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Abstract

Policy learning algorithms are regularly
leveraged in domains such as personalized
medicine and advertising to develop individ-
ualized treatment regimes. However, a criti-
cal deficit of existing algorithms is that they
force a decision even when predictions are un-
certain, a risky approach in high-stakes set-
tings. The ability to abstain, that is, to defer
to a safe default or an expert, is crucial but
largely unexplored in this context. To rem-
edy this, we introduce a framework for pol-
icy learning with abstention, in which poli-
cies that choose not to assign a treatment to
some customers/patients receive a small, ad-
ditive reward on top of the value of a random
guess. We propose a two-stage learner that
first identifies a set of near-optimal policies
and then constructs an abstention class based
on disagreements between the policies. We
establish fast O(1/n)-type regret guarantees
for the abstaining policy when propensities
are known, and show how to extend these
guarantees to the unknown-propensity case
via a doubly robust (DR) objective. Fur-
thermore, we demonstrate that our absten-
tion framework is a versatile tool with direct
applications to several other core problems
in policy learning. We use our algorithm as a
black box to obtain improved guarantees un-
der margin conditions without the common
realizability assumption. We also show that
abstention provides a natural connection to
both distributionally robust policy learning,
where it acts as a hedge against small data
shifts, and safe policy improvement, where
the goal is to improve upon a baseline policy
with high probability.
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1 INTRODUCTION

Policy learning algorithms guide high-stakes decisions
in domains like personalized medicine and public pol-
icy by constructing individualized treatment rules
from observational data. Yet, a critical deficit of exist-
ing methods is their failure to abstain when faced with
high uncertainty. In safety-critical applications, forc-
ing a decision when evidence is weak can be harmful;
the responsible action may be to defer to a human ex-
pert or a trusted baseline policy. One way to facilitate
this is through allowing learned policies to abstain —
that is, instead of just assigning a unit to treatment
or control (denoted “1” or “0” respectively), they can
abstain by outputting a special symbol “x”.

While abstaining algorithms have been developed
in the classification literature (Bousquet and Zhivo-
tovskiy, 2021), generalizing these algorithms to the
setting of policy learning from observational data is
a non-trivial task. The primary difficulty is the coun-
terfactual nature of the problem: the learner only ever
observes an outcome under treatment or control for
any given unit, never both. Because of this, the learner
must transform samples (either via inverse propen-
sity weighting or through a doubly-robust correction)
into “pseudo-outcomes” — quantities representing the
unit-specific contrasts in outcomes between treatment
and control.

In this work, we present a framework formalizing pol-
icy learning with abstention. The goal of the learner is
to use observational data Z = (X, D,Y’) consisting of
covariates X € X, treatment D € {0, 1}, and outcome
Y € R to learn a high reward abstaining treatment
policy m : X — {0,1,+}. Here, 7 is assumed to exist
in some pre-defined policy class II that implicitly en-
codes constraints of the problem (e.g. IT is the class of
all depth 3 decision trees, thus enforcing explainabil-
ity). Our per-section contributions are as follows:

1. In Section 3, we formalize the problem of policy
learning with abstention. We introduce a form
of “safe” or abstaining regret, which incentives
abstention in regions of uncertainty by offering a
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small, additive reward p on top of the value of a
random guess.

2. Also in Section 3, we introduce our primary al-
gorithm for policy learning with abstention (Al-
gorithm 1). Our algorithm first de-biases obser-
vations via inverse propensity weighting (IPW)
when propensities are known (Section 3.1), or
by performing a doubly-robust correction when
propensities are unknown (Section 3.2). We prove
the algorithm obtains fast O(1/n) high probabil-
ity regret rates under the safe/abstaining regret,
and in the worst-case obtains O(1/+/n) standard
regret, matching rates due to Athey and Wager
(2021).

3. In Section 4.2, we discuss applications of Algo-
rithm 1 to a variety of practically-relevant policy
learning problems. This includes the problem of
policy learning without standard margin assump-
tions (Theorems 4.1 and 4.2), safe-policy improve-
ment (Algorithm 3), and learning under distribu-
tion shift (Proposition 4.3).

In addition to the above, we also conduct simulations
to compare our safe policy improvement algorithm (Al-
gorithm 3) to relevant benchmarks (Thomas et al.,
2015). In sum, our work illustrates the practicality and
importance of studying policy learning with absten-
tion, and further provides insight into how abstention
can impact other areas of policy learning as well.

Related work on abstention. Classification with
abstention/a reject option traces back to Chow (1970),
who characterize the optimal error-reject trade-off,
prescribing abstention whenever the posterior risk of
mis-classification exceeds the reject cost. Herbei and
Wegkamp (2006) consider classification with a reject
option in a statistical learning setting, and Bartlett
and Wegkamp (2008) introduce a convex “reject-
hinge” loss to make abstention trainable in large-scale
settings. Other researchers have developed abstaining
classification algorithms for SVMs (Grandvalet et al.,
2009), multiclass classification (Ramaswamy et al.,
2015), boosting (Cortes et al., 2016), online learning
(Cortes et al., 2018; Pasteris et al., 2024; Neu and
Zhivotovskiy, 2020; van der Hoeven et al., 2022), and
even deep learning settings (Geifman and El-Yaniv,
2017; Geifman and El-Yaniv, 2019). Madras et al.
(2018) study a setting where the prediction of an ab-
staining algorithm is replaced by a downstream ex-
pert, but don’t provide regret/excess risk guarantees.
Most closely related to this paper is the work of Bous-
quet and Zhivotovskiy (2021), who develop an empir-
ical risk minimization-based algorithm for abstention
that enables fast O(1/n) risk minimization rates with-
out standard margin/realizability assumptions.

Policy Learning. Our work builds off of the litera-
ture on policy learning, particularly works on welfare
maximization/regret minimization (Athey and Wager,
2021; Hirano and Porter, 2009; Kitagawa and Tetenov,
2018; Manski, 2004). Also related to our work is the
literature of safe policy improvement, which aims to
produce a policy that, with high-probability, improves
over some baseline “safe” policy. Existing approaches
include using hypothesis testing to select between the
baseline and learned policy (Thomas et al., 2015; Cho
et al.,, 2025), bootstrap the baseline policy with a
learned policy in regions of low confidence (Laroche
et al., 2019; Siméao et al., 2019), and directly mini-
mizing “negative regret” (Ghavamzadeh et al., 2016).
Our work provides new perspective onto safe pol-
icy improvement, showing how abstaining algorithms
can naturally be used to construct improved poli-
cies. Other complementary areas that are not directly
considered in the work are policy evaluation (Dudik
et al., 2011; Karampatziakis et al., 2021), offline rein-
forcement learning (Moodie et al., 2007, 2012; Mur-
phy, 2003), policy learning under partial identifica-
tion (Kallus and Zhou, 2018), and inference on val-
ues of optimal treatment policies (Luedtke and Van
Der Laan, 2016; Chen et al., 2023; Whitehouse et al.,
2025).

2 NOTATION AND
PRELIMINARIES

We assume the learner observes ii.d. draws Z =
(X,D,Y) with covariates X € X, realized action
D € {0,1}, and outcome Y € [0,1]. Let (Y (1),Y(0))
denote potential outcomes, and write

gold,5) = E[Y(d) | X =z,
To(2) = go(1, ) — g0(0,7),

as respectively the expected outcome mapping and
conditional average treatment effect (CATE). We de-
note the propensity score by p,(z) :=P(D=1| X=x).
We assume the following of the data generating pro-
cess.

Assumption 2.1 (Data-generating process.). We as-
sume the following conditions hold throughout:

(i) Unconfoundedness: (Y (1),Y(0)) L D | X.

(ii) Strict overlap: p,(z) € [k, 1 — k] for some known
k€ (0,1].

We let g, p, T denote generic estimates of g,, po, 7o, Te-
spectively. For ¢ > 1 and a distribution Px on X,

define || f]|py.q == (Epy|F(X)[1)".



Sawarni, Jin, Whitehouse, Syrgkanis

Policies. A policy 7 : X — {0,1} prescribes a bi-
nary treatment to a unit with covariates X. Let II
denote a class of feasible treatment policies. We as-
sume II has bounded complexity, controlled through
the VC dimension (Vapnik, 2013).

Assumption 2.2 (Policy class complexity). The pol-
icy class II has finite VC dimension d < oco.

The in-class optimal policy is 7* € argmax, . V(7),
where V(m) := Ep[Y(n(X))] denotes the ex-
pected welfare/reward under policy w. We also
consider the Bayes policy, which maximizes value
over all measurable binary policies: 77 (z) =
argmaxde{o,l}E[Y(d) | X =z] = Yro(z) > 0}

Policy value. For binary policies, we can rewrite
the policy value Ep, [V (7(X))] as

V(r) = E[r(X)Y(1) + (1 - 7(X)) Y (0)]

- E[W(X)% +(1- W(X))%].

Likewise, we define the conditional value for policy 7
at realized covariates x as

o(m,z) =E {W(X) Y(1) + (1—7(X)) Y(0) ’ X = :c}
(@) go(L,2) + (1 - 7(2) go0,2). (1)

Let E, denote the expectation with respect to the
empirical sample distribution. We define the inverse
propensity weighted (IPW) analogue of Equation (1)
as

- (X)) 155

Additionally, we define the normalized IPW contribu-
tion for a policy 7 at an observation z = (z,d, y):

frlz,d,y) = K(W({L‘) pj/(i)
+(1- w(x))ly(_lz;z)) .

