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ABSTRACT

Off-Policy Evaluation and Learning (OPE/L) in contextual bandits is rapidly gain-
ing popularity in real systems because new policies can be evaluated and learned
securely using only historical logged data. However, existing methods in OPE/L
cannot handle many challenging but prevalent scenarios such as few-shot data,
deterministic logging policies, and new actions. In many applications, such as
personalized medicine, content recommendations, education, and advertising, we
need to evaluate and learn new policies in the presence of these challenges. Exist-
ing methods cannot evaluate and optimize effectively in these situations due to the
notorious variance issue or limited/no exploration in the logged data. To enable
OPE/L even under these unsolved challenges, we propose a new problem setup
of Cross-Domain OPE/L, where we have access not only to the logged data from
the target domain in which the new policy will be implemented but also to logged
datasets collected from other domains. This novel formulation is widely appli-
cable because we can often use historical data not only from the target hospital,
country, device, or user segment but also from other hospitals, countries, devices,
or segments. We develop a new estimator and policy gradient method to solve
OPE/L by leveraging both target and source datasets, resulting in substantially en-
hanced OPE/L in the previously unsolved situations in our empirical evaluations.

1 INTRODUCTION

Many decision-making systems (e.g., recommendation, medication, budget allocation) interact with
the environment through a contextual bandit process in which a policy observes the context, takes
action, and obtains rewards. Off-Policy Evaluation and Learning (OPE/L) has gained attention as
a technique for estimating and learning new policies without deploying them, using only historical
logged data. We can find many real applications of these techniques since they do not require costly
and risky online A/B testing and exploration to enable the data-driven policy evaluation and learning
lifecycle (Mehrotra et al., 2018; Gilotte et al., 2018; Saito et al., 2021; Kiyohara et al., 2024a).

While recent advances have led to the development of a number of estimators and policy gradient
methods (Saito & Joachims, 2021; Uehara et al., 2022), most of these are based on inverse propen-
sity scoring (IPS), reward regression, or their mixture (Dudı́k et al., 2014; Wang et al., 2017; Su
et al., 2020a). These estimators heavily rely on a theoretical assumption called common support
to provide a low-bias estimate. Due to the common support assumption, we can only evaluate and
learn new policies regarding actions that have already been sufficiently explored by the logging pol-
icy (Sachdeva et al., 2020; Felicioni et al., 2022). Therefore, in challenging but realistic cases where
the logging policy is completely deterministic or there are new actions, existing methods simply
cannot evaluate and choose under-explored and new actions at all due to the lack of their reward in-
formation in the historical data (Sachdeva et al., 2020). In addition, the use of importance weighting
often causes severe variance issues, particularly when the sample size is small, such as few-shot data
and the action space is large (Saito & Joachims, 2022; Cief et al., 2024a; Sachdeva et al., 2024).
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Figure 1: Comparison ofConventional OPE/L andCross-Domain OPE/L (Ours).

There have been several previous efforts to enable OPE (Felicioni et al., 2022) and OPL (Sachdeva
et al., 2020) under the violation of common support (also known as support de�ciency), but they
cannot handle deterministic logging policies and completely new actions. It might also be useful
to use some structure in the action or reward space to relax the requirement of common support, as
studied by Saito & Joachims (2022); Saito et al. (2023); Cief et al. (2024a); Tau�q et al. (2023);
Sachdeva et al. (2024); Kiyohara et al. (2024b), but this useful structure is not always learnable.

To enable effective OPE/L even with deterministic logging policies and new actions, we propose a
new problem formulation calledCross-Domain OPE/Lwhere we aim to evaluate and optimize the
value of new policies under the target domain, but have access to historical logged data collected
previously in source domains (as depicted in Figure 1). There are many cases where we have access
to such multiple-logged datasets. In the medical �eld, an example scenario is when the impact of a
treatment on a patient's prognosis is recorded in several hospitals of different sizes and with different
patient demographics. Another example is in recommender systems where new content or function
may become available in certain countries or for a subset of users (e.g., active members), and these
can be source domains when we aim to perform OPE/L regarding new countries and other users,
such as relatively new members. If we have access to these logged datasets collected in source
domains with more data and exploration in the action space, we can leverage these data to perform
OPE/L more effectively towards the target domain even when it has less logged data, a deterministic
logging policy, and new actions that existing estimators cannot address.

