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Abstract

In online advertising, it is crucial to identify optimal ad assets for
diverse users to maximize platform revenue. Many algorithms have
been developed for selecting personalized ad assets, and have been
applied in industrial systems. However, to fully leverage the per-
formance of these algorithms, advertisers are required to submit
an appropriate set of ad assets, which we call an ad asset portfolio,
to the platforms. This problem, which we call ad asset portfolio
optimization (Ad-POP), is a crucial issue for online advertising, but
it remains underexplored in the existing literature. To tackle this
problem, we first formulate Ad-POP in the contextual combinato-
rial bandits, and reduce it to an off-policy learning problem (OPL),
which aims to optimize a new policy solely using historical logged
data collected by a different policy. Typical OPL methods can be
applied to the Ad-POP problem and categorized into two types of
approaches: the independent approach and the exact approach. The
independent approach constructs an ad asset portfolio by adding
ads with the highest value, while the exact approach treats an ad
set as a single action and directly optimizes ad asset portfolios.
However, these approaches suffer from high bias and high vari-
ance, respectively. To address these challenges, we propose a novel
algorithm, named Ad Asset Portfolio Optimization via Meta In-
formation (Ad-POM). Our algorithm decomposes an ad selection
policy into a first-stage policy for selecting meta information, such
as the size of the portfolio and the degree of diversity, and a second-
stage policy for selecting the portfolio given the meta information.
Specifically, we propose a new policy gradient estimator to learn
the first-stage policy. This method can achieve stable optimization
since it applies importance weighting only to meta information.
Our comprehensive experiments on real-world data demonstrate
that the proposed method can provide substantial improvements in
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1 Introduction

In online advertising, many studies have proposed ad display algo-
rithms for selecting personalized ad assets given a set (portfolio) of
ad assets [2, 5, 6, 15]. However, even if ad display algorithms are
optimal, their performance degrades depending on the given ad
asset portfolio. For instance, if an advertiser submits few ad assets
or low-quality ad assets, the algorithm no longer has any room to
optimize ad selection. In contrast, submitting too many ad assets,
which may be generated by LLMs, to cover diverse user preferences
leads to substantial exploration costs required for the display al-
gorithm to identify the optimal ad asset. This problem, which we
call ad asset portfolio optimization (Ad-POP), is a crucial issue for
online advertising, but it remains underexplored in the existing
literature. To differentiate Ad-POP from the typical ad selection
problem, Figure 1 depicts the flow of displaying ads for users. The
existing studies mainly focus on constructing algorithms to select
optimal ad assets, given a certain ad asset portfolio. In contrast, our
focus is on how to choose an optimal ad asset portfolio given a
candidate of ad assets. Recent advances in LLMs have made it pos-
sible to generate ad asset candidates at almost zero cost, so solving
Ad-POP is increasingly important for online advertising.

To tackle the Ad-POP problem, we reduce it to the off-policy
learning (OPL) problem by formulating Ad-POP as a contextual
combinatorial bandit problem. Based on this formulation, we can
apply typical OPL methods to the Ad-POP problem. The main ap-
proaches to Ad-POP include exact and independent approaches.
The exact approach treats a portfolio as an action and learns a
policy selecting an optimal portfolio. This approach can be based
on unbiased policy gradients and learns effective policies with suffi-
cient logged data. However, in combinatorial settings, in particular,
where the action space corresponds to the combination of unique
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Figure 1: The problem setting of ad asset portfolio optimiza-
tion. The previous works focus on developing a novel algo-
rithm displaying ad assets within an ad asset portfolio. In
contrast, our focus is on how to construct an optimal ad asset
portfolio which maximizes the performance of the ad display
algorithm.

ad assets, the exact approach collapses due to extremely high vari-
ance [1, 9, 10]. On the other hand, the independent approach, which
learns the value of each ad asset and selects a portfolio with the
highest predicted reward, can avoid the variance issue since it deals
with each ad asset rather than combinations of ad assets [4, 13].
However, a portfolio consisting of high-value ad assets is not neces-
sarily optimal since this strategy completely ignores the interaction
or diversity of ad assets within a portfolio.

