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Abstract. The recent surge in the popularity of short-form video (SFV) on digital platforms has
led to massive numbers of videos and ever-evolving topics. As a result, the task of making per-
sonalized recommendations has become increasingly challenging. We introduce a new pure
exploration problem on SFV platforms: finding a (K, et eL)-optimal set that includes all recom-
mendations within the eL-optimality gap and that excludes those beyond the e"-optimality gap
relative to the best arm with a capacity limit of K. To solve this problem, we propose an algo-
rithm called adaptive acquisition tree (AAT). AAT jointly accounts for user preference heteroge-
neity and high-dimensional product characteristics. It adaptively segments users and then,
learns a personalized transductive policy that can be used on partially observed or even unob-
served card types to accommodate the dynamic trends on SFV platforms. We derive the sample
complexity required to identify a (K, ef) SL)—optimal set. Our method’s efficiency is validated
through numerical tests using data from the NetEase platform. Our results reveal that the pro-
posed policy performs significantly better than several state-of-the-art benchmarks across four
transductive scenarios for both spotlight recommendations (i.e., best-arm identifications) and
(K, eff, et )-optimal set recommendations. Compared with the best benchmarks for the best card
and (K, eff, eb)-optimal set recommendations, our approach can elevate the average rewards
(measured by view time) by 30% (to 100%) and 43% (to 56%), respectively. Given the increasing
popularity and uniqueness of SFVs and more broadly, user-generated content, our method
offers significant academic and practical merit.
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1. Introduction

number of SFVs and only sparse user interactions with

The recent surge in the popularity of short-form video
(SEV) is rapidly reshaping digital content creation, dis-
semination, and consumption. Users are continuously
exposed to an influx of new and evolving videos on
platforms like TikTok and NetFase." As of the fall of
2020, TikTok reported an estimated 850 million active
users a month in China (Lorenz 2020) and 100 million
each month in the United States (Wallaroo 2021). These
two platforms provide significant new marketing
opportunities as evidenced by the $2.1 billion worth of
ads sold in China in 2018 (Cheung 2020). Following the
success of TikTok, an increasing number of companies
have entered the lucrative arena.

Personalized recommendations, which account for
consumer preference heterogeneity, play a vital role on
digital platforms. They help reduce user search costs
(Liu et al. 2021) and boost user engagement (Kumar
and Hosanagar 2019). However, the overwhelming

the breadth of the content pose significant challenges
for the learning problem.” For platforms that recently
launched the SFV service, historical user responses are
even more deficient. For example, on NetEase, 70% of
music video cards receive no views on a given day” (see
Figure 1(a)). Also, 87.4% of users do not interact with
any cards on SFV platforms on a given day (see Figure
1(b)). Meanwhile, the proliferation of new topics and
content leads to a shorter time frame to learn user pre-
ferences. Poorly designed recommender systems could
cause platforms to lose users and content creators
(Besbes et al. 2016, Cao and Sun 2019, Cao et al. 2019,
Leng et al. 2020, Bastani et al. 2022b), especially as the
competition in the SFV industry intensifies.

These developments have created an urgent need for
SFV platforms to acquire information effectively in
order to understand user preferences, identify top
SFV cards, and train recommendation models. SFV
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Figure 1. (Color online) Challenges in Learning User Preferences on the NetEase Platform
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Notes. Panels (a) and (b) show histograms of the music video cards’ daily view time and users” daily total view time, respectively. Panel (c)
reveals the evolving trends on NetEase, showing the number of cards created within each topic category. The x and y axes show the number of
cards for each topic generated by content creators during the first seven days and last seven days of November 2019. Topics with decreasing pop-
ularity fall below the diagonal line; topics gaining in popularity are situated above it.

platforms can learn the optimal recommendation
policy on a random user bucket for a short period
before using a pure exploration framework to launch
the policy at full scale on the experimentation platform.
However, the application of these bandits-based frame-
works for making recommendations about SFVs faces
unique challenges.

First, content evolves rapidly on SFV platforms as
new trends emerge and old trends fade. For instance,
SFVs may change as new products enter the market
(e.g., movies, games, music, and tech products), as the
latest news appears, or during holiday seasons. When
machine learning models are trained using existing
data, they often struggle to adapt to such changes
because of differences in feature distributions between
future and existing SFVs. Figure 1(c) demonstrates the
dynamic trends of card creation on the NetEase plat-
form. Topics above the dashed diagonal line in Figure
1(c) are gaining popularity, and those below the dashed
diagonal line in Figure 1(c) are losing attention. Topics
on the horizontal line at ¥ = 0 in Figure 1(c) were popu-
lar during the first week of November 2019 but saw lim-
ited creation in the last week of the month. Conversely,
points on the vertical line at x = 0 in Figure 1(c) indicate
emerging topics. These observations from Figure 1(c)
indicate the limitations of non-transductive models,*
which may falter when new topics emerge as a result of
shifts in feature distribution. However, if the topic
changes can be anticipated—for example, through
news releases, popular trends on other social media
platforms, or the holiday season—the platform can use
these experimentation platforms to learn optimal rec-
ommendation policies.

Second, similar to other user-generated content (UGC)
and business-to-consumer two-sided marketplaces, qual-
ity control on the content is important because of the
opportunity costs and potential harm of off-target recom-
mendations. High-quality content increases the welfare

of all platform participants (Shi and Raghu 2020). How-
ever, different from B2C platforms,” content quality is
hard to control on UGC platforms because of the volume
of UGC and the absence of regulations and reputation
mechanisms for users. Low-quality content on social
media platforms can have detrimental effects on users,
ranging from minor annoyances to more severe conse-
quences. For example, clickbait and information that
does not match users’ preferences can lead to frustration,
ultimately driving them away from the platform; unethi-
cal content, such as hate speech and misinformation, can
create a hostile online environment and lead to psycho-
logical harm (Matamoros-Fernandez and Farkas 2021).

In this paper, we introduce a new pure exploration
problem involving data acquisition in recommender
systems for identifying an optimal set of cards for recom-
mendations. This set, which we call the (K, &, el)-
optimal set, is a selection of cards that have a specific pre-
cision (e') and tolerance level (¢) that maximize user
engagement. Given the ever-changing nature of plat-
forms’ content—stemming from current events, new
product releases, and holiday seasons—adaptability is an
imperative for platforms. Our approach learns user pre-
ferences during an exploration period and subsequently
designs personalized card recommendation policies
based on expected feature distributions during an exploi-
tation period. Our approach allows for maintaining con-
trol over recommendation quality by adjusting the
precision and tolerance levels, thereby determining the
standards for selecting up to K cards. To achieve this con-
trol, we introduce an adaptive data acquisition strategy
called an adaptive acquisition tree (AAT). This strategy
adaptively gathers samples, splits the feature space,
and excludes suboptimal cards, thereby accounting for
user and card heterogeneity as well as covariate shifts
in a transductive setting. We apply the adaptive acqui-
sition tree to the NetEase platform and assess its per-
formance in four distinct transductive scenarios. Our
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findings demonstrate the effectiveness of the proposed
algorithm in improving card recommendations. Our
main contributions are summarized as follows.

I. We formulate a new data acquisition problem
for the recommender systems operating on the SFV
platforms. This problem is designed to tackle two
challenges: the rapid evolution of trending topics
and the severe consequences associated with low-
quality content. To address these challenges, we
introduce a novel pure exploration problem tailored
for the top-arm identification and contextual bandit
literature. Our approach seeks to identify all arms
within a specific precision level (managed by &!)
while excluding arms below a particular quality level
(controlled by ¢f). Thus, our paper broadens the
scope of recommendation and online learning litera-
ture, extending it to encompass the emerging internet
phenomenon of SFVs while also addressing their
unique hurdles.

II. We create an interpretable algorithm, AAT, that
is designed to adaptively acquire information to deter-
mine the (K, ¥, ¢L)-optimal set while maintaining qual-
ity control. AAT boasts two main advantages. First, it
simultaneously accounts for the heterogeneity in user
preferences and card features, improving on existing
contextual bandit problems for learning the best or top-
K arms for homogenous user preferences (Soare et al.
2014). To the best of our knowledge, our study is the
first to account for user heterogeneity amid covariate
shifts. Second, AAT is interpretable because it allows
decision makers to easily trace how user preferences
influence the optimal strategy in the acquisition tree.
Our study thus contributes to the interpretable
machine learning literature by proposing an explana-
tory and transparent data acquisition method.

II. To demonstrate the efficacy of AAT, we apply it to
data acquisition for recommendations on the NetEase
platform. Our findings reveal that the proposed algo-
rithm substantially enhances the performance of spot-
light and (10, el)-optimal set recommendations
across four transductive settings when compared with
several state-of-the-art benchmarks. In all scenarios, we
are able to improve the average reward by 30%~100%
and 43%~56% compared with the benchmarks for the
best card recommendation and best (10, e, e-)-optimal
set recommendation, respectively.

The remainder of the paper is organized as follows.
Section 2 reviews the relevant literature. The problem
formulation and the theoretical results are presented in
Section 3. We develop the algorithm and provide the
sample complexity proof in Section 4. Section 5 intro-
duces the empirical evaluation using the NetEase plat-
form. Section 6 concludes.