After formally presenting the new formulation, we propose a new estimator, calledCross-domain
Off-Policy Evaluation (COPE) and respective policy gradient method to solve OPE/L by effec-
tively leveraging useful information from source domains to estimate and optimize the value of
new policies in the target domain. To achieve effective transfer from source domains, our methods
are based on a decomposition of the expected reward function into the domain-cluster effect and
domain-speci�c effect. The domain-cluster effect is a component in the reward function that do-
mains in the same cluster have in common, while the domain-speci�c effect represents the causal
effect not modeled merely by the domain-cluster effect. The COPE estimator unbiasedly estimates
the domain-cluster effect by applyingmultiple importance weighting(Owen, 2013; Agarwal et al.,
2017) using data not only from the target domain but also leveraging data from the source domains
that are in the same cluster as the target domain. It also deals with the domain-speci�c effect via
reward regression using the logged data from the target domain, which reduces the bias of the esti-
mator depending on the regression accuracy. We also extend the COPE estimator as a policy gradient
estimator to perform OPL using both target and source data, enabling us to perform policy learning
even under completely deterministic logging and new actions involved. Theoretical analysis shows
that COPE has analyzable bias and, in particular, that COPE can be unbiased even when the target
domain has a deterministic logging policy and new actions. Empirical evaluation using a real-world
recommendation dataset demonstrates that COPE outperforms existing estimators and policy learn-
ing methods by properly leveraging data from both the target and source domains, particularly when
there are few target data and many actions that are not previously explored in the target domain.

Key Related Work. This section differentiates our work from two closely related studies. A more
comprehensive overview of related work is available in Appendix A.

First, we discuss the work by Uehara et al. (2020), which studied OPE/L under covariate shift,
where the context distributions differ between the logged data (phist(x)) and the evaluation environ-
ment (peval(x)), while the reward distributionp(r jx; a) remains unchanged. Under this setup, Uehara
et al. (2020) proposes methods to estimate the value of new policies when deployed in the evalua-
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tion environment, using only the logged data collected under the historical distributionphist(x). In
contrast, we aim to estimate the same estimand, but leveraging data from both target and source
domains (where there could be multiple source domains), with each domain having its own unique
context and reward distributions. By leveraging this new setup, our primary goal is to address chal-
lenging scenarios in the target domain, such as new actions, deterministic logging, and extremely
small logged data, which clearly differ from the motivations of Uehara et al. (2020).

We also distinguish our contributions from those of Saito et al. (2023), which developed the OffCEM
estimator to handle OPE in large action spaces within a single domain setup. Although our main
idea of reward function decomposition is inspired by OffCEM, its application to solve the problem of
Cross-Domain OPE/L would not be possible without our unique formulation. Moreover, we propose
an extension of our estimator to an OPL method, whereas Saito et al. (2023) focused solely on the
OPE problem. Therefore, our work is the �rst to formulate the problem of cross-domain OPE/L and
leverage the respective version of reward function decomposition to solve non-trivial challenges,
such as new actions and deterministic logging, and thus offers several unique contributions from
both methodological and empirical angles.

Finally, we discuss an important distinction between our work and those that address limited overlap
or de�cient support issues (Hansen, 2008; Sachdeva et al., 2020; Wu & Fukumizu, 2021; Felicioni
et al., 2022). Limited overlap refers to a situation where certain actions that can be taken under a
new policy have zero probability of being observed under the logging policy. Limited overlap is
problematic because, without any data about actions in the logged data, importance weighting tech-
niques become biased. It is important to note that our work aims to address even more challenging
scenarios compared to the general limited overlap problem, namely, completely deterministic log-
ging and new actions. Deterministic logging refers to a situation where the logging policy selects
a speci�c action with probability one, i.e., there is no stochasticity. This is more dif�cult because
the typical limited overlap issue still allows the logging policy to be stochastic. Completely new
actions present an even greater challenge, as they refer to actionsa that have zero probability of
being observed in the logged data for any context. To the best of our knowledge, no previous work
speci�cally addresses the issues of completely deterministic logging and new actions. We tackle
these extremely challenging scenarios by newly formulating the problem of cross-domain OPE/L.