This quantity is the per-sample term whose average re-
covers the policy value up to the factor k; the extra x
factor ensures the function is uniformly bounded. We
use f(z) and f(x,d,y) interchangeably. By Y € [0, 1]
and po(X) € [k, 1 — k], we have f.(Z) € [0,1] a.s., and
E[f~(Z)] = kV(r). As a notational shorthand, write
E[fr] and E,[f] for E[f,(Z)] and E,[f(Z)], respec-
tively. We use this notation throughout. In particular,
when we write E,, | fz — fz|, we mean the empirical av-
erage of pointwise differences between the normalized

IPW scores: %Z?:l |fﬁ'(m’ia diayi) - fﬂ'(xia dzayz) | .

3 POLICY LEARNING WITH
ABSTENTION

We now present our framework for policy learning with
abstention. In this framework, the learner can choose
to defer on recommending a treatment to any unit
based on their observed covariates X. For instance,
the learner may not want to prescribe treatment when
the estimated CATE for a unit is small. When the
learner abstains, they receive a small, additive reward
over the value of a random guess.

More formally, an abstaining policy is a mapping 7 :
X — {0,1,*}, where m(X) = * denotes the deferral of
treatment decision. When the learner abstains, they
receive reward w +p, where p > 0 is some fixed
bonus. We define the expected reward mapping under
abstention as

go(x,2) =E 7}/(1);”0) +p ‘ X = x}

Likewise, we define the expected reward/welfare
V) (1) of an abstaining policy with bonus p (and its
empirical analogue v, (7)) as

V) (r) = E[1{m(X) # +} v(m, X) + Hr(X) = %} go(x, X)],

VAP (1) = B [(X) 7585 + (1 — (X)) 29535

B Y (1-D)
+Ym(X) = +} (52580 + 5By “’)]'

Note that we have V®) (1) = V(r) and Vyﬁp)(w) =
V() for any policy 7 that does not abstain.

The goal of the learner is to use either experimen-
tal (Section 3.1) or observational (Section 3.2) data to
learn an abstaining policy with small abstaining regret,
which is defined with respect to a binary policy class
IT as

Reg () := V(x*) = V¥ (), (2)

where again 7* is the in-class optimal policy and 7 is
some potentially abstaining policy. We define the clas-
sical regret just as Reg,, (7) := Reg® (7). The learner
is constrained to returning a policy 7 that aligns with
some 7 € II when it does not abstain, i.e. 7(z) = 7 (x)
when 7(x) # *.

3.1 Known Propensities

We first describe an algorithm for learning an abstain-
ing policy when the treatment assignment mechanism
(i.e. propeunsity) for the data is known. Our algorithm
(Algorithm 1) works by first computing an empirical
welfare maximizer 7 from II using half of the data
(where welfare is determined with respect to the IPW
empirical value, V,,). Then, it computes a set of “near-
optimal” policies whose empirical welfare is close to
that of the empirical risk minimizer, modifying these
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policies to abstain precisely when they disagree 7. Fi-
nally, the algorithm returns the empirical abstaining
welfare maximizer in this restricted set of policies on
the second half of the data. The following theorem
shows that Algorithm 1 obtains fast abstaining regret
rates, per the formulation of regret in Equation (2).

Theorem 3.1. Fizp > 0 and § € (0,1). Under As-
sumption 2.1 and Assumption 2.2 and the construction
in Algorithm 1, with probability at least 1 — ¢,

- ~ dlog® + log
(p) — * d 5
Reg!P(7) := V(") — VO(7) T pneE
More details and the full proof are provided in Ap-
pendix Appendix A.

Remark 3.2. Theorem 3.1 analyzes policy learning
with an abstention bonus and establishes an O(1/n)
fast rate when performance is measured against the
best binary policy in the class. This benchmark is
standard in the abstention literature (see, e.g., (Bous-
quet and Zhivotovskiy, 2021, Section 1.2)). In Section
4.3, we will discuss a natural connection between this
regret bound and distributional robustness.

We now provide some intuition for the proof. Typ-
ically, to obtain fast regret rates for policy learning,
there must exist a margin on the CATE, i.e. the exis-
tence of some value h > 0 such that

P(I7o(X)| 2 h) = 1. (3)

The abstention bonus p can be viewed as a “synthetic”
margin — if the learner abstains when |7,(X)| < p,
they automatically accumulate higher reward than any
binary treatment assignment policy. Likewise, when
|7o(X)| > p, the learner will be more certain in their
decisions, and hence unlikely to abstain. While this
intuition is just heuristic, we provide a fully rigorous
proof in Appendix A. One important thing to note is
that, in Algorithm 1, we never actually need to esti-
mate the CATE. This is of particular importance when
the CATE may be a highly complicated function and
is thus difficult to capture using statistical learning
methods.

When the additive bonus is p = 0, our algorithm can
no longer be expected to obtain fast O(1/n) rates.
The following proposition shows that, in this undis-
counted setting, Algorithm 1 still obtains O(1//n)
regret rates outlined, which are known to be gener-
ally unimprovable without margin or realizability as-
sumption (Athey and Wager, 2021). In this setting,
we can convert an abstaining policy into a binary one
by having it assign a treatment uniformly at random
in the set {0,1}. The following proposition provides
this slower regret rate, showing there is no added risk

Algorithm 1 Policy Learning with Abstention

1: Input: Samples {(X;, D;,Y;)}i, policy class II, over-
lap k, confidence 6 € (0,1), bonus p, VC dimension d

dlogZ +log+
Set o« \/ —<—=2,

2: Split: Partitionnthe samples into two sets of size n/2:
D1, Ds.
EWM: 7 = argmax V,(7m) (computed on Dy).
well

Select Near-optimal policies:
D {rell:

Va(®) = Va(m) < £ (0 + aVEalfr = 1) }
Abstention projection: For each w € ﬁ, define
8 7(X) = {vr(X), if 7(X) = 7(X),

*, otherwise,
9: M« {n' :7ell}.
10: EWM with abstention: 7 € argmax VP ()
mell

(evaluate Vi) on Ds).
11: Return 7.

of using our algorithm over just empirical welfare max-
imization even in setting without the additive bonus.
We prove this result in Appendix A.

Proposition 3.3 (ERM benchmark at p = 0). Let m,
be the output of Algorithm 1 for any fized p € (0,1).
Consider its value under p=0, denoted V°(-). Then,
with probability at least 1 — 9,

1 dlogZ + logk
Reg, (m,) == V(r%) = VO(m,) < = 1| T—od T~ 283,
K n

The proof is provided in Appendix Appendix A.

Remark 3.4. Proposition 3.3 holds for the output of
Algorithm 1 run with any fixed bonus p > 0. This
is because the first stage of Algorithm 1 selects a set
of near-optimal policies, each with regret O(1/y/n).
For any two policies w1, 7 in this near-optimal set,
the abstaining policy 7’ that follows them where they
agree and abstains on their disagreement set has, at
bonus p = 0, value VO(n’) = 1(V(m) + V(m2)) on
the abstention region. Thus 7’ also remains within
O(1/+/n) of V(7*), independently of the choice of p
used during the second stage. In particular, a larger p
may produce policies that abstain more but this does
not degrade the worst-case O(1/4/n) classical regret
guarantee.

3.2 Unknown Propensities: Doubly Robust
Learner

In observational settings, where either the treatment
policy is unknown or choice of treatment is endoge-
nous, we can no longer directly run Algorithm 1. One
might think to salvage the algorithm by replacing the
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propensity p,(X) in the definition of V;, with an ML
estimate p(X). However, unless p converges to p, in
probability at fast, parametric rates', Algorithm 1 will
exhibit sub-optimal regret. Instead, one must leverage
more sophisticated methods to still enable low-regret
learning.

Taking inspiration from the literature on semipara-
metric estimation (Chernozhukov et al., 2018; Bang
and Robins, 2005; Foster and Syrgkanis, 2023; Athey
and Wager, 2021), we introduce a doubly-robust ana-
logue of Algorithm 1 that furnishes fast regret rates
even when the propensity is unknown. Our algorithm
uses ML estimates g,p of the regression g¢,(d,z) and
propensity p,(z) to “de-bias” observed outcomes Y
into more robust pseudo-outcomes. These nuisance es-
timates are assumed to be independent of the sample.
In more detail, we define

¢(x,d,y) := g(d, z)

d-D (1fd)(1fD)> _
==+ - —g(d,z
(5 + 25w -at@a
This quantity is known as pseudo-outcomes because
when ¢ = g, and p = p,, one can check that

Elp(X,d,Y) | X] = E[Y(d) | X]. With pseudo-
outcomes, we can then define the doubly-robust ab-

staining welfare/value on the sample, V(p]%R, via

Vi g = B[ Lego { H(X)B(X,1,Y)
+(1-m(X))B(X.0,Y) }

+ h(){):*(@(x,l,m;@(x,o,m +p)]

When p = 0, we arrive at the non-abstaining sample
welfare V,, pr = VTE%R. To obtain a doubly-robust
analogue of Algorithm 1, use an expanded a 2 and
simply replace every occurrence of V,,, V,ﬁ” ) by V,.pr
and Vn(ng, respectively. See Algorithm 4 in Appendix
B.

We now state the main theorem of this subsection.

Theorem 3.5. For any p > 0, suppose Algorithm 1

is run with VYE%R,VH,DR in place of V,Sp), V., and ex-

panded o. Further, suppose Assumptions 2.1 and 2.2
hold and that the learner is given nuisance estimates
g, D that are independent of the sample. Then, for any

0 € (0,1), with probability at least 1 — 9,
2
Regl?) () 5 1088 T 1085 | B
pn kK2 pr2
'In particular, one would need |po — Dllpy,2 =

Op(n_1/2)

2We may simply increase the constant in Step 5 of Al-
gorithm 4; when the nuisance product error is 0,,(1171/2),
this yields the same rate as Theorem 3.1.

where Errpr s a known upper bound on the product
error given by:

1 1/2
N?D (9(d, X)—go(d, X))?

d=0

E (X

See Appendix Appendix B for the full proof and sup-
porting lemmas.