2. Literature Review

This section reviews related research in the context of
the multi-armed bandit (MAB) problem and clustering
and tree algorithms for market segmentation to account
for user heterogenei’ty.6

2.1. Multi-armed Bandits

Our study is situated within MAB research (see Latti-
more and Szepesvari 2020 for a comprehensive review),
with a focus on best-arm identification problems (Even-
Dar et al. 2006, Gabillon et al. 2012, Karnin et al. 2013,
Soare et al. 2014, Chen and Li 2015, Kaufmann et al.
2016, Russo 2016, Xu et al. 2018, Jedra and Proutiere
2020, Kazerouni and Wein 2021). The best-arm identifi-
cation problem, which seeks to use the fewest samples
to identify the best arm, is pertinent to management sci-
ence, computer science, and operation management for
personalization in a context of sparse data.

Our problem is also related to top-K arm identification,
which seeks to identify the best K arms with high confi-
dence while minimizing the sample size (Kalyanakrish-
nan and Stone 2010; Bubeck et al. 2013; Chen et al. 2014,
2017a, b; Jiang et al. 2017). Variants of the best-arm identi-
fication problem emerge in several studies, including in
Abernethy et al. (2016), which aims to identify all arms
above a threshold. In addition, Mason et al. (2020) aim to
identify arms within a certain optimal gap relative to the
best arm, and Ren et al. (2019) study the problem of iden-
tifying any K distinct arms among the top p fraction.

Pure exploration problems, a subfield in MAB
research, usually assume identical historical and future
data distributions, which may not hold true in reality
because of covariate shift (Storkey and Sugiyama 2007,
Gretton et al. 2009, Gelada and Bellemare 2019). Our
problem formulation builds on a transductive linear ban-
dit (Fiez et al. 2019), whereby exploitation stage cards can
vary from acquisition stage cards as in transductive
experiment designs (Yu et al. 2006). We account for user
preference heterogeneity, thus departing from works
that assume homogenous user preferences, by using a
newly developed (K, e, el)-optimal set identification
framework for SFV platforms. In doing so, our problem
formulation also generalizes best-arm identification.

2.2. Clustering and Tree Algorithms for Market
Segmentation

2.2.1. Clustering Algorithm. Clustering is a proven
technique to enhance the performance of downstream
tasks by leveraging consumer heterogeneity (Yang et al.
2016, Jagabathula et al. 2018; see also Bastani et al. 2022a
for an overview). Interesting works use clustering tech-
nique for MABs to improve performance (Gentile et al.
2014, 2017; Nguyen and Lauw 2014). For example, in
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the operations management literature, such works
address demand forecasting, assortment personaliza-
tion, and dynamic pricing. In the demand forecasting
literature, clustering techniques help to improve
demand function estimations by leveraging products
with similar features or users with similar characteris-
tics (Baardman et al. 2018, Hu et al. 2019, Cohen et al.
2022). In the assortment literature, Bernstein et al.
(2019) consider dynamic personalized assortment opti-
mization by adapting and adjusting customer segments
using online transaction data and by estimating user
preferences. A growing interest in using clustering is
also emerging in the pricing literature. Ferreira et al.
(2016) classify the demand of all products into multiple
groups using historical information and offline optimi-
zation. Cheung et al. (2017) estimate demand functions
based on clusters of user behaviors in an offline manner
and then, dynamically price another product by learn-
ing which clusters its demand belongs to. Extending
the learning of cluster structures to an online fashion,
Miao et al. (2022) and Keskin et al. (2024) study context-
based dynamic pricing, with clustering done on the fly
and across products. In particular, Keskin et al. (2024)
design a data-driven policy integrating spectral cluster-
ing and feature-based pricing. Although most studies
focus on either product or user feature data, we inte-
grate both. Moreover, instead of heuristic splitting crite-
ria or unsupervised learning, we employ a tree-based
framework that uses supervised learning to weight fea-
tures according to their predictive power. This non-
parametric and interpretable method works well
without the need for handcrafted features.

2.2.2. Tree Algorithm. Tree algorithms have been
found to have broad application in forecasting and seg-
mentation (such as in linear model trees (Quinlan 1992)
and logistic model trees (Chan and Loh 2004, Landwehr
etal. 2005)), and they have gained in popularity because
of their simplicity and interpretability (Elmachtoub
et al. 2017, Misi¢ 2020). Chen et al. (2019) and Chen and
Misi¢ (2022) propose tree-based discrete choice models.
Meanwhile, Ban et al. (2019) employ the residual tree
method, which extends the classic scenario tree method
of stochastic programming (Shapiro et al. 2014); this
method estimates parameters of the demand model
using historical sales data of old products. In addition,
Aouad et al. (2023) recently have used the tree structure
for market segmentation. Similarly, in this paper, we
rely on user interactions with the platform to guide seg-
mentation rather than in an unsupervised way (e.g., as
in clustering algorithms discussed above). However, in
contrast to all of the works mentioned above, which use
static prediction for decision making, we extend the
work to a dynamic data acquisition context, where
arriving consumers and the data acquisition policy are
continuously updated.

3. Model

In this section, we formally introduce our model. We
study a pure exploration problem with two specific
objectives: (1) to identify all arms (up to K) that are
within a small optimality gap (&) relative to the best
arm and (2) to exclude all arms that fall outside of a
larger optimality gap (¢/) as a means to maintain qual-
ity control. We call this set the (K, &, ¢l)-optimal set
and formally define it in Section 3.3. In addition, we
propose an implementable sufficient condition and dis-
cuss a sequential card removal and optimal card set
identification process in Section 3.4.

3.1. Problem Setup

We divide the time horizon into two stages: the explora-
tion stage (i.e., information acquisition) and the exploita-
tion stage (i.e., implementation). During the exploration
stage, users in a chosen bucket in the experimentation
platform arrive sequentially, with features drawn inde-
pendently and identically from distribution D(-) in the
feature space U C R%, where d, € N*. At the beginning
ofround t=1,...,T, the platform observes user feature
U; e U. It then chooses an arm X; from a set X that lies
in R% with cardinality |X|, where d, € N*. Finally, the
platform observes reward R;.” For notational conve-
nience, we use uppercase letters to denote random vari-
ables and lowercase letters to indicate particular
realizations of a random variable. For easy reference, we
include all notations in Online Appendix C. Let H; =
o(U, X1, Ry, ..., U1, Xi—1,Ri-1, Us, X;) be the g-algebra
summarizing the information available just before R; is
observed. The statistical relationship between the
response variable R; and the explanatory variables
(U;, X;) is modeled as

Rt(Ut,X,g) = X:Q(Ut) + € fort = 1,...,T,

where the noise ¢; is H; measurable and E[e;|H;] = 0.
The expected reward of recommending card x to user u
is r(u, x) = E[R(u, x)] = x"O(u). The underlying parame-
ter O(u) € R% is unknown, and it can vary across users.
Models assuming that users are homogenous may lead
to model misspecification, which can result in a signifi-
cant loss of revenue. We illustrate this issue in Example
D1 in Online Appendix D.

Following a common assumption in the bandit litera-
ture on dynamic environments, we assume that 6(u)
remains unchanged between the exploration and
exploitation periods.® This assumption is reasonable
because the exploration period is relatively short. If
platform decision makers believe that consumer prefer-
ences have changed, they can implement our method
again to learn the new consumer preferences.

If the card set X" in the exploration stage is equal to
the card set Z in the exploitation stage, identifying the
best card is known as the best-arm identification
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problem (Soare et al. 2014, Xu et al. 2018). However, the
feature distribution of cards could vary significantly
from the exploration stage (') to the exploitation stage
(2); this variation is known as the covariate shift (Stor-
key and Sugiyama 2007, Gretton et al. 2009). We use the
following examples to illustrate motivations for trans-
ductive scenarios on SFV platforms.

a. XC Z. As new products launch on the market
(e.g., movie, game, music, or tech product) or a new
holiday season approaches, platforms may expect new
card types to emerge. As these new features might not
be available on the platform yet, there could be signifi-
cant interest for platforms to understand consumer
preferences regarding these new cards. This leads to
X C Z (see Figure 2(a)). Consider the example of a hol-
iday season, during which users typically have a (fixed)
preference for timely holiday-related topics. For
instance, when Thanksgiving approaches, users start to
be more interested in content related to Thanksgiving
(e.g., traditional recipes, history, good travel deals).
Therefore, before the specific holiday season, platforms
can learn consumer preferences on these topics by
building an artificial card set Z, with feature distribu-
tion learned from the previous year and with adapta-
tion to popular trends of the current year.

b. Zc X. As the features of cards change, some of
the old features may no longer be trending. An SFV plat-
form may use a larger measurement set A’ to learn poli-
cies only on cards with trendy features in Z (see Figure
2(b)). Because they can provide information about the
underlying parameters, the outdated cards in X may
help in learning the optimal set in Z. After the holiday
season, as holiday-related topics vanish, platforms can
again learn user preferences by removing cards related
to the holiday from X’; they would do so using the same
holiday example described above.

c. XN Z=0. Figure 2(c) illustrates a scenario in
which future card Z and exploration card &’ do not over-
lap at all. Practical examples for this scenario include

learning user preferences in relation to heterogeneous
cards with advertisements. This example has important
applications for SFV platforms.” Platforms may identify
some features in a card that can be used for advertising
decisions (Z), taking inspiration from cards involving
organic, nonadvertising contexts (X), which follow
X N Z =0. Because of the different natures of the cards
(advertisement versus nonadvertisement), the cards in
the two periods are entirely different.

d XNZ£0but Z¢ X and X' ¢ Z. Figure 2(d) illus-
trates a scenario in which the exploitation card sets and
exploration card sets have some overlap. For instance,
new card topics may emerge after a new product
launches (e.g., movie, game, music, or tech product).
Typically, such product launches are expected because
firms pitch the product through press releases or com-
mercial advertisements (e.g., trailers) to get media
attention. After these events, textual discussions may
appear on discussion websites or UGC platforms (e.g.,
Reddit, Quora, or Diggs). SFV platforms can collect
information from these information sources and then,
design artificial cards in Z.

