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Abstract

Learning decision policies from confounded observational
data is a challenging task in causal inference, as unobserved
confounders can lead to biased or suboptimal actions when
relying solely on machine learning models. A synergistic ap-
proach is learning to defer, which decides when to act it-
self and when to defer to a human expert with access to
unobserved information. However, constructing the learning
target, which defines the probability of choosing each ac-
tion or deferral, remains a core challenge. To address this,
we propose causal-target-based learning to defer (CTLD)
framework, where the causal target is constructed from sharp
bounds on potential outcomes. Specifically, the degree of
overlap between these bounds determines the probability of
deferral, while their relative positions and widths define the
probabilities over actions. CTLD aligns model predictions
with this causal target to make probabilistic decisions over
actions and deferral. We present comprehensive theoretical
guarantees for the learned policy and demonstrate the effec-
tiveness of CTLD on synthetic and semi-synthetic datasets.

Code — https://github.com/JustinLiam/CTLD

Introduction

Causal policy learning, which aims to optimize decision-
making from observational data, is critical in high-stakes
domains such as healthcare, finance, and social services
(Kallus 2018; Athey and Wager 2021). However, a fun-
damental challenge in leveraging such data is hidden con-
founding, which induces structural bias in causal effect es-
timation, thereby compromising the validity of learned poli-
cies and leading to suboptimal or even detrimental decision-
making (Imbens and Rubin 2015). For example, in health-
care, unrecorded lifestyle or psychological factors may in-
fluence both treatment choices and outcomes, thereby serv-
ing as unobserved confounders that distort the data-driven
policy learning.

Recent studies on confounding-robust policy learning,
such as those based on the minimax regret framework
(Kallus and Zhou 2018, 2021), often adopt a worst-case
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Figure 1: Overview of causal policy learning problem setup
and two learning paradigms. Policies without deferral may
yield suboptimal actions. The learning to defer (L2D) en-
ables the model to defer to a human expert, thereby mitigat-
ing confounding effects and making better action decisions.

perspective, resulting in overly conservative treatments with
limited utility. To address this limitation, we draw inspi-
ration from the emerging paradigm of “Learning to De-
fer” (L2D) (Mozannar and Sontag 2020), where a model
is trained not only to act autonomously but also to defer to
a human expert when facing high causal uncertainty. This
strategy may alleviate the pitfalls of overly conservative
policies, thus potentially achieving a better balance between
robustness and effectiveness, as illustrated in Figure 1.

The L2D paradigm can be viewed as learning a classifier
with the option of deferring to an expert. However, the obser-
vational data only reflects the covariates, action (e.g., treat-
ment 0 or 1) and corresponding outcome, without explicit
labels for when to defer. Thus, rather than learning to imitate
deferrals, the model must infer when to defer by quantifying
its uncertainty about the best course of action under hidden
confounding. The core challenge, therefore, is to construct a
learning target that serves as a principled proxy for the un-
knowable optimal decision, guiding the model on when to
act versus when to defer.

Prior work addresses this by designing a cost-sensitive
target which measures the penalty among actions and de-
ferral (Ghoummaid and Shalit 2024). A key weakness of
this approach is that its deferral cost directly incorporates
the raw observed outcome for each sample, which makes
the target sensitive to outcome stochasticity and may limit
the learned policy’s reliability. Furthermore, this framework
triggers deferral whenever the deferral penalty is lower than
the penalties for taking actions. This trigger is based on a



simple cost comparison, rather than a direct quantification
of the causal uncertainty between actions. These limitations
highlight a clear research gap in designing a robust learning
target based on a direct quantification of causal uncertainty.