2 CONVENTIONAL FORMULATION

We begin with describing the conventional formulation of OPE in the contextual bandit setting.
Here, a decision maker repeatedly observes a contextx 2 X drawn from an unknown distribution
p(x). Given a contextx, a �xed and potentially stochastic policy� (ajx) selects an actiona from
a �nite action space denoted byA . Rewardr is then observed following an unknown distribution
p(r jx; a) and we useq(x; a) := E[r jx; a] to denote the expected reward given context and action.
We de�ne the performance measure of policy� by the expected reward under its deployment as

V (� ) := Ep(x ) � (ajx )p( r jx;a ) [r ] = Ep(x ) � (ajx ) [q(x; a)]; (1)

which is often called thepolicy value. The logged bandit data we can use to perform OPE/L can be
denoted byD := f (x i ; ai ; r i )gn

i =1 , which containsn independent observations drawn from the data
distribution induced by the logging policy� 0, i.e.,p(D) =

Q n
i =1 p(x i )� 0(ai jx i )p(r i jx i ; ai ).

The aim of OPE is to develop an estimatorV̂ that can accurately estimate the policy value of a new
policy � using onlyD. We measure the accuracy ofV̂ by the mean squared error (MSE) de�ned as

MSE(V̂ (� ; D)) := Ep(D ) [(V (� ) � V̂ (� ; D))2] = Bias( V̂ (� ; D))2 + VD [(V̂ (� ; D))] ;

whereEp(D ) [�] takes the expectation over the distribution ofD.

Limitations of Existing Estimators. As an existing method for OPE, we �rst describe IPS (Horvitz
& Thompson, 1952), which estimates the policy value by re-weighting the rewards as

V̂IPS (� ; D) :=
1
n

nX

i =1

� (ai jx i )
� 0(ai jx i )

r i =
1
n

nX

i =1

w(x i ; ai )r i ; (2)

wherew(x; a) := � (ajx)=� 0(ajx) is called theimportance weight. It is widely known that IPS is
unbiased, i.e.,Ep(D ) [V̂IPS (� ; D)] = V (� ), under the common support condition.
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Condition 2.1(Common Support). The logging policy� 0 is said to have common support for policy
� if � (ajx) > 0 =) � 0(ajx) > 0 for all a 2 A andx 2 X .

This assumption for unbiasedness of IPS is never satis�ed in situations when the logging policy� 0
is deterministic or there are new actions that were not available when the logged data was collected.
Under the violation of Condition 2.1, IPS produces the following bias (Sachdeva et al., 2020)

jBias(V̂IPS (� ; D)) j = Ep(x ) [
X

a2U 0 (x;� 0 )

� (ajx)q(x; a)]; (3)

whereU0(x; � 0) := f a 2 A j � 0(ajx) = 0 g is the set ofde�cient actions for contextx under� 0.
This bias is due to the fact that IPS cannot evaluate the actions that are not explored by the logging
policy. To deal with this bias unavoidable for IPS, Sachdeva et al. (2020) suggests using a reward
regression model̂q(x; a) � q(x; a) in the form of Doubly Robust (DR):

V̂DR (� ; D; q̂) :=
1
n

nX

i =1

f w(x i ; ai )( r i � q̂(x i ; ai )) + E� (ajx i ) [q̂(x i ; a)]g: (4)

While the bias caused by support de�ciency and the variance can be smaller ifq̂(x; a) is accu-
rate (Dud́�k et al., 2014; Sachdeva et al., 2020), it is almost impossible to achieve such accuracy
when only a small (like few-shot) dataset is available and there are new actions in the target domain.

3 CROSS-DOMAIN OFF-POLICY EVALUATION AND LEARNING

To achieve yet effective OPE/L even with no exploration and few-shot data in the target environment,
this section proposes a new OPE problem that aims to estimate the value of a new policy, but we can
have access not only to the historical data collected from the domain in which the new policy will be
implemented (targetdomain), but also the datasets from other domains (sourcedomains) that have
varying data generation processes (DGPs). We also develop an estimator to effectively leverage
logged data from both the target and source domains and extend it to a policy gradient method.