To mitigate the limitations of the exact and independent ap-
proaches, we develop a novel ad asset portfolio optimization algo-
rithm called Ad Asset Portfolio Optimization via Meta Infor-
mation (Ad-POM). The key idea of Ad-POM is to decompose a
policy into a first-stage policy for selecting meta information, such
as the size of the ad asset portfolio and the degree of diversity, and a
second-stage policy for selecting ad asset portfolios given the meta
information. Based on this decomposition, we learn the first-stage
policy through the gradient ascent method with a novel policy
gradient estimator, called the Ad-POM gradient estimator. The Ad-
POM gradient estimator includes importance weighting in the meta
information space and a reward regression model to consider the ef-
fect of each ad asset. Our analysis shows that the Ad-POM gradient
estimator is unbiased under reasonable conditions.

Compared to the exact approaches, Ad-POM can mitigate the
variance issue caused by the large action space because the Ad-
POM gradient estimator applies importance weighting only to the
meta information space. Moreover, compared to the independent
approaches, Ad-POM can avoid introducing large bias since Ad-
POM explicitly takes into account the interactions between ad
assets. Comprehensive experiments on real-world data demonstrate
that the proposed method can provide substantial improvements in
the Ad-POP problem, where existing methods fail due to the large
action space and the interaction effects among ad assets.

2 Problem Formulation

In this section, we first formulate the Ad-POP problem in contextual
combinatorial bandits. Let x € X C R% be a context vector such as
platforms and campaigns, sampled from an unknown distribution
p(x). The finite set of (unique) ad assets is denoted as B, with b € B
corresponding to an ad asset. Let a = (by, ba, - -+ , by, -+, bg|) bea
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binary ad asset portfolio vector, where b; is 1 if the advertisement b;
is in the ad asset portfolio. Given a context x, a (possibly) stochastic
policy 7(alx) chooses an ad asset portfolio a from the finite portfo-
lio space A. Let r be a reward, drawn from an unknown conditional
distribution p(r|x, a). We typically measure the performance of a
policy 7 by the following policy value.

V(”) = Ep(x)n(a\x) [‘Z(x> (Z)], (1)

where g(x, a) = Ep(r|x,q) [] is the expected reward function given
x and a.

Let D = {(x;,a;, 1)}, be the logged data, which contains n
independent observations sampled from the logging policy 7, as
(x,a,r) ~ p(x)m(alx)p(r|x, a). In Ad-POP, the ultimate goal is to
optimize a policy mg, parameterized by 0, to maximize the policy
value as 0" = argmaxy.g V(71p). To solve this policy learning task,
there are two typical approaches, namely the exact and independent
approaches, as described in detail below.

2.1 Limitations of existing approaches

Although there is no existing literature that formally studies ad asset
portfolio optimization, we discuss how to apply the conventional
approaches to this problem and their limitations.

First, we review two typical methods within the exact approaches,
which are categorized into policy-based and regression-based ap-
proaches in terms of their learning methodologies.

The policy-based approach learns the policy parameters via iter-
ative gradient ascent as 0,41 < 0; + VoV (719), where

VoV (1) = Ep(x)ny(alx) [q(x: @) Vg log o (alx)] (2

is called the policy gradient. The true policy gradient is unknown,
so we need to estimate it from the logged data. A common way
to implement the policy-based exact approach is to apply inverse
propensity scoring (IPS) [3] as
~ 1<
VoVies (103 D) = — > wilxi, a)riso(xi, ay), 3)
=
where w(x, a) = mp(a|x)/m(a|x) is called the vanilla importance
weight, which is defined as the ratio of probabilities that an ad
asset portfolio is chosen under two different policies. We also use
so(x,a) = Vg log mg(al|x) to denote the policy score function. The
IPS policy gradient estimator (IPS-PG) is unbiased under the full
support condition.

Condition 2.1. (Full Support) The logging policy 7y is said to have
full support if mo(alx) > 0 foralla € A andx € X.

However, in order to satisfy the full support condition, the log-
ging policy assigns extremely small values to some portfolios, lead-
ing to severe variance [11, 12].

The regression-based method of the exact approach (Reg-based)
estimates the reward function as §(x, a) ~ q(x, a) using conven-
tional machine learning methods. It then constructs a policy, for
example, by applying the argmax operator as shown below.

_ | 1 (a=argmax,4q(x,a"))
n(alx) .—{ 0 (otherwise) ! ¥

Reg-based can avoid the variance issue because of not using im-
portance weighting. However, Reg-based can introduce severe bias
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caused by the difficulty of accurately regressing the expected re-
wards for every ad asset portfolio. Thus, the exact approaches posit
no assumption for the policy optimization, but they suffer from
severe bias and variance due to the large action space.

