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Abstract

Estimating heterogeneous treatment effects (HTEs) is crucial for personalized
decision-making. However, this task is challenging in survival analysis, which
includes time-to-event data with censored outcomes (e.g., due to study dropout).
In this paper, we propose a toolbox of orthogonal survival learners to estimate
HTEs from time-to-event data under censoring. Our learners have three main
advantages: (i) we show that learners from our toolbox are guaranteed to be
orthogonal and thus robust with respect to nuisance estimation errors; (ii) our
toolbox allows for incorporating a custom weighting function, which can lead to
robustness against different types of low overlap, and (iii) our learners are model-
agnostic (i.e., they can be combined with arbitrary machine learning models). We
instantiate the learners from our toolbox using several weighting functions and,
as a result, propose various neural orthogonal survival learners. Some of these
coincide with existing survival learners (including survival versions of the DR- and
R-learner), while others are novel and further robust w.r.t. low overlap regimes
specific to the survival setting (i.e., survival overlap and censoring overlap). We
then empirically verify the effectiveness of our learners for HTE estimation in
different low-overlap regimes through numerical experiments. In sum, we provide
practitioners with a large toolbox of learners that can be used for randomized and
observational studies with censored time-to-event data.

1 Introduction

Estimating heterogeneous treatment effects (HTEs) is crucial in personalized medicine [10, 15]. HTEs
quantify the causal effect of a treatment on an outcome (e.g., survival), conditional on individual
patient characteristics (e.g., age, gender, prior diseases). This enables clinicians to make individualized
treatment decisions aimed at improving patient outcomes. For example, knowing the HTE of an
anticancer drug on patient survival can inform treatment decisions that are tailored to a patient’s
unique medical history, thereby maximizing the probability of survival.

A common setting in medicine is survival analysis [26, 51]. Survival analysis is aimed at modeling
medical outcomes, particularly in cancer care, where the dataset involves time-to-event data [54].
That is, the outcome of interest is a time to an event that we are interested in maximizing. For
example, in cancer care, a treatment should maximize the time until death or tumor progression [24,
43]. Hence, this requires tailored methods for HTE estimation from time-to-event data.

The fundamental problem that distinguishes survival analysis from standard causal inference is
censoring [47]. Censoring refers to the phenomenon that some individuals may not have experienced
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the event (e.g., death, recovery) by the end of the study period (also called right-censoring). For
example, older patients may be more likely to drop out of medical studies [35]. Censoring thus
requires custom methods to allow for unbiased causal inference. For example, if we simply remove
censored individuals from the data, the remaining population may be younger on average, which may
lead to biased treatment effect estimates (if the treatment effect is, e.g., different for older patients).
As a result, standard methods for HTE estimation (e.g., [23, 33, 46]) are biased when used for
censored time-to-event data.

In comparison to uncensored data, estimating HTEs from censored time-to-event data is thus subject
to three additional main challenges: 1 Complex confounding: Confounders might not only affect
treatment and outcome, but also the event and censoring times. Thus, properly adjusting for these
confounders is necessary to obtain valid treatment effect estimates. 2 Estimation complexity:
Methods that adjust for confounding under censoring require estimating additional nuisance functions
over multiple time steps, such as hazard functions. 3 Different types of overlap: A necessary
requirement for estimating HTEs is sufficient treatment overlap, i.e., that every individual has a
positive probability of receiving or not receiving the treatment [e.g., 8, 32]. However, under censoring,
additional overlap conditions are required, which we refer to as censoring overlap and survival
overlap. For example, every individual must have a nonzero probability of being uncensored (i.e.,
experiencing the event).

Existing methods have limitations because of which they cannot deal with all the above challenges. For
example, for uncensored data, state-of-the-art methods for estimating HTEs are Neyman-orthogonal
meta-learners (such as the DR- and the R-learner) [e.g., 23, 33, 46]. These have been extended to
the survival setting to address challenges 1 and 2 from above, particularly via survival versions of
the DR- and R-learners [7, 52]. However, these learners lack the ability to address challenge 3 of
different types of overlap and, as a result, exhibit a large variance under low censoring or survival
overlap (e.g., if certain individuals almost never experience the event).

In this paper, we address the above limitations by proposing a novel, general toolbox with Neyman-
orthogonal meta-learners for estimating HTEs from censored time-to-event data. Our proposed
meta-learners address the challenges from above as follows: 1 they use orthogonal censoring
adjustments, which enable unbiased and robust estimation under both confounding and censoring;
2 they are model-agnostic in the sense that they can be instantiated with any machine learning

method (e.g., neural networks) to effectively learn nuisance functions; 3 In contrast to existing
survival learners, they effectively overcome the difficulty of treatment effect estimation in the presence
of lack of any of the three overlap types through targeted re-weighting of the orthogonal losses.

Our contributions2 are: (1) We propose a novel toolbox with orthogonal learners for estimating
HTEs from time-to-event data. Our toolbox allows the specification of a custom weighting function
for robust estimation under low treatment-, survival-, and/or censoring overlap. We also provide
several extensions of our toolbox to different settings (continuous time, marginalized effects, different
causal estimands, and unobserved ties) in our Appendix. (2) We provide theoretical guarantees that
learners constructed within our framework are orthogonal and that our learners provide meaningful
HTE estimates, regardless of the chosen weighting function. (3) We instantiate our toolbox for
several weighting functions and obtain various novel orthogonal survival learners. These learners are
model-agnostic and can be used in combination with arbitrary machine learning models (e.g., neural
networks).

2 Related work

Table 1: Overview of key orthogonal learners whether
they can adjust for censoring / different types of overlap.

Learner Censoring Treat. overlap Cens. overlap Surv. overlap

DR-learner [46, 23] ✗ ✗ ✗ ✗
R-learner [33] ✗ ✓ ✗ ✗

Survival-DR-Learner [32, 52] ✓ ✗ ✗ ✗
Survival-R-Learner [52] ✓ ✓ ✗ ✗

Ours ✓ ✓ ✓ ✓

Below, we review key works aimed at or-
thogonal learning for HTEs, especially for
censored data. We provide an extended
literature review in Appendix A.

Orthogonal learning of HTEs from un-
censored data. Several meta-learners for
HTE estimation have been introduced in
the literature, particularly for conditional

2Code available at https://github.com/m-schroder/OrthoSurvLearners.
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average treatment effects [e.g., 9, 28]. Among them, the DR-learner [23, 46] and the R-learner [33]
are often regarded as state-of-the-art because these are orthogonal, meaning they are based upon
semiparametric efficiency theory [3, 48] and robust with respect to nuisance estimation errors [5].
Furthermore, orthogonality typically implies other favorable theoretical properties, such as quasi-
oracle efficiency and doubly robust convergence rates [11]. Recently, [32] showed that the R-learner
can be interpreted as an overlap-weighted version of the DR-learner, thus addressing instabilities and
high variance in low treatment-overlap scenarios.

Orthogonal learners have also been proposed for other causal quantities, such as the conditional
average treatment effect on the treated [29], instrumental variable settings [12, 44], HTEs over time
[13], partial identification bounds [34, 41], or uncertainty quantification of treatment effect estimates
[1]. However, none of these learners are tailored to time-to-event data, and, hence, they are biased
under censoring.

Model-based learning of HTEs from censored data. There is some literature for estimating
HTEs from time-to-event data that has focused on model-based learners, i.e., learners based on
specific machine learning models [18]. Examples include tree-based learners [e.g., 7, 16, 45, 54] or
neural-network-based learners [8, 21, 40]. Note that these learners are neither model-agnostic (i.e.,
cannot be used with arbitrary machine learning models) nor orthogonal. Furthermore, model-based
learners typically estimate the target HTE via a plug-in fashion and thus suffer from so-called plug-in
bias [22]. In contrast, (model-agnostic) orthogonal learners remove plug-in bias by fitting a second
model based on a Neyman-orthogonal second-stage loss. Nevertheless, model-based learners can be
combined with model-agnostic orthogonal learners for the first stage (nuisance estimation).

Orthogonal learning of HTEs from censored data. Few works have proposed (orthogonal) meta-
learners tailored to censored time-to-event data. Xu et al. [53] introduce an adaptation of existing
learners to time-to-event data based on inverse probability of censoring weighting [27, 47]. However,
the proposed learner is only applicable to experimental data from randomized controlled trials and is
sensitive to overlap violations. Gao et al. [14] propose orthogonal learners based on exponential family
and Cox models, but not neural networks. Xu et al. [52] develop censoring unbiased transformations
for survival outcomes; i.e., to convert time-to-event outcomes to standard continuous outcomes,
which can then be combined with existing orthogonal learners for estimating HTEs in the standard
setting. However, the corresponding survival versions of the DR-learner and R-learner are not robust
against survival or censoring overlap violations.

Research gap: So far, existing orthogonal survival learners fail to account for different types of
overlap violations (see Table 1). To the best of our knowledge, we are thus the first to provide a
general toolbox that includes custom weighting functions to ensure robustness against different types
of overlap violations (such as survival or censoring overlap violations).

3 Problem setup

Figure 1: Causal graph for
censored time-to-event data.
Yellow variables are observed
while blue variables are unob-
served. Intuitively, our goal is
to recover the red arrow from
A to T based on the observed
variables.

Data: We consider the standard setting for estimating HTEs from
time-to-event data [8, 7]. That is, we consider a population
(X,A, T,C) ∼ P, where X ∈ X ⊆ Rp are observed covariates,
A ∈ {0, 1} is a binary treatment, T ∈ T event time of interest (e.g.,
death of the patient), and C ∈ T is the censoring time at which
the patient drops out of the study. To ease notation, we assume a
discrete-time setting T = {0, . . . , tmax} throughout the main part
of this paper. However, all our findings can be easily extended
to continuous time, and we provide the corresponding results in
Appendix E.

The challenge of time-to-event data is that we cannot collect data
from the full population (X,A, T,C). Instead, we only observe a
dataset D = {(xi, ai, t̃i, δSi , δGi )ni=1} of size n ∈ N sampled i.i.d.
from the populationZ = (X,A, T̃ ,∆S ,∆G), where T̃ = min{T,C}, the indicator ∆S = 1(T ≤ C)
equals one when the event of interest (e.g., death/recovery) is observed, and ∆G = 1(T ≥ C) equals
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one in the censoring case (study dropout).3 In other words, for every patient, we know only the time
T̃ and whether the patient experienced the main event or censoring. A causal graph is shown in Fig. 1.

Key definitions: We define the (conditional) survival functions St(x, a) = P(T > t | X = x,A = a)
and Gt(x, a) = P(C > t | X = x,A = a) of the main event and of the censoring event, respectively.
We further define the hazard functions λSt (x, a) = P(T̃ = t,∆S = 1 | T̃ ≥ t,X = x,A = a)

and λGt (x, a) = P(T̃ = t,∆G = 1 | T̃ ≥ t,X = x,A = a) of the main event of interest and
censoring, respectively. The survival hazard function λSt (x, a) denotes the probability that a patient
with covariates x and treatment a experiences the main event (e.g., death) at time t, given survival
up to time t. Analogously, the censoring hazard function denotes the probability that the same
patient drops out at time t, given no prior dropout. Finally, we define the propensity score as
π(x) = P(A = 1 | X = x), which represents the treatment assignment mechanism based on X = x.

