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Abstract

Multi-armed bandit problems are receiving a great deal of attention because they
adequately formalize the exploration-exploitation trade-offs arising in several in-
dustrially relevant applications, such as online advertisement and, more generally,
recommendation systems. In many cases, however, these applications have a strong
social component, whose integration in the bandit algorithms could lead to a dra-
matic performance increase. For instance, we may want to serve content to a
group of users by taking advantage of an underlying network of social relation-
ships among them. The purpose of this thesis is to introduce novel and principled
algorithmic approaches to the solution of such networked bandit problems. Starting
from a global (Laplacian-based) strategy which allocates a bandit algorithm to each
network node (user), and allows it to “share” signals (contexts and payoffs) with
the neghboring nodes, our goal is to derive and experimentally test more scalable
approaches based on different ways of clustering the graph nodes. More impor-
tantly, we shall investigate the case when the graph structure is not given ahead of
time, and has to be inferred based on past user behavior. A general difficulty aris-
ing in such practical scenarios is that data sequences are typically nonstationary,
implying that traditional statistical inference methods should be used cautiously,
possibly replacing them with by more robust nonstochastic (e.g., game-theoretic)
inference methods.

In this thesis, we will firstly introduce the centralized clustering bandits. Then,
we propose the corresponding solution in decentralized scenario. After that, we
explain the generic collaborative clustering bandits. Finally, we extend and show-
case the state-of-the-art clustering bandits that we developed in the quantification
problem.
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Chapter 1

Introduction

1.1 Objective

The ability of a website to present personalized content recommendations is play-
ing an increasingly key role in achieving user satisfaction. Due to the occurrence
of new content, as well as to the ever-changing nature of content popularity, mod-
ern approaches to content recommendation are strongly adaptive, and attempt to
match as closely as possible users’ interests by repeatedly learning good mappings
between users and contents. These mappings are based on context information
(i.e., sets of features) which are typically extracted from both users and contents.
The need to focus on content that raises users’ interest, combined with the need
of exploring new content so as to globally improve users’ experience, generates a
well-known exploration-exploitation dilemma, which is commonly formalized as a
multi-armed bandit problem. In such scenarios, contextual bandit algorithms have
rapidly become a reference technique for implementing adaptive recommender
systems. Yet, in many cases, the users targeted by such systems form a social
network, whose structure may provide valuable information regarding user interest
affinities. Being able to exploit such affinities can lead to a dramatic increase in the
quality of recommendations.

The starting point of our investigation is to leverage user similarities repre-
sented as a graph, and running an instance of a contextual bandit algorithm at each
graph node. These instances are allowed to interact during the learning process,
sharing contexts and user feedbacks. Under the modeling assumption that user
similarities are properly reflected by the graph structure, interactions allow to effec-
tively speed up the learning process that takes place at each node. This mechanism
is implemented by running instances of a linear contextual bandit algorithm in a
specific Reproducing Kernel Hilbert Space (RKHS). The underlying kernel, previ-
ously used for solving online multitask classification problems, is defined in terms
of the Laplacian matrix of the graph. The Laplacian matrix provides the informa-
tion we rely upon to share user feedbacks from one node to the others, according to
the network structure. Since the Laplacian kernel is linear, the implementation in

10
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kernel space is conceptually straightforward. Moreover, the existing performance
guarantees for the specific bandit algorithm we use can be directly lifted to the
RKHS, and expressed in terms of spectral properties of the user network.

Despite its crispness, the principled approach described above has two draw-
backs hindering its practical usage. First, running a network of linear contextual
bandit algorithms with a Laplacian-based feedback sharing mechanism may cause
significant scaling problems, even on small to medium-sized social networks. Sec-
ond, it is common wisdom in recommender system research that the social in-
formation provided by the network structure at hand need not be fully reliable in
accounting for user behavior similarities. Given the above state of affairs, we shall
consider methods that reduce “graph noise” by either removing edges in the net-
work of users and/or cluster the users (so as to reduce the graph size). We expect
both these two methods to achieve dramatic scalability improvements, but also to
have increased prediction performance under different market share conditions, the
edge removal strategy being more effective in the presence of many niche products,
the clustering strategy being more effective in the presence of few hit products.
More importantly, we shall consider methods where the graph information is in-
ferred adaptively from past user behavior. In this case, unlike many traditional
methods of user similarity modeling and prediction, we are not relying on low
rank factorization assumptions of the user-product matrix (which would again be
computationally prohibitive even on mid-sized networks of users), but rather on
clusterabilty assumptions of the users, the number of clusters setting the domain-
dependent trade-off between hits and niches. In this scenario, we shall develop
robust online learning methods which can suitably deal with the nonstationarity of
real data, e.g., due to a drift in user interests and/or social behavior.

Last but not least, a great deal of effort within this thesis will be devoted to
carrying out careful experimental investigations on real-world datasets of various
sizes, so as to compare our algorithms to state-of-the-art methods that do not lever-
age the graph information. Comparison will be in terms of both scalability prop-
erties (running time and space requirements) and prediction performance. In our
comparison, we shall also consider different methods for sharing contextual and
feedback information in a set of users, such as feature hashing techniques.

In short, we are aimed at:

e Developing algorithmic approaches to reducing the graph size in a social
network (by either removing edges or clustering nodes) so as to retain as
much information as possible on the underlying users and, at the same time,
obtain a dramatic reduction in the running time and storage requirements of
the involved graph-based contextual bandit algorithms;

e Developing scalable and principled algorithmic approaches to inferring the
graph structure from past user behavior based on clusterability assumptions
over the set of users;

e Carrying out a careful experimental comparison of the above methods on
small, medium and large datasets with state-of-the-art contextual bandit



CHAPTER 1. INTRODUCTION 12

methods that do not exploit the network information, as well as to different
methods for sharing contextual and feedback information, such as feature
hashing techniques.

In all cases, our algorithms will be online learning algorithms designed to op-
erate on nonstationary data sequences.

1.2 Main Contributions

This thesis summarizes the major findings refer to chapter 2 to 5 correspondingly:

e We introduce a novel algorithmic approach to content recommendation
based on adaptive clustering of exploration-exploitation (“bandit”) strate-
gies. We provide a sharp regret analysis of this algorithm in a standard
stochastic noise setting, demonstrate its scalability properties, and prove its
effectiveness on a number of artificial and real-world datasets. Our exper-
iments show a significant increase in prediction performance over state-of-
the-art methods for bandit problems.

e We provide two distributed confidence ball algorithms for solving linear ban-
dit problems in peer to peer networks with limited communication capabil-
ities. For the first, we assume that all the peers are solving the same linear
bandit problem, and prove that our algorithm achieves the optimal asymp-
totic regret rate of any centralised algorithm that can instantly communicate
information between the peers. For the second, we assume that there are
clusters of peers solving the same bandit problem within each cluster, and we
prove that our algorithm discovers these clusters, while achieving the opti-
mal asymptotic regret rate within each one. Through experiments on several
real-world datasets, we demonstrate the performance of proposed algorithms
compared to the state-of-the-art.

e Classical collaborative filtering, and content-based filtering methods try to
learn a static recommendation model given training data. These approaches
are far from ideal in highly dynamic recommendation domains such as news
recommendation and computational advertisement, where the set of items
and users is very fluid. In this work, we investigate an adaptive cluster-
ing technique for content recommendation based on exploration-exploitation
strategies in contextual multi-armed bandit settings. Our algorithm takes into
account the collaborative effects that arise due to the interaction of the users
with the items, by dynamically grouping users based on the items under con-
sideration and, at the same time, grouping items based on the similarity of
the clusterings induced over the users. The resulting algorithm thus takes
advantage of preference patterns in the data in a way akin to collaborative
filtering methods. We provide an empirical analysis on medium-size real-
world datasets, showing scalability and increased prediction performance (as
measured by click-through rate) over state-of-the-art methods for clustering
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1.3

bandits. We also provide a regret analysis within a standard linear stochastic
noise setting.