Secondly, the independent approaches posit an independent as-
sumption on the reward function in order to mitigate the aforemen-
tioned issue of the exact approaches.

Assumption 2.1. (Independent Assumption) The independent ap-
proaches assume the following structure of the reward function.
18]

g(x.0) = ) n(x b)Hb =1},
I=1

where n(x, b) represents the independent value of each ad asset.

This assumption implies that ad assets have no interaction effects,
and the value of a portfolio can be represented by the sum of inde-
pendent rewards.

Under the assumption, the independent approach estimates the
policy gradient in Eq. (2) by applying the pseudo inverse estimator
(PI) [13] as follows.

1 (8 mob ()

VoVoi(19: D) = - Z Z

o Vo log (b x:) | i
i=1 \[=1 ﬂo(bi | x;

®)

where w(x, b) = mo(b® |x) /7o (bV |x) is the asset-wise importance
weight and 7(b") = 1|x) = 3 ,c 4 7(alx)[{b") = 1}. The PI gradi-
ent estimator (PI-PG) is unbiased under Assumption 2.1 and can
reduce variance compared to IPS-PG due to its importance weight
regarding the ad asset space B rather than the ad asset portfolio
space A (|B| <« |Al). However, PI-PG suffers from severe bias
when violating the independent assumption [4].

We can also use the regression-based approach under the in-
dependent assumption. The independent regression-based (Inde-
pendent Reg-based) estimates the independent value using conven-
tional supervised machine learning methods as follows.

18]
0 = argmin |r; - Z A bHIp? =1} 6)
o =1
After obtaining 7j(x, b), we construct an ad asset portfolio, for ex-
ample, by adding high-value ad assets. This strategy is not opti-
mal because Independent Reg-based ignores the interaction effects
among ad assets.

As discussed above, existing approaches to Ad-POP suffer from
bias and variance problems. To achieve a more efficient Ad-POP, the
following develops a novel algorithm for Ad-POP that circumvents
the bias and variance issues simultaneously.

3 The Proposed Method

This section introduces a novel Ad-POP algorithm called Ad-POM.
The key idea of Ad-POM is to decompose a policy into first-stage
and second-stage policies, using meta information m, as follows.

Jrgf;fm”(alx) = Z m (mlx) - Jr;”d(a|x, m), ()
meM

where m € M represents meta information of an ad asset portfolio.
The first-stage policy is a part of the overall policy responsible for
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selecting the meta information (m). In contrast, the second-stage
policy is a part to choose the ad asset portfolio (a) based on the meta
information already sampled by the first-stage policy. This policy
decomposition is defined via a pre-defined meta information space
M. This meta information can include any information assumed
to influence the value of ad asset portfolios, such as the number of
ad assets and the degree of diversity.

Based on this decomposition, Ad-POM optimizes the first-stage
policy ﬂé“(m|x) via the policy-based approach, and optimizes the
second-stage policy Jr;"d(abc, m) via the regression-based approach.
Intuitively, we can avoid the variance issue of the exact approaches,
such as IPS-PG (Eq. (3)), since we apply the importance sampling
technique to the meta information space, which is much smaller
than the original action space (|M| < |A[). Moreover, we also
avoid the bias issue of the independent approaches, as the second-
stage policy considers the meta information selected by the first-
stage policy. In the following, we describe how to learn first- and
second-stage policies from the logged data D in order to improve
the value of the overall policy.

Optimizing the first-stage policy né”
mizing the first-stage policy 7,° given a (pre-trained) second-stage
policy. Our ultimate goal is to obtain a better overall policy, so
we should train the first-stage policy to improve the overall pol-
icy. Therefore, we train the first-stage policy via the policy-based

approach as follows.