Causal estimand: We use the potential outcomes framework [39] to formalize our causal inference
problem. Let T (a) ∈ T denote the potential event time corresponding to a treatment intervention
A = a. We are interested in the causal estimand

τt(x) = P(T (1) > t | X = x)− P(T (0) > t | X = x) (1)

for some fixed t ∈ T . The estimand τt(x) is the difference in survival probability up to time t
for a patient with covariates x. We also provide extensions of all our results to conditional means
τ̄(x) = E[T (1) − T (0) | X = x] as well as treatment-specific quantities such as µt(x, a) =
P(T (a) > t | X = x) and µ̄(x, a) = E[T (a) | X = x] in Appendix F.

Identifiability: We impose the following assumptions to ensure the identifiability of τt(x).

Assumption 3.1 (Standard causal inference assumptions). For all a ∈ {0, 1} and x ∈ X it holds:
(i) consistency: T (a) = T whenever A = a; (ii) treatment overlap: 0 < π(x) < 1 whenever
P(X = x) > 0; and (iii) ignorability: A ⊥ T (1), T (0) | X = x.

Assumption 3.2 (Survival-specific assumptions). For all a ∈ {0, 1} and x ∈ X with P(X = x,A =
a) > 0 it holds: (i) censoring overlap: Gt−1(x, a) > 0; (ii) survival overlap: St−1(x, a) > 0; and
(iii) non-informative censoring: T ⊥ C | X = x,A = a.

Assumption 3.1 is standard in causal inference [19, 36, 48] and ensures that there is (i) no interference
between individuals, (ii) we have sufficient observed treatments for all covariate values, and (iii) there
are no unobserved confounders that can bias our estimation. Assumption 3.2 is commonly imposed
for survival analysis [4, 50] and ensures that we have sufficient non-censored and surviving individuals
for each covariate value and that the censoring mechanism is independent of a patient’s survival time
(given covariates and treatments). Under Assumptions 3.1 and 3.2, we can identify τt(x) via

τt(x) = St(x, 1)− St(x, 0) =

t∏
i=0

(1− λSi (x, 1))−
t∏

i=0

(1− λSi (x, 0)) (2)

We provide a proof in Appendix H. Note that the hazard functions λSi (x, a) only depend on the
observed population Z = (X,A, T̃ ,∆S ,∆G) and can therefore be estimated from the data D.

Challenges in survival analysis: In classical causal inference, a major challenge is covariate shift,
meaning a strong correlation of observed confounders with the treatment [42]. For example, specific
patients may almost always receive treatments, while others almost never receive treatment. This
leads to the problem of low overlap, i.e., an extreme propensity score π(x), and thus a lack of data
for specific patients with certain covariate values.

In survival analysis, the censoring mechanism adds two additional sources of data scarcity: (i) if
Gt−1(x, a) is small, certain patients have a low probability of being uncensored beyond time t,
implying a lack of uncensored observations (low censoring overlap). Similarly, if St−1(x, a) is
small, most patients experience the main event before time t, leaving few data to estimate the hazard
function λSt (low survival overlap). Existing learners for estimating HTEs from time-to-event data
have not yet addressed challenges due to additional types of low overlap. In the following section, we
provide a remedy to these challenges by proposing a general orthogonal learning framework that can
incorporate custom weighting functions to address the different types of low overlap.

3Related works often set ∆G = 1−∆S , thus excluding ties (see Appendix G).
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4 Background on orthogonal learning

Why plug-in learners are problematic: A straightforward method to obtain an estimator is the
so-called plugin-learner. Here, we first obtain estimates of the survival hazards λ̂Si (x, a). We discuss
methods for this in Appendix C. Then, we can obtain an estimator of our causal quantity of interest
via τ̂t(x) = Ŝt(x, 1)− Ŝt(x, 0), where Ŝt(x, a) =

∏t
i=0(1− λ̂Si (x, a)). That is, the approach is to

“plug-in” the estimated hazards into the identification formula from Eq. (2). However, it is well known
in the literature that such plug-in approaches lead to so-called “plug-in bias” and, thus, suboptimal
estimation [22]. For details, we refer to Appendix B.

Why we develop two-stage learners: As a remedy to plug-in bias, current state-of-the-art methods
for HTE estimation are built upon two-stage estimation: First, so-called nuisance functions ηt are
estimated, which are components of the data-generating process that we will define later. Then, a
second-stage learner is trained via

τ̂t(x) = argmin
g∈G

L(g, η̂t), (3)

where L(g, η̂t) is some second-stage loss that depends on the estimated nuisance functions η̂t. Two-
stage learners come with two main advantages: (i) they allow to estimate the causal estimand directly,
thus increasing statistical efficiency; and (ii) they allow to choose a model class G of the causal
estimand. For example, τ̂t(x) can be directly regularized, or interpretable models such as decision
trees can be used.

The benefit of orthogonal loss functions: The current state-of-the-art for designing second-stage
loss functions are so-called (Neyman-)orthogonal loss functions [5]. Formally, a second-stage loss
L(g, ηt) is orthogonal if

DηtDgL(g, ηt)[ĝ − g, η̂t − ηt] = 0, (4)
for any ĝ and η̂t, where Dηt

and Dg denote directional derivatives [11]. Informally, orthogonality
implies the gradient of the loss w.r.t. g is insensitive to small estimation errors in the nuisance
functions. This robustness w.r.t. nuisance errors often enables favorable theoretical properties of
orthogonal learners, such as quasi-oracle convergence rates [11, 33].

In the following, we carefully derive orthogonal losses for the survival setting, which are currently
missing in the literature. As a result, our learners allows us to address not only a lack of data due to
treatment overlap issues but also due to low censoring overlap and survival overlap.

5 A general toolbox for obtaining orthogonal survival learners

In this section, we provide our general recipe and theory for constructing orthogonal survival learners
that can be used for estimating HTEs from time-to-event data. We propose concrete learners that
retarget for different overlap types in Sec. 6.

Nuisance estimation

Propensity score Survival hazards Censoring hazards

... ...

Weighting function for retarged loss

No retargeting Treatment overlap Censoring overlap
...

Orthogonal learning

Figure 2: Overview of the three steps of our toolbox.

Overview: Our toolbox for orthogo-
nal survival learning proceeds in three
steps: 1 We fit nuisance models that
estimate the nuisance functions ηt.
2 We select a weighting function and

a corresponding weighted target loss
that addresses a certain type of overlap
violation. 3 We obtain an orthogo-
nalized version of the weighted target
loss that we use to fit an orthogonal
second-stage learner. An overview of
our toolbox is shown in Fig. 2. In
contrast to existing work, our step 2

addresses overlap violations beyond
treatment overlap within our orthogo-
nal learning framework.

1 Nuisance estimation. In step 1, we estimate the relevant nuisance functions for the survival
setting. These include the propensity score π(X), as well as the survival and censoring hazards
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λSt (x, a) and λGt (x, a) for each time point up to t. Formally, we define:

ηt(X) =
(
π(X),

(
λSi (X, 1), λ

S
i (X, 0), λ

G
i (X, 1), λ

G
i (X, 0)

)t
i=0

)
(5)

Each of these nuisance functions can be estimated from the data using arbitrary machine learning
methods. Details for estimating these functions are provided in Appendix C.

2 Weighted target loss. Once nuisance estimators η̂t(X) are obtained, the second step is to
define a target loss that incorporates a weighting function designed to address overlap violations.
Specifically, we consider a positive weighting function f(η̃t(X)) > 0 that depends on η̃t(X) =
(π(X), St−1(X, 1), St−1(X, 0), Gt−1(X, 1), Gt−1(X, 0)) (i.e., the propensity score, the survival
and censoring functions at time t− 1). The corresponding weighted target loss is defined as

L̄f (g, ηt) =
1

E[f(η̃t(X))]
E
[
f(η̃t(X)) (τt(X)− g(X))

2
]
. (6)

The weighted target loss represents the population loss that we aim to minimize. Note that the
minimizer of L̄f (g, ηt) over a function class G coincides with our target quantity τt(X) whenever
τt(X) ∈ G, i.e., whenever our second-stage model class G is sufficiently complex. This holds no
matter what weighting function we use as long as we ensure that f(η̃t(X)) > 0.

Intuition for the weighting function. The weighting function f(η̃t(X)) > 0 allows us to retarget our
loss towards a more favorable population. For example, by choosing f(η̃t(X)) = π(X)(1− π(X)),
we downweight samples with low treatment overlap, and thus retarget to the population with large
treatment overlap. This allows us to prioritize estimation accuracy in regions with larger treatment
overlap. Similar retargeting has been used in [20] for policy learning and in [32] for CATE estimation
from uncensored data. Yet, to the best of our knowledge, we are the first to explicitly use retargeting
for orthogonal HTE estimation from time-to-event data.

Weighting can be compared to clipping, i.e., removing observations with extreme weights from model
training. Advantages of weighting over clipping include: (1) there is no need for choosing a cutoff
value, which is otherwise often done heuristically, and (2) the weighting term is considered in the
orthogonal objective we propose later, which makes the learner more robust to estimation errors in
the weighting function. Clipping on the other hand can be insensitive to errors in, e.g., the propensity
score.

How to choose the weighting function? The different types of overlap can be estimated from the data
at hand by estimating π, St−1, and Gt−1. Based on the estimated overlap types practitioners are able
to choose a weighting function that addresses the specific overlap challenges of their setting at hand.
We discuss the specific weighting functions and, thus, corresponding learners in Sec. 6.

3 Orthogonal second-stage loss. In the final step 3, we obtain a Neyman-orthogonal version of our
weighted target loss that we use for the second-stage regression. Here, we follow a similar approach
as in [32], who derived weighted orthogonal learners for CATE estimation but from uncensored data.

How to choose such an orthogonal loss? First, we define a corresponding averaged weighted estimand
as θt,f = E[f(η̃t(X))τt(X)]/E[f(η̃t(X))]. A natural candidate for an orthogonal loss is based on
the so-called efficient influence function (EIF) ϕt,f (Z, ηt) of the parameter θt,f (see Appendix B for
a more detailed background on EIFs). Further, a well-known result from semiparametric estimation
theory states that the EIF satisfies the property Dηt

ϕt,f (Z, ηt)[η̂t − ηt], i.e., its directional derivatives
w.r.t. the nuisance functions are zero [5, 47]. Hence, it remains to find a loss whose directional
derivative w.r.t. g equals to the EIF. By deriving the EIF of θt,f , we obtain the following main
result. We denote ∂f

∂π as the partial derivative of the function f(π, . . . ) with respect to its (functional)
argument π, and use analogous notation for derivatives w.r.t. Gt−1 and St−1.
Theorem 5.1. We define the (population) loss function

Lf (g, ηt) =
1

E[f(η̃t(X))]
E
[
ρ(Z, ηt) (φ(Z, ηt)− g(X))2

]
, (7)

where

ρ(Z, ηt) = f(η̃t(X)) +
∂f

∂π
(η̃t(X))(A− π(X)) (8)

−
(

A

π(X)
+

1−A

1− π(X)

)(
∂f(η̃t(X))

∂St−1(·, A)
St−1(X,A)ξS(Z, ηt−1) +

∂f(η̃t(X))

∂Gt−1(·, A)
Gt−1(X,A)ξG(Z, ηt−1)

)
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and
φ(Z, ηt) = St(X, 1)− St(X, 0)− (A− π(X))ξS(Z, ηt)St(X,A)f(η̃t(X))

π(X)(1− π(X))ρ(Z, ηt)
(9)

with

ξS(Z, ηt) =
t∑

i=0

1(T̃ = i,∆S = 1) − 1(T̃ ≥ i)λS
i (X,A)

Si(X,A)Gi−1(X,A)
, ξG(Z, ηt−1) =

t−1∑
i=0

1(T̃ = i,∆G = 1) − 1(T̃ ≥ i)λG
i (X,A)

Si−1(X,A)Gi(X,A)
,

(10)

and where we used the convention S−1(x, a) = G−1(x, a) = 1. Then, Lf (g, ηt) is orthogonal with
respect to the nuisance functions ηt.