The estimation of class prevalence, i.e., the fraction of a population that be-
longs to a certain class, is a very useful tool in data analytics and learning,
and finds applications in many domains such as sentiment analysis, epidemi-
ology, etc. For example, in sentiment analysis, the objective is often not to
estimate whether a specific text conveys a positive or a negative sentiment,
but rather estimate the overall distribution of positive and negative senti-
ments during an event window. A popular way of performing the above task,
often dubbed quantification, is to use supervised learning to train a preva-
lence estimator from labeled data.

Contemporary literature cites several performance measures used to mea-
sure the success of such prevalence estimators. In this work we propose the
first online stochastic algorithms for directly optimizing these quantification-
specific performance measures. We also provide algorithms that optimize
hybrid performance measures that seek to balance quantification and classi-
fication performance. Our algorithms present a significant advancement in
the theory of multivariate optimization and we show, by a rigorous theoreti-
cal analysis, that they exhibit optimal convergence. We also report extensive
experiments on benchmark and real data sets which demonstrate that our
methods significantly outperform existing optimization techniques used for
these performance measures.
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Chapter 2

Centralized Clustering Bandits

2.1 Introduction

Presenting personalized content to users is nowdays a crucial functionality for
many online recommendation services. Due to the ever-changing set of available
options, these services have to exhibit strong adaptation capabilities when trying
to match users’ preferences. Coarsely speaking, the underlying systems repeatedly
learn a mapping between available content and users, the mapping being based on
context information (that is, sets of features) which is typically extracted from both
users and contents. The need to focus on content that raises the users’ interest, com-
bined with the need of exploring new content so as to globally improve users’ ex-
perience, generates a well-known exploration-exploitation dilemma, which is com-
monly formalized as a multi-armed bandit problem (e.g., [66} 16, 4, 20]). In partic-
ular, the contextual bandit methods (e.g., [S} 167,169} 25, 11} 1, 27} 164, 91} 1106, |34],
and references therein) have rapidly become a reference algorithmic technique for
implementing adaptive recommender systems.

Within the above scenarios, the widespread adoption of online social networks,
where users are engaged in technology-mediated social interactions (making prod-
uct endorsement and word-of-mouth advertising a common practice), raises further
challenges and opportunities to content recommendation systems: On one hand,
because of the mutual influence among friends, acquaintances, business partners,
etc., users having strong ties are more likely to exhibit similar interests, and there-
fore similar behavior. On the other hand, the nature and scale of such interactions
calls for adaptive algorithmic solutions which are also computationally affordable.

Incorporating social components into bandit algorithms can lead to a dramatic
increase in the quality of recommendations. For instance, we may want to serve
content to a group of users by taking advantage of an underlying network of social
relationships among them. These social relationships can either be explicitly en-
coded in a graph, where adjacent nodes/users are deemed similar to one another, or
implicitly contained in the data, and given as the outcome of an inference process
that recognizes similarities across users based on their past behavior. Examples of

15
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the first approach are the recent works [[15 311, 41]], where a social network struc-
ture over the users is assumed to be given that reflects actual interest similarities
among users — see also [19, [102] for recent usage of social information to tackle
the so-called “cold-start” problem. Examples of the second approach are the more
traditional collaborative-filtering (e.g., [90]), content-based filtering, and hybrid
approaches (e.g. [16]).

Both approaches have important drawbacks hindering their practical deploy-
ment. One obvious drawback of the “explicit network™ approach is that the social
network information may be misleading (see, e.g., the experimental evidence re-
ported by [31]), or simply unavailable. Moreover, even in the case when this in-
formation is indeed available and useful, the algorithmic strategies to implement
the needed feedback sharing mechanisms might lead to severe scaling issues [41]],
especially when the number of targeted users is large. A standard drawback of the
“implicit network™ approach of traditional recommender systems is that in many
practically relevant scenarios (e.g., web-based), content universe and popularity
often undergo dramatic changes, making these approaches difficult to apply.

In such settings, most notably in the relevant case when the involved users are
many, it is often possible to identify a few subgroups or communities within which
users share similar interests [87) [17]], thereby greatly facilitating the targeting of
users by means of group recommendations. Hence the system need not learn a
different model for each user of the service, but just a single model for each group.

In this paper, we carry ou a theoretical and experimental investigation of
adaptive clustering algorithms for linear (contextual) bandits under the assumption
that we have to serve content to a set of n users organized into m << n groups
(or clusters) such that users within each group tend to provide similar feedback to
content recommendations. We give a O(\/T ) regret analysis holding in a standard
stochastically linear setting for payoffs where, importantly, the hidden constants in
the big-oh depend on m, rather than n, as well as on the geometry of the user mod-
els within the different clusters. The main idea of our algorithm is to use confidence
balls of the users’ models to both estimate user similarity, and to share feedback
across (deemed similar) users. The algorithm adaptively interpolates between the
case when we have a single instance of a contextual bandit algorithm making the
same predictions for all users and the case when we have n-many instances pro-
viding fully personalized recommendations. We show that our algorithm can be
implemented efficiently (the large n scenario being of special concern here) by
means of off-the-shelf data-structures relying on random graphs. Finally, we test
our algorithm on medium-size synthetic and real-world datasets, often reporting a
significant increase in prediction performance over known state-of-the-art methods
for bandit problems.

! We postpone the discussion of related work to the chapter 2’s supplementary material.
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2.2 Learning Model

We assume the user behavior similarity is encoded as an unknown clustering of the
users. Specifically, let V' = {1,...,n} represent the set of n users. Then V' can
be partitioned into a small number m of clusters Vi, Vo, ..., Vi, with m << n,
such that users lying in the same cluster share similar behavior and users lying
in different clusters have different behavior. The actual partition of V' (including
the number of clusters m) and the common user behavior within each cluster are
unknown to the learner, and have to be inferred on the fly.