The above theorem yields a bound on regret that has
two terms — one quickly decaying term followed by an-
other, random term whose decay is non-obvious. We
now discuss conditions under which this second term
is negligible. Note that one can obtain (via Cauchy-
Schwarz) the following upper bound on the product
error in terms of individual error rates in nuisance

functions,
> lad,) —go(d
de{0,1}

7')HPX,4

Thus, for the second term in Theorem 3.5 to be negli-
gible, we need Errpgr < ¢5/+/n with high probability,
which will occur if

max {5 = pllpy 1, 1300,7) = 90(0, ).,

1G(1,-) — go(1, ~>\|px,4} <pl4

with probability at least 1 — §. In particular, this
can be accomplished under a variety of learnability
assumptions (finite VC-dimension, learnability by
trees, etc.)

Remark 3.6. In the statement of Theorem 3.5, we as-
sume that the nuisance estimates g and p are indepen-
dent of the sample. In practice, this could be accom-
plished by actually performing a three-fold split of the
data, reserving the third fold for nuisance estimation
and using the first two folds as outlined in Algorithm 1.
Another more sophisticated approach would be to use
D> to produce nuisance estimates g1, p1 to use in defin-
ing V,, pr (which is defined in terms of samples in D; ),
and analogously use D; to build estimates go, po used
in definition prr))R

4 APPLICATIONS

In the previous section, we established a formal frame-
work for performing policy learning with abstention.
We now explore connections between our results in
Section 3 (in particular, Algorithm 1) and other as-
pects of policy learning. This includes developing
(non-abstaining) algorithms for policy learning with-
out standard margin assumptions, safely improving
policies relative some baseline treatment strategy, and
relating abstaining value/welfare V®) to policy learn-
ing in the presence of distribution shift.
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4.1 Fast Learning Rates Without Standard
Margin Assumptions

In policy learning, fast regret rates are some-
times achievable when the CATE is deterministically
bounded away from zero, as outlined in the margin
condition of Equation (3). In particular, prior works
have shown that O(n~!) rates are possible in the real-
izable setting, where the Bayes-optimal policy 77 lies
in the class IT (Kitagawa and Tetenov, 2018; Luedtke
and Chambaz, 2020). However, it is generally impos-
sible to know if a policy class II (say, all depth 3 de-
cision trees) contains the optimal treatment policy in
advance. Thus, one should aim to obtain fast regret
rates in agnostic settings, where Il may not contain
the optimal treatment strategy.

In the classification literature, recent works achieve
fast learning rates in agnostic settings (Ben-David and
Urner, 2014; Bousquet and Zhivotovskiy, 2021). These
works eschew the realizability assumption, instead im-
posing a finite combinatorial diameter on the policy
class. In words, a class of policies IT which bounds the
maximal number of points of disagreement between
any two policies in the class. More formally, the com-
binatorial diameter is defined by

D = max
71,m2 €11

reX

Wy (x) # mo(x)} -

Note that D may be infinite even for classes with finite
VC dimension.

We prove an analogous result for policy learning (Algo-
rithm 4.1) under the assumption of a finite combinato-
rial diameter. Further, we consider settings where the
policy class does not have a finite combinatorial diam-
eter but instead we have access to a CATE estimation
oracle (Algorithm 4.2). The proofs are deferred to Ap-
pendix C. We start by stating our main theorem for
agnostic policy learning under an assumption of finite
combinatorial dimension.

Theorem 4.1. Assume the margin condition
P(|7o(X)| > h) = 1 and that Assumptions 2.1 and
2.2 hold. Further, assume II has finite combinatorial
diameter D. Then the output Tfna of Algorithm 2
satisfies

D + dlog% + log%
k2hn

Reg,, (Thna) = V(7") — V(T fina) S
with probability at least 1 — 6.

Proof details are provided in Appendix Appendix C.

Next, suppose we have an oracle for estimator 7, that
satisfies for any (X, D,Y) ~ P the following conver-
gence rate with probability greater than 1 — ¢,

17— 7llpo < esnP.

Algorithm 2 Policy Learning under Margin Assump-
tion
1: Input: Samples {(X;, D;,Y;)}", policy class II,
overlap k, margin A > 0, confidence 4, Mode€
{FiniteD, CATE-Oracle}.

2: Split: Partition the sample into three equal parts:
Dl, DQ, D3 (SiZGS n/3)

3: Abstention stage: On D; UD5, run Algorithm 1
with bonus p = h/2 to obtain a policy 7 that may
abstain. Let X,.,,, € X be the covariate set where
7 abstains.

4: if Mode=FiniteD then

5:  Refine on X, (finite D): On D3, run EWM

over all the policies on X ¢, -

6: ¢ argmaxE,v(m, X)|X € Xrem].

7: else if Mode=CATE-Oracle then

8: Refine on X,., (CATE oracle): On Dj, es-

timate 7 on Xyep and set ¢(z) «+ W7(z) > 0}
for x € Xyem.

9: end if

10: Define: mapa(z) = {

11: Output: mgpa.

m(x), x ¢ Xeem,
d)(z)a T € Xrem

Theorem 4.2. Assume the margin condition
P(|7o(X)| > h) = 1 and that Assumptions 2.1 and 2.2
hold. Further, suppose T satisfies the regression-oracle
condition with exponent B > 0 and let 72 be the Bayes
optimal policy. Then the output Tgpq of Algorithm 2
satisfies

V(r*) = V(7 fina) S Regy + Regy + Regs

where,

1 dlog% + log%
k2 h ’
_25Cs (V(’ITB(X)) — V(w*(X))
h2—28 J

Reg, $n

1-283

Reg, S n

_, (dlog? +10g2)* ™"

k1—28},2—28

Regs Sn™ 3

with probability at least 1 — 9.

Proof details are provided in Appendix Appendix C.

Theorem 4.2 unifies the regression-rate guarantee
(Luedtke and Chambaz, 2020) and fast rate in the
realizable case (Kitagawa and Tetenov, 2018). In
particular, when B = 1/2, one recovers n~! regret.
More generally, if 8 < 1/2 but the policy class II
is expressive enough that V(7%(X)) — V(7*(X)) is
small (e.g., < ¢/n~® for some « > 0), the result-
ing bound improves upon a direct plug-in classifier
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Algorithm 3 Safe Policy Learning with Abstention

1: Select a sequence of abstention bonuses P =
{p1,p2, . px}, with p1 <... <py.

2: Split the dataset into Dipqin and Diest of size
Nitrain aNd Niesr TESPEctively.

3: for pe P do

Run Algorithm 1 for V®) (7) on Dyyq4y, to obtain

an abstaining policy 7

5. Replace abstention with the baseline policy

e

7(x) = *, (4)

otherwise.
6: Hypothesis test:
Estimate V,,(7) — V,,(w) on Dyest.
8:  Compute the one-sided (1 — §) lower confidence
bound: LCB = V,,(7) — V,(w) — z_8 \/%
9: if LCB > 0 then return 7 else continue.
10: end for

=

(m(X) = I{#(X) > 0}). Thus, either a strong CATE
oracle or an “almost” realizable policy class is suffi-
cient to surpass the 1/4/n regret.

4.2 Safe Policy Improvement

Safe policy improvement (SPI) addresses the deploy-
ment problem under uncertainty: one should adopt a
new policy only if it can be certified to outperform a
baseline policy w with high probability. Following re-
cent work on safe policy improvement Thomas et al.
(2015); Cho et al. (2025), we use sample splitting (into
Dirain and Dyt ) to separate the tasks of candidate pol-
icy selection and safety testing. This splitting enables
one-sided lower confidence bounds (LCBs) on the im-
provement over the baseline: V() — V(w). We treat
Algorithm 1 as a black box to propose a {0,1,*}-
valued policy 7 learned on Diyqin. To obtain a de-
ployable binary policy, we impute abstentions with the
baseline policy to obtain a candidate policy Equation
(4).

On Dyest, we estimate V (7) — V(w) via IPW /DR and
compute a one-sided LCB at level 1 — d; we generate a
sequence of candidate policies by running the absten-
tion learner over a grid of bonuses, P = {p; < -+ <
Pk}, which trades off overlap (more abstention) against
improvement (more overrides), and apply a Bonferroni
adjustment with z,_s/, = ®1(1 — 6/k). Algorithm 3
then: (i) selects the grid, (ii) learns abstaining policies
on Dyyain, (iii) replaces abstentions with w, and (iv)
tests each on Diest, returning the first with LCB > 0.

Safe Policy Improvement Experiments We
compare Algorithm 3 with an Empirical Welfare Max-
imizer (EWM) and prior work on synthetic data.

In particular, we consider the two variants of High-
Confidence Policy Improvement (HCPI) described in
Thomas et al. (2015): one based on finite-sample confi-
dence intervals and one based on a t-test statistic. For
EWM, we choose the empirical welfare maximizer as
the candidate policy and test it against the baseline in
exactly the same way as in Algorithm 3 (with k = 1).

The design comprises two variants: (1) we use a base-
line policy at a fixed baseline-optimal gap and vary
the noise variance (0.01-1.0) (see Figure 1); and (2)
we vary the baseline-optimal value gap at a fixed noise
level (see Figure 2). Each parameter setting is repli-
cated 100 times; policy value is computed by IPW
(with known propensities). For Algo 3, we use a grid of
abstention bonuses P = {0,0.01,0.05,0.10,0.20}. We
report value gain, mistake rate (probability of return-
ing a policy worse than the baseline), and improvement
rate (probability of returning a policy strictly better
than the baseline). Full configuration and implemen-
tation details are deferred to Appendix D.