Proof. See Appendix H. Therein, we calculate the functional derivatives according to Eq. (4).

Theorem 5.1 shows that the loss Lf (g, ηt) is orthogonal for any choice of weighting function f and
thus robust with respect to estimation errors in the nuisance functions. Of note, orthogonality implies
beneficial convergence rates, as shown in [11] for general orthogonal and convex losses. It remains to
show that minimizing Lf (g, ηt) actually leads to a meaningful estimator, i.e., we actually obtained
an orthogonalized version of our weighted target loss.
Theorem 5.2. Let g∗f = argming∈G Lf (g, ηt) be the minimizer of the orthogonal loss from Eq. (7)
over a class of functions G. Then, g∗f also minimizes the weighted target loss

g∗f = argmin
g∈G

1

E[f(η̃t(X))]
E
[
f(η̃t(X)) (τt(X)− g(X))2

]
. (11)

Hence, g∗f = τt for any weighting function f as long as τt ∈ G.

Proof. See Appendix H.

Theorem 5.2 implies that minimizing the orthogonal loss Lf (g, ηt) indeed leads to a consistent
estimator of the causal estimand of interest no matter what weighting function f we choose (assuming
the model class G is large enough to contain the ground-truth causal estimand and the nuisance
functions are estimated sufficiently well). As a result, Theorem 5.1 and Theorem 5.2 imply together
that the loss Lf (g, ηt) is exactly what we wanted to derive: an orthogonalized version of our weighted
target loss. It can be readily used as a second-stage loss for obtaining the causal target parameter by
minimizing its corresponding empirical version with estimated nuisance functions from step 1, i.e.,

τ̂t(x) = argmin
g∈G

1∑n
i=1 f(

ˆ̃ηt(xi))

n∑
i=1

ρ(zi, η̂t) (φ(zi, η̂t)− g(xi))
2 . (12)

6 Orthogonal survival learners

We now explicitly instantiate our toolbox for specific weighting functions and write down the
corresponding survival learners we obtain. We show that our toolbox both encompasses existing
learners as special cases (Survival-DR- and Survival-R-learner), but also leads to novel learners that
address overlap types specific to the survival setting. We use the letters T/C/S in typewriter font to
refer to survival learners addressing specific variants of overlap. We use ∅ to refer to a learner that
does not address any type of overlap.

∅-learner (no weighting; also known as Survival DR-learner [32, 52]): Here, no weighting is used
in the target loss from Eq. (6), i.e., f(η̃t(X)) = 1. As a consequence, it holds that ρ(Z, ηt) = 1, and
the orthogonal loss becomes

LDR(g, ηt) = E

[(
St(X, 1)− St(X, 0) +

(A− π(X))

π(X)(1− π(X))
(Y (ηt)− St(X,A))− g(X)

)2
]

(13)

using the transformed outcome Y (ηt) = St(X,A)(1− ξS(Z, ηt)). The drawback of the (Survival)-
DR-learner is that it is sensitive to all types of low overlap as it includes divisions by π(X), 1−π(X),
Si(X,A), and Gi(X,A). If one of these quantities is small, the DR-loss becomes unstable, and the
learner will exhibit high variance.
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T-learner4 (treatment overlap; also known as Survival R-learner) [52]: To address treatment
overlap, we choose f(η̃t(X)) = π(X)(1− π(X)). In other words, individuals with small treatment
overlap will be down-weighted in the weighted target loss. By noting that ρ(Z, ηt) = (A− π(X))2,
the orthogonal loss becomes

LR(g, ηt) = E
[(

Ỹ (ηt)− Ã(ηt)g(X)
)2]

, (14)

with transformed variables Ã(ηt) = A− π(X) and Ỹ (ηt) = Y (ηt)− St(X) with St(X) = P(S >
t | X) = π(X)St(X, 1) + (1− π(X))St(X, 0), as proposed in [52]. Compared to the DR-learner,
the R-learner does not divide by π(X) or 1 − π(X) and is thus less sensitive w.r.t. small or large
propensities (low treatment overlap). However, the R-learner still divides by St(X,A), andGt(X,A),
and is thus sensitive w.r.t. low censoring or survival overlap.

C-learner (censoring overlap): To address low censoring overlap, we can choose the weighting
function f(η̃t(X)) = Gt−1(X, 1)Gt−1(X, 0), which down-weights patients who have a large treated
or untreated censoring probability before time t. In other words, if, for a patient with covariates X ,
either the treated or untreated probability to remain in the study until the time t of interest is small,
the patient will be down-weighted in the target loss. This type of weighting results in

ρ(Z, ηt) = Gt−1(X, 1)Gt−1(X, 0)

(
1−

(
A

π(X)
+

1−A

1− π(X)

)
ξG(Z, ηt−1)

)
, (15)

φ(Z, η) = St(X, 1)− St(X, 0)−
(A− π(X))ξS(Z, ηt)St(X,A)

π(X)(1− π(X))
(
1−

(
A

π(X) +
1−A

1−π(X)

)
ξG(Z, ηt−1)

) .
Both the multiplication by Gt−1(X, 1)Gt−1(X, 0) in Eq. (15) and the division by ξG(Z, ηt−1) below
downweight possible extreme loss values induced by low censoring overlap via division by Gi(X,A)
in ξG(Z, ηt−1). However, in contrast to the R-learner, divisions by propensities π(X) still occur in
the loss (sensitivity to treatment overlap).

S-learner (survival overlap): Analogously to censoring overlap, we can also weight for survival
overlap via f(η̃t(X)) = St−1(X, 1)St−1(X, 0). That is, we down-weight patients who have a low
treated or untreated survival probability beyond time t− 1. This results in weighting results in

ρ(Z, ηt) = St−1(X, 1)St−1(X, 0)

(
1−

(
A

π(X)
+

1−A

1− π(X)

)
ξS(Z, ηt−1)

)
, (16)

φ(Z, η) = St(X, 1)− St(X, 0)−
(A− π(X))ξS(Z, ηt)St(X,A)

π(X)(1− π(X))
(
1−

(
A

π(X) +
1−A

1−π(X)

)
ξS(Z, ηt−1)

) ,
which is less sensitive to divisions by Si(X,A) as compared to the DR-learner loss.

Combined overlap types: It is also possible to arbitrarily combine weighting to accom-
modate different overlap types simultaneously. This results in the following learners:

• T+C-learner (treatment-censoring overlap): f(η̃t(X)) = π(X)(1− π(X))Gt−1(X, 1)Gt−1(X, 0);

• T+S-learner (treatment-survival overlap): f(η̃t(X)) = π(X)(1− π(X))St−1(X, 1)St−1(X, 0);

• C+S-learner (censoring-survival overlap): f(η̃t(X)) = St−1(X, 1)St−1(X, 0)Gt−1(X, 1)Gt−1(X, 0);

• T+C+S-learner (all): f(η̃t(X)) = π(X)(1− π(X))St−1(X, 1)St−1(X, 0)Gt−1(X, 1)Gt−1(X, 0).

Choice of learner/ weighting function. The choice of weighting function depends on the type(s) of
overlap we would like our learner to be robust for (similar to choosing between DR- and R-learner
in standard causal inference). In practice, we recommend using the estimated nuisance functions to
inspect overlap (e.g., by visualizing the propensity score, censoring, and survival functions).

7 Experiments
We follow best-practice in causal inference literature (e.g., [8, 13]) and perform experiments using
synthetic and real-world data to demonstrate the effectiveness of our toolbox to different types

4We denote the Survival-R-learner as T-learner to make the connection to the different weighting schemes
explicit.
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No violation Propensity Censoring Survival

∅ 1.86 ± 0.75 4.56 ± 2.75 3.41 ± 2.54 2.70 ± 1.63
T 1.86 ± 0.72 3.94 ± 1.90 3.37 ± 2.52 2.66 ± 1.59
C 1.93 ± 0.82 5.02 ± 2.99 1.91 ± 0.64 3.07 ± 1.70
S 1.99 ± 0.85 5.11 ± 3.09 2.92 ± 2.33 2.72 ± 1.60
T+C 1.95 ± 0.82 4.19 ± 2.20 1.87 ± 0.60 3.02 ± 1.67
T+S 2.02 ± 0.85 4.30 ± 2.28 2.97 ± 2.40 2.74 ± 1.56
C+S 2.10 ± 0.90 5.91 ± 3.58 1.90 ± 0.76 2.83 ± 1.63
T+C+S 2.01 ± 0.88 4.65 ± 2.41 1.86 ± 0.58 2.73 ± 1.45

Table 2: PEHE in Scenario 1: Mean and stan-
dard deviation of PEHE averaged over the first
time steps across 10 runs. Targeted learners per
setting (column) in gray background. ⇒ Overall,
targeted weighting improves performance.

No violation Propensity Censoring Survival

∅ 1.64 ± 0.19 1.01 ± 0.31 0.61 ± 0.15 4.54 ± 0.36
T 1.12 ± 0.41 0.65 ± 0.18 0.75 ± 0.23 6.77 ± 1.08
C 1.91 ± 0.46 0.98 ± 0.27 0.60 ± 0.14 4.82 ± 0.46
S 2.16 ± 0.65 0.87 ± 0.34 0.60 ± 0.21 4.56 ± 0.70
T+C 1.40 ± 0.29 0.65 ± 0.18 0.74 ± 0.23 4.52 ± 0.60
T+S 3.55 ± 1.13 0.56 ± 0.14 0.71 ± 0.19 9.23 ± 1.27
C+S 2.71 ± 0.70 0.86 ± 0.31 0.57 ± 0.18 5.38 ± 0.57
T+C+S 1.35 ± 0.32 0.56 ± 0.13 0.70 ± 0.18 4.55 ± 0.69

Table 3: PEHE in Scenario 2: Mean and stan-
dard deviation over all assessed time steps across
10 runs. Targeted learners per setting in gray
background. ⇒ Again, targeted weighting gener-
ally improves performance.

of overlap violations. We instantiate all models with the same neural network architectures and
hyperparameters. This allows us to assess the effect of our proposed weighting scheme, as differences
in performance can be merely attributed to the different orthogonal loss functions for training the
second-stage model. Implementation details are in Appendix I.

Synthetic data. Data generation: We consider two different data generation mechanisms:
• Scenario 1 considers a one-dimensional confounder and sigmoid propensity and hazard func-
tions across five time steps. • Scenario 2 follows [8] by generating 10-dimensional multivariate
normal confounders with correlations across 30 time steps. From each scenario, we generate multiple
different datasets, in which we introduce propensity, censoring, or survival overlap violations or a
combination of them. All datasets consist of 30,000 samples. For details, see Appendix I.
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Figure 3: Benefit of targeted weighting over time. Ratios of PEHE of the targeted learner wrt.
the learner without the correct target (data scenario I across 10 runs). Blue: Low censoring overlap
scenario. Green: Low survival overlap scenario. Red: Low treatment overlap scenario.

Results: We evaluate the performance of our various orthogonal learners based on the precision in
the estimation of heterogeneous effects (PEHE) with regard to the true CATE [17]. We compare the
PEHE for scenario 1 (Table 2) and scenario (Table 3) across different types of overlap violations
(i.e., no, treatment overlap, censoring overlap, and survival overlap violation, respectively). For better
comparability, we report the PEHE ×10−4. Across both scenarios, we observe that the learners
targeted for the low-overlap scenario achieve the lowest PEHE. Furthermore, targeted weighting
reduces the estimation variance but unsuitable weighting can harm performance.