. We first consider opti-

041 — 0, + VoV (ng;fm”) ®)

We derive the true policy gradient of the overall policy regarding
the first-stage policy parameters below.

v overally _ | ﬂi”d
QV(”g)qs )= q (x, m)sg(x, m)], 9)

D)l (mlx) |

2nd
where we use ¢"¢ (x,m) = E2nd g1 m) [q(x,a)] to denote the
% s

value of meta information under 72" and sy (x, m) = Vg log ﬂés (m|x)

to denote the policy score function of the first-stage policy.
We have no access to the true policy gradient in Eq. (9) due to

2nd
the inability to know ¢"# , so we have to estimate it using the
logged data. We achieve this via the following Ad-POM gradient
estimator.
7 overall 1< ¢
VoVaa-pou(rgs s D) = = 3" Yaw(xivma,) (ri = f (5. a)) o1 )
’ n

i=1

agp2nd
+ Ené“(mhi) [f ¢ (xi> m)SQ(xD m)] }’
(10)

where w(x, m) = ™ (m|x)/7;* (m|x) is the meta information im-
portance weight and m, represents the meta information to which
the ad asset portfolio a belongs. Specifically, the first term of Eq. (10)
estimates the value of meta information m via the meta information
importance weighting and the second term deals with the values
of each ad asset via a regression model f. Since our policy gradi-
ent estimator applies importance weighting with respect to only
the meta information space, it is expected to have a much lower
variance compared to IPS-PG in Eq. (3). Additionally, since it does
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not introduce the independent assumption, it is expected not to
produce large bias due to ignoring the interaction effects.

As a theoretical analysis, we characterize the bias of the Ad-
POM gradient estimator under the following full meta information
support condition, which is milder than the full support condition
required for the unbiasedness of IPS-PG.

Condition 3.1. (Full Meta Information Support) The logging policy
o is said to have full meta information support if my(m|x) > 0 for
allme M andx € X.

Theorem 3.1. (Bias of the Ad-POM gradient estimator) Under Con-
dition 3.1, the Ad-POM gradient estimator has the following bias for
a given regression model f(x, a).

Bias(VoVaa-pom(ng5™"; D))

=Ep ) mist (mlx) [ >,

a<b:mg=mp=m

72" (alx, m)z3™ (blx, m)

X (Ag(x,a,b) - Af(x, a,b))(w(x,b)—w(x,a))sg(x,m)|, (11)

wherea,b € A. Ag(x,a,b) = q(x, a) — q(x,b) represents the differ-
ence in the expected rewards between a pair of ad asset portfolios a
and b. Af(x, a,b) = f(x,a) — f(x,b) is the difference in the expected

rewards estimated by a regression model f .

The bias of the Ad-POM gradient estimator in Eq. (11) is charac-
terized by Ag(x, a,b) — A];(x, a, b). When a regression model f(x, a)
preserves the relative value differences of ad asset portfolios rep-
resented by the same meta information, its bias becomes small.
This analysis suggests that the Ad-POM gradient estimator is unbi-
ased under the following Conditional Pairwise Correctness (CPC)
condition.

Condition 3.2. (Conditional Pairwise Correctness; CPC) A regression
model f (x, a) satisfies conditional pairwise correctness if A¢(x, a, b) =
A];(x, a,b) forallx € X and a,b € A s.t. mg = my,.

Thus, a regression model used in the Ad-POM gradient estimator
is only required to satisfy conditional pairwise correctness, which
is less restrictive than correctly estimating the expected reward
q(x, a), needed for Reg-based in Eq. (4).

Next, we characterize the variance of the Ad-POM gradient esti-
mator to demonstrate its variance reduction.

Theorem 3.2. (Variance of the Ad-POM gradient estimator) Un-
der Condition 3.1 and 3.2, the Ad-POM gradient estimator has the
following variance.

nVp (Ve\Zif_POM (ﬂgf;fm”; D))
. 2
=Epomalx) [(W(X, m)Sé])(x, m)) o%(x, a)]
+Ep(x) [Vﬂo(alx) [W(x, m)A, ¢ (x, a)Séj)(x, m)“
Vo |B a () i
+ Vo) |Batst (mpxy |47 (m)sg” (. m) || (12)

where Aqf(x, a) =q(x,a) —f(x, a) is the estimation error off(x, a)
against the expected reward function q(x, a).
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Algorithm 1 The second-stage policy

Require: the number of creatives d, degree of diversity A, a regres-
sion model 7 (x, b), and diversity function Div(a).
Ensure: advertisement group a
1: Seta=(0,---,0)and B; =B
2: fort=1,---,ddo
3 b =argmax, g f(x,b) + - Div(aUb)
¢ a =1and B,,; =B, \ b

Theorem 3.2 shows that the variance of the Ad-POM gradient
estimator depends only on w(x, m) rather than w(x, a), resulting
in a significant variance reduction compared to IPS-PG.