We evaluate all methods at significance level § = 0.05.
Across more than 2,000 repetitions, our Safe Policy
Learner controls the Type-I error at or below 0.05. In
the very small-sample regime (n < 500), EWM per-
forms better than the alternatives, but once n > 1000
our method dominates: (i) it achieves the highest
improvement rate and the largest mean value gain
among accepted policies across baseline-optimal gaps
(Figure 2), and (%) it maintains both higher power
and competitive mistake rates as noise increases (Fig-
ure 1). Overall, for moderate-to-large samples, Algo-
rithm 3 delivers the best safety—power tradeoff, im-
proving more often and by more, while meeting the
é-level error control.

4.3 Robustness to Distribution Shifts

The abstention value V() has a natural interpreta-
tion as protection against outcome distribution shift.
Specifically, consider a setting where the true data
distribution of (Y(0),Y (1)) | X is different from our
training data. This would happen when our obser-
vational data is outdated and cannot reflect the true
effect of the current treatment of interest.

While deterministic policies are optimal without such
an outcome distribution shift, they can be problematic
otherwise. To mathematically formulate this intuition,
we assume the true potential outcome distribution lies
in some Wi-ball of the distribution that generates our
observations, i.e.

Ptest € Pa (]P)train) = {P : Wl (P, ]P)train) S a}

The robust objective is then to maximize a policy’s
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Figure 2: Safe Policy Improvement — performance across varying gap between baseline and optimal policy value. We
compare Algorithm 3 (ours), HCPI (two variants), and Safe EWM.

worst—case value over Py (Pirain). Specifically, con-
sider policies 7 taking values in {0,1, 3}, where 3 de-
notes a uniform random choice between the two treat-
ments. In this model, the robust objective coincides
with maximizing the abstention value V(®) for a spe-
cific bonus level, as formalized below.

Proposition 4.3. (i). For any (possibly random) pol-
icy m : X — [0,1], there exists 7 : X — {0,3,1}
such that m € {0,1} = © = & and minpep, V() >

1} and 7 : X — {0,1,%} be

minpep, V(7).
L with *, then we

1
2
T

(it). Let 7 : X — {0, 3,
obtained by replacing all 7(X) = 5
have

min V() = V(1) - a. (5)

PeEP,

Distributional uncertainty acts like an outcome-level
penalty of size a when the policy commits to an arm,

and a half-penalty under randomization; hence, max-
imizing the robust objective is equivalent to maximiz-
ing V® with p = /2.

5 CONCLUSION

In this paper, we introduced a framework for policy
learning with abstention. Building off of the classi-
fication with abstention literature, we formulated a
value/welfare that incentivizes abstention by offering a
small, additive reward on top of the value of a random
guess in regions of uncertainty. We described algo-
rithms that obtain fast abstaining regret rates in both
known and unknown propensity settings, and showed
how to apply our algorithm to various disparate pol-
icy learning problems. There are still many other
interesting open directions related to policy learning
with abstention. First, our framework only handles
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binary treatments. There are many settings (such as
in medicine) where designing policies to optimize a
continuous treatment (or dosage) may be more appro-
priate. Second, implementing Algorithm 1 efficiently
for popular policy classes such as decision trees is also
an interesting open direction. Likewise, we evaluate
the performance of algorithms through regret, but one
could also consider loss-based modes of policy evalu-
ation as well. Finally, a complementary line of work
applies pessimism and generalization bounds to ensure
safe deployment of learned policies (Sakhi et al., 2023;
Gabbianelli et al., 2024; Sakhi et al., 2024). These
pessimistic/penalized objectives can, at a high level,
replace the EWM step in our Algorithm 1 and may
alleviate the need for the uniform overlap assumption
by requiring only coverage of the optimal action. How-
ever, the main technical contribution of our work is not
the EWM step itself but the construction of the near-
optimal set and the abstention projection (Steps 6—
9), which relies on localized Rademacher analysis for
bounded IPW/DR scores. Combining pessimistic ob-
jectives with the abstention projection is a promising
direction for future work.
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A Missing Proofs from Section 3

Additional notation. Let d denote the VC dimension of IT and set
dlogZ + logt
a = |/ 408 T 085 .
n

Recall that 7 is the policy selected by the first EWM step (Step 3 in Algorithm 1); II is the set of “almost”
optimal policies (Step 6); II is the set of abstaining policies constructed from II (Step 9); elements of II are
denoted by 7/, and 7 is the final abstaining policy returned by Algorithm 1 (Step 10). The class II is formed

We use ¢ to denote absolute constants.

by projecting disagreements of policies in Il with the fixed reference 7 € IL Notationally, we write ¢ for a
generic element of II and ¢* for a maximizer of V(®). For brevity, we also use 7’ to denote the abstaining policy
obtained from a given 7 via its disagreement with 7; e.g., 7}, 75 are the abstaining policies constructed from
1, T, respectively.

For f: X — R,

1/
1Flrca = (Becl )
For h: X x {0,1} x [0,1] = R,

1/q
Ilpsa = (Ers|n(2)") ", Z2=(X,D,Y).

On samples Z;., the empirical L? norm is denoted as:

n 1/2

bl L2z, = (%Zh(Zif) ,

=1

abbreviated |||, when clear. Finally, note that for for binary policies,
E[I{m (X) # m(X)}] = [lm — 2] py 1.
VC subgraph dimension. Let F be a class of real-valued functions on X. The VC subgraph dimension of F
is the VC dimension of the family of subgraphs
Subgraph(F) = {{(z,t) e ¥ xR: t < f(z)}: feF}.

Equivalently, for any finite set {(z;,%;)}7_; C X x R, we say Subgraph(F) shatters this set if for every labeling
b € {0,1}" there exists f € F such that

The VC subgraph dimension VCg,,(F) is the largest n for which some n-point set in X x R is shattered (or +o00
if no finite maximum exists). For {0, 1}—valued classes, VCqyp,(F) coincides with the usual VC dimension.

First, we restate that a standard result regarding the VC subgraph dimension (see Lemma A.1 of Kitagawa and
Tetenov (2018)):

Lemma A.1. Let IT be a class of binary functions with VC dimension d, and define the real-valued class
Fn = {z = (@) n(z) + (1—7(2)) () : 7€ H},

where v1, 72 are fixed real-valued functions and x denotes the covariate component of z. Then the VC' subgraph
dimension of Fi is at most d.
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A.1 Concentration Inequalities

This section uses standard techniques from Empirical Process Theory, in particular we use localized Rademacher
complexity to obtain Bernstein-type concentration for the IPW estimator.

Lemma A.2. Let IT be a class of binary functions with VC dimension d, and define
Fu = {z (@) (2) + (1 m(2) 72(z) © 7€ H},

where y1,7v2 are a.s. bounded with |y1(Z)|,|v2(Z)| < B. Fix fz« € Fr. For any fr € Fu constructed from 7 as
above, with probability at least 1 — 4,

| Elfa (2) = fx(2)] = Eulfs-(2) = f(D)] | < ¢(avBEIfx — 2l + Ba?),

dlogZ + logt
where o = \/%.

Proof. We begin by constructing the star convex function class

g—{ﬁwzfﬂefn,ﬂe[o,l]}.

Next, we define the critical radius as

9€G,Eg2<r2

r(n,&)zinf{rZO:]P’( sup |(E—En)g|§cr2> 21—6}

where ¢ is an absolute constant that will be chosen later. In particular, for such a choice of r(n,d), with
probability at least 1 — § we have

(B~ En)g| < ¢ (r(n,0)VEg? +7(n,0)%) . (6)

The inequality Equation (6) holds trivially for any g satisfying Eg? < r(n,§)%. Now, if Eg?> > r(n,d)?, define

g = r(n,0) g’
Eg2

so that Eg’? < r(n,§)2. Applying the inequality to ¢’ and then scaling back, we obtain
[(E - Ey)g| < cr(n,d)vVEg?,

This gives us the bound in Equation (6).
Next, observe that since |g(Z)| € [0, 1], it follows that

Eg® <El|g|.
By a standard symmetrization argument, we obtain the inequality

E

Eg2<r2

sup |(E — En)gll < 2E[R(Z1:, 9], (7)
where the Empirical Rademacher complexity is defined by

R(Zl:nag) = Eelm l sup
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‘We now introduce

M= sup |f=9llr2z..)
9€9
Ef? Eg*<r?
with
o2 _ i (f(Zi) — 9(Z))?
If = 9lli2(z,..) = :
n
The following version of Dudley’s inequality will be used:
12 M
R(Zin9) < v+ 22 [\ [log N (26 Hliagz,o Jde W70 (8)

To bound the covering numbers, we use the fact that the covering numbers of a star-shaped hull G of a class F
(of VC dimension d) satisfy (Bartlett and Mendelson, 2006):

N (57g, ||.||L2(ZM)) <N (5,]:7 H.||L2(ZM)) (1 + ﬁ-‘) <e(d+1) (2:2>d (1 + ED <e(d+1) (2:2>d+1.