Here, we introduceK different domainsf kgK
k=1 where the logged dataset is collected under po-

tentially different logging policies in each domain. One out ofK domains is the target domainT,
where we are interested in deploying a new policy, and the rest are source domainsS. The DGP
within each domaink can be formulated as a respective contextual bandit process, i.e., we �rst
observe the contextxk 2 X from an unknownpk (x). Given contextxk , logging policy� k

0 (ajx)
chooses actionak , and then the rewardr k is observed from an unknownpk (r jx; a). Following
this process, we observe logged bandit data denoted byDk := f (xk

i ; ak
i ; r k

i )gn k

i =1 � p(Dk ) =Q n k
i =1 pk (x i )� k

0 (ai jx i )pk (r i jx i ; ai ) for each domain, wherenk is the sample size of domaink. Note
that we sometimes useD :=

S K
k=1 Dk to denote available logged data across all domains.

We are now interested in evaluating a new policy� (ajx) in the target domain whose policy value is
de�ned using the target distributions,(pT (x); pT (r jx; a)) , as follows.

V T (� ) := EpT (x ) � (ajx )pT ( r j x;a ) [r ] = EpT (x ) � (ajx ) [q
T (x; a)]; (5)

whereqT (x; a) := EpT ( r j x;a ) [r jx; a] denotes the expected reward in the target domain given context
x and actiona. Note here that we can regard the conventional formulation described in Section 2 as
a special case where there exists only the target domain. Thus, IPS and DR can readily be de�ned
in our formulation by using only the target domain dataDT asV̂IPS (� ; DT ) andV̂DR (� ; DT ; q̂T ).

In contrast, a possible approach to perform the existing estimators with source domain data is to
naively integrate the datasets from all domains when performing IPS or DR as below.

V̂IPS � ALL (� ; D) :=
1
N

KX

k=1

n k
X

i =1

wk (xk
i ; ak

i )r k
i ; (6)

V̂DR � ALL (� ; D) :=
1
N

KX

k=1

n k
X

i =1

n
wk (xk

i ; ak
i )( r k

i � q̂(xk
i ; ak

i )) + E� (ajx k
i ) [q̂(xk

i ; a)]
o

; (7)
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wherewk (x; a) := � (ajx)=� k
0 (ajx) andN :=

P K
k=1 nk . IPS-ALL and DR-ALL use information

explored in source domains to estimate the policy value in the target domain with smaller variance
by using more data. However, they completely ignore the differences in DGPs across different
domains, possibly introducing substantial bias as we will demonstrate in our experiments.

3.1 THE COPE ESTIMATOR

This section proposes a new estimator called COPE, which effectively integrates logged bandit data
from target and source domains to estimate the value of new policies in the target domain even with
less data and no exploration within the target domain. The key to deriving our estimator is how to
pool information from source domains to deal with the aforementioned challenging scenarios while
not introducing much bias by taking into account the differences in DGPs. We achieve this by the
following decomposition of the expected reward function.

qk (x; a) = g(x; a; � (k))
| {z }

domain-cluster effect

+ h(x; a; k)
| {z }

domain-speci�c effect

; (8)

where� (k) is a function to cluster similar domains. We can, for example, obtain a clustering func-
tion by heuristically performing an off-the-shelf clustering algorithm based on the empirical average
of the rewards of each domain (�r k :=

P n k
i =1 r i =nk ) as the domain embedding, which generally

works well in our experiments. The domain-cluster effectg(x; a; � (k)) in Eq. (8) is a factor of
the expected reward function that domains in the same cluster have in common, while the domain-
speci�c effecth(x; a; k) is the effect not solely modeled by the domain-cluster effect and thus is
dependent on each individual domaink. For example, in a medical problem, the cluster effect could
capture the shared effect of medical treatment within similar hospitals, while the domain-speci�c ef-
fect models how effective an action is for a particular hospital compared to the average in the cluster.
Based on this decomposition, we design a new estimator by applying different estimation strategies
between the domain-cluster (g) and speci�c (h) effects. Speci�cally, our estimator unbiasedly es-
timates the domain-cluster effect by applying themultiple importance weightingtechnique (Owen,
2013; Agarwal et al., 2017) and the domain-speci�c effect by reward regression as

V̂COPE (� ; D � (T ) ) :=
1

n� (T )

X

k2 � (T )

n k
X

i =1

� (ak
i jxk

i )
p� (T ) (ak

i jxk
i )