In Figure 3, we further show the benefit of our targeted weighted learners in terms of PEHE ratios
at different time steps. For data scenarios with low censoring or survival overlap, we observe a
decreasing benefit of our learners over time after an initially equal performance of all learners. This is
in line with our expectations: (i) At timestep 0, no censoring or time-dependent survival hazards are
present. Thus, the respective survival- and censoring-overlap weighting does not affect the prediction
performance. (ii) The benefit of the targeted weighting reduces with increasing timesteps due to
increasing hazards, decreasing sample size with T̃ ≥ t, increasing hazards, and thus decreasing effect
of f(η̃t(X). (iii) Treatment overlap is independent of t. Therefore, the benefit of learners targeted to
low treatment overlap is constant over time.

Medical data. Data: We perform a case study on the Twins dataset as in [31] to showcase the
applicability of our learners to high-dimensional medical data. The dataset considers the birth weight
of 11984 pairs of twins born in the USA between 1989 and 1991 with respect to mortality in the first
year of life. Treatment a = 1 corresponds to being born the heavier twin. The dataset contains 46
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confounders. We provide more information on the data and preprocessing in Supplement I. For a
detailed description of the dataset, see [31].
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Figure 4: Twins: 10- and 30-day
effects across 10 runs ⇒ Esti-
mated survival effects align with
the literature. Variance decreases
for weighted learners.
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Figure 5: Validation loss for
10-day survival: Fastest con-
vergence for the C- and T+C-
learners, indicating the presence
of censoring and treatment over-
lap violations.
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Figure 6: Validation loss for 30-
day survival: As in Fig.5, the
C and T+C learners converge
fastest, reproducing the former
finding.

Results: We analyze the effect on survival after 10 days and one month. We observe generally a
negative effect on mortality, i.e., a positive effect on survival, for being born heavier (see Fig. 4). This
is in line with the literature and medical results [e.g., 31]. We also observe an increasing effect over
time, i.e., from 10 to 30 days, which again is in line with medical domain knowledge. Overall, we
observe a lower estimation variance for the T+C (for treatment-censoring overlap) and the C+S-learner
learners (for censoring-survival overlap). This suggests the presence of multiple forms of overlap
violations, especially censoring overlap, in the data, and underlines the necessity of our survival
learners targeted for specific overlap types.

The benefits of our proposed orthogonal survival learners show when inspecting the validation loss
during training (Fig. 5 and 6): The C- and C+T-learners show by far the fastest convergence, whereas
survival-overlap weighting in the S-learner hinders fast convergence. This affirms that suitably
weighted learners are close to the data-generating process, enabling fast convergence, which brings
important benefits for estimation in fine-sample regimes as common in medical applications. We note
that high learning rates are likely to result in oscillating behavior on the loss, as the reweighting can
be initially unstable to optimize. Therefore, we follow best practice and employ a low learning rate
together with the optimizer [25], which adapts learning rates over time and may switch from small to
larger gradients, which can thus result in larger drops in the validation loss.

8 Discussion

Limitations. We observed that appropriately targeted weighted learners achieve better estimation
performance in terms of PEHE and improve convergence speed. However, in practice, we recommend
carefully assessing the necessary weighting before applying our toolbox, as inappropriate weighting,
i.e., overlap weighting even if there is sufficient overlap, can significantly slow down convergence.
We recommended plotting the estimated weighting function (e.g., propensity or censoring overlap) as
a measure of “trustworthiness” (or uncertainty) of the model predictions. Predictions in low-overlap
regions may then be discarded or deferred to domain experts, while the model predictions in large-
overlap regions benefit from weighting and may be leveraged. Finally, we note that complete overlap
violations can still lead to unstable training and result in a high variance of the estimate, as is common
with weighted orthogonal learners.

Broader impact. Our toolbox has a crucial impact on HTE estimation in personalized medicine.
Time-to-event data is common in medical settings, but frequently suffers from censoring-induced
censoring and survival overlap violations. Our toolbox offers a way to ensure reliable and stable
treatment effect estimation in such settings.

Conclusion. We proposed a toolbox for constructing custom-weighted orthogonal survival learners
to estimate HTEs from time-to-event data. Our learners can be constructed in a model-agnostic way,
are semi-parametrically efficient, and ensure stable training in the presence of treatment, censoring, or
survival overlap violations. As a result, our work makes an important step towards reliable estimation
of heterogeneous treatment effects in survival settings.
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Justification: All claims are either backed theoretically (Sec. 5) or empirically (Sec. 7).

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: See Section 8.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
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tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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4. Experimental result reproducibility
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perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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whether the code and data are provided or not.
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to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: Code is available via anonymized GitHub and can be used to reproduce
experiments.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: See Appendix I.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Error bars provided over multiple runs.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: See Appendix I.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The code of ethics was respected in every step.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: See Section 8.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: No such components have been used.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]

Justification: No existing licenses used.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The repository comes with documentation about project structure and code.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: No human subjects involved.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: Not applicable.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification:
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Extended related work

Semiparametric inference and orthogonal learning: The concept of Neyman orthogonality is
deeply rooted in semiparametric efficiency theory [22, 49]. Neyman-orthogonal and efficient-
influence function-based estimators have a long tradition in causal inference, primarily for the
estimation of average treatment effects. Examples include the AIPTW estimator [37], TMLE [48],
the doubleML framework [5], and doubly robust policy value estimation [2]. Recently, the concept of
Neyman orthogonality has been extended to HTEs [11], which allowed the construction of various
orthogonal learners, including the DR- and R-learner for conditional average treatment effects [23,
46, 32, 33].

Efficient average treatment effect estimation for time-to-event data: Most work on semiparametric
inference for time-to-event data has focused on average treatment effects (ATEs). For example, [38]
proposed so-called doubly robust censoring unbiased transformations for semiparametric efficient
inference on the ATE under censoring. Furthermore, various works proposed one-step Targeted
Maximum Likelihood Estimators (TMLE) for estimating average causal quantities in survival settings
[4, 50, 56].
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B Background on influence functions and orthogonal learning

In the following, we provide a short background on efficient influence functions and orthogonal
learning. We mostly follow Kennedy [22].

Efficient influence function (EIF). In statistics, estimation is formalized via statistical model
{P ∈ P}, where P is a family of probability distributions. We are interested in estimating a functional
ψ : P → R. For example, ψ(P) = E[St(X, 1)− St(X, 0)] = E[τt(X)]. If ψ is sufficiently smooth,
it admits the so-called von Mises or distributional Taylor expansion

ψ(P̄)− ψ(P) =
∫
ϕ(t, P̄) d(P̄− P)(t) +R2(P̄,P), (17)

where R2(P̄,P) is a second-order remainder term and ϕ(t,P) is the so-called efficient influence
function of ψ, satisfying

∫
ϕ(t,P)dP(t) = 0 and

∫
ϕ(t,P)2dP(t) <∞.

Plug-in bias and debiased inference. Let now P̂ be an estimator of P and ψ(P̂) the so-called plug-in
estimator of ψ(P). The von Mises expansion from Eq. (17) implies that ψ(P̂) yields a first-order
plug-in bias because

ψ(P̂)− ψ(P) = −
∫
ϕ(t, P̂) dP(t) +R2(P̂,P) (18)

due to that
∫
ϕ(t, P̂) dP̂(t) = 0. In other words, simply plugging the estimated nuisance functions

into the identification formula can result in a biased estimator.

A simple way to correct for the plug-in bias is to estimate the bias term from the right-hand side of
Eq. (18) and add it to the plug-in estimator via

ψ̂A-IPTW = ψ(P̂) + Pn(ϕ(T, P̂)). (19)

this estimator is called (one-step) bias-corrected estimator.

Debiased target loss. One-step bias correction generally only works for finite-dimensional target
quantities (e.g., average causal effects such as E[τt(X)]). In this paper, however, we are interested
in the HTE τt(X), which is an infinite-dimensional target quantity. Hence, direct one-step bias
correction is not applicable. The EIF can nevertheless be used for obtaining a “good” estimator of the
HTE. The idea is that, instead of de-biasing the HTE τt(X), we can de-bias the target loss that we
aim at minimizing. This leads to orthogonal versions of the target losses, which is precisely what we
derive in our paper.
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C Estimation of nuisance functions

Here, we discuss the estimation of the nuisance functions, that is, the propensity score π(x), and the
hazard functions λSj (x, a) and λGj (x, a).

Propensity score. The propensity score P(A = 1 | X = x) defines a standard binary classification
problem. Hence, any standard classification algorithm (such as a feed-forward neural network with
softmax activation and cross-entropy loss) can be used for propensity estimation.

Hazard functions. We can estimate the hazard functions via maximum likelihood. We can write the
(population) likelihood as

P(T̃ = t̃,∆S = δS ,∆G = δG | X = x,A = a) (20)

=

t̃−δS∏
j=0

(
1− λSj (x, a)

)
λS
t̃
(x, a)δ

S

gt̃(x, a)
δSδG+1−δSGt̃(x, a)

δS(1−δG), (21)

where gt̃(x, a) denotes the (conditional) probability mass function ofC. Hence, we can use parametric
models λSj (xi, ai, θ) parametrized by θ (e.g., neural networks) to minimize the resulting the resulting
log-likelihood loss

LS(θ) =

n∑
i=1

t̃i−δSi∑
j=0

log
(
1− λSj (xi, ai, θ)

)
+ δSi log

(
λS
t̃i
(xi, ai, θ)

)
. (22)

Analogously, λGj (xi, ai, θ) can be trained to minimize

LG(θ) =

n∑
i=1

t̃i−δGi∑
j=0

log
(
1− λGj (xi, ai, θ)

)
+ δGi log

(
λG
t̃i
(xi, ai, θ)

)
. (23)
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D Extensions to marginalized effects

We now discuss an extension to marginalized effects, i.e., the case where we are interested in the
causal estimand

τt(v) = P(T (1) > t | V = v)− P(T (0) > t | V = v) (24)
conditioned on a subset of confounders V ⊂ X . This can be relevant in many applications where
certain confounders are not available during inference time (called runtime confounding [6]) or
should not be used (due to, e.g., fairness or privacy constraints). Under Assumptions 3.1 and 3.2,
identification holds via

τt(v) = E[τt(X) | V = v]. (25)
For our framework in the marginalized case, we consider weighting function f(η̃t(V )), where the
weighting only depends on the marginalized propensity score η̃t(V ) = (π(V ) = P (A = 1 | V )).

The orthogonal loss is given by

Lf (g, ηt) =
1

E[f(η̃t(V ))]
E
[
ρ(Z, ηt) (φ(Z, ηt)− g(V ))

2
]
, (26)

where ρ(Z, ηt) is the same as in Eq. (7), and

ρ(Z, ηt) = f(η̃t(V )) +
∂f

∂π
(η̃t(V ))(A− π(V )). (27)

The following theorem states that this actually targets a meaningful weighted loss.
Theorem D.1. Let g∗f = argming∈G Lf (g, ηt) be the minimizer of the orthogonal loss from Eq. (26)
over a class of functions G. Then, g∗f also minimizes the oracle loss

g∗f = argmin
g∈G

1

E[f(η̃t(V ))]
E
[
f(η̃t(V )) (τt(V )− g(V ))

2
]

(28)

Hence, g∗f = τt for any weighting function f as long as τt ∈ G.