These four scenarios on SFV platforms motivate a
transductive bandit framework. In the exploration
stage, we collect data to learn unknown parameters. As
the implementation stage begins, the platform deter-
mines a selection strategy for each incoming user based
on a mapping from the user feature space ¢ to a card
subset in Z. Specifically, a selection strategy m €Il is a
function that 7 : U — ZX, where K is the cardinality of
the selection; that is, a selection of cards for user u is
denoted as 7t(u) € ZX. If the content evolves sequen-
tially over time (from X to Z to Z’), our method can
serve as a building block (i.e., we study one transition),
and the platform can implement the method on a user
bucket every time that a change is expected to happen
using the experimentation platform.

Next, we formally define the (K, ¢, ¢L)-optimal set in
Definition 1. Parameters ¢! and ¢l describe the tolerance

Figure 2. (Color online) Transductive Scenarios for (a) ¥ € Z, (b) ZC X, (c) YN Z=0,and (d) ¥ N Z#0but Z¢ X and ¥ ¢ 2
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and precision levels, respectively. SFV platforms want
to detect all “good-enough” cards within the precision
level and avoid recommending suboptimal cards out-
side of the tolerance level. Specifically, eH is used to con-
trol the quality of the recommendation as motivated in
Section 1.

Definition 1 (K, &, ¢L)-Optimal Set). Fix user u € 4. A
set S(u) C Z is (K, M, eb)-optimal with respect to set Z,
where ¢! > b, if it satisfies all of the following.

L. Forany z € S(u), maxyez r(u,z’) — r(u,z) < el

II. For any z € Z, such that maxyezr(u,z’) —r(u,z)
< &b, it holds that z € S(u).

III. The cardinality constraint 1 < |S(u)| < K.

Intuitively, S(u) is (K, e, ¢L) optimal if S(u) contains
all cards within the el-optimality gap with respect to
the optimal card; meanwhile, all cards in S(i) are
within the ¢!-optimality gap with respect to the opti-
mal card. Including only the cards within the ¢-opti-
mality gap with respect to the optimal card is similar to
the minimum quality standard developed by Ronnen
(1991), whereas the quality of items needs to be
inferred. We illustrate the (K, e, ¢L')-optimal set shown
in Online Appendix D. The (K, ¢, ¢l)-optimal set iden-
tification problem is a novel problem for the bandit lit-
erature, and it unifies multiple cases found in previous
studies, including the following: (1) the best-arm identi-
fication problem (Soare et al. 2014, Tao et al. 2018, Fiez
et al. 2019); (2) the top-K arm identification (Kalyanak-
rishnan and Stone 2010, Bubeck et al. 2013, Jiang et al.
2017, Chen et al. 2017b); (3) all e-good arms, which aims
to find one or more arms from all of the arms that are
within e-optimality (Mason et al. 2020); and (4) K of the
top p fraction of arms, which aims to identify any K-dis-
tinct arms within this fraction (Ren et al. 2019). We
show in Table D1 in Online Appendix D how the
(K, e, eb)-optimal set generalizes these problems when
users are homogenous (i.e., using the same preference
parameter for all users). Note that the parameters /!
and €! in some entries in Table D1 in Online Appendix
D are, in fact, latent. However, we can adapt our algo-
rithm to overcome the latency of the parameters (see
Online Appendix G for details).

Next, we explain our distribution and boundedness
assumptions in Assumption 1.

Assumption 1 (Boundedness). The following conditions
hold.

I. Fort=1,...,T, € is 1-sub-Gaussian. Moreover, ef is
G e-sub-Gaussian with mean o2.

IL. supxeXuZ”x”2 < ﬁX; supu,u’eunu - u/”2 < ﬁl/{; Supueu
10z < Bei SUPseryz,ueul X O] < 1.

We introduce preference divergence to measure distri-

butional user preference heterogeneity in Assumption
2. This concept is inspired by the notion of leaf node

impurity in decision trees in supervised learning, and
we use it to quantify the heterogeneity of instances
within a leaf node. Let D(B) denote the conditional dis-
tribution of a user feature given that it is drawn from B,
where we call B a bin.

Assumption 2 (Preference Divergence). Define 0(B) =
Eu-p)[0(U)]. Assume that for each user u €U, there
exists a constant div(u) >0, which we call the preference
divergence, such that
10(u) = 0Bl < div(u)-w(B), Vueb,

where w(B) denotes the maximum two-norm distance of u in
B CU. Moreover, the upper bound of div(u) exists (i.e., £ :=
sup,,o,div(u) > 0is a constant).

The metric of preference divergence measures the
degree of variation, referred to as impurity, in user pre-
ferences from the average preference within a specified
bin. This metric depends on two elements: (1) user pref-
erence, which refers to how the underlying parameter 0
varies in bin B, and (2) user type, which describes the
distribution of a user feature in bin B. For any given
user u, the two-norm distance ||0(u) — 0(B)||, is deter-
mined by the preference distribution of users in the
same bin. If a certain user type is common (i.e., closer to
the average preference), then the preference divergence
div(-) is small. In contrast, if the user type is rare (i.e., far
away from the average preference), then the preference
divergence is large. Assuming that div(-) is bounded by
a positive constant £ > 0 for all users, we can obtain a
naive bound sup, ,l0(u) — 6()ll, < Lew(B), where
Lo := V2¢. The metric also provides a trivial upper
bound, 0 < xTEyp_p [(O(U) — 6(u))(O(U) — O(u)) " ]x <
(Lep Xw(B))z, for all x € X U Z, where the upper bound
converges to zero as w(B) shrinks toward zero.

We say a (K, e, ¢l')-optimal set exists for user u if the
cardinality is no larger than K; that is, 1 < |[{z€ Z:
maxyez O(u) 'z — 0(u) 'z < e'}| < K. The (K, e, eb)-opti-
mal set may not exist if the total number of cards within
the ¢l-optimality gap is larger than K. We specifically
discuss how to adjust our algorithm to this setting in
Section 4.2.

Before formally introducing the framework of one,
we provide the road map of its design in Figure 3. We
first construct the empirical impurity (EI) estimator,
and then, we analyze the prediction error in Section 3.2.
Establishing the relationship between prediction errors,
sample size, and impurity, we delineate the conditions
for determining bin purity in both Section 3.3 and Sec-
tion 3.4. To elaborate further, we detail the acquisition
rule (i.e., the methodology governing data acquisition)
in Section 3.4, the inheritance rule (specifying what
child bins inherit from parent bins) in Section 4.1.1, and
the bin split rule in Section 4.1.2.
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Figure 3. Road Map of the Design of Algorithm 1

Construct EI
estimator (Equation

Analyze prediction
error (Theorem

(2), Theorem 2
in Section 3.2)

1 in Section 3.2)

—

Note. EI, empirical impurity.

3.2. Learning with User Pooling

In estimating the underlying parameter for a certain
type of user, the challenge lies in selecting the data
points to be pooled—an important step in tackling the
data sparsity problem present in user interaction data
(as shown in panels (a) and (b) of Figure 1). A trade-off
exists between sample size and parameter impurity
(i.e., user preference heterogeneity) within the pooling
region. On the one hand, shrinking the pooling region
may lead to scarce data, potentially resulting in high
estimation variance. On the other hand, expanding the
pooling region may subsume more data points, but the
increased parameter impurity may also introduce a
large estimation bias. This trade-off is demonstrated in
Example 1. In this section, we first analyze the predic-
tion error that occurs when users are pooled in bin B C
U to estimate 6(u), where u € B. We then discuss how to
pool the data for estimation.

Example 1 (Data Pooling). Consider users with three
binary features: gender (female or male), hometown
(Beijing or not), and age (below or above 30 years
old). A card is characterized by a three-dimensional
feature (x1, x2, x3): whether it is a lip-syncing video,
whether the creator is a beauty influencer, and
whether it is funny. Assume an even distribution
across 2° types of users, with 10 data points collected
for each. We also assume three user segments defined
by their video preferences: (1) females under 30 years
old who prefer lip-syncing videos from beauty influ-
encers; (2) males under 30 years old who prefer funny
lip-syncing videos; and (3) individuals over 30 years
old who dislike lip-syncing videos. As such, home-
towns do not influence user preference. Without data
pooling, preference parameters for each user type are
estimated using just 10 data points, which can lead to
significant estimation variance resulting from poten-
tial observational errors. However, if we pool all Bei-
jing users, the estimator error increases with the
pooling region size (mirroring Example D1 in Online
Appendix D).