(r k
i � q̂T (xk

i ; ak
i ))

+
1

nT

n T
X

i =1

X

aT 2A

� (aT jxT
i )q̂T (xT

i ; aT ); (9)

whereD � (T ) represents the logged data of domains belonging to the same cluster as the target
domain (i.e.,� (T), which we call thetarget cluster), andn� (T ) :=

P
k2 � (T ) nk is the total sample

size of logged data within the target cluster� (T). It should also be noted that we use the joint
distribution of context and action under the logging policy averaged within the target cluster� (T)
in the denominator of the �rst term of the COPE estimator, which is formally de�ned as

p� (T ) (ajx) :=
1

n� (T )

X

k2 � (T )

nk pk (x)
pT (x)

� k
0 (ajx); (10)

which results in what is called multiple importance weighting (Owen, 2013; Agarwal et al., 2017),
i.e., � (ak jxk )=p� (T ) (ak jxk ) in COPE to deal with varying distributions in the target cluster. In our
experiments, we estimate the weight based only on observable logged data using techniques from
density ratio estimation (Sugiyama et al., 2012; Kanamori et al., 2012), as detailed in Appendix C.

Our estimator is expected to substantially outperform the naive application of existing estimators
when there is only limited/no exploration and less data in the target domain. First, COPE has a lower
bias than IPS and DR by estimating the value of de�cient and new actions by using data from source
domains that are in the same cluster as the target domain, i.e.,� (T). COPE also provides substantial
variance reduction in the case of few-shot data in the target domain by transferring information from
source domains, while IPS and DR use only the target domain data. Moreover, COPE has lower bias
than IPS-ALL and DR-ALL because it does not naively integrate data from all domains as IPS-ALL
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and DR-ALL, but rather applies multiple importance weighting within the data in the target cluster,
with adjustments for the varying context and action distributions across different domains.

In the following, we analyze the statistical properties of COPE and discuss its intriguing interpreta-
tion as a strict generalization of existing estimators.

Condition 3.1 (Common Cluster Support). The logging policy� T
0 is said to have common cluster

support for policy� if � (ajx) > 0 =) p� (T ) (ajx) > 0 for all a 2 A andx 2 X .

Note that, when Condition 2.1 is true, Condition 3.1 is always true, indicating that Condition 3.1 is
more relaxed. In particular, when the logging policy is deterministic or there are new actions in the
target domain, Condition 2.1 is never satis�ed, while Condition 3.1 can still be satis�ed when there
is some exploration in the target cluster� (T) (not necessarily in the target domain).

Based on this milder support condition, we provide the bias of COPE as below.

Theorem 3.1(Bias of COPE). Under Condition 3.1, COPE has the following bias.

EpT (x ) � (ajx )

��� X

k2 � (T )

nk

n� (T )

pk (x)
pT (x)

� k
0 (ajx)

p� (T ) (ajx)
| {z }

:= � (k )

� k
q;q̂(x; a)

�
� � T

q;q̂(x; a)
��

; (11)

where� k
q;q̂(x; a) := qk (x; a) � q̂k (x; a) is an estimation error of the regression modelq̂ given

contextx and actiona for domaink. Note that
P

k2 � (T ) � (k) = 1 . See Appendix B.2 for the proof.

Theorem 3.1 suggests that the bias is characterized by the difference between the weighted average
of the regression error in the target cluster (

P
k2 � (T ) � (k)� k

q;q̂(x; a)) and the error in the target
domain (� T

q;q̂(x; a)). Therefore, if� k
q;q̂(x; a) � � T

q;q̂(x; a) =) qk (x; a) � qT (x; a) � q̂k (x; a) �
q̂T (x; a) holds for8k 2 � (T) (i.e., q̂k (x; a) accurately preserves the relative reward differences of
actions,qk (x; a) � qT (x; a), within � (T)), the bias of COPE becomes small. This is because COPE
already unbiasedly estimates the domain-cluster effect via its multiple importance weighting, and
thus it is suf�cient for the regression model to estimate only relative reward differences of actions
between domains in� (T) and the target domainT to make the global estimate low-bias. More
formally, Theorem 3.1 implies the unbiasedness of COPE under theCPCcondition.