Learning proceeds in a sequential fashion: At each round ¢ = 1,2,..., the
learner receives a user index i; € V together with a set of context vectors C;, =
{zi1,22,..., 21, } C RY. The learner then selects some &; = iy, € Cj,

to recommend to user ¢;, and observes some payoff a; € R, which is a func-
tion of both 7; and the recommended &;. The following assumptions are made
on how index i, set C;,, and payoff a; are generated in round ¢. Index é; rep-
resents the user to be served by the system, and we assume %; is selected uni-
formly at rando from V. Once i; is selected, the number of context vectors c;
in Cj, is generated arbitrarily as a function of past indices i1, ...,%;—1, payoffs
ai,...,at—1, and sets Cj,,...,C;, ,, as well as the current index ¢;. Then the
sequence ¢ 1, T2, - - -, T, of context vectors within Cj, is generated i.i.d. (con-
ditioned on iy, ¢; and all past indices 41, ...,%;—1, payoffs ai,...,a;—1, and sets
Ci,,...,Cj, ) from a random process on the surface of the unit sphere, whose
process matrix E[X X '] is full rank, with minimal eigenvalue A\ > 0. Further as-
sumptions on the process matrix E[X X ] are made later on. Finally, payoffs are
generated by noisy versions of unknown linear functions of the context vectors.
That is, we assume each cluster V}, j = 1,...,m, hosts an unknown parameter
vector u; € R? which is common to each user i € Vjj. Then the payoff value a;(x)
associated with user 7 and context vector 2 € R¢ is given by the random variable

ai(x) = ujT(i):c + €6y ()

where j(i) € {1,2,...,m} is the index of the cluster that node i be-
longs to, and €j(;)(x) is a conditionally zero-mean and bounded variance
noise term.  Specifically, denoting by [E;[-] the conditional expectation
IE[ ! (i1,Ciyya1), ..y (i,g_l,C’Z-t_pat_l),it}7 we assume that for any fixed j €
{1,...,m} and * € R the variable ¢;(z) is such that E;[e;(x)|x] = 0 and
Vi[ej(x)|®] < o?, where V;[-] is a shorthand for the conditional variance

V[- ‘ (11,Ciyya1), .oy (14—1,Chy 4y a—1), it] of the variable at argument. So we
clearly have E;[a;(x)| x| = ujT(i)a: and Vy[a;(z)|z] < o Therefore, u;—(i)a:

is the expected payoff observed at user ¢ for context vector . In the special
case when the noise €;(;)(x) is a bounded random variable taking values in the
range [—1, 1], this implies 02 < 1. We will make throughout the assumption that

2 Any other distribution that insures a positive probability of visiting each node of V would suffice
here.
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a;(x) € [-1,1] forall i € V and z. Notice that this implies —1 < u;.r(l.)x <1 for
all 7 € V and z. Finally, we assume well-separatedness among the clusters, in that
lluj —uj || >~ > 0forall j # j'. We define the regret r; of the learner at time ¢
as
T = <£%}i ujT(it):c> — ujT(Z-t)act .

We are aimed at bounding with high probability (over the variables i;, x; 1, k =
1,..., ¢, and the noise variables €;;,)) the cumulative regret Zthl r¢ . The kind of
regret bound we would like to obtain (we call it the reference bound) is one where
the clustering structure of V' (i.e., the partition of V into Vi,...,Vy,) is known to
the algorithm ahead of time, and we simply view each one of the m clusters as an
independent bandit problem. In this case, a standard contextual bandit analysis [5,

235, [1]] shows that, as T grows large, the cumulative regret Zle r¢ can be bounded
with high probability a{’

Sl = O(S (rd+ llwl| Vi) VT).

For simplicity, we shall assume that ||u;|| = 1 forall j = 1,...,m. Now, a
more careful analysis exploiting our assumption about the randomness of i; (see
the supplementary material) reveals that one can replace the v/7" term contributed

by each bandit j by a term of the form /T (ﬂl1 + ‘:ﬂ), so that under our

assumptions the reference bound becomes

grt:5<(ad+x/&) ﬁ(HéM)) @.1)

Observe the dependence of this bound on the size of clusters V. The worst-case
scenario is when we have m clusters of the same size -, resulting in the bound

Z?zlrt:6<<od+ﬂ> \/W) )

At the other extreme lies the easy case when we have a single big cluster and many
small ones. For instance, |Vi| =n —m+ 1, and |Va| = |V3| = ... |V;,| = 1, for
m << n, gives

S =5((ad+\/&) \/T<1+%>) .

A relevant geometric parameter of the set of w; is the sum of distances SD(u;)
of a given vector u; w.rt. the set of vectors uq,...,u,,, which we define as
SD(uj) = > %, [|luj—uyl||. Ifitis known that SD(u;) is small for all j, one can
modify the abovementioned independent bandit algorithm, by letting the bandits
share signals, as is done, e.g., in [41]. This allows one to exploit the vicinity of

3 The O-notation hides logarithmic factors.
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the u; vectors, and roughly replace 1 + Z;ﬂ:l \/ 5 Vil in |i by a quantity also

depending on the mutual distances ||u; — wj|| among cluster vectors. However,
this improvement is obtained at the cost of a substantial increase of running time
[41]. In our analysis (Theorem [I]in Section [4.4), we would like to leverage both
the geometry of the clusters, as encoded by vectors u;, and the relative size |V|
of the clusters, with no prior knowledge of m (or ), and without too much extra
computational burden.

2.3 The Algorithm

Our algorithm, called Cluster of Bandits (CLUB), is described in Figure In
order to describe the algorithm we find it convenient to re-parameterize the prob-

lem and introduce n parameter vectors ui, U2, . . . , Uy, one per node, where nodes
within the same cluster V; share the same vector. An illustrative example is given
in Figure

The a%ithm maintains at time ¢ an estimate w; ; for vector u; associated with
user ¢ € V. Vectors w; ; are updated based on the payoff signals, similar to a stan-
dard linear bandit algorithm (e.g., [25]]) operating on the context vectors contained
in C;,. Every user ¢ in V' hosts a linear bandit algorithm like the one described in
[41]. One can see that the prototype vector w; ; is the result of a standard linear
least-squares approximation to the corresponding unknown parameter Vector u;. In
particular, w; ;1 is defined through the inverse correlation matrix M, i t 1> and the
additively-updated vector b; ;1. Matrices M; ; are initialized to the d x d identity
matrix, and vectors b; ; are initialized to the d-dimensional zero vector. In addition,
the algorithm maintains at time ¢ an undirected graph G = (V, E}) whose nodes
are precisely the users in V. The algorithm starts off from the complete graph, and
progressively erases edges based on the evolution of vectors w; ;. The graph is
intended to encode the current partltlon of V' by means of the connected compo-
nents of G;. We denote by V1 it Vg e th,t the partition of V' induced by the
connected components of G;. Initially, we have m; = 1 and VLI = V. The clus-
ters ‘7171, ng R th,t (henceforth called the current clusters) are indeed meant
to estimate the underlying true partition Vi, Vs, ..., V,,, henceforth called the un-
derlying or true clusters.