The second-to-last inequality follows from standard bounds on the covering numbers of VC classes. Substituting
~v = d/n into Equation (8), we get

4d 12 M\/ 2¢
R(Z1:n,G) < —+ — d+1)log— +log(d+1)d
(Z1n: G) n+x/ﬁ/d/n (d+1)log— +log(d +1) de
4d 12 2en M
< — 4+ —-4/(d+1)]log — +log (d+1 d
< T+ wﬂogd*og(*)/d/n e
cd cM n
< — 4+ —./dlog —. 9
<—+ i\ g (9)
We also have
EM = E\/SUPEg2§r2 Zi 92(Z’L)
n
Es Z;
g\/ UPsg2 <2 29°(Z:) (Jensen’s inequality)
n
< Esupgge<,2 ), (92(Zi) — Eg*(Z))) L
n
2 Esu €9%(Z;
< P22 20: €i9” )+r2 (via Symmetrization)

2 Esupggec,2 ), €ig(Zi)
n

2 EsupE92§r2 Zz elg(Z’L)
n

_ QER(Zln;g)
= 1/—71 +7r

Taking expectation in Equation (9) we have

+ 72 (via Contraction Lemma (Shalev-Shwartz and Ben-David, 2014))

+7r

i
[
¢
¢

cd cEM n
. < 24y T
E[R(Z1.n,G)] < - + NG dlogd

dlog 2 . dlog 2
Scr\/ 08 4 +C\/ER(Z1'T“Q)\/ 8 4 -l—ﬂ
n n n n
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The inequality above, together with Equation (7), implies that

dlog®  dlog
sup |(E — ]En)g|] < 2E[R(Zin,G)] < ¢ <m/ ®q 2798 d)
]Eg2§r2 n n

Finally, by applying Talagrand’s inequality (Theorem 3.27 of Wainwright (2019)), we obtain

[dlog® +logt dlog® +log i
Pl sup |(E-E,)g|>c |r Bq T8 + Bq T8 < 0.
Eg2<r2 n n

Now we invoke the Peeling Argument (Wainwright, 2019). For & = 0,1,...,K := [logy(n)], define shells
Gr = {g€G:2+t) < Eg? < 27} Apply the tail bound to each G, with confidence levels 6, = §/(K + 1)
and union bound over k. On the resulting 1 — § event we have, simultaneously for all g € G,

[dlog<n + logl
|(E —E,)g| gc(a E92+a2), = M.
n

Taking r(n, §) < «a gives the desired localized bound. Finally, since g = (fr+ — fx)/(2B) and Eg? = W <
Elfw* 7f7r‘
2B

E

| ~Eo)(fr — fx)| < e (aVBE ~ il +Ba?).

which is exactly the stated inequality. O

A.2 Proof of Theorem 3.1

For z = (x,y,d), recall the normalized IPW score
yd y(1—d) )
(2) = w7z + (1—n@) 2229
/ ( ) ( ( )po(x) ( ( )) l—po(di)

so that f-(Z) € [0, 1] almost surely (by Y € [0,1] and p,(z) € [k, 1 —&]), and write E[-] for population expectation
and E,[-] for the empirical average over the sample.

Corollary A.3. For any policy w, with probability at least 1 — 0, we have

V() = V(m) = (Va(a*) = Va(m)] < = (avVETfx = [ +a?).

Proof. We invoke Lemma A.2 with v,(z) = poy(‘i y and 72 (2) = f’_(;:(i)) and setting B = 1 gives us the stated

bound. O

Corollary A.4. With probability at least 1 — 6, for any 71,7 € II the following holds for some constant c:

< c(a,/mfm — fro| +a2>. (10)

’]En|fﬂ'1 - f7r2| _E‘f‘ﬂ'l - f7r2|

Proof. We invoke Lemma A.2. In particular, note that

kyd rky(l—d)
Po() 1 —po(z)

|(fry = fro) (@, 9, d)| = Hmi(z) # ma(2)}

Moreover, the class
H={x = Ym(x) # m(x)}: m,me €I}
has VC dimension is at most 10d Bousquet and Zhivotovskiy (2021); Vidyasagar (2013). We now invoke

Lemma A.2 with [T =H |, 71(2) = ;{j’;ﬁ + 'jy_;lo?zd)) ,72(2) =0 and B = 2. O
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Using Corollary A.3 and Corollary A.4 we have
Corollary A.5. For any policy w, with probability at least 1 — 0, we have

V(") = V() = (Va(x") = Va(m)] < = (@B [fr = fo | +0%).

Lemma A.6. Let Il be a class of binary-valued functions with VC dimension d, and fir @ € II. Suppose we
construct a {0, 1, x}-valued policy class II

) = {w(x) R =@ G e
* otherwise
Further, suppose D(I) = sup,., . cn |1 — m2| p, ; Then, with probability at least 1 — 4, for every n' € IT we have

(&% (12

VO 97) —VO) — (VP (6) ~ VP ()| S VD) T+
where ¢* = argmax_, g V@) (7).

Proof. Define the function class induced by the disagreements between 7 and any 7 € II

{0 (3 28+ 2552) )

+Mﬂ@:%uﬂ(ﬂwﬁwi+ﬂ—%@»wu_d»:weﬂ}

Po() 1= po()
Notice that the class H = {I{n(x) = 7(x)} : # € II} has VC dimension d (7 is a fixed function). We invoke

Lemma A2 with 71() = § (352 + P478) +p and 72(2) = Fe)zetdy + (1~ 7(@) P and B = 2

Moreover, we have for any fr,, fr, € F we have

: K ry(l—d
E|fr, — fr.| < 2E[l{m # m2}] (since pol(’;i) , lﬁ(plo(zg ,p<1)
=2 ||lm — 7T2||PX,1 < 2D(I)

Plugging this upper bound in the bound in Lemma A.2 gives us the required bound. O
Lemma A.7. With probability greater than 1 — 6 any w € I satisfies

wa;wmgi@¢mm+&>

~

where D(IT) = SUD.r, |l — 7THPX71.

Proof. For each 7 € ﬁ, we obtain

V(r®) = V(m) = V(r") = V(r) = (Va(r7) = V() + (Vo (7) = Viu(m))

2

< % E|fr — fxl + % + (Vo (7)) = Vi () (via Corollary A.3)
a a?

< - E|fe — frl + - + (Vo () — Viu(n)) (since 7 is the empirical maximizer)

S L (aVE[fe = ol + av/Ea|fr = ol + o)

S (a\/]E [frr = fxl + VE|fz — fx] + CY2) (via Corollary A.4)

St (/I = wllpy +ay/IF = 7lpy, +0?)

N
3=
/N

(ymm+ﬁ>
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Proof of Theorem 3.1 . We first show that 7* € . With probability at least 1 — §, we have

V(@) = Vo (77) < V() = Vou(n™) = (V(7) = V(7))
< aVE|frr — fz] +a? (via Corollary A.3)
S avEy, |far — f2] +0% . (via Corollary A.4)

Hence, 7* € II for an appropriate constant in Step 6 in Algorithm 1.

For the second EWM on ﬁ, let ¢* € II be the policy that maximizes the true value V®) and let ¢ be an
abstaining policy constructed from 7 (¢(x) = * if {7 (z) # 7(x)} and 7(z) otherwise) where 7 satisfies

~ D(II)
7= Rllpy 2 =52

-~

Such a 7 exists by the definition of D(ﬁ) and the triangle inequality. Since m and 7 are binary, by the definition
of fr we have

YD Y(1-D)

B |f7T - fﬁ| = po(x) 1 _po(x)

(n(x) ~ 7(3) (

)| = & 1000 2700 (s + 1 )]

Po() 1 —po()
Thus,

_ KW(X) ;r%(X)> pl:(l;) N (1 _ w(X) —;%(X)) llf(_lp—(l;)) +p Hm(X) £ %(X)}}
- Kﬂ(x) ;%(X)> psof(fi) . (1 w(X) ;%(X)) 11f<_1 (Jiﬂ +p = Flpy
_ V(7)) + V(n) N Ep(ﬁ)

2 2

Further using Lemma A.7 we have
~ o« =~ a?
V®(¢*) = V(x*) 2 p D(I) — —V D)+ —.

(p)

Since T maximizes V", using Lemma A.6 we get

ay/ D) + o
VP () —vP (¢*) > f#’
KR
which implies
~ Ea « = 062
Ve(F) — V(r*) = p D(I) — —\/ D) + —. (11)

Minimizing the quadratic with respect to D(ﬁ),

* ) (= a?
V(r*) =V (W),%m—gp,

n 1
Finally, substituting o = 4/ M gives us the desired regret bound. O

Proof of Proposition 3.3. Substituting p = 0 in Equation (11) and noting that D(II) < ¢ for some constant ¢,
proves the result. O
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Algorithm 4 Unkown Propensities: DR learner.

1: Input: Samples {(X;, D;, Y;)}i—1, policy class II, overlap «, confidence § € (0,1), bonus p, VC dimension d, Propensity
estimate p, Outcome regression estimate g.

dlogZ +log+
Set: apr <+ 1/ % + Errpr.

Split: Partition the samples into two sets of size n/2: D1, Ds.
EWM: 7 = argmax Vpr,n(m) (computed on D).
mell

Select near-optimal policies:

~ R c _

H(*{ﬂ' e II: VDR,n(ﬂ') — VDR’n(ﬂ') < ; (Ot2DR + aprvEn |7T — Tl") }
6: Abstention projection: For each 7 € ﬁ, define

iy = )X, i m(X) =7(X), = P
™ (X) = {*, otherwise, M {m:mell}.

7: EWM with abstention: 7 € argmax V]é%)m(w) (evaluate Vé%),,n on D).
ﬁeﬁ
8: Return 7.

B Doubly Robust Abstention: Additional Details and Proofs

Algorithm 4 is identical in structure to the known—propensity version, with two key edits.

(i) Scores: every occurrence of the outcome Y in the value computations is replaced by the DR pseudo—outcome

@ defined below, and we optimize the DR objectives Vpgr ,»(-) and Vgg,n() in Steps 4 and 7.