Proof. We write the orthogonal loss as

Lf (g, ηt) =
1

E[f(η̃t(V ))]
E
[
ρ(Z, ηt) (φ(Z, ηt)− g(V ))

2
]

(29)

=
1

E[f(η̃t(V ))]
E
[
ρ(Z, ηt) (φ(Z, ηt)− τt(V ) + τt(V )− g(V ))

2
]

(30)

=
1

E[f(η̃t(V ))]

(
E
[
ρ(Z, ηt) (φ(Z, ηt)− τt(V ))

2
]

(31)

+2E [ρ(Z, ηt) (φ(Z, ηt)− τt(V )) τt(V )]) (32)

+
1

E[f(η̃t(V ))]
(−2E [ρ(Z, ηt) (φ(Z, ηt)− τt(V )) g(V )] (33)

+E
[
ρ(Z, ηt) (τt(V )− g(V ))

2
])
, (34)

where only the terms in the last equation depend on g. The first term we can rewrite as
E [ρ(Z, ηt) (φ(Z, ηt)− τt(V )) g(V )] (35)

=E
[
ρ(Z, ηt)

(
St(X, 1)− St(X, 0)−

(A− π(X))ξS(Z, ηt)St(X,A)f(η̃t(X))

π(X)(1− π(X))ρ(Z, ηt)
− τt(V )

)
g(V )

]
(36)

=E
[
E
[
ρ(Z, ηt) (St(X, 1)− St(X, 0)− τt(V )) g(V )

∣∣∣V,A]] (37)

− E
[
E
[
(A− π(X))ξS(Z, ηt)St(X,A)f(η̃t(X))

π(X)(1− π(X))
g(V )

∣∣∣X,A]] (38)

=E
[
ρ(Z, ηt)g(V )

(
E
[
St(X, 1)− St(X, 0)

∣∣∣V ]− τt(V )
)]

(39)

− E
[
(A− π(X))E[ξS(Z, ηt) | X,A]St(X,A)f(η̃t(X))

π(X)(1− π(X))
g(V )

]
(40)

(∗)
=0, (41)
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where (∗) follows from Lemma H.2. For the second term, note that

E [ρ(Z, ηt) | V ] (42)

=E
[
f(η̃t(V )) +

∂f

∂π
(η̃t(V ))(A− π(V )) (43)

−
∣∣∣V ] (44)

=f(η̃t(V )) +
∂f

∂π
(η̃t(V ))(π(V )− π(V )) (45)

(∗∗)
= f(η̃t(V )), (46)

where (∗∗) follows from Lemma H.2. Hence,

E
[
ρ(Z, ηt) (τt(V )− g(V ))

2
]
= E

[
E
[
ρ(Z, ηt) (τt(V )− g(V ))

2 | V
]]

(47)

= E
[
E
[
f(η̃t(V )) (τt(V )− g(V ))

2 | V
]]

(48)

= E
[
f(η̃t(V )) (τt(V )− g(V ))

2
]
. (49)

Putting everything together, we obtain

Lf (g, ηt) =
1

E[f(η̃t(V ))]

(
E
[
ρ(Z, ηt) (φ(Z, ηt)− τt(V ))

2
]

(50)

+2E [ρ(Z, ηt) (φ(Z, ηt)− τt(V )) τt(V )]) (51)

+
1

E[f(η̃t(V ))]
E
[
f(η̃t(V )) (τt(V )− g(V ))

2
]
, (52)

which proves the claim because the first two summands do not depend on g and do not affect the
minimization.

As a consequence, we obtain the following two learners (which are, to the best of our knowledge,
novel).

Marginalized survival DR-learner (no weighting; in our taxonomy: marginalized ∅-learner).
Here, we set f(η̃t(V )) = 1, which implies ρ(Z, ηt) = 1 and

LDR(g, ηt) = E
[
(φ(Z, ηt)− g(V ))

2
]

(53)

with

φ(Z, η) = St(X, 1)− St(X, 0)−
(A− π(X))ξS(Z, ηt)St(X,A)

π(X)(1− π(X))
. (54)

Equivalently, this can be written as a standard DR-learner

φ(Z, η) = St(X, 1)− St(X, 0) +
(A− π(X))

π(X)(1− π(X))
(Y (ηt)− St(X,A)) (55)

with the transformed outcome Y (ηt) = St(X,A)(1− ξS(Z, ηt)).

Marginalized survival R-learner (marginalized treatment overlap; in our taxonomy: marginal-
ized T-learner). Here, we set f(η̃t(X)) = π(V )(1−π(V )), which implies ρ(Z, ηt) = (A−π(V ))2.
The orthogonal loss becomes

LR(g, ηt) = E
[

(A− π(V ))2

E[π(V )(1− π(V ))]
(φ(Z, ηt)− g(V ))

2

]
, (56)

where
φ(Z, η) = St(X, 1)− St(X, 0)− w(X)ξS(Z, ηt)St(X,A) (57)

with

w(X) =
π(V )(1− π(V ))

π(X)(1− π(X))

(A− π(X))

(A− π(V ))2
. (58)
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This is equivalent to minimizing the R-learner loss

LR(g, ηt) = E
[(
Ỹ (ηt)− Ã(η̃t)g(V )

)2]
, (59)

where Ã(η̃t) = A− π(V ) and

Ỹ (ηt) = w(X)Y (ηt) +A [(1− w(X))St(X, 1) + (w(X)− 1)St(X, 0))] (60)
− [π(V )St(X, 1) + (w(X)− π(V ))St(X, 0)] . (61)

Note that this coincides with the standard survival R-learner for V = X as this implies w(X) = 1.
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E Extension to the continuous-time setting

Our survival learners also extend to the continuous-time setting by making two key changes: (i) we
have to estimate the hazard function in a different way, and (ii) we have to add a small modification
to our weighted orthogonal loss.

(i) Hazard functions in continuous time. In continuous time, we can write

λSt (x, a) = P(T̃ = t,∆S = 1 | T̃ ≥ t,X = x,A = a) (62)

=
P(T̃ = t,∆S = 1 | X = x,A = a)

P(T̃ ≥ t | X = x,A = a)
(63)

=
P(T̃ = t | ∆S = 1, X = x,A = a)P(∆S = 1 | X = x,A = a)∑

k≥t P(T̃ = k | X = x,A = a)
(64)

=
P(T̃ = t | ∆S = 1, X = x,A = a)P(∆S = 1 | X = x,A = a)∑

k≥t P(T̃ = k | X = x,A = a)
(65)

(66)

and analogously

λGt (x, a) =
P(T̃ = t | ∆G = 1, X = x,A = a)P(∆G = 1 | X = x,A = a)∑

k≥t P(T̃ = k | X = x,A = a)
. (67)

Hence, we can estimate the hazards by estimating the conditional probabilities P(T̃ = t | ∆S =

1, X = x,A = a), P(∆S = 1 | X = x,A = a), and P(T̃ = t | X = x,A = a) for all t. This can
be done by using standard classification algorithms such a feed-forward neural networks with softwax
activation and cross-entropy loss. As an alternative, one can impose parametric assumptions such as
the Cox-model, as done in [21].

(ii) Orthogonal loss. For the second stage, we can use the same loss as in Eq. (7) but where we define

ξS(Z, ηt) =
1(T̃ ≤ t,∆ = 1)

ST̃ (X,A)GT̃ (X,A)
−
∫ t

0

1(T̃ ≥ i)λSi (X,A)

Si(X,A)Gi(X,A)
di (68)

as well as

ξG(Z, ηt) =
1(T̃ ≤ t,∆ = 0)

ST̃ (X,A)GT̃ (X,A)
−
∫ t

0

1(T̃ ≥ i)λGi (X,A)

Si(X,A)Gi(X,A)
di. (69)

Here, the integrals can be approximated using a numerical integration method.
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F Extensions to further causal estimands

F.1 Treatment-specific survival probability

We aim to construct (weighted) orthogonal learners to estimate the survival probability

µa,t(x) = P(T (a) > t | X = x) (70)

specific for a fixed treatment A = a. We consider a weighting function f(η̃t(X)) that depends
on the treatment-specific nuisance functions η̃t(X) = (πa(X), St−1(X, a), Gt−1(X, a)), where
πa(x) = P(A = a | X = x). Following the same derivation as in our main paper, we first define the
corresponding weighted average treatment effect via

θa,t,f =
E[f(η̃t(X))µa,t(X)]

E[f(η̃t(X))]
. (71)

One can show that the efficient influence function of θa,t,f is given by

ϕa,t,f (Z, ηt) =
ρa(Z, ηt)

E[f(η̃t(X))]
(φa(Z, ηt)− θa,t,f ) , (72)

where

ρa(Z, ηt) = f(η̃t(X)) +
∂f

∂πa
(η̃t(X))(1(A = a)− πa(X)) (73)

− 1(A = a)

πa(X)

(
∂f(η̃t(X))

∂St−1(·, a)
St−1(X, a)ξS(Za, ηt−1) (74)

+
∂f(η̃t(X))

∂Gt−1(·, a)
Gt−1(X, a)ξG(Za, ηt−1)

)
(75)

and

φa(Z, ηt) = St(X, a)−
1(A = a)ξS(Za, ηt)St(X, a)f(η̃t(X))

πa(X)ρa(Z, ηt)
(76)

and we used the notation Za = (X, a, T̃ ,∆S ,∆G). In particular,

ξS(Za, ηt) =

t∑
i=0

1(T̃ = i,∆S = 1)− 1(T̃ ≥ i)λSi (X, a)

Si(X, a)Gi−1(X, a)
. (77)

The orthogonal loss is given by

Lf,a(g, ηt) =
1

E[f(η̃t(X))]
E
[
ρa(Z, ηt) (φa(Z, ηt)− g(X))

2
]
. (78)

F.2 (Restricted) mean survival times

For some h ≤ tmax, we consider

µ̄h(x, a) = E[T (a) ∧ h | X = x] =

tmax∑
t=0

P(T ∧ h > t | X = x,A = a) =

h∑
t=0

St(x, a) (79)

and

τ̄h(x) = E[T (1) ∧ h− T (0) ∧ h|X = x] =

h∑
t=0

St(x, 1)− St(x, 0) =

h∑
t=0

τt(x). (80)

Our weighting function now depends on h and is defined via f(η̃h(X)). To derive the orthogonal
loss, we define the averaged causal quantity as

θt,f =
E[f(η̃h(X))τ̄h(X)]

E[f(η̃h(X))]
=

h∑
t=0

E[f(η̃h(X))τt(X)]

E[f(η̃h(X))]
(81)
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Using additivity, the efficient influence function is given by

ϕt,f (Z, ηt) =
ρ(Z, ηh)

E[f(η̃h(X))]
(φ̄(Z, ηh)− θt,f ) , (82)

where

ρ(Z, ηh) =f(η̃h(X)) +
∂f

∂π
(η̃h(X))(A− π(X)) (83)

−
(

A

π(X)
+

1−A

1− π(X)

)(
∂f(η̃h(X))

∂Sh−1(·, A)
Sh−1(X,A)ξS(Z, ηh−1) (84)

+
∂f(η̃h(X))

∂Gh−1(·, A)
Gh−1(X,A)ξG(Z, ηh−1)

)
(85)

and

φ̄(Z, ηh) =

h∑
t=0

St(X, 1)− St(X, 0)−
(A− π(X))ξS(Z, ηt)St(X,A)f(η̃h(X))

π(X)(1− π(X))ρ(Z, ηh)
. (86)

The orthogonal loss is thus given by

Lf (g, ηh) =
1

E[f(η̃h(X))]
E
[
ρ(Z, ηh) (φ̄(Z, ηh)− g(X))

2
]
. (87)
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G Extensions to unobserved ties

We assume now that ∆G is unobserved and we only observe ∆ = ∆S . In this case, it holds that

λGt (x, a) = P(T̃ = t,∆G = 1 | T̃ ≥ t,X = x,A = a) (88)

= P(T̃ = t,∆ = 0 | T̃ ≥ t,X = x,A = a) + P(T = t, C = t | T̃ ≥ t,X = x,A = a)
(89)

and thus the censoring hazard is not identified from observational data as it depends on the unobserved
T and C through P(T = t, C = t | T̃ ≥ t,X = x,A = a). In the following, we proposed two
methods that still allow us to apply our toolbox in this setting.