To address this gap, we propose the causal-target-based
learning to defer (CTLD) framework to learn deferral poli-
cies. In the presence of hidden confounding, the true causal
effects of actions are not identifiable, but they can be tightly
bounded by sharp bounds!. By leveraging these bounds,
CTLD constructs a probabilistic learning target designed to
capture the uncertainty under hidden confounding. Specifi-
cally, the deferral probability is determined by the degree of
overlap between the bounds, while the action probabilities
are determined by the estimated treatment effect, which is
in turn tempered by the overall uncertainty captured by the
total width of the bounds. A model is then trained to match
this target using a tailored loss function and an asymmetric
softmax parameterization, which is suitable for the distinct
nature of action versus deferral decisions, thereby learning
a mapping from covariates to a probability distribution over
actions and deferral.

Our main contributions are as follows:

e We introduce a CTLD framework that leverages sharp
causal bounds to construct the stable, probabilistic causal
target, enabling robust action and deferral decisions un-
der hidden confounding.

We establish theoretical guarantees for CTLD, including
a regret-transfer bound that links the training loss to the
performance gap between the learned policy and the op-
timal policy, while a generalization bound ensuring that
the learned policy remains reliable on unseen data.

We conduct extensive experiments on both synthetic and
semi-synthetic datasets, demonstrating that CTLD out-
performs existing baselines in both policy values and de-
ferral behavior.

Related Work

Causal Policy Learning. Learning decision policies from
observational data is fundamentally a causal inference chal-
lenge (Imbens and Rubin 2015). A core difficulty is that
unobserved confounders, which are factors influencing both
past actions and outcomes, can create spurious correlations,
making it difficult to discern which actions are genuinely ef-
fective. To directly confront this problem, the field of causal
policy learning seeks to find not just optimal, but “robust”
policies, whose performance is guaranteed to be safe even
under worst-case assumptions about the confounding.
Broadly, two main approaches have emerged. Early
“weight-centric” method sought robustness through data re-
weighting, exemplified by minimax regret frameworks using
the Inverse Propensity Weighting (IPW) estimator (Kallus
and Zhou 2018, 2021). The statistical instability of this strat-
egy, particularly its tendency to assign extremely large im-
portance to a few rare observations, spurred the evolution

!Sharp bounds refer to the tightest possible upper and lower
limits on potential outcomes that are consistent with the observed
data and the assumed level of hidden confounding (Ho and Rosen
2015).
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towards a more direct, “value-centric” perspective. This lat-
ter approach bypasses data re-weighting and instead asks,
“Given the potential for confounding, what are the best-case
and worst-case outcomes for any given action?”, leading to
more stable methods that derive sharp bounds directly on
potential outcomes (Dorn and Guo 2023; Hess et al. 2025).

Learning to Defer Paradigm. A promising avenue for
mitigating risk under uncertainty is to design systems that
can defer to a human expert (Bondi et al. 2022; Hemmer
et al. 2023; Ruggieri and Pugnana 2025). This principle,
known as “learning to defer” (L2D), has been systemati-
cally established in supervised learning, allowing a model
to abstain on difficult instances and pass them to an expert,
thereby improving overall reliability (Mozannar et al. 2023;
Tailor et al. 2024). The established approach for training
such systems reduces the L2D problem to a well-understood,
cost-sensitive classification task using consistent surrogate
losses (Mozannar and Sontag 2020). These developments
provides a strong, principled foundation for building sys-
tems that can intelligently manage the trade-off between au-
tonomous action and expert referral.

However, applying the L2D to causal policy learning in-
troduces a fundamental challenge not present in supervised
learning: the absence of ground-truth labels for counterfac-
tual outcomes. To overcome this lack of direct supervision,
all methods must rely on a set of assumptions to estimate
causal effects from observational data. To make the problem
tractable, pioneering works often operate under the assump-
tion of unconfoundedness (e.g., Leitdao et al. (2022); Gao
et al. (2021)). This has led to the development of simplified
systems that learn to route decisions between an Al and an
expert, optimizing the team’s overall performance by lever-
aging their complementary strengths. This unconfounded-
ness assumption, while powerful, is untenable in many real-
world applications, as unobserved confounders can lead to
biased estimates and, consequently, unsafe policies.