At each time ¢t = 1,2, ..., the algorithm receives the index ¢; of the user to
serve, and the associated context vectors &1, ..., Tt ., (the set Cj,), and must
select one among them. In doing so, the algorithm first determines which cluster
(among VM, Vg,t, R th’t) node ¢; belongs to, call this cluster V;t, ;» then builds

the aggregate weight vector ws , by taking prior s, s < t, such that is € f/;

and computing the least squares approximation as if all nodes 7 € V , have been
collapsed into one. It is weight vector ws, that the algorithm uses to select k;.
In particular,

tt—1

_ Ty | N
ke = iu"gimacx (w;ht_lxt’k + CBjt,t—l(xtk)> .
=Lt
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Input: Exploration parameter o > 0; edge deletion parameter cip > 0
Init:
° bi,O =0 ERdal‘ldMi’Q :IGRdXd, 1=1,...n
e (Clusters ‘7171 =V, number of clusters m; = 1;
e Graph G1 = (V, E;), G is connected over V.
fort=1,2,...,T do
Setwiy—1 =M, ;" 1bie1, i=1,.

Receive i, € V, and get context C;, = {:ct L Lt 1
Determine _]t e {1,. mt} such that 7; € V ,» and set
Jt —1 — =17 + Z i,t—1 —
ZEVH +
b;t,tfl = Z bi’tfl’
’LGVH +
w~ — M1

Jit—1 Mft,tflbgmt*l ;
_ T 1 .
Set k; = argmax WS Tk + CBjt’t,1($t,k)) )

k=1,....ct
CBjt—1( —Oé\/IBT tflw log(t + 1),
jt 1_I+Z i,t— 1_ ) jzla"'7mt-
i€Vj

Observe payoff a; € [—1,1];
Update weights:
o M, =M, 1+xT/,

o by +=Db; 1+ a®,
° Set Miﬂ: = Miﬂf—la biﬁt = bi,t—l for all ¢ 7é it

Update clusters:
e Delete from E; all (i, £) such that

[lwi, 1—1 — wee—1]| > 6sz',,¢-1 + Eﬁl,t—l )

N 1+1log(l+ T,
CBi}t_1:a2\/ +log(1+T;4—1)

)

1+Ti
Tipa=Hs<t-1:is=i}f, i€V
e Let Ey1y be the resulting set of edges, set Giy1 = (V, E¢11), and compute
associated clusters V1 41 V2 ALy th+1ﬂ‘+1

end for

Figure 2.1: Pseudocode of the CLUB algorithm. The confidence functions CB; ;1
and éTai,H are simplified versions of their “theoretical” counterparts TCB;; 1 and
ﬁm_l, defined later on. The factors cv and o are used here as tunable parameters
that bridge the simplified versions to the theoretical ones.
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The quantity CBs +_1(x) is a version of the upper confidence bound in the ap-

proximation of w; , 02 suitable combination of vectors u;, ¢ € V% . — see the
supplementary material for details.

Once this selection is done and the associated payoff a; is observed, the al-
gorithm uses the selected vector &; for updating M;, ;1 to M;, ; via a rank-one
adjustment, and for turning vector b;, ;1 to b;, ; via an additive update whose
learning rate is precisely a;. Notice that the update is only performed at node i,
since for all other ¢ # 7; we have w; ; = w;;—1. However, this update at 7; will

also implicitly update the aggregate weight vector (LA associated with cluster

V;HL ++1 thatnode ¢ will happen to belong to in the next round. Finally, the cluster
structure is possibly modified. At this point CLUB compares, for all existing edges
(i, ¢) € Ey, the distance ||w;, —1 — wy;—1|| between vectors wj, ;1 and w1
to the quantity 673%,,5_1 +CB ¢,t—1 - If the above distance is significantly large (and
w;, +—1 and wy ;1 are good approximations to the respective underlying vectors
u;, and wuy), then this is a good indication that u;, # wu, (i.e., that node i; and node
¢ cannot belong to the same true cluster), so that edge (i, ) gets deleted. The new
graph G4 1, and the induced partitioning clusters Vl,t+1a V27t+1, ceey th 41,t+1, are
then computed, and a new round begins.

2.3.1 Implementation

In implementing the algorithm in Figure the reader should bear in mind that
we are expecting n (the number of users) to be quite large, d (the number of fea-
tures of each item) to be relatively small, and m (the number of true clusters) to be
very small compared to n. With this in mind, the algorithm can be implemented
by storing a least-squares estimator w; ;1 at each node ¢ € V/, an aggregate least
squares estimator w3, for each current cluster jt € {1,...,m}, and an extra
data-structure which is able to perform decremental dynamic connectivity. Fast
implementations of such data-structures are those studied by [100, 55] (see also
the research thread referenced therein). One can show (see the supplementary ma-
terial) that in 7" rounds we have an overall (expected) running time

2, |E1| 2, 13
O(T(d + = d)+m(nd +d®) + | By
+min{n? |E1| logn} + v/n |Eq] log®® n) . 2.2)

Notice that the above is n - poly(logn), if so is |E1|. In addition, if T is large
compared to n and d, the average running time per round becomes O(d? + d -
poly(logn)). As for memory requirements, this implementation takes O(n d? +
md? + |E1]) = O(nd? + |E1|). Again, this is n - poly(log n) if so is | E1|.
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2.3.2 Regret Analysis

Our analysis relies on the high probability analysis contained in [[1]] (Theorems 1
and 2 therein). The analysis (Theorem [1| below) is carried out in the case when
the initial graph G is the complete graph. However, if the true clusters are suf-
ficiently large, then we can show (see Remark {4)) that a formal statement can be
made even if we start off from sparser random graphs, with substantial time and
memory savings.

The analysis actually refers to a version of the algorithm where the confidence
bound functions CB;;—1(-) and CBjt 1 dn in Figure n are replaced by their “theo-
retical” counterparts TCB; ;- 1(+), and TCB; 4—1s respectlvelyl Wthh are defined as
follows. Set for brevity

S e e C)
+

where ()1 = max{z,0}, x € R. Then, for j = 1,...,my,

/ M,
TCBj—1(x) = \/a:TM pal 1w<a Qlog‘ 5];2” +1>, (2.3)

being | - | the determinant of the matrix at argument, and, fori € V,

oy/2d logt + 2log(2/6) + 1

TACT3.¢_1 = 2.4)

' V14 AT -1,6/(2nd))
Recall the difference between true clusters Vi,...,V,, and current clusters
V1,t7 ... th + maintained by the algorithm at time ¢. Consistent with this differ-

ence, we let G = (V, E) be the true underlying graph, made up of the m disjoint
cliques over the sets of nodes Vi,...,V,,, C V, and Gy = (V, E;) be the one
kept by the algorithm — see again Figure for an illustration of how the algo-
rithm works. The following is the main theoretical result of this chapterE] where
additional conditions are needed on the process X generating the context vectors.