Condition 3.2 (Conditional Pairwise Correctness; CPC). A regression model̂qk (x; a) and domain
clustering function� (k) satisfy conditional pairwise correctness if the following holds true:

qk (x; a) � qT (x; a) = q̂k (x; a) � q̂T (x; a);

for all x 2 X , a 2 A , andk s.t. k 2 � (T).

Corollary 3.1. Under Conditions 3.1 and 3.2, COPE is unbiased, i.e.,ED � ( T ) [V̂COPE (� ; D � (T ) )] =
V (� ): See Appendix B.2 for the proof.

Condition 3.2 requires that the regression modelq̂ should only correctly preserve the relative reward
differenceqk (x; a) � qT (x; a) between domains in� (T) and the target domainT. Therefore, it does
not necessitate an accurate estimate of the absolute value of the reward function, which is a general
requirement for regression-based estimators such as the direct method (DM). Note that CPC needs
only an accurate estimation of the relative reward difference within the target cluster, and thus it
does not require anything about source domains outside the particular cluster.

It is important to clarify that we do not expect Condition 3.2 to hold in practice. It is simply a condi-
tion that helps to understand when COPE can be unbiased. This is why we �rst present Theorem 3.1,
which characterizes the bias of COPE without assuming Condition 3.2. It is also important to note
that in challenging cases, such as deterministic logging and the presence of new actions, existing
estimators, including IPS and DR, produce much bias, but our estimator leverages source domain
data and is much more robust to the bias arising due to those challenges, as we will demonstrate.

It is also worth mentioning that the size of the target cluster plays a crucial role in deciding the bias-
variance tradeoff of COPE. Whenj� (T)j is small, the bias of the estimator becomes small. This
is because decreasing the cluster size makes CPC milder. In the extreme case wherej� (T)j = 1 ,
COPE becomes unbiased irrespective of the accuracy of the regression model because CPC requires
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nothing in that case. In contrast, the variance of COPE is likely to increase with a small cluster
because it leads to a higher variation of its importance weights.

Here, we also provide an intriguing interpretation of COPE as a spectrum of DR and DR-ALL, with
the number of domains in the clusterj� (T)j being a lever of the tradeoff. More speci�cally, in the
extreme case withj� (T)j = 1 , meaning that there is only the target domain in the cluster, COPE
reduces to DR because the averaged joint distributionp� (T ) (ajx) reduces to the logging policy of the
target domain, i.e.,� T

0 (ajx). On the other hand, whenj� (T)j = K , meaning that the cluster� (T)
contains allK domains, COPE reduces to DR-ALL. As a strict generalization of different versions
of DR, COPE never performs worse than these existing methods with a good (if not perfect) tuning
of the cluster sizej� (T)j. Note that the cluster sizej� (T)j is a hyperparameter of COPE, and
we can tune it based only on available logged data by using recent advancements in the relevant
literature (Su et al., 2020b; Udagawa et al., 2023; Felicioni et al., 2024; Cief et al., 2024b).

3.2 EXTENSION TO CROSS-DOMAIN OFF-POLICY LEARNING

In addition to the OPE counterpart, we can formulate the problem of learning a new policy to opti-
mize the expected reward in the target domain asmax� V T (� � ) where� 2 Rd is the policy param-
eter. A typical approach to solving the policy learning problem is the policy-based approach, which
updates the policy parameter by iterative gradient ascent as� t +1  � t + r � V T (� � ). Since the
true gradientr � V T (� � ) = EpT (x ) � � (ajx ) [qT (x; a)r � log � � (ajx)] is unknown, we need to estimate
it from observable data, which has been done by applying IPS or DR in the existing literature (Su
et al., 2019; Metelli et al., 2021). However, similarly to the case with OPE, under the violation of
common support with deterministic logging and new actions, policy gradient estimators based on
IPS and DR produce bias. Moreover, in the presence of new actions that become newly available
when learning a new policy for the target domain, these conventional methods cannot evaluate and
choose such new actions at all, even though some of them might have high expected rewards.