To facilitate understanding, we first introduce our
notations. Let Ny(B) denote the total number of data
points (i.e., user feature and reward pairs) in bin B at
time t. Let 7(5) represent the set of time steps when
the user feature falls into bin B; that is, s € 7(B) if us €
B for s < t, where u; is the feature of user s. We apply

Condition of bin’s
purity (Section
3.3, Condition 1

—

Acquisition rule
(Section 3.4); Split
rule (Section 4.1.2);

Inheritance rule
(Section 4.1.1)

and Proposition
3 in Section 3.4)

ordinary least squares (OLS) regression to estimate
parameters for user preferences corresponding to B by
pooling all data points within B. Hence, 0,(B) is the
solution to the following equation:

> (e —x]64(B)xs =0,

seT(B)

where 7, is the reward realized at time s. The squared-
loss function is minimized by

0/(B) = V(B)™ Z rsxs with Vi(B) = Z XsX, .
seT(B) seT+(B)

Let F(B) be c-algebra summarizing the information
available regarding the card feature and user feature
corresponding to B up to time #; that is, Fy(B)=
{(xs,15) : s € T¢(B)}. We define the empirical impurity of
user preference 0 with respect to F () in Definition 2.
Here, EI quantifies how user preferences vary in user
bin B with respect to the historical card features. Con-
ceptually, this notion measures the extent of user pref-
erence heterogeneity.

Definition 2 (Empirical Impurity). Given F;(B), define
the empirical impurity of user u € B at time ¢t with
respect to bin B as

T _ 2
Ii(u, B) := \/ZSETr(B)(st\(’tQ((l;‘)S) 0(u))) .

Note that the EI of user preference is a history-
dependent measure with respect to both the card fea-
ture and the user feature. EI equals zero in any bins
with homogenous users.

Our sampling process at particular time steps, which
we call the end point of each epoch, is in a fixed design.
That is, each time we estimate the underlying parame-
ter, the sample sequence used to obtain the estimator is
fixed. The criterion that we use to stop acquiring more
samples for each bin and to split the parent bin deter-
mines the nature of the fixed design in our algorithm.
We derive the prediction error bound for a fixed design
in Theorem 1. For notation brevity, we define the matrix
as

ViB) = % Z xsx, = Z AL(B)xxT,

seT (B) xXeX

where AL (B) = /21 1(x, = x)/Ny(B).
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Theorem 1 (Prediction Error Bound). Suppose Assumption
1 holds. For any u € B and any y € R%, it holds with proba-
bility at least 1 — 20 that the prediction error is bounded by

o log(1/6
Y7 (04(8) — 6] < ylly s ( 2%%(%6)).

1)

Complete proofs are included in Online Appendix E.
This theorem corroborates the trade-off between the
sample size and the level of user preference heterogene-
ity (impurity) within a user bin; hence, it provides a
guideline on how to split the feature space and how to
pool data to minimize the prediction error. In Theorem
1, the first term on the right-hand side (RHS) stems
from the observational noise, which diminishes when
more samples are acquired and vanishes when sample
size goes to infinity. The second term corresponds to
the EI of u in bin 3. In the special scenario where the
user preference is homogenous (i.e., the parameter is
pure) in B, the second term disappears. Therefore, the
first term dominates when N(8) is small, which sug-
gests the need to pool neighboring data with sparse
samples. The second term dominates when N;(5)
grows larger. That is, if the sample size is large enough
and the impurity contributes more to the error, we may
pool less data to increase user preference purity, thus
reducing the second term in the error bound. This
observation motivates us to design an algorithm that
adaptively splits user bin B (to reduce the impurity of
0) and that simultaneously collects data points (to
increase N;(B) and to reduce the noise).

This theorem echoes Example 1 more formally. If we
pool users from multiple segments, the second term
increases because users with heterogeneous prefer-
ences incur a large estimation error. In addition, we
provide Example D2 in Online Appendix D to further
illustrate the trade-off between bin size and impurity.

In applying the prediction error bound to quantify
the confidence region according to Theorem 1, a major
issue is that the EI, I;(u, B), is unknown. Although we
can use Lef,@(B) to bound the impurity according to
the discussion following Assumption 2, this bound
could be loose in some cases. Thus, in the following
paragraphs, we propose a method for estimating EL
We first define the EI estimator as

(El estlmator)l (B) = NiB) Z (rs — x] 0,(B))* — 02,

s€T(B)

@

where 0?2 is the variance of the noise. To describe how
the EI estimator converges with sample size, we first
introduce the following definition of the bound of EL

Definition 3 (Bound of El). Define the upper and lower
bounds of empirical impurity for bin 5, denoted as
r . (B) and [%(B), as follows:

2

1,(B) = oeo) N; (B) SE;B)(xT(Q(uS) -0,
1:(8) = feos) Nt(B) E;B)(xT(G(MS)_e)

where O(B) is the convex hull of {O(u) : u € 5}.

Define I((B), B) = xiz Yser (%7 (0(us) — 0(B))),
where 0(B) = Ey-p)[0(U)]. Theorem 2 provides high-
probability bounds on the EI estimator.

Theorem 2. Suppose Assumptions 1 and 2 hold. Fix any
0> 0. Then,

I I(B) < T.(B) + C1/Tog(1/0)/Ni(B) holds with proba-
bility at least 1 — 26;

1L [}(B) = I2(B) — C2\/108(LBod,N:(B)/6)/N:(B)
holds with probability at least 1 —306, where L =f,0,
(2y/logt + /2log(2/6)); and

1L 2(i(B),B) < [.(B) + C3/Tog(1/0)/N,(B)  holds
with probability at least 1 — 606, where C1,C,,C3 > 0.

Theorem 2 shows that [ tz(B) approximates I%(i(B), B)
well and that the estimation error goes to zero in
the order of O(y/1/N(B)). When taking Nt(B) to mfln—
ity, we can reach the conclusion that I?*(B) 3 P . (B) *vP (B)

with high probability, where “ <" represents “asymptoti-
cally less than or equal to.” Building on this result, we
show an upper bound of I?(u, B) specifically for user u.

Proposition 1. Suppose Assumptions 1 and 2 hold. For all
u € B, it holds with probability at least 1 — 606 that

2
I (u,B) < I;(B)+0,(u, B),

where g,(u, B) = C3+/10g(1/0) /Ni(B) + 4B p3div(u)w(B).

Proposition 1 indicates that when I 2(ZS’) +0,(u,B) <¢,
1’c2 holds that I?(u, B) < ¢ (with high probability). Thus,
I, (B) + 0,(u, B) provides a conservative estimate on the
EI metric. The algorithm can utilize various estimators
for the EI, employing optimistic, conservative, or mean
estimators. In what follows, we derive the theoretical
results based on the EI.

3.3. Optimal Set Identification

Next, we discuss the procedure to identify a (K, eH,
¢l)-optimal set for a targeted card set Z. Let z(u)
denote the optimal card for user u € B. For set Z C Z,
define Y(Z) ={z — 2/ :Vz,2’ € Z,z + Z'} as the direction
obtained from the differences between each pair of
cards in set Z; also, define V' (Z;u)={z*(u) —z:Vz e
Z z*(u)} as the direction obtained from the differences
between the optimal card and each suboptimal card.
Based on Theorem 1 and letting y=2z'(u)—z €Y*
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(Z;u), we derive the bound for the prediction error
(z*(u) —2/)"0,. If the RHS of Inequality (1) can be
bounded by (z*(u) —z’)"O(u), then it holds that
(2°(u) =) 04(B) = (z*(u) = 2)"6(u) — (2" (u) — 2) " (B:(B)
—06B(u))| = 0. This result shows a sufficient condition for
identifying the best card for user u. For the bound in
Inequality (1) to hold for ally € J*(Z;u), we need to uni-
formly bound over Z and thus, to replace 6 with 6/|Z]|.
Similarly, if we want this bound to hold for z — z’ for all
pairs z,2’ € Z, we need to replace 6 with §/|Z|* to get
the uniform bound. In doing so and based on the suffi-
cient condition for differentiating the best card from the
remaining cards, we want the RHS of Inequality (1) to
satisfy that

(z'(u) —2") " 6(u)
@ =2l gy 1
YueB, VZ' € Z. (3)

log(|21/6)

2 N(B)

+It(M,B) <

The objective is to determine an efficient allocation
rule. We denote the allocation rule as A € A, where A =
{Ae R x>0, 4Ac =1} is the domain of proba-
bility distributions on X' and where A, is the probability
of sampling a card with feature x. For example, an allo-
cation rule may suggest sampling so that 60% are lip-
syncing cards from noninfluencers without funny con-
tent, 20% are cards created by influencers without
lip-syncing or funny content, and 20% are funny cards
without lip-syncing content from noninfluencers.
Given the allocation rule A and because the bound
needs to hold for all z € Z, we define the uniform bound
Y for all z € Z as follows:

* 2
O R -

= maxX :
zeZ {z*(u)} ((z*(u) — Z)Te(u))z

4)

V(A u)

In this case, a sufficient condition is satisfied if

,/2%+L(Li, B) < 1/+/¢(A;u) according to Equa-
tions (3) and (4). To summarize, Proposition 2 establishes
a sufficient condition for identifying an (M, e, ')-opti-
mal set, where M is the cardinality of set Z.

Proposition 2 (M, e, ¢")-Optimal Set Identification). Fix
u € B and allocation rule A. Suppose B contains at least
INH(B)Ay] cards with feature x € X. If Ny(B) and I;(u, B)
satisfy these two conditions:

Nu(B) = 16(325) Tog 12 /o)A ) ©
H SL 1

2¢H /160 (A u)’

&

(6)

It(u, B) <

then
Lt holds with probability at least 1 — & that (z*(u) —z)"
0(B)=0forallze Z,and

IL set S(B)= {z € Z: maxvez0(B) 2 — 0(8)'z < #3}.