Theorem 1. Let the CLUB algorithm of Figure 2.1 be run on the initial complete
graph G1 = (V, Ey), whose nodes V. = {1,...,n} can be partitioned into m
clusters V1, ..., Vy, where, for each j = 1,...,m, nodes within cluster V; host
the same vector wj, with ||uj|| = 1 for j = 1,...,m, and ||luj; — uy|| > v >
0 for any j # j'. Denote by vj = |Vj| the cardinality of cluster V;. Let the

CB;+(+) function in Figure be replaced by the TCBj(-) function defined in
, and (’Z\Ei,t be replaced by ”fal/?,i,t defined in . In both TCB; and ﬁi,t,

“Notice that, in all our notations, index 4 always ranges over nodes, while index j always ranges
over clusters. Accordingly, the quantities CB; ; and TCB; ; are always associates with node i € V/,
while the quantities CB; ¢—1(+) and TCB;;—1 (-) are always associates with clusters j € {1,...,m¢}.

5 The proof is provided in the supplementary material of chapter 2.
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/VZ S

Vs Vi

Vi

oY

Vi Ve,
Figure 2.2: A true underlying graph G = (V,E) made up of n = |V| = 11
nodes, and m = 4 true clusters V; = {1,2,3}, Vo = {4,5}, V3 = {6,7,8,9}, and
Vy = {10,11}. There are m; = 2 current clusters Vl,t and 1727t. The black edges
are the ones contained in F, while the red edges are those contained in F; \ E. The
two current clusters also correspond to the two connected components of graph
Gy = (V,E;). Since aggregate vectors w]t are build based on current cluster
membership, if for instance, i; = 3, then j; = 1, so M 1= I+Zz 1 (M 41 —
I),b141 _Zz 1 bit—1,and w1 —Mu b1

let § therein be replaced by 0/10.5. Let, at each round t, context vectors C;, =
{Zs1,..., @, } being generated i.i.d. (conditioned on i, c; and all past indices
U1,y ...,%—1, payoffs ai,...,ai—1, and sets C;, ..., C;, ) from a random process
X such that || X|| = 1, E[XX ] is full rank, with minimal eigenvalue \ > 0.
Moreover;, for any fixed unit vector z € R?, let the random variable (zTX )2 be
(conditionally) sub-Gaussian with variance parameter v> = V; [(zTX )2 | ct] <
ﬁ?%), with ¢; < cfor all t. Then with probability at least 1 — § the cumulative
regret satisfies

Zrt:6<(0\/;i+ 1) vm (; + \/T(l +§:\/E)>

t=1
n  no’d

((aer 1) ( iﬁ)) 2.5)

as T grows large. In the above, the O-notation hides log(1/§), logm, logn, and
log T factors.

Remark 1. A close look at the cumulative regret bound presented in Theorem l|
reveals that this bound is made up of three main terms: The first term is of the form

(m/%Jr\/ﬁ)%er

This term is constant with T, and essentially accounts for the transient regime due
to the convergence of the minimal eigenvalues of M and M; ; to the correspond-
ing minimal eigenvalue \ of E[X X 7). The second term is of the form
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<n no’d

This term is again constant with T, but it depends through E[SD(u;,)] on the
geometric properties of the set of w; as well as on the way such w; interact with
the cluster sizes vj. Specifically,

E[SD(uq,)] = 32701 5 3y |l — ]
Hence this term is small if, say, among the m clusters, a few of them together cover
almost all nodes in V' (this is a typical situation in practice) and, in addition, the
corresponding w; are close to one another. This term accounts for the hardness
of learning the true underlying clustering through edge pruning. We also have an
inverse dependence on ~%, which is likely due to an artifact of our analysis. Recall
that ~y is not known to our algorithm. Finally, the third term is the one charac-
terizing the asymptotic behavior of our algorithm as T’ — oo, its form being just
(2.3). It is instructive to compare this term to the reference bound obtained
by assuming prior knowledge of the cluster structure. Broadly speaking, (2.5)) has

an extra \/m factor,H and replaces a factor \/d in by the larger factor \/g

Remark 2. The reader should observe that a similar algorithm as CLUB can be
designed that starts off from the empty graph instead, and progressively draws
edges (thereby merging connected components and associated aggregate vectors)
as soon as two nodes host individual vectors w;; which are close enough to one
another. This would have the advantage to lean on even faster data-structures for
maintaining disjoint sets (e.g., [20]][ Ch. 22]), but has also the significant drawback
of requiring prior knowledge of the separation parameter . In fact, it would not
be possible to connect two previously unconnected nodes without knowing some-
thing about this parameter. A regret analysis similar to the one in Theorem|[I|exists,
though our current understanding is that the cumulative regret would depend lin-
early on +/n instead of \/m. Intuitively, this algorithm is biased towards a large
number of true clusters, rather than a small number.

Remark 3. A data-dependent variant of the CLUB algorithm can be designed and
analyzed which relies on data-dependent clusterability assumptions of the set of
users with respect to a set of context vectors. These data-dependent assumptions
allow us to work in a fixed design setting for the sequence of context vectors Ty,
and remove the sub-Gaussian and full-rank hypotheses regarding E| X X T]. On the
other hand, they also require that the power of the adversary generating context
vectors be suitably restricted. See the supplementary material for details.

® This extra factor could be eliminated at the cost of having a higher second term in the bound,
which does not leverage the geometry of the set of u;.
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Remark 4. Last but not least, we would like to stress that the same analysis con-
tained in Theorem|l|extends to the case when we start off from a p-random Erdos-
Renyi initial graph G = (V, E), where p is the independent probability that two
nodes are connected by an edge in Gy. Translated into our context, a classical
result on random graphs due to [58|] reads as follows.

Lemma 2. Given V. = {1,...,n}, let Vi,...,V,, be a partition of V, where
|Vi| > sforallj =1,...,m. Let Gy = (V,Ey) be a p-random Erdos-Renyi
graph with p > %61"2/6) . Then with probability at least 1 — § (over the
random draw of edges), all m subgraphs induced by true clusters V1, ..., V,, on
G are connected in GG1.

For instance, if |V;| = B %, j = 1,...,m, for some constant 3 € (0,1), then it
Ei| =0 (%‘W) . Under these assumptions, if the initial
graph G is such a random graph, it is easy to show that Theorem|[l|still holds. As
mentioned in Section (Eq. therein), the striking advantage of beginning
with a sparser connected graph than the complete graph is computational, since we
need not handle anymore a (possibly huge) data-structure having n’-many items.
In our experiments, described next, we set p = 310%, so as to be reasonably
confident that G is (at the very least) connected.

suffices to have

2.4 Experiments

We tested our algorithm on both artificial and freely available real-world datasets
against standard bandit baselines.