(ii) Radius: the selection radius incorporates nuisance error,

dlog® +logt
QDR \/% + Errpr,

so the near—optimal set in Step 5 uses apr and the disagreement between with the EWM E,,|7 —7|. Where Errpg

1/2
is any upper bound on product error in the nuisance: Errpg > E[(ﬁ(X) —po(X))? Z}i:o (G(d, X)—go(d, X))?| .
In practice, we simply increase the constant in Step 6 of Algorithm 1; when the nuisance product error is
op(n_l/ 2), this yields the same rate as Theorem 3.1. Such product rates are a common assumption in the doubly
robust literature (Foster and Syrgkanis, 2023) and hold for several function classes as discussed in (Foster and
Syrgkanis, 2023, Section 5 and Appendix E). Moreover, a natural choice of Errpg is the Ly error rates:

IP(X) = po(X)llpxa - Y 11(d, X) = gold, X) || oy a-
de{0,1}

The minimax L, error rates are well-understood for many nonparametric classes of interest, such as smooth
classes (Stone, 1980, 1982), Holder classes (Lepskii, 1992), Besov classes (Donoho and Johnstone, 1998) and
convex function classes (Guntuboyina and Sen, 2015).

Pseudo—outcomes and DR objectives. For d € {0,1} and nuisance estimates g(d, z), p(x), define
~ ~ . 1-d)-(1=D -
Pz, dyy) = g(d, =) + (% + %ﬁm)) (v —3(d,2)).
Under g,(-,z) € [0,1] and p,(x) € [k, 1 — k], the DR value functionals are
Vor(m) = E[n(X)3(X,1,Y) + (1 - 7(X))3(X,0,Y)],
ViR () = E[Um # #} () + Un = »} (PERIEEELD 4 )],

Unlike the IPW case, Vpg,, and V]é?{),n are, in general, biased plug—ins; we control this bias by introducing
Errpgr (or an upper bound on it). The concentration lemmas mirror the known—propensity proofs. The resulting
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bounds (e.g., Lemmas B.1 and B.2 and their abstention analog Lemma B.5) yield the same n,d, )—dependence

as in the IPW case, up to constants. The bias induced by estimating nuisances in Vpgr , and V]:()Z;g)n is quantified

by Lemmas B.4 and B.6, which bound the drift from V and V® in terms of Errpg and the policy disagreement.

B.0.1 Proof of Theorem 3.5

Lemma B.1. For any policy m, with probability at least 1 — 8,
c
[Vor(r*) = Vor(m) = (Vorn(7*) = Vorn(m)| < = (a/EJr =77 +a?).
Proof. Define the DR score with fixed nuisances (or computed on a disjoint fold):
[24(2) = w(X)B(X, 1Y) + (1 - 7(X)) §(X,0,Y),

so that Vpr(7) = E[fPR(Z)] and Vpr (7)) = E,[fPR(Z)]. Under bounded outcomes Y € [0, 1] and strict overlap
po(X) € [k, 1 — k], each pseudo-outcome is a.s. bounded:

[P(X, 1Y), [2(X,0,Y)] <

c
— as.
K

set B :=2/k. Apply Lemma A.2 to the class
Jn = {z = m(z) Pz, 1,y) + (1 — 7(2)) §(z,0,y) : mell },
with y1 = (-, 1,-), 72 = @(+,0,-) and the fixed fPR. We obtain, with probability at least 1 — 6,
|E[f2R = fP%) = B[P = 2% | < e (ay/BBER - 27|+ Ba?).
Since | fPR — fPR| < B |7* — 7| pointwise, we have E|fPR — fPR| < BE|r* — 7|, and the RHS becomes
ay/B2E|r* — 7| + Ba® < %(a E|r* — 7| +a2),

which is the claim. O

Lemma B.2. With probability at least 1 — 6, for any fr,, fr, € Fu the following inequalities hold:

‘IE”|771 — 73| — E|my — 72 ’ < c(m/E’m — T +a2>,
‘En|ﬂ'1 —7T2| 7E|7r1 77r2| ’ < c(om/]En|7T1 77r2| +a2>.

Proof. Apply Lemma A.2 to the class
Fid = {z+—>7r(:r)~1+(1—7r(x)) -0 wGH},
with v1 =1, 72 =0, hence B =1 and f(z) = 7(z). Fix fz with 7* = 75 and take fr with 7 = my; then

[fr(Z) = [ (Z)] = |m(X) = m2(X)] = Hm(X) # m(X)}.

The two displayed bounds follow directly from Lemma A.2 (first with population square-root term, then with
the empirical one). O

Lemma B.3. For any policy 7, with probability at least 1 — &, we have

[Vor () = Vor (%) = (Vora (1) = Vorn ()| < = (av/Ey Jr = 7] +a?)

Proof. Combine Lemma B.1 with Lemma B.2 by replacing the population square-root term +/E|m — 7*| in
Lemma B.1 with its empirical counterpart via the second inequality of Lemma B.2. O
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Recall the definition,

1/2
R 2 . 2
Errpr = {E[(p(X) —po(X))” ) (9(d, X) = gold, X)) ]} .
de{0,1}
Lemma B.4. For any two binary policies w1, 7o € 11,

(Vor(m1) — Vbr(m2)) — (V(m) = V(m2)) < 2k ' Errpr |11 — m2 py 2-

Proof. By the definitions of Vpr and V,

Vor(r) = E[=(X)(3(1, X) + (¥ - 4(1,)))
+ (1= ()50, %) + 222 (v - (0, X)) )]
= E[r(0)(5(01,) + 285 (5,(1, X) ~ (1, X))

+ (1= 7(X))(9(0.X) + 225 (900, X) = 90, 3)) )],
V() = E[r(X)g,(1, X) + (1 = m(X))go(0, X))

Subtracting the two displays and taking the difference between 7 and 7y gives

(VDR(?H) — VDR(TI'Q)) — (V(ﬂj) - V(?TQ))
= E|(m - m)(X) (1 257 (9.1, X) = §(1, X))

+ (2 = m)(X) (1= 2283 ) (9000, X) = 9(0, X)) .

Taking absolute values and using the triangle inequality,

P(X)

+E[Jm - ml(X) |1 = 22852 190(0, X) - 50, %)]].

<E[|7r1 —ml(X ‘17 MX)( lgo(1, X)) — A(l,X)H

15 — p,|. Hence,

kP — po| and |1 — kel < g

By strict overlap, |1 — %" < —*

- < 1V my = mal () [ = pol (90(L,X) = 3(L X) |+ [90(0, %) — 5(0, X))
<K mr = ol (B[ — 2o (1901, X) — 901, X+ 190(0, X) — 360, %))

<2k~ m — ma|lpy .2 Errpr,
using Cauchy—Schwarz and (a + b)? < 2(a? + b%). This proves the claim. O

Lemma B.5. Let II be a class of binary-valued functions with VC dimension d, and fix 7 € II. Construct the
{0, 1, x}-valued class

*, otherwise,

e) = {w(m» FR@=7@) 5 e,
Let D(II) := sup,, r,en lIm1 — m2llpy,1. Then, with probability at least 1 — 6, for every n’ € 11,
* * 1
[VER(67) = ViR (@) = (W69 = ViR .(™) | £ (o VDD +a),

where ¢* € argmax_, Il V]gllji)( ).
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Proof. Define the function class induced by the 7 (disagreement w.r.t. 7):
FR = { (@.d.y) = Yr(@) £ 7 @)} (3 (B, 1) + 3(,0,9)) +p)
+ Ym(z) = 7(2)} (F(2)P(z, 1, y) + (1 = 7(2)@(2,0,y)) : 7€ H},

Since 7 is fixed, the indicator class H = {I{w(x) = 7(z)} : 7 € 11} has VC dimension d. Under bounded outcomes
and strict overlap, the DR scores are a.s. bounded by a constant factor of 1/, so for any fr,, fr, € .FI]TDR,

Elfr, = fr| < ¢ E[Ymi(X) #m2(X)}] = cllm —m2fpe1 < e D(I),

Applying Lemma A.2 to FR® (with the fixed comparator fz- and boundedness constant folded into 1/k) yields,

S = (ay/Blse — 1ol +0?).

Using E|fg« — fo| S D(II) and identifying Ef, = VI()%) ("), Epfrr = ng{)m(w’) completes the proof. O

uniformly over ' € II,

‘E.ﬂb* _Efﬂ" - (Enf¢>* _Enfﬂ”)

Lemma B.4 implies that any near-optimal policy under Vpr must also be near-optimal under V.

Lemma B.6. Let 7y, 7h be abstaining policies obtained using disagreement with respect to a fized reference 7,
from binary policies 1,7y € II. Then

(VR () - ViR (m) = (VO (rh) = VP (rp)| < 57 Brror I — mallpy
Proof. For any abstaining policy 7', define
AP 7y = V]S%)(Tr/) — V@ (.

Condition on X = z. The DR-minus-truth discrepancy at x is a linear combination of the two nuisance errors
with coefficients determined by the action selected by #'(x):

(128 (9,(1,2) - g(1,2)), () =1,
AP (7' | X =2) = (1 - 11_,%0(%)) (90(0,z) — §(0,2)), m'(z) =0,
(1= 29 (go(10) = 9(12) + (1= 325 ) (90(0,2) = 9(0,)) ], /(@) = =

By strict overlap,

L— e < w7 p—pol-

)

1-2

Hence, for any =,

AP/ (7} | X =2) = AP (| X=2)| < & [p(2) = po(@)| 3 D |go(d,2) = §(d,2)| - 1{m}(z) # my(z)}.
de{0,1}

Taking expectations and applying Cauchy—Schwarz,

EUA@)@T;) - A(p)(w’z)” <k E[ﬂ{wi # 75} [p—pol 3 Y (190(d, X) — ﬁ(d,X)D}
d

1/2
< KU # 5 s (B[ = p0)(5 Y lao(d X) = 3(d, X)))])
d
<k~ [y # 75} [Py 2 Errpr.