Learning to Defer under Hidden Confounding. Re-
cently, a few pioneering works have begun to tackle the chal-
lenging problem of learning a deferral policy in the pres-
ence of hidden confounding. These efforts can be broadly
categorized into three main methodologies. The first is di-
rect interval estimation of the conditioal average treatment
effect (CATE), an approach taken by (Jesson et al. 2021),
who first estimate a range of possible CATE values and then
apply a simple rule, such as deferring if the estimated in-
terval contains zero. A second methodology is the “weight-
centric” approach, pioneered by (Gao and Yin 2025), who
propose a minimax framework that optimizes a worst-case
policy risk over an uncertainty set of importance weights.
However, this method can suffer from high variance due
to the instability of these weights. A third strategy is cost-
sensitive classification, as developed by (Ghoummaid and
Shalit 2024), whose training target is prone to instability
from its reliance on noisy outcomes and provides only an in-
direct proxy for causal uncertainty. These limitations across
different methodologies highlight a clear research gap in de-
signing a robust learning target based on a direct quantifica-
tion of causal uncertainty. A structured comparison of these



approaches is provided in Appendix A.

Our Method
Problem Setup

We consider a dataset D = {X;, A;,Y;} Y ;, where for each
unit 4, X; € X represents pre-treatment covariates, 4; € A
is the treatment received, and Y; € R is the observed out-
come. In this work, we focus on the binary treatment set-
ting, where the treatment action is 4; € {0, 1}. Under the
potential outcomes framework, Y;(0) and Y;(1) denote the
two potential outcomes for unit ¢. A summary of key terms
and notation is included in Appendix B for reference.

The traditional goal of policy learning is to find a pol-
icy m : X — {0,1} that maximizes the expected outcome,
V(n) = E[Y (7(X))]. Reliably evaluating this value from
observational data, depends on three core assumptions: the
stable unit treatment value assumption (SUTVA), positivity,
and unconfoundedness (Imbens and Rubin 2015). However,
the Unconfoundedness assumption (i.e., {Y(0),Y (1)} 1L
A|X) is often the most challenging to satisfy in practice
(Gao and Yin 2025; Hess et al. 2025).

The violation of unconfoundedness can lead to subopti-
mal and unreliable policies. To mitigate this risk, we adapt
the L2D framework, a form of human-Al collaboration. The
goal is to learn a deferral policy 7 : X — {0, 1, L}, which
maps covariates either to a specific treatment action or to
the deferral action (_L). The value of such a policy 7 is the
expected outcome of the joint system:

V(r) = E[I(x(X) L)Y (x(X)) "

+ I(m(X)

— L)Y (4)]
where the system follows the AI’s decision 7(X) if it does
not defer, and the expert’s decision otherwise. Following
Ghoummaid and Shalit (2024), we assume the historical data
was generated by this same expert, and model the expert’s
action upon deferral as the historically observed action.

Our central problem is to learn an optimal policy 7* =
arg max, V() in the presence of hidden confounding. To
formalize this, we relax the unconfoundedness assumption
by assuming the existence of an unobserved confounder U
such that unconfoundedness holds conditioned on both X
and U:

{Y(0),Y(1)} 1L A|X,U )

To make this assumption operational, we quantify the
strength of the confounding induced by U using the marginal
sensitivity model (MSM) (Tan 2006), which bounds the de-
gree to which U can influence treatment assignment given
the estimable nominal propensity score e(z) := P(4
1|X = z) versus the unidentifiable true propensity score
e(r,u) = P(A=1X =2,U = u).

Assumption 1 (MSM Assumption). The ratio between the
true treatment odds, e(x,u)/(1 — e(x, u)), and the nominal
treatment odds, e(x)/(1 — e(x)), is almost surely bounded

by a factor A > 1:

e(x)

1 e(x,u)
AT s 1—e(x)

<A.
~1—e(z,u) -
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Figure 2: Overview of the CTLD framework.

A larger A accommodates greater degrees of unobserved
confounding. When A = 1, the assumption reduces to stan-
dard unconfoundedness.