2.4.1 Datasets

Artificial datasets. We firstly generated synthetic datasets, so as to have a more
controlled experimental setting. We tested the relative performance of the algo-
rithms along different axes: number of underlying clusters, balancedness of cluster
sizes, and amount of payoff noise. We set ¢, = 10 forall t = 1,...,T, with time
horizon T" = 5, 000 + 50, 000, d = 25, and n = 500. For each cluster V; of users,
we created a random unit norm vector u; € R?. All d-dimensional context vectors
x4 1, have then been generated uniformly at random on the surface of the Euclidean
ball. The payoff value associated with cluster vector u; and context vector x; 5 has
been generated by perturbing the inner product ujTa:t,k through an additive white
noise term e drawn uniformly at random across the interval [—o, o]. It is the value
of o that determines the amount of payoff noise. The two remaining parameters
are the number of clusters m and the clusters’ relative size. We assigned to cluster

V; a number of users |V}| calculated a \Vj| = nz;’];:;:e—z’j =1,...,m, with

7 We took the integer part in this formula, and reassigned the remaining fractionary parts of users
to the first cluster.
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z € {0,1,2,3}, so that z = 0 corresponds to equally-sized clusters, and z = 3
yields highly unbalanced cluster sizes. Finally, the sequence of served users i; is
generated uniformly at random over the n users.

LastFM & Delicious datasets. These datasets are extracted from the music
streaming service Last.fm and the social bookmarking web service Delicious. The
LastFM dataset contains n = 1,892 nodes, and 17,632 items (artists). This dataset
contains information about the listened artists, and we used this information to cre-
ate payoffs: if a user listened to an artist at least once the payoff is 1, otherwise the
payoff is 0. Delicious is a dataset with n = 1,861 users, and 69,226 items (URLs).
The payoffs were created using the information about the bookmarked URLs for
each user: the payoff is 1 if the user bookmarked the URL, otherwise the payoff is
Oﬂ These two datasets are inherently different: on Delicious, payoffs depend on
users more strongly than on LastFM, that is, there are more popular artists whom
everybody listens to than popular websites which everybody bookmarks. LastFM
is a “few hits” scenario, while Delicious is a “many niches” scenario, making a big
difference in recommendation practice. Preprocessing was carried out by closely
following previous experimental settings, like the one in [41]]. In particular, we
only retained the first 25 principal components of the context vectors resulting
from a tf-idf representation of the available items, so that on both datasets d = 25.
We generated random context sets Cj, of size ¢; = 25 for all ¢ by selecting index
i¢ at random over the n users, then picking 24 vectors at random from the available
items, and one among those with nonzero payoff for user itﬂ We repeated this
process T' = 5,000 + 50, 000 times for the two datasets.

Yahoo dataset. We extracted two datasets from the one adopted by the “ICML
2012 Exploration and Exploitation 3 Challenge’@] for news article recommenda-
tion. Each user is represented by a 136-dimensional binary feature vector, and we
took this feature vector as a proxy for the identity of the user. We operated on
the first week of data. After removing “empty” usersE this gave rise to a dataset
of 8,362,905 records, corresponding to n = 713, 862 distinct users. The overall
number of distinct news items turned out to be 323, ¢; changing from round to
round, with a maximum of 51, and a median of 41. The news items have no fea-
tures, hence they have been represented as d-dimensional versors, with d = 323.
Payoff values a; are either 0 or 1 depending on whether the logged web system
which these data refer to has observed a positive (click) or negative (no-click) feed-
back from the user in round ¢. We then extracted the two datasets “Sk users” and
“18k users” by filtering out users that have occurred less than 100 times and less
than 50 times, respectively. Since the system’s recommendation need not coincide
with the recommendation issued by the algorithms we tested, we could only retain

8 Datasets and their full descriptions are available at www . grouplens.org/node/462.

° This is done so as to avoid a meaningless comparison: With high probability, a purely random
selection would result in payoffs equal to zero for all the context vectors in Cj, .

Y https://explochallenge.inria.fr/

" Qut of the 136 Boolean features, the first feature is always 1 throughout all records. We call
“empty” the users whose only nonzero feature is the first feature.
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the records on which the two recommendations were indeed the same. Because
records are discarded on the fly, the actual number of retained records changes
across algorithms, but it is about 50,000 for the “Sk users” version and about
70, 000 for the “18k users” version.

2.4.2 Algorithms

We compared CLUB with two main competitors: LinUCB-ONE and LinUCB-
IND. Both competitors are members of the LinUCB family of algorithms [} 25,
69, [1, 41]. LinUCB-ONE allocates a single instance of LinUCB across all users
(thereby making the same prediction for all users), whereas LinUCB-IND (“Lin-
UCB INDependent”) allocates an independent instance of LinUCB to each user,
thereby making predictions in a fully personalised fashion. Moreover, on the
synthetic experiments, we added two idealized baselines: a GOBLIN-like algo-
rithm [41] fed with a Laplacian matrix encoding the true underlying graph G,
and a CLAIRVOYANT algorithm that knows the true clusters a priori, and runs
one instance of LinUCB per cluster. Notice that an experimental comparison to
multitask-like algorithms, like GOBLIN, or to the idealized algorithm that knows
all clusters beforehand, can only be done on the artificial datasets, not in the real-
world case where no cluster information is available. On the Yahoo dataset, we
tested the featureless version of the LinUCB-like algorithm in [41]], which is essen-
tially a version of the UCB1 algorithm of [6]. The corresponding ONE and IND
versions are denoted by UCB-ONE and UCB-IND, respectively. On this dataset,
we also tried a single instance of UCB-V [4] across all users, the winner of the
abovementioned ICML Challenge. Finally, all algorithms have also been com-
pared to the trivial baseline (denoted by RAN) that picks the item within C;, fully
at random.

As for parameter tuning, CLUB was run with p = 310%, S0 as to be reasonably
confident that the initial graph is at least connected. In fact, after each generation
of the graph, we checked for its connectedness, and repeated the process until the
graph happened to be connected All algorithms (but RAN) require parameter
tuning: an exploration-exploitation tradeoff parameter which is common to all al-
gorithms (in Figure this is the o parameter), and the edge deletion parameter
a in CLUB. On the synthetic datasets, as well as on the LastFM and Delicious
datasets, we tuned these parameters by picking the best setting (as measured by
cumulative regret) after the first ¢ = 5, 000 rounds, and then sticked to those val-
ues for the remaining 7' — {9 = 50,000 rounds. It is these 50,000 rounds that
our plots refer to. On the Yahoo dataset, this optimal tuning was done within the
first to = 100, 000 records, corresponding to a number of retained records between
4,350 and 4, 450 across different algorithms.

12 Our results are averaged over 5 random initial graphs, but this randomness turned out to be a
minor source of variance.