Then, with probability at least 1— 06, S(B) is an (M, ™,
el)-optimal set for user u.

According to the conditions in Proposition 2, we min-
imize (A; u) not just to reduce the sample complexity
but also, because a smaller value of 1(A; u) would make
Conditions (5) and (6) weaker. Therefore, we choose the
optimal static allocation rule for u as

A (1) := arg min P(A; u). (7)

AeA

However, solving for the optimal allocation rule A" (i)
in Equation (7) requires that we know the true user
preference 6(u), which needs to be estimated. Thus, in
the next section, we propose an implementable algo-
rithm that sequentially removes suboptimal arms until
a (K, e, eb)-optimal set is identified.

3.4. Sequential Removal and Identification
Process

We use the notion of epochs to structure the sequential
card removal and optimal card identification process.
The criterion for eliminating cards becomes increasingly
stringent as each epoch progresses. We discard subopti-
mal cards having a gap larger than 27*D + ¢& when
epoch [ concludes. Any remaining video card with fea-
ture z satisfies ((z*(u) —z) Ou))* < 2~V + L)?. We
label all cards as active at the beginning of the time hori-
zon, and when the card is removed from B, we label it as
inactive for B. Note that the label is bin specific. Concep-
tually, we start by discarding cards on the left end of the
scale (as depicted in Figure 4). These cards are the ones
that are relatively easier to distinguish from the best
cards. Over time, we gradually shift our focus to the
right, concentrating on the cards that are harder to dif-
ferentiate. For example, consider a bin containing
females younger than 30 (as discussed in Example 1).
The best card may be the most recent lip-syncing video

Figure 4. (Color online) Illustration of the (K, ¢!, ¢L)-Optimal
Set

H L
Thest — € Thest — € Phest

| } }

cards whose quality cards whose
—— is outside of the —

tolerance gap

— quality is within —
the precision gap

reward

Notes. The horizontal scale corresponds to the rewards achieved by
cards in the exploration card set Z. The red vertical lines correspond
to cards, and the card on the far right is the best card (ry.). All cards
in the green range are within the ¢--optimality gap. All cards in the
red range are within the ¢-optimality gap.
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on a Christmas song from an influencer who has 1 mil-
lion followers. We first remove low-reward content for
this user segment (e.g., product tutorials and frequently
asked questions videos), which is easy to distinguish
from the best card. We then progress to the next epoch,
removing cards for which the gap between this card and
the best card is smaller than that of the cards removed in
the first epoch—for example, lip-syncing with funny
content.

Define Z(B) as the set of active cards at the begin-
ning of epoch [ in B, and define the optimal allocation
rule during epoch [ and the corresponding optimal
value as

Xj(B) :=arg min max [|y|[> . and
: %\e/\ yeV(Z,(B)) (O rex AxxxT)

Z e i 2
p(V(Z:/(B))) = rﬂlﬁy@r}l(l%g)) G Ay

To compute the optimal allocation rule, we follow an effi-
cient rounding procedure as described in Soare et al.
(2014, appendix C) and in Fiez et al. (2019, supplementary
section B). This procedure produces (1 + €)-approxima-
tions as long as N exceeds a required sample size
v(€) < O(d,/€?). Essentially, given A and N, the algo-
rithm returns a sampling sequence xy, thus satisfying
maxey Wy oo < L+ emaxey iy _ g ey /-
We include more details in Online Appendix F.

In the case where all active cards are within the opti-
mality gap 27V 4+ ¢L, the quantity 27"V + eb)?p(Y
(2/(B))) serves as an upper bound of W(A"(u);u) as
defined in Equation (4). The reason is that ((z*(u) —z)"
O(u))* is bounded by (27*V + ¢L)* and that minyes
llz* (1) fz||fzm Ayt is bounded by p(V(Z/(B))). To
remove suboptimal cards at the end of each epoch, we
define the following condition for epoch completeness
for a fixed confidence level 6 > 0. Let Nﬁ(B) denote the
number of samples collected for epoch /in 3 at time ¢.

Condition 1 (Epoqh Completeness). For users u € B with
candidate arm set Z(B), epoch | is completed at time t for
B if both of the following conditions are satisfied:

L impurity:  Li(u,B) < ——222
o W, B) < e e

— 2 —_____and
Lopr V16p(V(Z:1(B))) R )
IL. sample size: NY(B) > n,(B) := 16 - 22" og(| Z/(B)|

/5)p(V(Z1(B)), where &; = 3.

Condition 1(I) is imposed on the EI of 6 for user u in
B. We can use either I; or w in the algorithm design. The
difference is that I; is unknown and thus, needs to be
estimated by [;(B) according to Equation (2); mean-
while, using metric w(5) satisfies a sufficient condition,
and so, it is stronger. As we explain in Section 4.1.2, we

w(B) <

split the bin by minimizing either the sum of [, or @ in
child bins.

Next, we introduce Proposition 3, which gives an
implementable condition to identify the optimal set.
Compared with Proposition 2, Proposition 3 does not
require that we know 6(u) and thus, provides a practi-
cal condition to identify an (M, el + 27, ¢l')-optimal set.

Proposition 3 (Implementable Condition for (M, " +27,
¢l)-Optimal Set). Suppose at the beginning of epoch I,
Z(B) is an (M, e" + 27!, eL)-optimal set for all users u € B.
Assume that at time t, epoch | is completed in B, and let
Zin(B) = Z1(B)\(z € Z(B)|max, 3,5 0:(B) 2" — 0,(8)"
222702 4 L} Then, with probability at least 1— 0,
Z1:1(B) is an (M, et +27V eby-optimal set for all users
uemB.

According to Proposition 3, at the end of epoch [, we
remove z if there exists some z’ € Z,(B), such that
(2 —2)70,(B) > 27D + ¢L. Because Z,(U)=Z is an
(M, el +2°, ¢h)-optimal set based on Assumption 1 at
the start of epoch [ = 0, when we take oy = %, Proposi-

tion 3 implies that Z;(B) is an (M, " + 27/, e!)-optimal
set for all u € Bwith probability at least 1 — 3_; 6.

4. Algorithm: Adaptive Acquisition Tree
This section introduces Algorithm 1, which adaptively
collects data points concurrently with splitting the user
feature space. The workflow of this algorithm is pre-
sented in Figure 5. We keep track of the epoch label I(5)
and the number of samples collected for each bin B.
After gathering a sufficient quantity of samples in B
for epoch I, we verify whether the impurity of 0 falls
below a given threshold (Condition 1(I)). If it does not,
we split B into child bins (see Section 4.1.2); these child
bins then take on the active arm set from their parent
bin (explained in Section 4.1.1). If the impurity is low
enough, epoch I is concluded. We remove suboptimal
cards, update the allocation rule according to the pro-
cess described in Section 3.4, and then, initiate epoch
[+1. This process continues as we reassess whether
impurity at the start of epoch [ + 1 is below the thresh-
old for epoch [+ 1. If not, we partition the bin using
the feature importance rule, which we discuss in
Section 4.1.2.

4.1. Key Components of Algorithm 1

Algorithm 1 comprises three critical steps: (1) determin-
ing which components the child bins inherit from the
parent bin, (2) establishing how to split the user bin,
and (3) deciding when to halt the exploration process.

4.1.1. Child Bins’ Inheritance. As shown in Figure 5,
there are two possible scenarios in which a bin is split
(labeled in red): (1) when epoch [ ends and the impurity
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Figure 5. (Color online) Flowchart of Algorithm 1
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condition (Condition 1(I)) is not satisfied for epoch I +1
and (2) when the sample size condition (Condition
1(II)) is satisfied for epoch I but the impurity condition
(Condition 1(I)) is not satisfied. Next, we discuss these
two scenarios.

In the first scenario, when epoch I ends, we remove
suboptimal cards from the bin and decide whether the
bin is then pure enough (i.e., user preferences are simi-
lar enough) for epoch [ + 1. If Condition 1(I) is met for
epoch [ +1 (i.e., users” preferences are sufficiently simi-
lar), there is no need to split the bin, and epoch [+1
starts with newly computed stronger conditions. How-
ever, if the impurity condition is not satisfied, the user
bin B is split into child bins C C B to achieve purer user
bins. Suboptimal cards, which have an optimality gap
exceeding 27UV + L, have been removed for users in
C, implying that the child bins inherit only the active
card set from the parent bin. The next stage involves
acquiring samples to eliminate cards outside of the

272 4 ¢l optimality gap for the child bins. Therefore,
the allocation rule is updated to obtain cards with smal-
ler gaps, relative to the best card, and child bins collect
data until the sample size in Condition 1(II) is satisfied
for epoch [ +1.

Under the second condition, we skip the card
removal process because epoch [ has not ended, and the
child bins continue collecting samples using the same
allocation rule. When bin B is divided, data points
within B fall into different child bins. However, because
we remain in the same epoch, the child bin inherits the
allocation rule of the parent bin. As the active card set is
inherited from a parent bin, the child bins C merely
need to collect the missing samples following the opti-
mal allocation rule. Consider Example 1 for illustration.

allocation rule | LIl I

Assume that the first split after implementing the algo-
rithm is on age, and the next split for the parent node
(younger than 30) is gender. We further assume that the
cards with product tutorials and with questions and

answers are removed and that all other cards remain

for the parent node. At this point, the two child nodes
for both genders inherit the same active card sets.
Meanwhile, assuming that the parent node has already
sampled 60% of the lip-syncing videos, the two child
nodes continue to collect the missing samples for the
remaining 20% influencer-created cards and 20% funny
cards.