Causal-Target-based Learning to Defer

To learn a deferral policy under hidden confounding, our
CTLD method proceeds in three key steps, as shown in Fig-
ure 2: first, we estimate sharp bounds on potential outcomes
to quantify causal uncertainty; second, we leverage these
bounds to construct a novel causal target; and finally, we
train a policy to match this target using a tailored optimiza-
tion procedure.

Sharp Bounds Estimation The first step of our CTLD
framework is to quantify the causal uncertainty arising from
hidden confounders. We achieve this by estimating the sharp
upper and lower bounds, denoted Qi(;v, a), for the condi-
tional average potential outcome (CAPO), where Q(x, a) =
E[Y(a)|X = z].

These bounds are derived under Assumption 1 and are
formally presented in Definition 1, which builds upon the
quantile balancing method of Dorn and Guo (2023). The full
derivation is provided in Appendix C.

Definition 1 (Sharp Bounds for CAPO). Under Assumption
1, the sharp upper and lower bounds on the CAPO Q(z, a),
denoted Q* (z,a), are given by:

Q*(x,a) = wh(x,a)i® (z,a) + wF(z,a)p®(2,a) (3)

where the components are defined as follows. The weighting
coefficients w* (x, a) are:

w(z,1) = e(z) + (1 — e(x)) AT,
wE(z,0) = (1 —e(x)) + e(z) AT
The partial expectations are:
pE(z,0) =E[Y -T5(Y,z,0)| X =z, A = a,
i (z,0) =E[Y -TF(Y,z,0)|X =2, A =a.
The indicator functions 1F and I+ are given by:
I"(y,2,a) = {y < ¢-(2,0)},
It (y,z,a) = {y > ¢, (v,a)},
I (y,z,a) =y < q1—-(z,0)},
I (y,z,a) = {y > q1_,(x,a)},
where the quantile level is T = A /(1 + A).



In practice, we compute these bounds by first using neu-
ral networks to estimate the required nuisance functions: the
nominal propensity score e(x) and the conditional quan-
tile function ¢, (x,a). The final estimated bounds, denoted

Qi (z,a), are obtained by plugging these nuisance estimates
into Equation (3).

Causal Target Construction With the uncertainty bounds
Q* (2, a) established, the subsequent challenge is to convert
this information into a robust learning target. Prior work,
such as CARED (Ghoummaid and Shalit 2024), has ap-
proached this by constructing a surrogate cost that directly
incorporates the single-sample observed outcome y. While
innovative, this reliance makes the learning target sensitive
to outcome stochasticity, which can impair the learned pol-
icy’s reliability. Our core idea, therefore, is to construct a
causal target that derives its structure from the stable geom-
etry of the uncertainty intervals, rather than from the noisy
observed outcome. This target vector is thus designed with
two key components: a deferral probability to represent the
degree of causal uncertainty, and a calibrated action distri-
bution to reflect the preferred treatment.

Deferral Probability. In our framework, the decision to
defer is determined by the uncertainty about which action
is optimal. We quantify this uncertainty by the degree of
overlap between the estimated CAPO intervals for the two
actions. Let I, = [Q‘ (z,a), Q+(a:, a)]. The deferral proba-
bility is the ratio of the intersection length to the union length
of these intervals:

~ |loNn I

) “4)
I U T4

ﬁdefer(x)
This construction intuitively ensures that significant over-
lap between the bounds leads to a high probability of de-
ferral, while well-separated bounds result in a probability
approaching zero.

Action Probability. For the action probabilities, we aim to
capture the estimated treatment effect while being calibrated
for uncertainty. To derive this probabilities, we begin with a
provisional treatment effect based on the interval’s midpoint,
Q(z,a) = (QF (x,a) + Q~(x,a))/2. This midpoint, serv-
ing as an initial uncalibrated measure, is then used to define

a raw score for action 1 as score; (z) = Q(z,1) — Q(z,0),
with the score for action 0 being its negative.