Optimizing the second-stage policy ﬂ;”d. We thus develop
the policy-based approach to optimize the first-stage policy via the
Ad-POM gradient estimator. The remaining objective is to identify
the optimal ad asset portfolios, given meta information selected by
the first-stage policy. For example, if the meta information includes
the number of ad assets d and a degree of ad assets’ diversity A, the
second-stage policy chooses an ad asset portfolio like Algorithm 1.
First, we estimate the structure of the expected reward function. If
we assume that an ad asset portfolio effect includes the independent
value of ad assets and diversity, the structure of the expected reward
function is given by

18]
G(x,a) = Z n(x,b))I{b; =1} + A - Div(a) (13)
=1

where Div(a) is an arbitrary diversity function. Then, the second-
stage policy selects an ad asset with the highest value, given meta
information. This algorithm considers the asset diversity as well as
the independent value of assets, so Ad-POM has lower bias com-
pared to the independent approaches, which rely on the indepen-
dent assumption. It is worth noting that we need not estimate the
exact structure of the expected reward function, as we demonstrate
in the experiments.

4 Empirical Evaluation

To evaluate the performance of the Ad-POM algorithm, this sec-
tion conducts Ad-POP experiments on the public dataset in display
advertising, called CreativeRanking [14]." CreativeRanking con-
tains a large and diverse set of ad assets from the Alibaba display
advertising platform as well as their real impression and click data.

To conduct Ad-POP experiments, we use the data for products
that have at least n;, types of ad assets in the dataset for our experi-
ments. We then transform ad asset images into 10-dimensional ad
asset context vectors e using CLIP [8] and PCA implemented in
scikit-learn [7]. We define a product context vector x as the average
of ad asset context vectors e within the product. For each product
x and ad asset portfolio a pair, we synthesize the expected reward

!Note that our code to replicate the experiment results will be made available on a
GitHub repository upon publication.
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as follows.
18]
q(x,a) = (1-4y) - Z n(x,b)l{b; =1} + A5 - Div(a) - A; - |al,

=1
(14)

where A7, A7 are the group and cost effect coefficients, and Div(a)
is a diversity function. The cost term considers the exploration
cost of an ad display algorithm, which penalizes a large size of ad
asset portfolios. We define the independent reward of each ad asset
n(x, b) by calculating the click through rate (CTR). The diversity

function is given by

Div(a) =1- |a|2 Z el |€} (15)
The diversity function becomes small when the cosine similarity of
ad assets within a portfolio is large. Based on the above synthetic
reward function, we sample reward r from a normal distribution
whose mean is g(x, a) and standard deviation o is 0.5.
We then synthetically define the first-stage and second-stage
logging policies as follows.

exp(pi - (w! - xpm))
Zmem exp(fr - (Wl xm))’
exp(fz - q(x,a))
Taea, exp(fr - q(x.a))’
where x,,, represents a meta information context vector and w is
sampled from a uniform distribution with range [-1,1]. f; and
P, are the experiment parameters to control the stochasticity and
optimality of these policies. When f; and f; approach zero, the first-
stage and second-stage logging policies become close to a uniform
random distribution. We use f; = —2.0 and f, = 5.0.

™ (mlx) =

(16)

2nd(a|x m)

17)

Compared methods. We compare Ad-POM with IPS-PG (Eq. (3)),
Reg-based (Eq. (4)), PI-PG (Eq. (5)), and Independent Reg-based
(Eq. (6)). Regarding Ad-POM, we compare its results with its variant,
"Ad-POM (w/o true diversity function)". Ad-POM uses the estimated

reward structure ¢ in Eq. (13) as §(x,a) = q(x, a). However, this
method is infeasible in practice because we do not have access to
the true reward structure. Therefore, Ad-POM (w/o true diversity
function) provides a practical performance of Ad-POM by using a
different diversity function Div.

Div(a) =1- — Z lle; — ;1. (18)
i<j
By comparing Ad-POM with Ad-POM (w/o true diversity function),
we can evaluate Ad-POM’s performance under unknown reward
functions. Moreover, we define the meta information space using
the size of the ad asset portfolio, the magnitude of the group effect
Ag and the cost effect A..