4.1.2. Splitting Process and Measures of Impurity. The
key question in the splitting process is the division of
the parent bin into child bins. Based on Condition 1(J),
we use either EI estimator [; (defined in Equation (2))
or w (maximum distance of the user feature) as the
splitting criterion. However, a split based on w is not
guided by the reward information. Using the metric of
w provides an upper bound on the impurity, which
may result in an inefficient data acquisition process
and thus, necessitate more splits and a larger sample
size than would otherwise be needed. Again, we use
Example 1 as an illustration. Even though hometown

is one of the features that involves the maximum dis-

tance, it is not predictive toward the reward. As a
result, splitting according to this feature reduces the
sample size without decreasing impurity. Alterna-
tively, we can use I; for the measure of impurity. Let
B~(i) and BR(i) be the left boundary and the right
boundary, respectively, of the ith dimension of 5. We

enumerate feature i from one to d,,. When dimension i

is selected, bin B is divided into a left child bin CX(B) =
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B(1) x - x [B*(i), BM(i)] x --- x B(d,)) and a right child
bin CX(B) = B(1) x - x [BM(i), BX(i)] x --- x B(d,), where
B(k) = [B*(k), BR(k)] and B™(i) represents the split
point. Feature space can be either discrete or continu-
ous. According to Theorem 1, the prediction error
bound related to the impurity measure is ||y||27t(8)71
I?(u,B). Because the allocation rule does not change
before the epoch completes, we minimize the expecta-
tion of impurity in child bins to obtain a tight bound:
that s,

o Din B 1 (U, C;(B)1(U € C;(B))

+ U, CB)LU eCRB)].  (8)

Let y, and y represent the proportions of data points
that fall into the left bin and the right bin, respectively;

N;(CE(B)) _ N,(C}(B))
nae ey M VR = Ram e

When using the EI estimator [, the objective in Equation

(8) can be approximated by y Lf f (CH(B) +y Rf tz (R (B)).
We introduce a new notion, feature importance, to mea-
sure the importance of the feature in the split. Conducting
the regression on C(B) and CX(B), we define the feature
importance of i in bin B, denoted as ¢,(13), as follows:

6.(B) = 2(B) — (7, 1L(CH(B) + yo [ (CX(B)). 9

Feature importance quantifies the decrease in impurity
in O upon splitting feature i at split point B (7). For
each dimension i, we select the split point that maxi-
mizes ¢,(B) and then, select the feature with the largest
feature importance in B. In Example 1, the feature
importance of the three features, in descending order, is
age, gender, and hometown. We would expect ¢, (1) for
hometown for all bins to be zero, which means that
splitting this feature results in no improvement in the
empirical impurity.

that is, y; =

4.1.3. Stopping Criterion. Proposition 3 indicates that
when [ > log(1/(e" — ¢!)), arms with a gap larger than
M are removed. Therefore, to guarantee that all recom-
mended cards are within the quality gap ¢, we set the
stopping criterion at/ > log(1/(e — el)).

4.2. Algorithm

At this point, we can formally introduce Algorithm 1 to
summarize the key procedures described in Section 4.1.
At time f, when a user with feature u; arrives, we first
find the bin to which she belongs (B(1;)). If not enough
data points are collected in B(u;), we select the card
according to the allocation rule in that bin (Algorithm 1,
line 8). Otherwise, we determine whether the user pref-
erence 0 is pure enough for epoch [ in B (Algorithm 1,
line 11). Once the impurity is sufficiently small (ie.,
users in B have sufficiently similar preferences), we

remove suboptlmal cards with an optimality gap larger
than 2-(®B)*2) 4 ¢L (Algorithm 1, line 12) compared with
the best card, and we update both the allocation rule
and the sample threshold for the next epoch I(5) +1
according to Algorithm Subroutine: Allocation Rule in
Online Appendix F. If the impurity is not low enough,
we split users in B into child bins by maximizing the
feature importance in Algorithm Subroutine: Adaptive
Split in Online Appendix F (Algorithm 1, line 16). The
child bins inherit the active card set and the allocation
rule from the parent bin (Algorithm 1, line 18). Further-
more, we explain how our algorithm can be adapted to
other identification problems (summarized in Table D1
in Online Appendix D) in Online Appendix G.

In Algorithm 1 (AAT), we can use different impurity
estimates for determining whether to split the bin. For
example, we can either use the EI estimator or the con-
servative estimator (specified in Theorem 2). To guar-
antee that the bin is pure enough for all users, we use
the conservative estimator to characterize the theoreti-
cal performance.

Algorithm 1 (AAT)
1: input: arm set X, target set Z, confidence level
61€(0,1);
2: Z1=2, t=1; Bi(w)=U for all ueld; IU)=
nU) =n,; > initialization for partition, epoch
label, and initial sample threshold
: Initial exploration phase: randomly explore;
4 while I(B,(u)) < Llog(1/(e" — ¢1)] or |25 (Bu(w)]
> K for some B;(u) do
5. inputuy; B = Bi(uy); 1 = 1(B);

w

> input the

feature of user ¢

6: N(B+=1; > find the bin that u; belongs to

7. ifN(B) < n,(B) then > if not enough samples

are collected

8: Select card according to the allocation rule in

bin B;

9: else »ifenoughsamplesare collected for the bin

10: Compute 6,(B) by OLS;

. 2 (1+2)
11: if [,(B) < N

then » if impurity of 0 in
bin B s sufficiently small

12: Z1u(B) = Z2/(B\{z€ 2|32 € Z/(B): (z —2)" 0;
>2 2 4 L }; > remove suboptimal arms,
epoch [ ends
13: I(B)+ =1; update allocation rule by Algo-
rithm Subroutine: Allocation Rule in
Online Appendix F;
14: end if .
15: if (I,(B) > \/127) nd (NY(B) > n,(B)) then
16: Apply Algorithm Subroutine: Adaptive

Split in Online Appendix F for the feature

space split; > split the user feature space

17: foreachchildbinCCBdo > update the
allocation rule
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18: Inherit the allocation rule and active arm
set from the parent bin;

19: end for

20: end if

21:  endif

22: t+=1;

23: end while

Remark 1. If the total number of cards within the
el-optimality gap is larger than K, we can randomly
select K cards, similar to Ren et al. (2019). Alterna-
tively, we can gradually shrink the precision gap until
there are K cards remaining (see Online Appendix G).

4.3. Sample Complexity

In this section, we establish a theoretical bound on the
sample complexity of Algorithm 1. The sample com-
plexity differs from that in traditional best-arm identifi-
cation problems because the underlying parameters are
heterogeneous among users. We show the sample com-
plexity for identifying a (K, &, ¢l')-optimal set both for
a fixed user u € U and for all users under certain condi-
tions. Based on the adaptive splitting process, we define
the bin containing user u that completes epoch I as P;(u);
then, P1(u), P2(u), ..., Pew)(1) constitutes a splitting path
for user 1, where e(u) is the final epoch label of user u as
shown in Figure H1 in Online Appendix H. Based on our
sampling policy, P1(u) 2 P (1) 2 -+ 2 Py (1).

To describe the sample complexity, let A*(z;u) =
(1,2 (1)) — r(u,z) be the reward gap between card z
and the optimal card for user u. Define A’(1) as the ith
minimum gap from the optimal card for user u. We fur-
ther define Sj(u) = {z € Z: A*(z;u) < 27" + ¢!} as the set
of arms within the (2~ + ')-optimality gap. In epoch I,
we expect Z,(u) C S}(u) according to Proposition 3. Let
N!(B) denote the number of samples collected for bin B
during epoch [.

Theorem 3 (Sample Complexity). Suppose Assumptions 1
and 2 hold. Using an e-efficient rounding procedure, with
probability at least 1 — 0, the following conclusions hold.

L. Single user. Define Imax(u) = |log(1/min{e" — ek, A¥
(u) — €L})]. Suppose Py(u) is the bin that contains user u at
the completion of epoch |. When using I(B) + 0,(u, B) as the
impurity estimate (in lines 11 and 15 in Algorithm 1), Algo-
rithm 1 correctly identifies a (K, e™, eL)-optimal set for user
u and requires a worst-case sample complexity along bin
path P1(u), . .., Pey (1), in which

e(u) Inax (10)

D ON(Pw) < > max{hy(u), [m(u)],v(e)},
=1 I=1

where Iy(u) := [16p(V(S ())(1 +€)log(| Z|? /621
with 6; = ?—z", 1;(u) is the solution to (15), and v(€) is the min-
imum number of samples that satisfies v(e) = O(d,, /€?).

Il All users. Define h=sup,(u) with &= %,
where m; = (L@ﬁXﬁUZHE’\/Supueup(y(sﬂu))))d“, l:=sup,g,

Imax(u), and n;=sup, ., [m(u)]. Assume hy < co and
I < co. When using metric w for impurity criteria in Condi-
tion 1(I), Algorithm 1 (AAT) correctly identifies a
(K, eH, ebY-optimal set for all users and requires a worst-case
sample complexity for which the following holds:

[i
N < Zml max{h;, 7, v(€)}.
I=1

Theorem 3(I) characterizes the sample complexity for
differentiating an optimal set for a single user, whereas
Theorem 3(II) characterizes it for all users. The sample
complexity is affected by both the card features and the
user characteristics (heterogeneity).