To solve these seemingly intractable problems in OPL, we can indeed readily extend COPE as a
policy-gradient estimator to learn a new policy that optimizes the policy value of the target domain.

r � V̂ T
COPE � PG (� � ; D � (T ) ) :=

1
n� (T )

X

k2 � (T )

n k
X

i =1

� � (ak
i jxk

i )
p� (T ) (ak

i jxk
i )

(r k
i � q̂(xk

i ; ak
i )) r � log� � (ak

i jxk
i )

+
1

nT

n T
X

i =1

E� � (aT j x T
i ) [q̂(xT

i ; aT )r � log� � (aT jxT
i )] (12)

As already discussed, our policy-gradient estimator in Eq. (12) particularly uses data from source
domains that belong to the target cluster through multiple importance weighting, enabling to even
learn the value of actions with little or no previous exploration.

4 EMPIRICAL ANALYSIS

Dataset. This section empirically demonstrates the advantages of COPE and COPE-PG against
existing ideas on a real-world public dataset called KuaiRec (Gao et al., 2022) collected from a
recommendation system on a video-sharing app. The small matrix of the dataset consists of 1,411
users (denoted asu 2 U), 3,327 items, and 4,676,570 interactions, with a density of 99.6%, which
enables OPE/L experiments without synthetic reward functions. We randomly select 30 actions that
have at least one interaction with all users for our experiments. We use the user features and watch
ratio recorded in the original data as the contextxu and expected rewardq(xu ; a), respectively.

Setup. To simulate our problem of cross-domain OPE/L, we sample users from a domain-speci�c

distribution pk (u) for each domaink, which is de�ned aspk (u) := exp( � k � �q(u ))P
u 02U exp( � k � �q(u 0)) ; where

�q(u) := (1 =jAj )
P

a2A q(xu ; a) and� k is a parameter that controls the user distribution in each
domain. A domain with a large positive� k has a higher density of users with a largerq(u). We use
different values of� k for different domains to vary the context distributions across domains.
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Figure 2: MSE(left), Squared Bias(center), and Variance(right ) with varying ratios of new actions
in the target domain.

Figure 3: MSE(left), Squared Bias(center), and Variance(right ) with varying numbers of users
whose logging policy is deterministic in the target domain.

Figure 4: MSE(left), Squared Bias(center), and Variance(right ) with varying (per-action) logged
data sizes in the target domain.

We sample an actionak based on the domain-speci�c logging policy� k
0 , which is de�ned as below.

� k
0 (a j xu ) :=

exp(� k � (q(xu ; a) + � u;a ))
P

a02A exp(� k � (q(xu ; a0) + � u;a 0))
; (13)

where� k and� u;a are sampled from a uniform distribution within range[� 2:0; 2:0] and[� 3:0; 3:0],
respectively. In contrast, the new policy� is de�ned via the epsilon-greedy rule as

� (a j x) = (1 � � ) � I f a = argmaxa02 A q(xu ; a0)g + �=jAj ; (14)

where� 2 [0; 1] controls the quality of� and we set� = 0 :2 as default. We sample the reward
r k from a normal distribution with meanq(xu ; a) and standard deviation� = 1 . Iterating this
procedurenk times in each domain generateDk with nk independent copies of(uk ; xk

u ; ak ; r k ).

Baselines. We compare COPE with IPS(T), IPS-ALL, DR(T), and DR-ALL where IPS(T) and
DR(T) perform off-policy estimation using only the target domain dataDT . We also include the
Direct Method (DM) (̂VDM (� ; DT ; q̂T )) and DM-ALL (V̂DM � ALL (� ; D; q̂)) as baselines, which are
rigorously de�ned in the appendix. We use Random Forest (Breiman, 2001) implemented in scikit-
learn (Pedregosa et al., 2011) along with 3-fold cross-�tting (Newey & Robins, 2018) to obtain
q̂T (x; a) for DR and DM, and̂q(x; a) for DR-ALL, DM-ALL, and COPE. In addition, for COPE,
we usej� (T)j = 4 , where we de�ne the target cluster� (T) by the set of domains for which the
difference in the empirical average of the rewards,j �r k � �r T j, is small.
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Results: Cross-Domain OPE. The following reports and discusses the MSE, squared bias, and
variance of the OPE estimators computed over 200 sets of logged data, each replicated with different
seeds. The shaded regions in the MSE plots represent the 95% con�dence intervals estimated via
bootstrap. Note that we setK = 10 for the number of domains andnk = 100 for the logged data
size of each domain as the default experimental parameters.