However, using these raw scores directly can lead to
overconfident probabilities, particularly when the uncer-
tainty bounds are wide. To address this, we introduce an
uncertainty-scaling mechanism. We scale the scores by the
total uncertainty, U (z) = |Ip U I;|, before applying the soft-

max function:
D )

This scaling tempers the model’s confidence when causal
estimates are imprecise.

Finally, this action distribution p,con(2) and the defer-
ral probability Pgefer(x) are combined to form the complete

scoreg(x) scoreq ()
U(x) = U(x)

ﬁaction(l') = softmax <|:
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causal target p(z):

p(r) = (ﬁo(-r)vﬁl(x)§ﬁdefer($))~ (6)
The resulting vector serves as a rich learning target that en-
codes both a calibrated action distribution and the degree of
causal uncertainty.

L2D Policy Learning The final step is to learn a scor-
ing function g(x) : X — R? that maps input features to
scores for each choice {0, 1, L }. Because the deferral option
is conceptually separate from the mutually exclusive actions
{0, 1}, a standard softmax over all three outputs is flawed.
It would create an undesirable coupling, forcing the defer-
ral probability to decrease as action probability increases,
thereby ignoring the overall decision uncertainty.

To handle this structure correctly, we adopt the Asymmet-
ric Softmax parameterization (1) from Cao et al. (2023).
This function maps the raw scores g(x) to a valid probability
vector suitable for our problem.

Definition 2 (Asymmetric Softmax Parameterization). For

a score vector u = [ug, u1,u, ], the transformation ) (u) =
[waction (U), wdz’fer<u)] is defined as:

&acrion (U) = SOﬂ‘max([Uo, Ul]);

- exp(u

ql}defer(u) = p( L) N

Zje{O,l,J_} eXp(“y) — MaX;ec(0,1} eXP(UJ)

_ This parameterization ensures that the action probabilities
Yaction (W) = (Yo(uw), 11 (w)) form a valid distribution (i.e.,
1o (u) +11 (u) = 1), while the deferral probability ¢gefer ()
is a separate, calibrated value between 0 and 1. Our learn-
ing objective is to minimize the discrepancy between the
model’s output probabilities 1/(g(X)) and our constructed
causal target p(X). We achieve this by minimizing a sur-
rogate risk R(g), which is a weighted sum of two cross-
entropy losses:

R(g) =Ey p, Laction(9(X), Paction (X))

+ A Edefer(g(X)vﬁdefer(X)>:|

where A is a balancing hyperparameter. The action loss
Laction 18 the standard cross-entropy between the predicted
and target action distributions. The deferral loss Lgefe; is the
binary cross-entropy for the deferral decision:

Ddefer (X) log q/jdefer (g(X))

+ (1 —ﬁdefer(X)) 10g(1 - &defer(g(X)))}

The optimal scoring function g* is found by minimizing
this empirical risk over a given model class G:

(7

Edefer = -
(8)

g" = argmin R(g). ©)
The final policy 7*(z) is then derived from these optimal
scores. Specifically, after applying the Asymmetric Softmax
transformation, we select the choice with the highest result-
ing probability. This ensures the decision rule is consistent
with the calibrated probabilities used during training:

7 (2) —arg_max_ U;(g"(x)).

10
j€{0,1,1} (10)
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Figure 3: An illustrative scenario under hidden confounding,
where the CAPO intervals for two actions overlap signifi-
cantly.

An Illustrative Comparison

To highlight the advantage of our probabilistic causal target,
we compare our CTLD framework to cost-sensitive meth-
ods, such as CARED (Ghoummaid and Shalit 2024), in a
hidden confounding scenario. Assume for a patient with co-
variates z, the estimated CAPO intervals are Iy = [5,15]
and I; = [8, 18], as depicted in Figure 3. Suppose an expert
chose action a = 1, but we observe two different outcomes
due to unobserved confounders: a high outcome y; = 17
and a modest one yo = 9.