We first discuss how the determinants of the card fea-
tures affect the sample complexity.

1. Epoch number. Imax (1) depends on the quantity
AX(u) — €&, where AX(u) is customized for user u.
Recall that AX(u) is the optimality gap between the
Kth-best arm and the best arm for user u. The depth of
the tree expands as the optimality gap (AX(u)) gets
closer to the precision gap (¢-) because the identifica-
tion problem becomes more difficult. This dependence
aligns with the best K-arm identification problem
(Kaufmann et al. 2016, Chen et al. 2017b) and the prob-
lem of finding all e-good arms (Mason et al. 2020).

2. The quantity /(1) is determined by three terms:
p(V(S;(1))), | Z], and 6. First, a larger number of cards
in the target set | Z| makes the identification problem
harder. Second, requiring a higher confidence interval
(0) leads to increased sample complexity.

3. The complexity of p(J(S;(u))) is affected by the
geometry of X and Z. From Fiez et al. (2019, lemma 1),
we can show that

max|lyll/x < pY) < dy/73,

where we define the gauge of ) as yy, =max{c>0:
¢) Cconv(X U —X)} and conv(-) denotes the convex
hull. Consider a special scenario where only two active
arms remain in Z (i.e., when ) is a singleton that is
y=1z1—12); yy becomes the gauge norm of y with
respect to conv(X U —X). When X = {y}, we observe
that maxyey||y||§/ﬁ)( =1 and yy,=1. In this case, the
exploitation card set & contains the card that can help
to identify the top card in the exploration card set Z.
However, if y lies in the orthogonal space of X, then dif-
ferentiating between z; and z, through cards in X
becomes impossible, and y,, = 0; as a result, d,/y3, is
infinite. Please see Example D4 in Online Appendix D
for an illustration.

We next discuss how the sample complexity is
affected by user types. Intuitively, when users” prefer-
ences are more homogenous (i.e., the bin is purer), the
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sample complexity is lower for identifying an optimal
set for all users because more user data can be pooled.
One special case of our problem is to identify the best
card for homogenous users in the transductive setting,
which is the problem studied in Fiez et al. (2019). In this
case, the impurity is zero, thereby automatically satisfy-
ing the impurity condition. When the goal is to identify
the best card, we have Inax = [log(1/Amin)]. Then,
according to Theorem 3, the sample complexity is
ep e max{[16p(V(S] )log (P 212 /)220 v(e)).
The sample complexity coincides with that of Fiez et al.
(2019) (up to a constant), matching the lower bound
derived in their study up to logarithmic factors. As
illustrated in Example 1, when all users share the same
preferences, the tree does not need to split, and the min-
imum sample complexity is achieved. In contrast, when
preferences differ significantly among user types, the
tree deepens, leading to a higher sample complexity.

5. Empirical Evaluation

We demonstrate the practical applicability and effec-
tiveness of our proposed method through numerical
experiments. We use real-world data from the NetEase
Cloud Music platform, one of the leading music-
streaming services in China. The data set includes
music video cards, which are either short videos with
background music or sets of pictures and texts accom-
panied by music.

We conducted our evaluation based on the data gen-
erated on NCM on November 2, 2019. A prominent fea-
ture of the NCM platform is “cloud village,” where
users receive card recommendations. Each card con-
tains a frame of the video, a brief video description, cre-
ator logo and name, and the number of likes. The
characteristics of the card and its creator influence user
interactions. The aim of our experiment is to carry out
online learning, collecting information during an explo-
ration period and identifying the optimal set during an
exploitation period in four transductive scenarios. The
ultimate objective is to improve metrics that SFV plat-
forms value, such as future card view time, click-
through rate, and number of likes.

5.1. Experimental Procedure

5.1.1. Data and Experiment Setup. Interpretation of
user responses on the NCM platform is confounded
with the recommendation system (Chan and Loh 2004);
users interact only with cards ranked high in the cloud
village. Consequently, their behaviors concerning cards
not recommended or ranked low in the cloud village
are unobservable. To learn user preferences for counter-
factuals, we use all data at hand to estimate 6, which
we consider the ground-truth parameter in our experi-
ments.'” We measure user preferences based on the
time that users spend viewing cards in their feed. We

exclude cards and users with total view time of less
than 60 seconds on November 2, 2019 to avoid bias.
After this exclusion, our analysis includes 7,511 users
during the exploration period and 50,809 users during
the exploitation period. We assume that users having
similar characteristics have similar tastes for cards."' To
model user preference heterogeneity, we use K-means
clustering to split users into five bins based on the char-
acteristics of age, gender, registered month, follower
count, and activity level. Each bin consists of 7.9%,
7.3%, 25.4%, 28.4%, and 31.0% of users in the explora-
tion set, respectively. We perform one-hot encoding on
gender, leading to a total of six features for each user.
User reward (view time) for a card is computed as
R(u,x) = x70(u) + €, where the variance of noise € fol-
lows the normal distribution. In this paper, we normal-
ize the view time relative to the best card within each
cluster so that the view time is in the range of zero
to one.

We design our experiment around a hypothetical
manager at NCM who aims to make two types of
recommendations: (1) a spotlight recommendation,
where a prominent position in the interface is assigned
to one card with the longest normalized view time (rel-
ative to the view time of the best card), and (2) a
(K, 1, eb)-optimal set recommendation, where no more
than K cards are selected such that all cards have a nor-
malized view time within 95% of the view time of the
best card and where no cards with 75% of the view time
of the best card are included. Therefore, the objective is
to find the (K = 10, &'’ =0.25, e& = 0.05)-optimal set for
all users. There are one, four, two, one, and three cards
in the precision set of each of the five clusters. In addi-
tion, there are 14, 18,41, 16, and 99 cards in the tolerance
set.

We randomly selected 1,200 cards with unique fea-
tures to evaluate the performance of our method. We
study the four transductive scenarios detailed in Sec-
tion 3.1 with the same exploration set Z with 200 card
types and with different exploration sets X. During the
exploration period, users in the exploration set arrive
sequentially and receive one recommended card from
the measurement set (X) according to the allocation
strategy. The manager can observe the reward from
this card. In the exploitation period, users in the exploi-
tation set also arrive sequentially and receive the opti-
mal recommended card types based on different
sampling strategies. Each card type corresponds to a
different feature combination. We evaluate the metrics
on all users in the exploitation set. We designed the
four transductive settings as follows, and each card is
characterized by a 73-dimensional feature:

e Z C X:1,000 card types in X such that Z is a subset
of X;

e X C Z:150 card types in X such that X is a subset
of Z;
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e XN Z=0:1,000 card types in X with no overlap
between the two sets; and

e YNZ#0but ZEZX and X¢ Z: 1,000 card types
in X such that 100 card types of the two sets overlap.

5.1.2. Performance Metric. We evaluate the perfor-
mance of our method using various metrics. For both
the spotlight recommendation and the (10, ¢, ¢L)-opti-
mal set recommendations, we evaluate the average
reward on the recommended cards using the normal-
ized view time (relative to the best cards). We measure
the expected number (i.e., percentage) of times that the
best card is identified for the spotlight recommenda-
tion. For the (10, &, ek)-optimal set recommendation,
we compute the expected number of cards found in the
¢l set. A higher value implies a higher quality of recom-
mendation; in other words, a higher value indicates
that a larger number of cards within the ¢ set is found.
For instance, in this particular setting, an oracle method
can identify an average of 2.09 cards within the ¢’ set
computed from a weighted average of cards in the pre-
cision sets across all bins. We also evaluate the expected
number of selected cards that are not in the ¢ set. A
smaller value indicates better performance; in this case,
fewer cards outside of the ¢!? set are included. An oracle
model obtains zero cards outside of the ¢! set. Further-
more, we evaluate the area under the curve (AUC) for
identifying both the best card (in the spotlight recom-
mendation) and the precision set (in the top card recom-
mendation). AUC is a common metric used in binary
classification when the positive and negative cases are
not balanced. For the (10, ¢, e)-optimal set recommen-
dation, we also use an F; score specifically for the preci-
sion set. The F; score is the harmonic mean of precision
and recall, two key metrics that help evaluate the accu-
racy of a system.'*

5.1.3. Benchmarks. We use two types of benchmarks
in this study. First, we compare our method with state-
of-the-art methods in the contextual bandit literature to
identify the best card. Because we introduce the concept
of an optimal set and we account for user heterogeneity,
none of the bandit benchmarks can directly optimize
our objective. Therefore, we select a set of methods in
the vein of pure exploration, which aims for best-arm
identification while learning coefficients for card fea-
tures. This approach naturally enables the top-K recom-
mendation. We use both adaptive and nonadaptive
exploration strategies as well as transductive and non-
transductive strategies. Next, we discuss each of the
benchmark strategies.

o X static (Soare et al. 2014) is a static allocation
design where the goal is to reduce the uncertainty of
the gaps for all arms.

e LinGapE (Xu et al. 2018) adopts a gap-based sam-
pling rule.

e ALBA (Tao et al. 2018) is an elimination-based
algorithm that offers improvement over XY adaptive’s
performance by using a tighter elimination criterion.

o RAGE (Fiez et al. 2019) extends the X' Y-adaptive
strategy to a more general transductive setting. The
method is also based on elimination.