Method 1

The term P(T = t, C = t | T̃ ≥ t,X = x,A = a) quantifies the conditional probability of having a
tie at time t. Given the independent censoring assumption, we may assume this probability will be
small if T is sufficiently large, i.e., if we observe fine-grained time steps. Then, we can approximate

λGt (x, a) ≈ P(T̃ = t,∆ = 0 | T̃ ≥ t,X = x,A = a) (90)
and we can apply our orthogonal loss from the main paper with ∆G = 1−∆. In the extreme case
where T is continuous, equality holds and we can ignore ties altogether.

Method 2

Here, we reparametrize our orthogonal loss using identifiable nuisance functions even if ∆G is not
observed. First, we define the survival function of the observed time

pt(x, a) = P(T̃ > t | X = x,A = a) (91)

and note that pt(x, a) = St(x, a)Gt(x, a) because T̃ = min{T,C} (independent censoring assump-
tion). Then, we define new nuisance functions

η̄t(X) = π(X) ∪ (λSi (X, 1), λ
S
i (X, 0), pi(X, 1), pi(X, 0))

t
i=0. (92)

Note that the correction term ξS(Z, η̄t) from Eq. (10) can now be written as

ξS(Z, η̄t) =

t∑
i=0

1(T̃ = i,∆ = 1)− 1(T̃ ≥ i)λSi (X,A)

pi−1(X,A)(1− λSi (X,A))
. (93)

We consider a weighting function f(η̃t(X)), where η̃t(X) = (π(X), pt−1(X, 1), pt−1(X, 0)). The
efficient influence function of the weighted average treatment effect θt,f is given by

ϕt,f (Z, η̄t) =
ρ̄(Z, η̄)

E[f(η̃t(X))]
(φ̄(Z, η̄t)− θt,f ) , (94)

where

ρ̄(Z, η̄t) = f(η̃t(X)) +
∂f

∂π
(η̃t(X))(A− π(X)) (95)

−
(

A

π(X)
+

1−A

1− π(X)

)(
∂f(η̃t(X))

∂pt−1(·, A)

(
1(T̃ ≤ t) + pt−1(X,A)− 1

))
(96)

and

φ̄(Z, η̄t) = St(X, 1)− St(X, 0)−
(A− π(X))ξS(Z, η̄t)St(X,A)f(η̃t(X))

π(X)(1− π(X))ρ̄(Z, η̄t)
. (97)

The orthogonal loss becomes

Lf (g, η̄t) =
1

E[f(η̃t(X))]
E
[
ρ̄(Z, η̄t) (φ̄(Z, η̄t)− g(X))

2
]
. (98)

The orthogonal loss in Eq. (98) requires us to estimate pt(x, a) instead of the censoring hazards
λGt (x, a). Estimating pt(x, a) for all t is a standard problem of estimating a discrete conditional c.d.f.
For example, one could fit a multi-output MLP with softmax activation and cross-entropy loss to
estimate P(T̃ = t | X = x,A = a) and then pt(x, a) = 1−

∑t
i=0 P(T̃ = t | X = x,A = a).

In the reparametrized nuisance setting, we obtain the following orthogonal survival learners:
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• (i) ∅-learner (Survival DR-learner) corresponds to setting f(η̃t(X)) = 1;
• (ii) T-learner (Survival R-learner) corresponds to setting f(η̃t(X)) = π(X)(1− π(X)),
• (iii) S+C-learner (survival-censoring weighting) corresponds to setting f(η̃t(X)) =
pt−1(X, 1)pt−1(X, 0); and

• (iv) T+C+S-learner (full weighting) corresponds to setting f(η̃t(X)) = π(X)(1 −
π(X))pt−1(X, 1)pt−1(X, 0).
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H Proofs

H.1 Identifiability of the target estimand

Lemma H.1. Under Assumptions 3.1 and 3.2, the causal estimand τt(x) is identified from the
observational data Z via

τt(x) =

t∏
i=0

(1− λSi (x, 1))−
t∏

i=0

(1− λSi (x, 0)). (99)

Proof. We show w.l.o.g. identifiability for µt(x, a) = P(T (a) > t | X = x). The result for τt(x)
follows by taking the difference. It holds that

P(T (a) > t | X = x)
(i)
= P(T (a) > t | X = x,A = a) (100)
(ii)
= P(T > t | X = x,A = a) (101)

=

t∏
i=0

1− P(T = i | T ≥ i,X = x,A = a) (102)

(iii)
=

t∏
i=0

1− P(T̃ = i,∆ = 1 | T̃ ≥ i,X = x,A = a) (103)

=

t∏
i=0

1− λSi (x, a), (104)

where (i) follows from ignorability and treatment overlap, (ii) from consistency, and (iii) from
non-informative censoring, censoring, and survival overlap.

H.2 Proof of Theorem 5.1

We make use of the following lemma.
Lemma H.2. Let ξS(Z, ηt) and ξG(Z, ηt−1) be defined as in the main paper. Then,

E [ξS(Z, ηt) | X,A] = E [ξG(Z, ηt−1) | X,A] = 0. (105)

Proof. We have

E [ξS(Z, ηt) | X,A] =
t∑

i=0

E

[
1(T̃ = i,∆S = 1)− 1(T̃ ≥ i)λSi (X,A)

Si(X,A)Gi−1(X,A)

∣∣∣∣X,A
]

(106)

=

t∑
i=0

P(T̃ = i,∆S = 1 | X,A)− P(T̃ ≥ i | X,A)λSi (X,A)
Si(X,A)Gi−1(X,A)

(107)

=

t∑
i=0

P(T̃ = i,∆S = 1 | X,A)− P(T̃ = i,∆S = 1 | X,A)
Si(X,A)Gi−1(X,A)

= 0. (108)

The result for ξG(Z, ηt−1) follows analogously.

Now we turn to the actual proof of Theorem 5.1.

Proof of Theorem 5.1. By taking the first-order directional derivative [11], we obtain

DgLf (g, ηt)[ĝ − g] (109)

=
1

E[f(η̃t(X))]

d

dt

[
E
[
ρ(Z, ηt) (φ(Z, ηt)− {g(X) + t(ĝ(X)− g(X))})2

]]
t=0

(110)

=
−2

E[f(η̃t(X))]
E [ρ(Z, ηt) (φ(Z, ηt)− g(X)) (ĝ(X)− g(X))] (111)
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=
−2

E[f(η̃t(X))]
E [(ĝ(X)− g(X)) {ρ(Z, ηt) (St(X, 1)− St(X, 0)− g(X)) (112)

− (A− π(X))St(X,A)f(η̃(X)))

π(X)(1− π(X))

}]
(113)

=
−2

E[f(η̃t(X))]
E [(ĝ(X)− g(X)) {f(η̃t(X)) (St(X, 1)− St(X, 0)− g(X) (114)

− A

π(X)
St(X, 1)ξS(Z, ηt) +

1−A

1− π(X)
St(X, 0)ξS(Z, ηt)

)
(115)

+

(
∂f(η̃t(X))

∂π
(A− π(X))− A

π(X)

(
∂f(η̃t(X))

∂St−1(·, 1)
St−1(X, 1)ξS(Z, ηt) +

∂f(η̃t(X))

∂Gt−1(·, 1)
Gt−1(X, 1)ξG(Z, ηt−1)

)
(116)

−
(

1−A

1− π(X)

)(
∂f(η̃t(X))

∂St−1(·, 0)
St−1(X, 0)ξS(Z, ηt−1) +

∂f(η̃t(X))

∂Gt−1(·, 0)
Gt−1(X, 0)ξG(Z, ηt−1)

))
(117)

(St(X, 1)− St(X, 0)− g(X))}] . (118)

To show orthogonality, we have to show that the second-order directional derivatives w.r.t. to the
nuisance functions are zero. We start by computing the derivative w.r.t. the propensity score, resulting
in

DπDgLf (g, ηt)[ĝ − g, π̂ − π] (119)

=
d

dt
[DgLf (g, · · · , π + t(π̂ − π))[ĝ − g]]t=0 (120)

=
−2

E[f(η̃t(X))]
E
[
(ĝ(X)− g(X))(π̂(X)− π(X))

{
f(η̃(X))

(
A

π(X)2
St(X, 1)ξS(Z, ηt) (121)

+
1−A

(1− π(X))2
St(X, 0)ξS(Z, ηt)

)
(122)

+
∂f(η̃t(X))

∂π

(
St(X, 1)− St(X, 0)− g(X)− A

π(X)
St(X, 1)ξS(Z, ηt) +

1−A

1− π(X)
St(X, 0)ξS(Z, ηt)

)
(123)

+

[
∂2f(η̃t(X))

∂2π
(A− π(X))− ∂f(η̃t(X))

∂π
(124)

+
A

π(X)2

(
∂f(η̃t(X))

∂St−1(·, 1)
St−1(X, 1)ξS(Z, ηt) +

∂f(η̃t(X))

∂Gt−1(·, 1)
Gt−1(X, 1)ξG(Z, ηt−1)

)
(125)

− A

π(X)

(
∂2f(η̃t(X))

∂π∂St−1(·, 1)
St−1(X, 1)ξS(Z, ηt) +

∂2f(η̃t(X))

∂π∂Gt−1(·, 1)
Gt−1(X, 1)ξG(Z, ηt−1)

)
(126)

− 1−A

(1− π(X))2

(
∂f(η̃t(X))

∂St−1(·, 1)
St−1(X, 1)ξS(Z, ηt) +

∂f(η̃t(X))

∂Gt−1(·, 1)
Gt−1(X, 1)ξG(Z, ηt−1)

)
(127)

−
(

1−A

1− π(X)

)(
∂2f(η̃t(X))

∂π∂St−1(·, 0)
St(X, 0)ξS(Z, ηt) +

∂2f(η̃t(X))

∂π∂Gt−1(·, 0)
Gt−1(X, 0)ξG(Z, ηt−1)

)]
(128)

(St(X, 1)− St(X, 0)− g(X))}] (129)

+
2DgLf (g, ηt)[ĝ − g]

E[f(η̃t(X))]2
E
[
∂f(η̃t(X))

∂π

]
(130)

(∗)
=

−2

E[f(η̃t(X))]
E
[
(ĝ(X)− g(X))(π̂(X)− π(X))

{
∂f(η̃t(X))

∂π
(St(X, 1)− St(X, 0)− g(X)) (131)

+

[
−∂f(η̃t(X))

∂π

]
(St(X, 1)− St(X, 0)− g(X))

}]
(132)