Cost-Sensitive Approach (e.g., CARED). This approach’s
deferral cost, C'; , directly depends on the observed outcome
y. For our two realizations, this cost changes drastically from
CL(yl) =5—-17 = —12 to CL(yg) =5-9 = —4
This demonstrates a key weakness: the learning signal is
highly sensitive to outcome uncertainty, which can impair
the learned policy’s robustness.

Our CTLD Approach. In contrast, our method constructs a
causal target directly from the interval geometry, making it
independent of the noisy outcome.

e The deferral probability, determined by the intervals’
relative overlap, is Peter(z) = [IgN 11|/ |Io U7 | == 0.54.
e The action probabilities, derived from wuncertainty-

scaled CATE scores, are calibrated tO Dyction(Z) =
[0.39,0.61].

The resulting causal target, p(x) [0.39,0.61;0.54], is
identical for both y; and y». This principled decoupling
from outcome uncertainty provides a stable learning target,
which is a central advantage of our CTLD framework. De-
tailed calculations are provided in Appendix D.

To summarize our CTLD, Algorithm 1 presents the pro-
cedure in three high-level steps: estimating sharp bounds,
constructing causal targets, and learning the L2D policy.

~
~

Theoretical Guarantees

Our theoretical analysis is presented in three interconnected
parts. First, we establish the consistency of our CTLD’s
core components (Propositions 1 and 2), which confirms
that our novel causal target is not an arbitrary construct
but a statistically reliable learning target that converges to
a meaningful quantity. Second, we present our main theo-
retical contribution: a regret-transfer bound (Theorem 1).
This is the crucial bridge that formally connects minimizing
our surrogate learning objective to the ultimate goal of mini-
mizing the true, unobservable causal regret. Finally, we pro-
vide a standard generalization bound (Theorem 2) to en-
sure that the policy learned on the training data will perform
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Algorithm 1: Causal-target-based learning to defer (CTLD)

1: Input: Dataset D = {X;, A;, Y; })¥,, confounding level
A, loss balance )\, model class G
2: Output: Learned policy 7(x)
3: // Step 1: Estimate sharp bounds
Estimate sharp CAPO bounds Q*(X;, a) for all sam-
plesi=1,..., N.
// Step 2: Construct causal targets
for each X; do
Compute deferral probability Paefer (X;)
Compute action probabilities Pyction (X
Form the complete target p(X;)
end for
: // Step 3: Learn L2D policy
: Learn g* € G by minimizing total loss over all p(X;)
: return 7 (z) by Equation (10)

reliably on unseen data. Collectively, these results provide
a comprehensive theoretical validation, showing that CTLD
is not only learnable and stable, but also a principled and
effective approach to decision-making under uncertainty.

Assumption 2 (Regularity, Flexibility, and Convergence).
We assume the following: (a) Bounded Outcomes: |Y| <
Cy. (b) Sieve Approximation: optimal scoring func-
tion g* can be increasingly well-approximated by a se-
quence of function classes {gm}mzl, where m denotes
the model complexity. Formally, infyocg, |lg — 9%z, =
O(m=PB)  for some 3 > 0. (c) Complexity Control: For

every m, Rn(Gm) = (’)( (d) Data-Driven Se-

logm
|

-«
=n

lection: Choose m = m(n) so that W

with o < /(1 + 28). (e) Bound Estimation Rate: | QX —
Q*||1, = Op(n—).

Assumption (a) guarantees bounded potential outcomes
and hence bounded sharp bounds. For (b) and (c), we
employ a regularised sieve of weight—decayed ReLU net-
works G, () whose width grows as m(n) oc n!'/(125),
This construction (i) approximates any S—Holder target at
rate m(n)~?, and (ii) enjoys a Rademacher complexity
Ri(Gmn)) = O(y/logm(n)/n) due to the spectral-norm
constraint (Schmidt-Hieber 2020). We determine m(n) via
cross—validated early stopping, a practical method intended
to approximate the balanced rate required by (d). Assump-
tion (e) is justified by the established n~“ rate for the
deep neural network nuisance estimators used in their con-
struction (Farrell, Liang, and Misra 2021, Theorem 1).
This architecture and training protocol are consistent with

state—of—the—art implementations (Ghoummaid and Shalit
2024; Hess et al. 2025).