4.1 Results

From Figure 2a to 2c, we show the policy values normalized by
those of the optimal policy in the test set. To produce synthetic data
instances, we compute over 25 simulations with different random
seeds. Unless otherwise specified, the logged data size is set to
n = 2000, the number of ad assets is n, = 6, the group effect
coefficient is )L; = 0.5, and the cost effect coefficient is A} = 0.02.

How does Ad-POM perform with varying the group effect
coefficient? Figure 2a varies the group effect coefficient from 0
to 1.0. The larger value of A7 indicates that the diversity among
ad assets has a larger effect on the value of ad asset portfolios.
The results show that Ad-POM outperforms the baselines across
various group effect coefficients by effectively reducing bias and
variance. Specifically, the exact approaches, such as IPS-PG and
Reg-based, show little variation and yield lower performance than
Ad-POM. This is because Ad-POM uses importance weighting re-
garding only the meta information while the exact approaches treat
an ad asset portfolio as an action. Moreover, we see that PI-PG grad-
ually decreases as the degree of diversity increases due to ignoring
the interaction effect among ads. In contrast, Ad-POM provides
effective Ad-POP with larger values of 4; since Ad-POM posits no
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Figure 3: Histogram of the number of ad assets estimated by
Ad-POM.

assumption of the reward function, like Assumption 2.1. It is worth
noting that the performance of Ad-POM is slightly worse than that
of the independent approaches, such as PI-PG and Independent
Reg-based, only when Aj = 0.0. This is because A; = 0.0 indicates
that there is no interaction effect among the ad assets, which means
the independent assumption is rigorously satisfied.

It would also be intriguing to see that Ad-POM (w/o true diversity
function) is superior to the baselines even though Ad-POM (w/o true
diversity function) conducts Ad-POP based on a non-true reward
function. This suggests that Ad-POM is effective in a more realistic
situation where the reward function is not perfectly known.

How does Ad-POM perform with varying the cost effect coef-
ficient? Figure 2b compares the effectiveness of policy learning by
the resulting policy values of each Ad-POP method with varying the
cost effect coefficient. The cost effect considers the exploration cost
of an ad display algorithm. In Figure 2b, we observe that Ad-POM
provides the best Ad-POP performance compared to the baselines
with every value of A7. Specifically, the performance of all methods
gradually decreases as the cost effect increases. This is because a
larger cost effect increases the number of ad assets with negative
effects on the ad asset portfolio, which makes optimization more
difficult. To evaluate how Ad-POM adapts to changes in cost effects,
Figure 3 illustrates Ad-POM’s probability of selecting an ad asset
portfolio of a given size. We observe that the number of ad assets
within the selected portfolio gradually decreases as the exploration
cost A} increases. Specifically, the most selected number of ad as-
sets is 4 when A} = 0.0, 3 when A} = 0.02, and 1 when A} = 0.04.
This result suggests that the first-stage policy of Ad-POM can opti-
mize meta information depending on the structure of the expected
reward function.

How does Ad-POM perform with varying the number of ad
assets? Figure 2c reports the comparisons of Ad-POP methods with
varying the number of ad assets nj, within each product. When the
value of ny, increases from 5 to 9, the number of possible portfolios
increases from 2° = 32 to 2° = 512. We observe that all methods
gradually decrease as the number of ad assets increases. However,
Ad-POM retains higher performance compared to the baselines with
various values of np. This is because Ad-POM efficiently reduces
its variance by using the importance weighting regarding only the
meta information compared to the importance weighting in A for
IPS-PG.

Tanaka et al.

5 Conclusion

This paper studies the Ad-POP problem for the first time. We started
by formulating Ad-POP in contextual combinatorial bandits. We
then analyzed the bias and variance issues of the standard ap-
proaches, which arise due to the large action space and interactions
among ad assets. To mitigate these issues, we proposed the Ad-POM
algorithm based on policy decomposition via meta information. The
Ad-POM algorithm optimizes the first-stage policy selecting meta
information through a new policy gradient estimator, which is unbi-
ased under a relaxed condition and has significantly lower variance
than existing approaches. The second-stage policy, which selects
an ad asset portfolio given meta information, is constructed via
a regression model and an estimated reward structure. Empirical
evaluations demonstrate that Ad-POM can provide substantial im-
provements in challenging situations where the action space and
the interaction effects are large.
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