= 0, (133)

where in (∗) we applied the law of total expectation and Lemma H.2 to remove all terms including any
of ξS(Z, ηt), ξG(Z, ηt−1), orA−π(X) and the same argument to show thatDgLf (g, ηt)[ĝ−g] = 0.
This shows orthogonality w.r.t. to the propensity score.
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To show orthogonality w.r.t. survival and censoring hazards, note that

DλS
j (·,a)Sk(X, a)[λ̂

S
j (·, a)− λSj (·, a)] = −1(j ≤ k)(λ̂Sj (X, a)− λSj (X, a))

k∏
i ̸=j

(1− λSj (X, a))

(134)

= −(λ̂Sj (X, a)− λSj (X, a))
1(j ≤ k)Sk(X, a)

1− λSj (X, a)
(135)

and also that

DλS
j (·,a)ξS(Za, ηt)[λ̂

S
j (·, a)− λS

j (·, a)] (136)

=(λ̂S
j (X, a)− λS

j (X, a))

t∑
i=0

− 1(i = j, T̃ ≥ i)

Si(X, a)Gi−1(X, a)
(137)

+

(
1(T̃ = i,∆S = 1)− 1(T̃ ≥ i)λS

i (X,A)
)
1(j ≤ i)

Si(X, a)Gi−1(X, a)(1− λS
j (X, a))

(138)

=(λ̂S
j (X, a)− λS

j (X, a))

− 1(T̃ ≥ j)

Sj(X, a)Gj−1(X, a)
+

t∑
i=j

(
1(T̃ = i,∆S = 1)− 1(T̃ ≥ i)λS

i (X,A)
)

Si(X, a)Gi−1(X, a)(1− λS
j (X, a))


(139)

=(λ̂S
j (X, a)− λS

j (X, a))

(
− 1(T̃ ≥ j)

Sj(X, a)Gj−1(X, a)
+

ξ̃S(Za, ηt)

1− λS
j (X, a)

)
. (140)

Here, it holds that E[ξ̃S(Za, ηt) | X,A] = 0 following the same arguments as Lemma H.2.

For the cross-term, we obtain that

DλS
j (·,a)ξG(Za, ηt−1)[λ̂

S
j (·, a)− λSj (·, a)] (141)

=(λ̂Sj (X, a)− λSj (X, a))

t−1∑
i=0

(
1(T̃ = i,∆G = 1)− 1(T̃ ≥ i)λGi (X,A)

)
1(j ≤ i− 1)

Si−1(X, a)Gi(X, a)(1− λSj (X, a))
(142)

=(λ̂Sj (X, a)− λSj (X, a))

(
ξ̄G(Za, ηt−1)

1− λSj (X, a)

)
(143)

with E[ξ̄G(Za, ηt−1) | X,A] = 0.

Using these calculation, we show orthogonality w.r.t. survival hazard functions via

DλS
j (·,1)DgLf (g, ηt)[ĝ − g, λ̂S

j (·, 1)− λS
j (·, 1)] (144)

=
d

dt

[
DgLf (g, · · · , λS

j (·, 1) + t(λ̂S
j (·, 1)− λS

j (·, 1)))[ĝ − g]
]
t=0

(145)

=
−2

E[f(η̃t(X))]
E

[
(ĝ(X)− g(X))(λ̂S

j (X, 1)− λS
j (X, 1))

{
∂f(η̃t(X))

∂λS
j (·, 1)

(
St(X, 1)− St(X, 0)− g(X)

(146)

− A

π(X)
St(X, 1)ξS(Z, ηt) +

1−A

1− π(X)
St(X, 0)ξS(Z, ηt)

)
+ f(η̃t(X))

[
−St(X, 1)

1− λS
j (X, 1)

(147)

− A

π(X)

(
−St(X, 1)ξS(Z, ηt)

1− λS
j (X, 1)

+ St(X, 1)

(
−1(T̃ ≥ j)

Sj(X, 1)Gj−1(X, 1)
+

ξ̃S(Za, ηt)

1− λS
j (X, 1)

))]
(148)

+

[
∂2f(η̃t(X))

∂λS
j (·, 1)∂π

(A− π(X))− A

π(X)

(
∂2f(η̃t(X))

∂λS
j (·, 1)∂St−1(·, 1)

St−1(X, 1)ξS(Z, ηt) (149)

+
∂f(η̃t(X))

∂St−1(·, 1)

(
−St−1(X, 1)ξS(Z, ηt−1)

1− λS
j (X, 1)

+ St−1(X, 1)

(
−1(T̃ ≥ j)

Sj(X, 1)Gj−1(X, 1)
+

ξ̃S(Za, ηt−1)

1− λS
j (X, 1)

))
(150)
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+
∂2f(η̃t(X))

∂λS
j (·, 1)∂Gt−1(·, 1)

Gt−1(X, 1)ξG(Z, ηt−1) +
∂f(η̃t(X))

∂Gt−1(·, 1)
Gt−1(X, 1)

(
ξ̄G(Za, ηt−1)

1− λS
j (X, a)

))]
(151)

(St(X, 1)− St(X, 0)− g(X))}] (152)

+
2DgLf (g, ηt)[ĝ − g]

E[f(η̃t(X))]2
E

[
∂f(η̃t(X))

∂λS
j (·, 1)

]
(153)

(∗)
=

−2

E[f(η̃t(X))]
E

[
(ĝ(X)− g(X))(λ̂S

j (X, 1)− λS
j (X, 1))

{
∂f(η̃t(X))

∂λS
j (·, 1)

(St(X, 1)− St(X, 0)− g(X))

(154)

+ f(η̃t(X))

[
−St(X, 1)

1− λS
j (X, 1)

− A

π(X)

(
St(X, 1)

(
−1(T̃ ≥ j)

Sj(X, 1)Gj−1(X, 1)

))]
(155)

+

[
− A

π(X)

∂f(η̃t(X))

∂St−1(·, 1)
St−1(X, 1)

(
−1(T̃ ≥ j)

Sj(X, 1)Gj−1(X, 1)

)]
(St(X, 1)− St(X, 0)− g(X))

}]
(156)

=
−2

E[f(η̃t(X))]
E
[
(ĝ(X)− g(X))(λ̂S

j (X, 1)− λS
j (X, 1)) (157){

∂f(η̃t(X))

∂St−1(·, 1)
∂St−1(X, 1)

∂λS
j (·, 1)

(St(X, 1)− St(X, 0)− g(X)) (158)

+ f(η̃t(X))

[
−St(X, 1)

1− λS
j (X, 1)

+

(
St(X, 1)

(
1

1− λS
j (X, 1)

))]
(159)

+

[
− ∂f(η̃t(X))

∂St−1(·, 1)
∂St−1(X, 1)

∂λS
j (·, 1)

]
(St(X, 1)− St(X, 0)− g(X))

}]
(160)

= 0, (161)

where in (∗) we applied the law of total expectation and Lemma H.2 to remove all terms including any of
ξS(Z, ηt), ξ̃S(Z, ηt), ξ̄G(Z, ηt−1), or A− π(X) and the same argument to show that DgLf (g, ηt)[ĝ− g] = 0.
We can apply an analogous argument for λS

j (·, 0) and obtain

DλS
j (·,0)DgLf (g, ηt)[ĝ − g, λ̂S

j (·, 0)− λS
j (·, 0)] (162)

=
d

dt

[
DgLf (g, · · · , λS

j (·, 0) + t(λ̂S
j (·, 0)− λS

j (·, 0)))[ĝ − g]
]
t=0

(163)

= 0, (164)

which proves orthogonality w.r.t. survival hazard functions.

To show orthogonality w.r.t. censoring hazard functions. note that

DλG
j (·,a)Gk(X, a)[λ̂

G
j (·, a)− λGj (·, a)] = −(λ̂Gj (X, a)− λGj (X, a))

1(j ≤ k)Gk(X, a)

1− λGj (X, a)
(165)

and also that

DλG
j (·,a)ξG(Za, ηt−1)[λ̂

G
j (·, a)− λGj (·, a)] (166)

=(λ̂Gj (X, a)− λGj (X, a))

(
− 1(T̃ ≥ j)

Gj(X, a)Sj−1(X, a)
+
ξ̃G(Za, ηt−1)

1− λGj (X, a)

)
(167)

with E[ξ̃G(Za, ηt−1) | X,A] = 0 following the same arguments as Lemma H.2. Furthermore,

DλG
j (·,a)ξS(Za, ηt)[λ̂

G
j (·, a)− λGj (·, a)] = (λ̂Gj (X, a)− λGj (X, a))

(
ξ̄S(Za, ηt)

1− λGj (X, a)

)
(168)

with E[ξ̄S(Za, ηt) | X,A] = 0.
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Hence, for the second-order directional derivative w.r.t. censoring survival functions, we obtain

DλG
j (·,1)DgLf (g, ηt)[ĝ − g, λ̂G

j (·, 1)− λG
j (·, 1)] (169)

=
d

dt

[
DgLf (g, · · · , λG

j (·, 1) + t(λ̂G
j (·, 1)− λG

j (·, 1)))[ĝ − g]
]
t=0

(170)

=
−2

E[f(η̃t(X))]
E

[
(ĝ(X)− g(X))(λ̂G

j (X, 1)− λG
j (X, 1))

{
∂f(η̃t(X))

∂λG
j (·, 1)

(
St(X, 1)− St(X, 0)− g(X)

(171)

− A

π(X)
St(X, 1)ξS(Z, ηt) +

1−A

1− π(X)
St(X, 0)ξS(Z, ηt)

)
(172)

+ f(η̃t(X))

[
− A

π(X)

(
St(X, 1)

(
ξ̄S(Za, ηt)

1− λG
j (X, 1)

))]
(173)

+

[
∂2f(η̃t(X))

∂λG
j (·, 1)∂π

(A− π(X))− A

π(X)

(
∂2f(η̃t(X))

∂λG
j (·, 1)∂St−1(·, 1)

St−1(X, 1)ξS(Z, ηt−1) (174)

+
∂f(η̃t(X))

∂St−1(·, 1)

(
St−1(X, 1)

ξ̄S(Za, ηt−1)

1− λG
j (X, 1)

)
+

∂2f(η̃t(X))

∂λG
j (·, 1)∂Gt−1(·, 1)

Gt−1(X, 1)ξG(Z, ηt−1) (175)

+
∂f(η̃t(X))

∂Gt−1(·, 1)

(
−Gt−1(X, 1)ξG(Z, ηt−1)

1− λG
j (X, 1)

+Gt−1(X, 1)

(
−1(T̃ ≥ j)

Gj(X, 1)Sj−1(X, 1)
+

ξ̃G(Za, ηt−1)

1− λG
j (X, 1)

)))]
(176)

· (St(X, 1)− St(X, 0)− g(X))

}]
+

2DgLf (g, ηt)[ĝ − g]

E[f(η̃t(X))]2
E

[
∂f(η̃t(X))

∂λG
j (·, 1)

]
(177)

(∗)
=

−2

E[f(η̃t(X))]
E

[
(ĝ(X)− g(X))(λ̂G

j (X, 1)− λG
j (X, 1))

{
∂f(η̃t(X))

∂λG
j (·, 1)

(St(X, 1)− St(X, 0)− g(X))

(178)

+

[
− A

π(X)

∂f(η̃t(X))

∂Gt−1(·, 1)
Gt−1(X, 1)

(
−1(T̃ ≥ j)

Gj(X, 1)Sj−1(X, 1)

)]
(St(X, 1)− St(X, 0)− g(X))

}]
(179)

=
−2

E[f(η̃t(X))]
E

[
(ĝ(X)− g(X))(λ̂G

j (X, 1)− λG
j (X, 1))

{
∂f(η̃t(X))

∂Gt−1(·, 1)
∂Gt−1(X, 1)

∂λG
j (·, 1)

(St(X, 1)− St(X, 0)− g(X))

(180)

+

[
− ∂f(η̃t(X))

∂Gt−1(·, 1)
∂Gt−1(X, 1)

∂λG
j (·, 1)

]
(St(X, 1)− St(X, 0)− g(X))

}]
(181)

= 0, (182)

where in (∗) we applied the law of total expectation and Lemma H.2 to remove all terms includ-
ing any of ξS(Z, ηt), ξ̃S(Z, ηt), ξ̄G(Z, ηt−1), or A − π(X) and the same argument to show that
DgLf (g, ηt)[ĝ − g] = 0. Finally, we can apply the same line of arguments to λGj (·, 0) to show

DλG
j (·,0)DgLf (g, ηt)[ĝ − g, λ̂Gj (·, 0)− λGj (·, 0)] (183)

=
d

dt

[
DgLf (g, · · · , λGj (·, 0) + t(λ̂Gj (·, 0)− λGj (·, 0)))[ĝ − g]

]
t=0

(184)

=0, (185)

which completes the proof.