Proposition 1 (Consistency of Bound Estimators). Assump-
tion 2(e) implies that the CAPO bound estimators QF (x, a)
are consistent for the true sharp bounds Q= (z, a).

See Appendix C for the full proof. This proposition ensures
that the inputs to our causal target construction are asymp-



totically correct.

Proposition 2 (Consistency of the Causal Target). Under
the consistency of the causal bound estimators, as the sam-
ple size n — oo, the causal target p,(X) converges in
probability to a deterministic limiting vector p* (X)) that cor-
rectly reflects the underlying causal uncertainty.

See Appendix C for the full proof.

With these consistency propositions, our main theoreti-
cal contribution is a regret-transfer bound. Our ultimate
goal is to find a policy that minimizes the true causal re-
gret, which measures the performance gap to the unknown
optimal policy. However, this objective cannot be optimized
directly. Instead, during training, we minimize a tractable
true surrogate risk, denoted R(g), which is the expected
cross-entropy loss against our causal targets. Let R* be the
minimum possible value of this risk. The quantity R(g)— R*
is then the excess surrogate risk—a measure of how sub-
optimal our learned model is on the training objective. The
following theorem provides the crucial bridge connecting
causal regret to the surrogate risk.

Theorem 1 (Regret-Transfer Bound). For every score func-
tion g, let wq be the policy derived from it and 7" be the
oracle policy defined by the causal target. Then the excess
causal regret is bounded by the excess surrogate risk:

Um ax
V2

The full proof is provided in Appendix C. The significance
of this theorem is that it justifies our entire learning proce-
dure. It provides a formal guarantee that by finding a model
with a low training error (i.e., minimizing the surrogate risk
R(g)), we are indeed making progress towards the true goal
of finding a policy with low real-world regret.

Finally, we provide a finite-sample generalization bound
for our CTLD. This result is crucial as it connects the empir-
ical risk R( ¢) (what we minimize on our training data) to the
true risk R(g) (the performance on the real-world data distri-
bution), guaranteeing that the policy learned on the training
data will perform reliably on unseen data.

Ex[Regx (my)] —Ex[Regx (r*)] < R(g) - R*.

Theorem 2 (Generalization Bound). Recall that R(g) is the
true surrogate risk and let R(g) be the empirical surrogate
risk. Under Assumption 2, for the empirical risk minimizer
Jn, with probability at least 1 — 6, the following holds:

. 5/ n a [log(1/0
R(gn) - R(gn) < Can(g) +Con +C3 %/)7
(11)
where R,,(G) is the Rademacher complexity of the function
class G, and C1, Cy, C3 are constants.

The full proof is provided in Appendix C. This bound pro-
vides insight into the sources of generalization error, which
consists of three key components: a term for the complex-
ity of the model class (R,,(G)), an approximation error term
from using an estimated target (n~%), and a standard statis-
tical learning term.
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Figure 4: Policy regret on synthetic data. The x-axis shows
the assumed level of hidden confounding (log(A)), and
lower policy regret indicates better performance. The verti-
cal dashed line marks the true confounding level (log(Ag) =
2.5). Our method, CTLD, consistently outperforms key
baselines across nearly all levels of confounding.

Experiments

We conduct experiments to evaluate the effectiveness of our
proposed method, CTLD, in learning deferral policies under
hidden confounding. We use two experimental settings: (1) a
synthetic environment adapted from (Gao and Yin 2025) to
allow for controlled analysis, and (2) a semi-synthetic setup
based on the IHDP dataset (Hill 2011) to assess performance
on more realistic data distributions. In both settings, we vary
the marginal sensitivity parameter A to simulate different de-
grees of unobserved confounding.