CHAPTER 2. CENTRALIZED CLUSTERING BANDITS 28

—cLus
08 ——LINUCB-IND 08
3 —LINUCB-ONE 3
207 GOBLIN 507}
—— CLAIRVOYANT B

—cLus

—LINUCB-IND

—LINUCB-ONE |—
GOBLIN

—— CLAIRVOYANT

—cLus —cLus
——LINUCB-IND 04| ——LINUCB-IND
— LINUCB-ONE z — LINUCB-ONE
GOBLIN 507 GOBLIN
——CLAIRVOYANT ; —— CLAIRVOYANT

Figure 2.3: Results on synthetic datasets. Each plot displays the behavior of the
ratio of the current cumulative regret of the algorithm (“Alg”) to the current cu-
mulative regret of RAN, where “Alg” is either “CLUB” or “LinUCB-IND” or
“LinUCB-ONE” or “GOBLIN”or “CLAIRVOYANT”. In the top two plots cluster
sizes are balanced (z = 0), while in the bottom two they are unbalanced (z = 2).
2.4.3 Results

Our results are summarized irﬁ Figures and On the synthetic datasets
(Figure [2.3) and the LastFM and Delicious datasets (Figure [2.4) we measured the
ratio of the cumulative regret of the algorithm to the cumulative regret of the ran-
dom predictor RAN (so that the lower the better). On the synthetic datasets, we did
so under combinations of number of clusters, payoff noise, and cluster size bal-
ancedness. On the Yahoo dataset (Figure [4.5)), because the only available payoffs
are those associated with the items recommended in the logs, we instead measured
the Clickthrough Rate (CTR), i.e., the fraction of times we get a; = 1 out of the
number of retained records so far (so the higher the better). This experimental
setting is in line with previous ones (e.g., [69]) and, by the way data have been pre-
pared, gives rise to a reliable estimation of actual CTR behavior under the tested
experimental conditions [70].

Based on the experimental results, some trends can be spotted: On the syn-
thetic datasets, CLUB always outperforms its uninformed competitors LinUCB-
IND and LinUCB-ONE, the gap getting larger as we either decrease the number
of underlying clusters or we make the clusters sizes more and more unbalanced.
Moreover, CLUB can clearly interpolate between these two competitors taking, in
a sense, the best of both. On the other hand (and unsurprisingly), the informed
competitors GOBLIN and CLEARVOYANT outperform all uninformed ones. On
the “few hits” scenario of LastFM, CLUB is again outperforming both of its com-
petitors. However, this is not happening in the “many niches” case delivered by

BFurther plots can be found in the supplementary material.



CHAPTER 2. CENTRALIZED CLUSTERING BANDITS 29

uuuuuuuuuuuuuuuuuuuuuuuuuuuu

5 —CLUuB %
£ oo —LINUCB-IND ¥ 0o
—LINUCB-ONE| €

3 —cLus
g ——LINUCB-IND
——LINUCB-ONE|

o 1 2 3 4 5 0 1 2 3 4 5

uuuuuuuuuuuuuu

Figure 2.4: Results on the LastFM (left) and the Delicious (right) datasets. The
two plots display the behavior of the ratio of the current cumulative regret of the
algorithm (“Alg”) to the current cumulative regret of RAN, where “Alg” is either
“CLUB” or “LinUCB-IND” or “LinUCB-ONE”.
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Figure 2.5: Plots on the Yahoo datasets reporting Clickthrough Rate (CTR) over
time, i.e., the fraction of times the algorithm gets payoff one out of the number of
retained records so far.

the Delicious dataset, where CLUB is clearly outperformed by LinUCB-IND. The
proposed alternative of CLUB that starts from an empty graph (Remark [2) might
be an effective alternative in this case. On the Yahoo datasets we extracted, CLUB
tends to outperform its competitors, when measured by CTR curves, thereby show-
ing that clustering users solely based on past behavior can be beneficial. In general,
CLUB seems to benefit from situations where it is not immediately clear which
is the winner between the two extreme solutions (Lin)UCB-ONE and (Lin)UCB-
IND, and an adaptive interpolation between these two is needed.
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2.5 Supplementary

This supplementary material contains all proofs and technical details omitted from
the main text, along with ancillary comments, discussion about related work, and
extra experimental results.

2.5.1 Proof of Theorem 1

The following sequence of lemmas are of preliminary importance. The first one
needs extra variance conditions on the process X generating the context vectors.

We find it convenient to introduce the node counterpart to TCB;;—1(x), and
the cluster counterpart to "f(?ﬁi7t_1. Given round ¢, node ¢ € V, and cluster index
je{l,...,m}, welet

TCB;—1(x) =

ov/2d logt + 2log(2/6) + 1

ﬁj,t—l = — )
1+ A\(Ty5o1,6/(2m1d))

being
Tji—1 = Z Tipo1={s<t—1:i,€Vj},
iE‘A/j,t

i.e., the number of past rounds where a node lying in cluster f/jﬂg was served. From
a notational standpoint, notice the differencﬂ between T/E]/3i7t_1 and TCB; +—1(x),
both referring to a single node 7 € V, and T/Cij,t,l and TCBj7t,1($) which refer
to an aggregation (cluster) of nodes 5 among the available ones at time ¢.

Lemma 3. Let, at each round t, context vectors C;, = {4 1,..., %, } being
generated i.i.d. (conditioned on i, c; and all past indices 11, ... ,1;_1, rewards
ai,...,a;—1, and sets C;, ..., C;, ) from a random process X such that || X|| =

1, E[X X "] is full rank, with minimal eigenvalue X > 0. Let also, for any fixed
unit vector z € R%, the random variable (2" X)? be (conditionally) sub-Gaussian
with variance paramete

)\2

2=V, (2" X)? A
g t[(z ) ’ct] ~ 8log(4ct)

vt .

Then
TCBiﬂg(iB) < ﬁiﬂg

14 Also observe that 2nd has been replaced by 2™ 1d inside the log’s.
15 Random variable (z " X)? is conditionally sub-Gaussian with variance parameter o > 0 when
Ei[exp(y (2" X)?)|e:] < exp(0®~?/2) for all v € R. The sub-Gaussian assumption can be

. . . . . 2
removed here at the cost of assuming the conditional variance of (2" X)? scales with ¢; like %’
)\2

instead of Toa(er)”
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holds with probability at least 1 — 6 /2, uniformly overi € V, t =0,1,2..., and
x € R such that ||z|| = 1.

Proof. Fix node 7 € V and round ¢. By the very way the algorithm in Figure 1 is
defined, we have

First, notice that by standard arguments (e.g., [30]) we have
log |M; ] < dlog(1+ Tiy/d) < dlog(1+1).

Moreover, denoting by Apax () and Apin () the maximal and the minimal eigen-
value of the matrix at argument we have that, for any fixed unit norm = € R,

1

Tar—1 !
2 M3 < A (M) = e
b — max( ) 1+ )\min(S’ivt)

2,

Hence, we want to show with probability at least 1 — §/(2n) that

Amin(Sit) > AT ¢ /4 — 8log (n

Ti¢+3
‘V 7% (5

holds for any fixed node i. To this end, fix a unit norm vector z € R%, a round
s < t, and consider the variable

(2.6)

Vi=2z" (;i:saz-} — E,[Z,2, ycs]) z
= (zT:f:s)2 — IES[(zT:I:S)2 | cs]

The sequence V1, Va, ..., Vr, , is a martingale difference sequence, with optional
skipping, where T ; is a stopping timeE] Moreover, the following claim holds.

Claim 1. Under the assumption of this lemma,

Es[(zT24)2 | cs] > A/4.