H.3 Proof of Theorem 5.2

Proof. We write the orthogonal loss as

Lf (g, ηt) =
1

E[f(η̃t(X))]
E
[
ρ(Z, ηt) (φ(Z, ηt)− g(X))2

]
(186)
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=
1

E[f(η̃t(X))]
E
[
ρ(Z, ηt) (φ(Z, ηt)− τt(X) + τt(X)− g(X))2

]
(187)

=
1

E[f(η̃t(X))]

(
E
[
ρ(Z, ηt) (φ(Z, ηt)− τt(X))2

]
+ 2E [ρ(Z, ηt) (φ(Z, ηt)− τt(X)) τt(X)]

)
(188)

+
1

E[f(η̃t(X))]

(
−2E [ρ(Z, ηt) (φ(Z, ηt)− τt(X)) g(X)] + E

[
ρ(Z, ηt) (τt(X)− g(X))2

])
,

(189)

where only the terms in the last equation depend on g. The first term we can rewrite as

E [ρ(Z, ηt) (φ(Z, ηt)− τt(X)) g(X)] (190)

=E
[
ρ(Z, ηt)

(
St(X, 1)− St(X, 0)− (A− π(X))ξS(Z, ηt)St(X,A)f(η̃t(X))

π(X)(1− π(X))ρ(Z, ηt)
− τt(X)

)
g(X)

]
(191)

=− E
[
E
[
(A− π(X))ξS(Z, ηt)St(X,A)f(η̃t(X))

π(X)(1− π(X))
g(X)

∣∣∣X,A

]]
(192)

=− E
[
(A− π(X))E[ξS(Z, ηt) | X,A]St(X,A)f(η̃t(X))

π(X)(1− π(X))
g(X)

]
(193)

(∗)
=0, (194)

where (∗) follows from Lemma H.2. For the second term, note that

E [ρ(Z, ηt) | X] (195)

=E
[
f(η̃t(X)) +

∂f

∂π
(η̃t(X))(A− π(X)) (196)

−
(

A

π(X)
+

1−A

1− π(X)

)(
∂f(η̃t(X))

∂St−1(·, A)
St−1(X,A)ξS(Z, ηt−1) (197)

+
∂f(η̃t(X))

∂Gt−1(·, A)
Gt−1(X,A)ξG(Z, ηt−1)

) ∣∣∣X] (198)

=f(η̃t(X)) +
∂f

∂π
(η̃t(X))(π(X)− π(X)) (199)

− π(X)

π(X)

(
∂f(η̃t(X))

∂St−1(·, 1)
St−1(X, 1)E[ξS(Z, ηt−1) | X,A = 1] (200)

+
∂f(η̃t(X))

∂Gt−1(·, 1)
Gt−1(X, 1)E[ξG(Z, ηt−1) | X,A = 1]

)
(201)

− 1− π(X)

1− π(X)

(
∂f(η̃t(X))

∂St−1(·, 0)
St−1(X, 0)E[ξS(Z, ηt−1) | X,A = 0] (202)

+
∂f(η̃t(X))

∂Gt−1(·, 0)
Gt−1(X, 0)E[ξG(Z, ηt−1) | X,A = 0]

)
(203)

(∗)
=f(η̃t(X)), (204)

where (∗) follows from Lemma H.2. Hence,

E
[
ρ(Z, ηt) (τt(X)− g(X))

2
]
= E

[
E
[
ρ(Z, ηt) (τt(X)− g(X))

2 | X
]]

(205)

= E
[
E
[
f(η̃t(X)) (τt(X)− g(X))

2 | X
]]

(206)

= E
[
f(η̃t(X)) (τt(X)− g(X))

2
]
. (207)

Putting everything together, we obtain

Lf (g, ηt) =
1

E[f(η̃t(X))]

(
E
[
ρ(Z, ηt) (φ(Z, ηt)− τt(X))

2
]

(208)

+2E [ρ(Z, ηt) (φ(Z, ηt)− τt(X)) τt(X)]) (209)
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+
1

E[f(η̃t(X))]
E
[
f(η̃t(X)) (τt(X)− g(X))

2
]
, (210)

which proves the claim because the first two summands do not depend on g and do not affect the
minimization.
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I Implementation details

I.1 Data generation

Synthetic data generation: We generated two different scenarios for our experiments on synthetic
data, from which we each generated four different datasets with full overlap, low treatment overlap,
low censoring overlap, and low survival overlap, respectively. For Scenario 1, we sample a one-
dimensional confounder from a standard normal distribution and set T = 5. Then we generate the
propensities as well as the censoring and survival hazard for the full overlap setting as

π(x) = 0.5σ(x) + 0.2σ(−x) (211)

λGt (x, a) = 0.5σ(x+ t) (212)

λSt (x, a) = 0.5σ(x− t), (213)
where σ denotes the sigmoid function. For the low overlap settings, we then replace π(x), λGt (x, a)
and λSt (x, a) by

π(x) = σ(2x) (214)

λGt (x, a) = σ(1.5(x+ t)) (215)

λSt (x, a) = σ(−ax/(t+ 1)), (216)
respectively.

For the more difficult Scenario 2, we follow [8] and sample a ten-dimensional standard normal
confounder. In this scenario, the full overlap setting with T = 30 is generated as

π(x) = σ
(∑

(x)
)

(217)

λGt (x, a) = 0 (218)

λSt (x, a) =

0.1σ
(
− 0.5

(∑
x
)2)

, t ≤ 10,

0.1σ
(
10
(∑

x
)2)

, t > 10.
(219)

To generate the different low-overlap settings, we then update the functions by
π(x) = σ(3x0) (220)

λGt (x, a) = 0.1σ
(
10
(∑

x
)
+ at

)
(221)

λSt (x, a) =

0.1σ
(
− 0.5

(∑
x
)2

− a(0.5 + 1{
∑

x ≥ 0})
)
, t ≤ 10,

0.1σ
(
10
(∑

x
)2

− a(0.5 + 1{
∑

x ≥ 0})
)
, t > 10,

(222)

respectively. From all datasets, we generate 30000 train samples with a train-validation split of 0.6
and 3000 test samples. For Scenario 1, we evaluate our model on time steps 0 to 5, and for Scenario 2
on time steps 0,5,10, and 15.
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Figure 7: Survival and censoring curves over time
averaged across all samples.

Twins data: For our medical case study, we
employ the Twins dataset as in [31]. The dataset
considers the birth weight of 11984 pairs of
twins born in the USA between 1989 and 1991
with respect to mortality in the first year of life.
Treatment a = 1 corresponds to being born
the heavier twin. The dataset further contains
46 confounders associated with the parents, the
pregnancy, and the birth. For a detailed descrip-
tion of the dataset, see [31]. We follow the pre-
processing steps and censoring mechanism in
[8] to create the time-to-event outcome.

In Figure 7, we assess the survival and censoring
overlap averaged across all samples. Overall,
there is no sign of systematic low survival or censoring overlap on average, i.e., the mean-aggregated
curves across all covariate realizations are bounded away from zero.
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I.2 Implementation:

All experiments were run in Python and run on an AMD Ryzen 7 PRO 6850U 2.70 GHz CPU
with eight cores and 32GB RAM. Our experiments can be easily computed on standard computing
resources. We provide our code at https://github.com/m-schroder/OrthoSurvLearners

Model architecture and parameters: Throughout our experiments, we instantiate all models with
the same four-layer neural network architectures and hyperparameters. This allows us to assess the
effect of our proposed weighting scheme, as differences in performance can be merely attributed to
the different orthogonal loss functions for training the second-stage model.

For the synthetic datasets, our propensitiy networks consist of 20 hidden neurons per layer and
are trained over 10 epochs with batch size 64, learning rate 0.0001 dropout factor 0.1. Our hazard
networks were trained without droput across 40 epochs and with batch size 256. Finally, the second-
stage models, consisting of 64 neurons per layer, were trained without droput across 30 epochs with
batch size 64 and learning rate 0.00001.

For the real-world dataset, we adapted the training of the propensity network to 20 epochs and the
training of the hazard networks to 120 epochs. We increased the hidden dimension of the second stage
model to 32 neurons per layer and wich was trained over 300 epochs with learning rate 0.000001. All
other parameter specifications remained as for the synthetic datasets.
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J Additional experiment

J.1 Ablation study

Here, we provide additional empirical results by evaluating our method across varying sample sizes
using synthetic Dataset 1 with low censoring overlap (see Tab. 4). We report the results for the C and
the T+C learner. PEHE results are averaged over the time steps to the power of 102. As expected,
the variance increases with smaller sample sizes, but overall, the proposed learners remain robust to
changes in dataset size.

Table 4: Results by learner and dataset size (PEHE ± standard deviation).
Learner 50% dataset 100% dataset 150% dataset

C 0.2541± 1.0848e−3 0.0836± 8.1418e−5 0.0571± 3.0890e−5

S 0.0722± 3.1591e−5 0.0677± 1.0696e−5 0.0535± 1.0176e−5

T+C 0.2227± 1.2506e−3 0.1100± 2.2593e−5 0.0637± 4.6489e−5

T+S 0.0720± 3.0045e−5 0.1602± 1.0559e−5 0.0533± 1.0353e−5

J.2 ADJUVANT dataset

The ADJUVANT trial [30, 55] enrolled 171 patients with EGFR-mutant stage II–IIIa non-small
cell lung cancer (NSCLC). Baseline characteristics such as age, sex, and smoking history were
recorded, and comprehensive sequencing of 422 cancer-related genes (including CDK4 and MYC)
was performed. The trial’s primary objective was to compare the efficacy of adjuvant gefitinib versus
chemotherapy.

While previous analyses of the ADJUVANT trial relied on linear survival models, we demonstrate
how nonlinear survival learners provide new insights. Specifically, we observed more pronounced
effects on disease-free survival (DFS) time in patient subgroups with co-alterations in TP53 and
SMAD4 (average subgroup effect of 0.2087 vs. total ATE of 0.1882), co-alterartions TP53 and
NKX2-1 (average subgroup effect of 0.1997) or who are of 65 years and older (average subgroup
effect of 0.2052) across all learners. Additionally, patient subgroups with co-amplification of TP53
and SMAD4 (average subgroup effect of 0.2075 vs. total ATE of 0.1870) or of old age (average
subgroup effect of 0.2040) showed a benefit in overall survival (OS) time when treated with gefitinib .
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