First, we compare the estimators under varying ratios of new actions in the target domain,jUT
0 j=Aj 2

f 0; 0:2; 0:4; 0:6; 0:8g, whereUT
0 := f a 2 A j � T

0 (ajx) = 0 ; 8xg in Figure 2. The results indicate
that estimators using only logged data from the target domain, particularly IPS(T) and DR(T), pro-
duce larger bias as the ratio increases, while estimators that naively use logged data from all domains,
such as IPS-ALL, DR-ALL, and DM-ALL, exhibit consistently high bias due to their inability to
deal with differences in DGPs. In contrast, COPE consistently performs the best without being af-
fected by the presence of new actions and producing much bias. Note that the MSEs of IPS and
DR do not deteriorate rapidly as the number of new actions increases. This is because, although the
bias of IPS and DR increases with new actions, their variance decreases as the number of supported
actions decreases (a similar phenomenon is observed in Saito & Joachims (2022)).

Next, we compare the estimators under varying numbers of users whose logging policy is deter-
ministic. We applied a logging policy that deterministically selects a single action to a subset of
the users, while we apply a stochastic logging policy in Eq. (13) to the rest. Figure 3 shows that
COPE is robust against an increasing number of users having a deterministic logging policy and
maintains a small bias even when a deterministic policy is applied to about 70% (' 1000=jUj) of
all users. On the other hand, IPS(T) and DR(T) exhibit an increasing bias as the number of users
with a deterministic logging policy grows, which is consistent with Eq. (3). This is similar to the
pattern observed with the increasing ratio of new actions and demonstrates the larger bias reduction
by COPE in harder scenarios with more new actions and users with deterministic logging.

We also compare the estimators under varying per-action data sizes (nT =jAj ) in Figure 4. We can
see that COPE achieves the most accurate estimation, particularly with smaller logged data sizes
in the target data. Speci�cally, when there is only a single data point per action, i.e.,nT =jAj = 1 ,

COPE outperforms the best baseline (DM) by a substantial margin (MSE( V̂DM(T) )

MSE( V̂COPE )
= 6 :79). Note also

that the best baselines are different for differentnT =jAj , while COPE generally performs the best in
any per-action data size. This powerful and stable behavior of COPE is due to its variance reduction
by using data from multiple domains while accounting for varying DGPs to avoid producing bias.

Results:Cross-Domain OPL. We now compare the estimators in terms of their effectiveness in OPL
when used to estimate the policy gradientr � V T (� � ). In the following, we report the target policy
values relative to those of the logging policy, computed over 350 sets of logged data, each replicated
with different seeds. The default con�gurations are the same as those in the OPE experiments.

We �rst compare OPL methods under varying ratios of new actions in the target domain in Fig-
ure 5 (left). The results indicate that COPE-PG generally outperforms other methods without being
affected by the presence of new actions. Additionally, Figure 5 (center) illustrates the policy value
within new actions,EpT (x ) [

P
a2U T

0
� � (ajx)q(x; a)] (Figure 5 (right) reports the normalized version:

EpT (x ) [
P

a2U T
0

� � (ajx)q(x; a)=
P

a2U T
0

� � (ajx)]). We observe that methods using only logged data
from the target domain, such as Reg-based(T), IPS-PG(T), and DR-PG(T), are not able to gain pol-
icy values from new actions, which is reasonable. In contrast, methods that additionally leverage
logged data from the source domains, such as IPS-ALL, DR-ALL, and COPE-PG, develop policies
that select new actions relatively well, with COPE-PG achieving particularly ef�cient selection of
new actions, even though there is no exploration of such actions in the target domain.

We then compare the OPL methods under varying numbers of users with a deterministic logging
policy in Figure 6 (left). We observed that the policy value of IPS-PG(T) and DR-PG(T) deteriorates
as the degree of determinism increases. This is due to the fact that under deterministic logging
policies and severe common support violations, they become substantially biased. On the other
hand, COPE-PG consistently maintains the best policy value, unaffected by the increasing number
of users with a deterministic logging policy due to its milder support condition (Condition 3.1).

We also compare the OPL methods under varying per-action training data sizes (nT =jAj ) in the
target domain in Figure 6 (center). As we can observe from the �gure, most existing methods show
that the policy value becomes higher as the training data size increases, but COPE-PG generally
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