Baselines and Setup

We compare our CTLD against a comprehensive range of
recent and standard baselines:

* ConfHAI (Gao and Yin 2025): A minimax IPW ap-
proach for deferral policy learning.

* CARED (Ghoummaid and Shalit 2024): A cost-sensitive
classification method for deferral policy learning.

* B-Learner (Oprescu et al. 2023; Jesson et al. 2021): A
policy that defers when CATE interval bounds cross zero,
otherwise assigns treatment.

* CRLogit (Kallus and Zhou 2021): A minimax policy
learning model without any deferral mechanism.

* Pessimistic Policy: A conservative policy that avoids de-
ferral by choosing the action with the better worst-case.

* Random Deferral Policy: Randomly defers with fixed
probability, serving as a naive baseline.

* Human/Expert Policy: A human-derived policy, simu-
lating human decision-makers recommendations.

* Oracle: A clairvoyant policy with access to true potential
outcomes, used as an upper bound.

Comprehensive details regarding the experimental setup,
data generation, and hyperparameter settings for all models,
are provided in Appendix E.
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Figure 5: Performance on the semi-synthetic [HDP dataset. (a) Policy value (higher is better) versus the assumed confounding
level log(A), with the true value marked by a vertical dashed line. (b) Corresponding deferral rates for the deferral-enabled
policies. CTLD achieves the highest policy value among learned policies while employing a highly efficient deferral strategy,
with a deferral rate consistently less than a third of that of the CARED baseline.

Synthetic Dataset

We replicate the synthetic data experiment from (Gao and
Yin 2025) and run 10 trials. For each trial, we vary the uncer-
tain parameter log(A) from 0.1 to 4, corresponding to vari-
ous levels of assumed hidden confounding. We compare the
policy regret for the returned policy for each method rela-
tive to the Baseline Policy, which assigns action a = 0 for
all individuals. Additionally, we report the policy regret of
Human Policy. Figure 4 shows the results. CTLD achieves
the lowest regret among nearly all learned policies, closely
approaching the Oracle performance. Notably, the perfor-
mance of methods like ConfHAI and CARED deteriorates
significantly when the assumed confounding level log(A) is
misspecified (i.e., far from the true value of 2.5). In contrast,
CTLD remains stable across the entire range, demonstrating
robustness to the misspecification of the confounding level.

IHDP Dataset

To evaluate performance in a more realistic setting, we test
our method on the semi-synthetic IHDP dataset, following
the setup from (Jesson et al. 2021). The results, averaged
over 200 dataset realizations, are presented in Figure 5.

The findings highlight the effectiveness and efficiency of
our CTLD framework. As shown in Figure 5(a), CTLD con-
sistently achieves the highest policy value among nearly
all learned policies, robustly outperforming other methods
across the entire range of confounding levels. Simultane-
ously, Figure 5(b) demonstrates that this superior perfor-
mance is achieved with remarkable efficiency, as CTLD’s
deferral rate is consistently less than a third of that required
by the CARED. This result empirically validates that our
core proposal of constructing the probabilistic learning tar-
get leads to a more effective and efficient deferral policy.
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Figure 6: Ablation study on the hyperparameter A in Equa-
tion (7). Larger \ increases the deferral rate while keeping
the policy value stable.

Ablation Study

To assess the effect of A, we conduct an ablation at log(A) =
0.5 and report results averaged over 200 trials. As shown in
Figure 6, increasing A monotonically raises the deferral rate.
Crucially, this is achieved while the policy value remains
high, indicating that CTLD learns to defer on genuinely un-
certain cases without sacrificing performance.

Conclusion

In this paper, we study learning to defer under hidden con-
founding using only observational data. We introduce CTLD
framework, which constructs a stable probabilistic target
from sharp bounds on potential outcomes. CTLD is sup-
ported by regret-transfer and generalization guarantees. Ex-
periments show that CTLD achieves strong policy value
with an efficient deferral rate, remaining robust even under
misspecified confounding.
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