To demonstrate the effectiveness of data acquisition
alone, we compare our method with a straightforward
prediction approach that integrates both user heteroge-
neity and card features within the decision tree struc-
ture. This approach uses a decision tree-based model
with uniform sampling (named a uniform sampling
segmentation tree [USST]), where we adapt the tree to
perform regression in its leaf nodes. Users are seg-
mented based on their responses to card view time,
with each split incorporating both user features and
card characteristics to refine the segmentation and
response predictions within each node."

5.2. Results

We present the experimental results for spotlight rec-
ommendation (i.e., best-arm identification) in Figure 6
and the (10, ¢, eb)-optimal set identification in Figure 7
for the four transductive scenarios. For implementing
AAT, we directly use the EI estimator (Equation (2)) for
measuring the impurity in Algorithm 1 (refer to lines 11
and 15).

As shown in Figure 6, our method achieves spotlight
recommendation performance that is approximately
85%-100% higher than the best acquisition benchmark,
and 30%-100% higher in accuracy compared to USST."*
Even though RAGE is designed for transductive set-
tings, it assumes homogenous user segments. It fails to
provide any performance guarantees when user hetero-
geneity is present, and it underperforms in our setting
(as demonstrated in Example D1 in Online Appendix
D). In terms of the best card for the spotlight recom-
mendation, we see that our method can increase the
average reward by about 25%~100% compared with
the top data acquisition benchmark and by about
85% ~100% compared with USST for all scenarios
except for YN Z#0 but Z¢AX and X' ¢ Z, which is
reduced by about 26%.'> Our improved performance,
compared with a USST, suggests the effectiveness of
implementing data acquisition on SFV platforms.

Our method shows an increase in average reward by
approximately 45%—73% compared with the best data
acquisition benchmark and by 45%-61% compared
with the USST benchmark. When compared with the
best benchmark across both groups, our method
demonstrates an improvement of approximately
43%-56%. For the ¢'-gap set, AAT retains between 0
and 0.47 cards—substantially outperforming the top
acquisition benchmark, which acquires around 3.8—4.2
cards in intolerable sets. The best-performing bench-
mark overall is the RAGE (3.66-4.16 cards) except in
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Figure 6. (Color online) Performance on the Spotlight Recommendation (Best-Card Identification)
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scenario 1, where ALBA performs best with 3.85 cards.
Additionally, AAT surpasses USST in the ¢/ gap,
which selects approximately 0.46-0.96 cards in intolera-
ble sets.

In the el-gap set, our results align closely with those
of the top benchmark, achieving an improvement of
approximately 12%-15% over the acquisition set and
43%-74% over USST. Note that AAT exclusively selects
cards from the predicted tolerance set, potentially
resulting in fewer selected cards compared with other
methods (which always select 10 cards). Consequently,
comparing the number of selected cards in the ¢* gap as
a metric may not be entirely fair. To present our results
in a way that excludes the number of selected cards as a

factor, we also employ AUC and F; scores in our perfor-
mance analysis. Our model improves the AUC of the best
acquisition benchmark by approximately 22%-100% and
exceeds USST by about 31%—43%. The F; scores range
from 38% to 55% for the best acquisition benchmark and
from 31% to 43% for USST. This result underscores the
efficacy of our approach in accurately predicting user
behavior, even when the number of selected cards is not
a factor in the evaluation.

6. Conclusion
In this paper, we introduce a new pure exploration prob-
lem, where the objective is to return all cards (up to K)

Figure 7. (Color online) Performance on the (K, &1, ¢")-Optimal Set Recommendation
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in the (K, e/, eb)-optimal set in light of user preference
heterogeneity. We further propose an adaptive split
and acquisition algorithm (AAT) to identify cards on
SFV platforms with a (K, /!, eL)-optimal set guarantee.
The algorithm accommodates user preference hetero-
geneity and can group users dynamically. Further, we
prove the sample complexity for identifying the
(K, e, eL)-optimal set both for a single user and for all
users.

AAT’s application is not limited to SFV platforms
but extends to other digital platforms or online rec-
ommender systems, where features vary and user
preference heterogeneity is high. AAT can be applied
to other social media platforms (e.g., Twitter and
Facebook) and search engines (e.g., Microsoft Bing). It
can aid marketers who are designing ads and who
want to test a small set of advertisements incorporat-
ing certain design characteristics; they can make more
effective decisions by learning user preferences from
a larger set of designs (Schwartz et al. 2017). More-
over, AAT is beneficial in conducting consumer
searches, in which a number of results are displayed
for each user query (Liu et al. 2021, Derakhshan et al.
2022).

Several future research directions emerge from our
study. First, our problem formulation and the algo-
rithm deal with stationary user preferences because
the exploration is performed within a short time hori-
zon. Considering nonstationary user preferences
would be a natural extension of our work. Second, our
two-phase framework can be applied to other manage-
rial problems in marketing analytics and revenue
management, such as a generalized linear demand
function to characterize user behaviors and applying
our method to determine pricing and assortment strat-
egies. Nonparametric pricing has garnered consider-
able attention (e.g., Avramidis and den Boer 2021,
Chen and Gallego 2021, Chen et al. 2023), and AAT
could augment existing methods by providing a trans-
ductive framework that accounts for both user and
choice set features. Third, future research can develop
a more robust content moderation tool by improving
AAT and building on our optimal set concept. Content
moderation is crucial and complex because of the high
volume and ambiguity of content on social media plat-
forms. Future research could explore combining AAT
with other moderation techniques to create an effec-
tive moderation system. We leave these directions for
future research.

Acknowledgments

The authors thank Department Editor Omar Besbes, the
associate editor, and anonymous referees for their con-
structive and insightful review comments. Junyu Cao and
Yan Leng contributed equally to the manuscript.

Endnotes

T TikTok is a video-sharing, social-networking service. The platform is
used to make SFVs that include genres like dance, comedy, and educa-
tion; the videos typically range from 15 seconds to one minute in length.
NetEase Cloud Music (NCM) is one of the largest music-streaming
companies in China. First launched in 2012, NetEase had around 800
million users in 2019, with a valuation of around $9 billion.

2The comparisons of recommendations between SFV platforms
and conventional business-to-consumer (B2C) marketplaces are dis-
cussed in Online Appendix A.

3 A music video card (hereafter referred to as a card) contains a
video or a set of pictures and texts along with background music
(Zhang et al. 2022). We use the terms cards, items, and arms
interchangeably.

“ This problem is transductive if the measurement sets in the explo-
ration period (denoted by X) differ from the selection sets in the
exploitation period (denoted by Z).

5 A research stream in this area studies strategies for quality control
on the two-sided market, such as minimum quality standards (Ron-
nen 1991) and exclusive distribution and optimal quality thresholds
(see Huang et al. 2007 and the references therein). However, such
strategies are not realistic for UGC platforms.

8 Our research is also relevant for personalized recommendation,
which we discuss in Online Appendix B.

7 Platforms can use different metrics to quantify the reward based
on the application of interest. For example, platforms can use view
time, likes, and shares for the spotlight or front-page recommenda-
tions and can use click-through rate for identifying the optimal set
for videos with advertisements. For identifying kid-friendly sets,
the reward is negative in relation to irritating or annoying content.

8 Consumers may have an innate preference for newer and up-to-
date cards. This innate preference for newer cards can be captured
by using a “recency” variable in the card features to measure the
timeliness of a card (e.g., published time).

9 According to a survey by the marketing intelligence firm Hubspot,
36% of social media marketers planned to invest more in SFVs than
any other social media marketing strategy in 2022 (HubSpot 2025).

19 We note the option of using off-policy evaluation (OPE) to assess
the method'’s effectiveness. Specifically, OPE involves two steps: (1)
excluding units for which the observed treatment does not align
with the proposed treatment under a given policy and (2) calculat-
ing the policy value based on the remaining units (Dudik et al.
2014, Leng and Dimmery 2024). However, in our specific setting,
given the vast customer base and expansive item sets, the “treated”
scenarios—that is, instances where the observed and proposed
treatments align—are remarkably scarce. This scarcity of “treated”
scenarios could lead to a highly skewed and potentially unrepresen-
tative evaluation if we were to apply OPE.

" The number of bins is chosen by the elbow method. We run a
lasso regression with 10-fold crossvalidation to learn user prefer-
ences on cards within each cluster. We present the differences
between 0 in different clusters in Online Appendix I.

12 Precision measures the number of true-positive results divided
by the total number of positive results, including those not identi-
fied correctly. Meanwhile, recall measures the number of true-
positive results divided by the total number of samples that should
have been identified as positive. By using these metrics, we can
ensure that our recommendation system is accurate and effective.

3 We use the same number of samples acquired by AAT to train
USST. However, we want to emphasize that USST is not an acquisi-
tion algorithm and cannot tell us when to stop for identifying the
optimal set with high probability.
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¥ The improvement is computed by taking the absolute improve-
ment normalized by the room for improvement (1 — the accuracy of
the best benchmark).

5 The improvement in the average reward is computed as the
improvement in the average reward normalized by the room for
improvement, which is the difference between the maximum
reward (one in our case) and the benchmark.
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