Finally, by the disagreement—projection construction, I{r} # w4} = I m # w2} = |71 — m2|. This yields the
stated bound. 0
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Lemma B.7. Fiz a reference policy T € II and any binary policy = € II. Let ©' be the abstention projection of
T w.r.t 7T, ie.,

otherwise.

) = {w(az), m(x) = 7 (),

Then

(VIR = Vor(r)) = (VO (@) = V()| < w7 Error (I =7 llpea + 17 = 7y ).

Proof. Define the DR-truth discrepancies A®)(7) := Vi) (7) — V®)(7) and A(F) := Vpr(F) — V(7). Introduce
the projection of 7* onto {0, 1, *} via 7, denoted T by

(@) {w*@), m (x) = R (),

*, otherwise.
Add and subtract VI()’I’{) (7*') and V@) (z*):

(VSR () = Vor(r")) = (VO () = V(7)) = (A () = AP()) + (AP (x) = A(x) .

(A) (B)

For (A), apply Lemma B.6 to the pair (7/,7* ), which are the abstention projections of (m,7*) w.r.t. the same
%:

(A) < k'Errpr |7 — 7| py 2-
For (B), 7" and 7* differ only on {z : 7*(z) # 7(z)}. We again invoke Lemma B.6 but we set 7* at the reference
policy (denoted as 7 in Lemma B.6), m = 7, m2 = 7* and note that 7* never disagrees with itself and hence
(V®)(rh) = V(m3)). Hence we get,

(B) < k 'Errpr ||T — || py 2-

Summing the two bounds gives the claim. O

Lemma B.8. With probability at least 1 — §, the optimal policy m belongs to T constructed in Step 5.
Proof. Recall T = arg max en Vpr,n(7). By Lemma B.1 and Lemma B.4, for any = € II,
V(r*) = V(@) < (Vor(7*) — Vor (7)) + ¢ 7' (a E|lr — 7| + az)
< (VDR,n(w*) — VDR,n(ﬁ)) +crt (a E|lmr — 7| + a2) +c k' Errpr |7 — 7|l py .2
Since 7, 7* are binary, |[7* — 7| py.2 = /E|m — 7*|. Hence
V() = V() < (Vorn(t*) — Vorn(7)) + ¢ 5! ((EerR +a)VElr — 7| + oﬂ). (12)
Because V(7*) — V(7) > 0, rearranging (12) gives
Voron(7) — Vor (%) < k71 ((EerR +a)VElr — 7| + a2)
<kl ((EerR + @)/E, |7 — 7| + Errd + az) (by Lemma B.2)

<kt (QDR\/En|7T — 7|+ a%R),

n 1 ~
where apr = 4/ % + Errpr. Choosing the constant in Step 5 accordingly shows that 7* € II. O
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Lemma B.9. With probability at least 1 — 0, every w € il satisfies

Vbr(7*) = Vbr(7) < %(QDR\/ D(II) + O‘%R)?

where D(II) :==sup,_ g l[m — mallpy,1-

Proof. Fix w € 1I. By Lemma B.1, on a 1 — § event,

Vor(m) = Vor(m) < (Voro(m) — Vora(m)) + %(a Efr — ] + a2).
Since 7 maximizes Vpr,n, Vorn(7*) — Vbr,o(7) < 0, hence

Vor(7*) = Vor(7) < (Vorn(R) — Voron(m)) + %(a E|lr — 7*| + a2).
By the definition of I (Step 5),

Voron (%) — Vorn () < %(agR + aprVEn|7 — 77|).

Combining the last two displays,

Vor(7*) — Vor(m) < %(a%R + aprVEn|7 — 7| + ay/Elr — 7| + a2>.

Because 7,7, 7% € II, we have E[# — 7| < D(II) and E|r — x*| < D(I). Using Lemma B.2, the fact that
|7 — 7| € [0, 1], and the bound v/a + b < y/a + Vb, we obtain

~

VE. 7 -7 < VEFT—7|+ca < D) +c
Since a < apgr, we conclude
1 I
VDR(T('*> — VDR(W) S ;(O{DR D(H) +a2DR),

as claimed. O

Proof of Theorem 3.5. Let ¢* € II be the policy that maximizes Vlg%)(-). We follow a similar proof idea to the
known propensity proof. Let ¢ be a policy such that |7 — 7| py 1 > % . We have that

VIR (0") = ViR (¢)
— 5| T o)
+ (1 _ X))+ 7X) ;“ ﬂX)) $(X,0,Y)

T pE[Ir(X) # %(Xm]

> LV ) + V) + p Eln(X) ~ #(X)|
= %(VDR(W) + Vor(@)) + p E|7(X) — 7(X)| (since 7,7 are binary)
> Vor(r") + §D(7) — e (aony/D(1D) +

Where the last inequality uses the fact that 7* € I (Lemma B.8) and Lemma B.9. Moreover since, 7 maximizes
Vé%)m, via Lemma B.5 we have

VIR 2 VO () - 5! (aDR\/ﬁ T a%R>
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Combining with the second last inequality we get

Von ()~ V() S ! (aony/DAI) +ady ) - £0(0)

Now we finally invoke Lemma B.7 to get
V(r*) — V(p)(%) <cr ! <aDR\/D(ﬁ) + aQDR) + Errpgr (Hw — 7| py 2+ |7 — 7r*||px,2) — gD(f[)
Scr? (aDR\/D(ﬁ) + OPDR> + Errpry/ D(I) — gp(ﬁ)

Finally, absorbing the second term into aDR\/D(ﬁ), and maximizing the the quadratic wrt 4/ D(ﬁ) we get

2
V(rt) - VP (F) < DR,
R=P

C Missing proofs from Section 4

C.1 Proofs of Theorems 4.1 and 4.2

Recall that the procedure has two phases. In Phase 1 we run Algorithm 1 as a black box to obtain an abstaining
policy 7. In Phase 2 we learn a (non-abstaining) policy on the region where 7 abstains, Xy, C X, either by
EWM (when the combinatorial diameter is finite) or via a CATE oracle; denote this policy by ¢. The final policy
is the mixture

oy @), v € X,
7Tﬁna1<m) - {%(;];)’ x §é Xrem-

For any policy 7, let V(7 | Xpem) and V(w | XS,,,,) denote its value contributions on the abstention and non-
abstention regions, respectively:

V(T Xpem) = E [{X € Xyem} (m(X)Y (1) + (1 — 7(X))Y(0))] .
V(m &) = B [YX ¢ Ko} (r(X)Y (1) + (1= m(X)Y(0)]
so that V(n) = V(7; Xrem) + V(1 XE,0)-
Hence the value of the final policy is
V(msinal) = V(5 X%n) + V(05 Xrem)
= V(T X)) + V(17 Xpem) + V(3 Xrem) = V(773 Xrem) .
&) (B)

Where 7% is the Bayes optimal policy. Further, we can write (A) as

(A) = E[UF(X) # +} FOY (1) + (1 = HX)Y (0)) | +E[MFX) =} (PP (X)YV (1) + (1 = 72 (X))Y (0)) ]

YU EYO) | 1B00)

“ 2 2

=FE :]l{%(X) #*}(T(X)Y (1) + (1 — %(X))Y(O)): +E []l{%(X) <

(since mp(z) = Yr,(z) > 0})
<Y(1) +Y(0) h)}
_ 7 _|_

2 2
(margin condition (3))

>E :1{%()() £} (FX)Y (1) + (1 - %(X))Y(O)): +E [1{%()() |

= VP(r)
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Where V(®) is the abstention value with p = %
Hence, we can now write the regret of ma,,) as

V(r*) = V(mhna) < V(r*) = V(7)) - (B)
o dlogj + log §

~

Py —(B) (via Theorem 3.1)

In the remainder of this section, we will focus on proving bounds for (B). Conditioning on the first phase makes
Xyrem fixed (measurable w.r.t. D1 UDs), so analysis on the third split (i.e. bounds on (B)) treats it as nonrandom.

Finally, the third split has size m ( m = n/3) and with p := P(X € Xpep) and N := 7" Y X; € Koo} ~
Bin(m, p), applying chernoff bound we get

N > mp — \/2mp log§ with probability at least 1 — 6.

If p < 81%(1/5), we obtain a trivial bound on (B):

~(B) = V(r%; Xyem) = V(9 Xrem) = E[UX € Xrem} (7P(X) = 6(X)) (Y (1) = Y (0))]

:ﬂhﬂﬂ—ﬂXMYm—Y@HXexWJMXG&W)

<P(X € Xrem) (bounded Y))
_ < 8log(1/0) < 810g(1/5)7
m n

in which case the conclusions of Theorems 4.1 and 4.2 follow immediately.
Otherwise, when p > 81%(1/6)7 the Chernoff bound implies that with probability at least 1 — 4,

N > ";p = %IF’{X € Xyem). (13)

Proof of Theorem 4.1 By finite combinatorial diameter D, the set of points on which policies in I can
disagree has size at most D; since X,.p, collects (projected) disagreements w.r.t. 7, we have |Xycm| < D, hence
the number of labelings on Xyep, is 21¥eml < 2P so0 we may run EWM over the finite class I e, (all 2!%rem|
labelings) and, in particular, the Bayes rule restricted to X,c,,, 72 (x) = 1{7,(z) > 0}, belongs to Il,c,.

