dimensional manifold hypothesis 

RQ 1: Low-
dimensional 
manifold 
hypothesis

● To resolve the heterogeneity trade-off (= bias-variance trade-off for a target model), we 
assume a low-dimensional manifold hypothesis:

Assumption 1 (informal). (i) CAPOs/CATE are supported on a 
low-dimensional, compact, smooth manifold (representation space) 

   such that 
and (ii) there exists a sufficiently smooth (at least once differentaible) pullback 
map 
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RQ1: Theoretical results 

RQ 1: 
Theoretical 
results

● Under Assumption 1, the following holds:

● Can we learn the ideal representation from Assumption 1 in practice?

● Hence, the outputs of hidden 
layers can serve as substitutes 
for the ideal representation from 
Assumption 1 (= OR-learners)

Proposition 1 (informal). Under Assumption 1 and when       is a contractive 
map, representation-level CAPOs/CATE are easier to learn:

Proposition 2 (informal). Under mild conditions on the representation network 
trained with the factual MSE      , there exists a hidden layer 
where the regression target becomes smoother
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RQ 1: 
Theoretical 
results

● Under Assumption 1, the following holds:

● Can we learn the ideal representation from Assumption 1 in practice?

● Hence, the outputs of hidden 
layers can serve as substitutes 
for the ideal representation from 
Assumption 1 (= OR-learners)

Proposition 1 (informal). Under Assumption 1 and when       is a contractive 
map, representation-level CAPOs/CATE are easier to learn:

Proposition 2 (informal). Under mild conditions on the representation network 
trained with the factual MSE      , there exists a hidden layer 
where the regression target becomes smoother

Empirically, we saw that using middle layers is the best trade-off 
between (a) full re-training of the representation by a target model 

and (b) using only outputs that contain plug-in bias
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RQ1: Empirical results 

RQ 1: 
Empirical 
results

● In a numerous (semi-)synthetic benchmarks, our OR-learners with V = Ф(X) achieve the 
best performance when the low-dimensional manifold hypothesis holds (compared to 
standard Neyman-orthogonal learners and other variants):

ACIC 2016 datasets collection

HC-MNIST dataset
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RQ2: Balancing constraint & representation-induced bias 

RQ 2: 
Balancing 
constraint & 
representa-
tion-induced 
bias

● As mentioned previously, balancing constraint can induce an asymptotic bias 
(representation induced confounding bias, RICB), when applied to the existing 
representation learning methods:

● The RICB can be circumvented with:
○ invertibility of representations (yet, this compromises the main purpose of 

low-dimensional representations) 
○ by using our OR-learners (as we do not put any constraints while estimating the 

nuisance functions)
○ by enfocing balancing constraint for the target model only (an example of 

overlap-adaptive regularization (Melnychuk et al., 20261))

1) Valentyn Melnychuk, Dennis Frauen, Jonas Schweisthal, and Stefan Feuerriegel. Overlap-Adaptive Regularization for Conditional Average Treatment Effect Estimation. In International Conference on Learning 
Representations, 2026. 

https://arxiv.org/abs/2509.24962
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RQ2: Theoretical results 

RQ 2: 
Theoretical 
results

● However, in general, balancing constraint can be inherently detrimental!

● For both to work together, the balancing constraint requires an inductive bias: the 
low-overlap regions of the covariate space coincide with the low CAPOs/CATE 
heterogeneity (e.g., instrumental variables) 

● In general, balancing cannot recover the lack of Neyman-orthogonality and is 
asymptotically detrimental

Proposition 3 (informal). Under (relatively) mild conditions, factual MSE 
minimization makes the representation an expanding map (= 
Lipschitz constant >= 1)

Proposition 4 (informal). Balancing constraints (i.e., Wasserstein distance & 
maximum mean discrepancy) force the representation to be a contractive 
map (Lipschitz constant <= 1)
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RQ2: Empirical results 

RQ 2: 
Empirical 
results

Invertible representation network
w/o balancing

Invertible representation network
w/ balancing
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RQ2: Empirical results 

RQ 2: 
Empirical 
results

Balancing is detrimental (in blue):
● majority of the datasets

Balancing constraint is beneficial (in blue): 
● when the inductive bias is present
● only in low-sample regime
● hyperparameter α needs to be tuned 
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Takeaways
Given that there is no nuisance-free way to do 
CATE/CAPOs model selection based solely on the 
observational data, we showed that:

RQ 1: Given the low-dimensional manifold 
assumption, one can simplify the task of 
CAPOs/CATE estimation and use the proposed 
framework of OR-learners

RQ 2: We advise against the balancing 
constraint, unless one can assume the underlying 
inductive bias and uses it correctly (so that it does 
not induce a confounding bias)

ArXiv: arxiv.org/abs/2502.04274    

See you at the 
Poster session 3, # 171    

http://arxiv.org/abs/2502.04274
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RQ1: Conclusion 

RQ 1: 
Conclusion
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RQ2: Conclusion 

RQ 2: 
Empirical 
results