V(7B Xrem) — V(e Xyern) = E [11{)( € Xyem} (7B(X) — (X)) (Y(1) — Y(O))]

—E [(WB(X> — (X)) (Y(1) =Y (0))| X € Xrem} P(X € Xyern)

Hence we can invoke Theorem 2.3 of Kitagawa and Tetenov (2018), which establishes fast rates for policy learning
under a (soft) margin condition. Our setting imposes a hard margin, which is a special case of theirs (formally,
take the soft-margin parameter a — o0). In fact, for a finite policy class, one may use the Bernstein inequality
for each policy and union bound, instead of using uniform bounds for VC classes. We obtain using (13):

D
< log 27 1
~ k2h nP{X € X.em}

E [(nP(X) = 6(X)) (Y (1) = Y(0)) | X € Xre|

Hence, we finally get,

DJrlog%

B
X)) — V($; Xrem) <
V(ﬂ- ) rem) V((b, rem) ~ w2 hn
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Proof of Theorem 4.2 We start from the decomposition over the abstention region:
V(7P yem) = V(05 Xrem) = E[UX € Xrem} (77 (X) = 6(X)) (Y (1) = Y (0)) ]
- E[(WB(X) — (X)) (Y(1) - Y(0) | X € an} P(X € Xyepn). (14)
Since 78 (z) = Yr,(z) > 0} and ¢(z) = Y7(z) > 0}, we can write

E[(WB(X) — (X)) (Y(1) - Y (0) | X € Xmm} - E[]l{sign(TO(X)) £ sign(F(X))} 7o(X)| | X € xrem]

By the hard margin assumption |7,(X)| > h, whenever the signs of 7, and 7 disagree, they are bound to be
separated by at least h gap.

B 1sientr, (X)) # (70N} (X)) | X € |
— & [1sign(1, (X)) # sign(FX)) 17X = 7301 = 1) (X0 | X € |
Further we write
B 1sien(r, (X)) # sien(7 (X} HFCO) - (0] 2 ) (1001 | X € ]

< E[H7(X) = (30| 2 1) [7X) = 7o) | X € |

To bound the last expectation, use the elementary inequality I{|u| > a} |u| < %2 for all u € R, a > 0.

rem:|

(nP(X € Xyem)) 2 (15)

B[ H17(X) = %001 2 ) [FOX) = 7o) | X € | < 3B [G0X) - 22
cs

h

S

The last inequality follows via (13) and CATE Oracle rate. Next, we bound the mass of the abstention region.
By construction of X, there exists m € II such that {X € Xep, } = Ym(X) # 7(X)}.

P(X € X,0) = E[m(X > 7O}
=E [1{r(X X)}HE[TL{7r ) # 72 (X)}]
<. (B []l{?f wB(X)} h] + B [R(X) # 7B(X)} b))
< (B [1m(X) # P (X))} [ro(X)] + E [1{F(X) # 7P (X)} [ (X)]])
:%(V ) =V(m) + V(rF) - V(@)
- (vor*(X)) VP (x) +2)

using |7,| > h and that 7,7 belong in the almost optimal policy set II (so V(7*) — V(F) < a/k with o =
1 dlog %+log %
Finally, insert (15) into (14) and expand the right-hand side using the bound on P(X € X,..,). Collecting the

terms arising from (i) V) regret, (ii) the oracle CATE estimation on Xy, and the bound on P(X € X,cp,)
yields the three contributions Reg;, Reg,, Regs stated in the theorem.
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C.2 Proof of Proposition 4.3

We show that the policy abstention setting that we introduced has a natural relationship with distributionally
robust policy learning. Specifically, consider a setting where the true data distribution of (Y(0),Y (1)) | X is
different from our training data. This would happen when our observational data is outdated and cannot reflect
the true effect of the current treatment of interest. For instance, we may want to find an optimal subpopulation
for up-to-date vaccination, but we only have outcome data for an older version of the vaccine, that might be
close to but different from the potential outcomes of the latest vaccine.

While deterministic policies are optimal without such an outcome distribution shift, they can be problematic
otherwise. Intuitively, deterministic policies tend to “put all eggs in one basket”, rendering them more vulnerable
to any potential systematic shift of the potential outcomes. To mathematically formulate this intuition, we assume
the true potential outcome distribution lies in some Wi-ball of the distribution that generates our observations,
1.€.

Piest € Pa (Ptrain) = {]P) :Wh (Pa IP)1:rain> < a}’

and we would like to maximize the worst case value of a policy induced by the ambiguity set Py, (Pirain)-

Proof of Proposition 4.3. Fix X and write pq(x) = E[Y(d) | X = z], d € {0,1}, and define, for a policy
7: X — {0,1,*}, the conditional reward at = by
rz(x) = H#(z) # *}Hr(x)m () + (1 — 7(2))po(x)]
+ {7 (x) = =} - 0.5(po(x) + pa (2));

let Py(Pirain) = {P : Wi(P, Pirain) < a} with the Wi ball taken on the (Y(0),Y (1)) coordinates and the
X-marginal fixed at P, so V(7) = Ep[r.(X)] and

Jin V(m) =Epy Ao Ep[rz(X) | X = ]

By Kantorovich-Rubinstein duality for the ¢; ground metric on (Y (0),Y (1)), for any affine g(u,v) = au+ bv we
have

inf Eplg(Y(0),Y (1)) =Ep. . [g] — -
e BE Epla(¥(0).Y (1)) = Erfo] - oll(@.b)]

Apply this pointwise at = with g chosen according to 7(z), this becomes

m(@)E[Y (1) | X =2]+ (1 —7(2))E[Y(0) | X = 2] — amax{m(x),1 — w(x)}.

Since this is a linear function on [0,0.5] and [0.5,1], it must attains maximum value in {0,0.5,1}. If 7(z) = 1
then g(u,v) = v and ||(0,1)]|ec = 1, if 7(z) = 0 then g(u,v) = u and ||(1,0)|lc = 1, and if 7(x) = 0.5 then
g(u,v) = 0.5(u 4 v) and ||(0.5,0.5)||cc = 0.5; hence for every z,

min Eplrs(X) | X = a] = 1{r(a) # 0.5} n(x)yn (@) + (L = w(z))o() - o]
+ 1{n(x) = 0.5H0.5(to(x) + i1 (2)) — /2]

= U7(z) # 0.5} 7 (2)pa () + (1 — 7(2))po () — o
+ U7 (x) = *}0.5(po () + pa(2)) — a/2]

Taking expectation over X yields

min V() = BIL{F(X) # ) (Fu1 + (1= Fpo) + L{F(X) = 1} - 050 + )]

- P(R(X) # %) - (0/2) - BFR(X) = #).

Comparing with the abstention objective

VP () = E[1{# # «}(rpn + (1 — 7)po) + {7 = #}(0.5(s0 + p11) + p)]

at p = /2 gives minpep, V(1) = V{/?) (1) — a, because the difference at each x is a in both the non-abstain
case (no bonus vs —a) and the abstain case (+a/2 vs —a/2). O
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Figure 3: Mean value difference under abstention.
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Figure 4: Winning rate of Algorithm 1 compared with EWM.

D Experiment Details

In this section, we provide further details of the experiments.

D.1 Policy Learning with Abstention

Experimental setting. We study Algorithm 1 on synthetic policy learning problems with known ground truth.
For each problem instance, X are drawn i.i.d. (standard normal), treatment is assigned with an X-dependent
logistic propensity in [0.1,0.9], and observed outcomes are Y = Y (D) + € that lie in [0,1]. We consider three
reward regimes (linear, nonlinear, complex), multiple noise levels, and a range of feature dimensions and sample
sizes.

Policy class and hyperparameters. The base class II contains simple threshold policies (including

linear-threshold with intercept). We follow Algorithm 1 and select an empirical-welfare maximizer from II.
Algorithm parameters are set to be k = 0.1, confidence § = 0.05, and abstention bonus p = 0.05.

Evaluation protocol. For each configuration we report: (i) Monte-Carlo ground-truth V(p)(w) computed
with many draws; (ii) IPW estimates on observed data; (iii) abstention rate. We run multiple replications per
configuration to produce reliable results.

From Figures 3 and 4, we can see that under all parameter configurations, abstention beats EWM in most
instances, with positive mean difference relative to EWM, indicating its superiority.

D.2 Safe Policy Learning

We evaluate safe policy improvement methods that must avoid degrading a fixed baseline w. Experiments are
conducted under varying reward variance and baseline optimality gap.

Data-generating process. For each dataset we sample X ~ U[0,1]¢(d = 5). The CATE is chosen to be
7(X) = 2(X; + X2 — 1); and the potential outcomes are Y (0) = X3 +¢,Y (1) = Y(0) + 7(X),e ~ N(0,0?);
treatment D ~ Bernoulli(p(X)), with p(X) either constant or logistic in X, clipped to [0.1,0.9]. The true optimal
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policy is 7*(z) = 1{7(X) > 0}.

Baselines. We compare with several baseline algorithms for safe policy learning: (i) Safe EWM: direct EWM
followed by comparing its estimated value with that of the baseline policy, and (ii) two versions (¢-test LCB and
clipped-CI) of the HCPI algorithms proposed in Thomas et al. (2015).

For each parameter value and sample size n € {200, 500, 1000, 2000, 5000}, we run 500 independent replications.
For each method we compute ground-truth value using Y'(0), Y (1) and report mean true-value gain V(meposen) —
V(w), rate of mistake V (7chosen) < V(w), and rate of improvement P[V (7eposen) > V(w)]. Results are aggregated
across runs and visualized as in Figures 1 and 2 respectively.