Proof of claim. Lein round s the context vectors be C;, = {Zs1,...,Tsc, }»
and consider the corresponding i.i.d. random variables Z; = (z—rarzsyi)2 —
Es[(zTxs;)?|cs), i = 1,...,cs. Since by assumption these variables are (zero-
mean) sub-Gaussian, we have that (see, e.g., [77][Ch.2])

Ps(Zi < —aler) <Ps(|Zi] > ala) < 9e—a* /27

16 More precisely, we are implicitly considering the sequence 7; 1 V1, 7:.2Va, . . ., 1:.: Vi, where
ni,s = Lif is = 4, and 0 otherwise, with Ty,; = >'_ | ..
17 This proof is based on standard arguments, and is reported here for the sake of completeness.
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holds for any i, where Pg(+) is the shorthand for the conditional probability
P (-| (i1, Ciysa1), - -, (is—1, Ci,_y5 as1),is ) -

The above implies

Therefore
(=02 o] 2 B | min_ (=7e.i? e
> (A —a) (1 - 2e—“2/2”2)cs .
Since this holds for all « € R, we set a = 212 log(4cs) to get

(1 - 2e*a2/2v2>cs = (1 - 55)% > 1/2 (because ¢ > 1), and A — a > A/2

(because of the assumption on v?). Putting together concludes the proof of the
claim. O

We are now in a position to apply a Freedman-like inequality for matrix mar-
tingales due to [83),[101]] to the (matrix) martingale difference sequence

Ei[21Z] |c1] — 212 , Ea[Zo®s | o] — Eaiy ...

with optional skipping. Setting for brevity X, = &,z , and
Wy = Z (ES[st | es] — E?[Xs ’CSD )
s<t:is=i
Theorem 1.2 in [[101] implies

P(3t : Amin (i) < Tithmin(Ba[X1 | e1]) = a, [ Wil < 0?)

a2/2

<de o*t2/3 (2.7)

where ||W¢|| denotes the operator norm of matrix W;.
We apply Claim [I} so that Apin(Ei[X1 | c1]) > A/4, and proceed as in, e.g.,
[22]. We set for brevity A(z,0) = 2log %@, and f(A,r) = 2A + VAr.
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We can write

P(3t : Amin(Sie) < AminTie/4 = fAIWi ), Wil )
S P(Ht : Amin(Si,t) S AminTi,t/4 - f(A(Tv 6)7 T)?
r=0

Wil =7)

< SOP(3t: Awin (Si0) < AminTie/4 = FA(r,8),7),
r=0

Wil <7 +1)

00 2

__ f7(A(r,6),m)/2
<d E e rTi+2f(A(r8).m)/3
=0

the last inequality deriving from (2.7). Because f(A,r) satisfies f2(A4,7) >
Ar+ A+ % f(A,r)A, we have that the exponent in the last exponential is at least
A(r,§)/2, implying
o0 oo 6
—A(rd)/2 _
e = — <
Z Z (r+1)(r+3)

r=0 r=0

which, in turn, yields
P<3t : )\min(si,t) < Ti,t)\min/4
— FCAQIWlL 8/d), IV ]))
<9J.

Finally, observe that
IWell < > B[ el

s<t:ig=1t

= Z |[Es[Xs | 5]

s<t:is=t

< Z Es[||Xs | cs]l]

s<t:ig=i

<Ti:.
Therefore we conclude
PVt + Amin(Sie) > AminTis/4 = J(A(Tiz,6/d), 1))
>1-9.

Stratifying over ¢ € V, replacing ¢ by §/(2n) in the last inequality, and overap-
proximating proves the lemma. O
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Lemma 4. Under the same assumptions as in Lemma 3] we have

[lui — wigl| < TCBj

34

holds with probability at least 1 — 6, uniformly overi € V, andt =0,1,2, .. ..

Proof. From [1] it follows that

Ju

i T — 'th93| < TCB; ()

holds with probability at least 1 — §/2, uniformly overi € V, ¢t =0,1,2,....

x € R%. Hence,

|| —w;s|| <  max \uT:c—thm]

xR |[xf|=1

< max TCB;(x)
zeR?: ||z||=1

< TCByt

and

the last inequality holding with probability > 1—¢/2 by Lemma This concludes

the proof.

Lemma 5. Under the same assumptions as in Lemma 3}

L If ||u; — uj|| > ’yandf(\:/BZ"t +"1f61/3j7t < 7/2 then

||wiy — wjy|| > TCBiy + TCBj,

O]

holds with probability at least 1 — 0§, uniformly over i,j € V and t =

0,1,2,...;
2. i [lwiy —wjel| > Tf(fiivt + TfCVBN then

|Jw; — wj|| >

holds with probability at least 1 — 0§, uniformly over i,j € V andt =

0,1,2,...
Proof. 1. We have

7 < i = ]
= [Juwi —wip+wip —wjp+wjp — |
< lwi — wie]] + [|wie — wjel| + [|wje — uy|
< TCBjyt + ||wis — wjy|| + TCBj
(from Lemma [4))

<lwi — wjqel| + /2,

ie., ||wi7t — 'wjytH > ’Y/Q > ﬁi,t + ”[/‘—C?]gjﬂg .
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2. Similarly, we have

TCB;t + TCBjt < [[w; ¢ — wj 4|
< s — wig]| + [Jwi — uyl|
+ [|wj — uj|
< TCB;y + ||u; — || + TCBj; ,

implying ||u; — u;|| > 0. By the well-separatedness assumption, it must be
the case that ||u; — u;|| > 7.
O

From Lemma (3] it follows that if any two nodes ¢ and j belong to different true
clusters and the upper confidence bounds TCB; ; and TCB;; are both small enough,
then it is very likely that edge (i, j) will get deleted by the algorithm (Lemma
Item 1). Conversely, if the algorithm deletes an edge (4, j), then it is very likely that
the two involved nodes 7 and j belong to different true clusters (Lemma[5] Item 2).
Notice that, we have £ C FE; with high probability for all ¢. Because the clusters
VLt, ey th,t are induced by the connected components of G; = (V, E,), every
true cluster V; must be entirely included (with high probability) in some cluster
‘A/j,t. Said differently, for all rounds ¢, the partition of V' produced by V1,...,V,,
is likely to be a refinement of the one produced by Vl,t, e th,t (in passing, this
also shows that, with high probability, m; < m for all ¢). This is a key property to
all our analysis. See Figure 2 in the main text for reference.

Lemma 6. Under the same assumptions as in Lemma @ if jﬁ is the index of the
current cluster node i, belongs to, then we have

TCB3t7t_1(zc) < TCB3, ;4
holds with probability at least 1 — § /2, uniformly over all roundst = 1,2, ..., and
x € R? such that ||z|| = 1.

Proof. The proof is the same as the one of Lemma 3] except that at the very end
we need to stratify over all possible shapes for cluster V;A.t ;» Tather than over the

n nodes. Now, since with high probability (Lemma , V;ﬁ , 18 the union of true
clusters, the set of all such unions is with the same probability upper bounded by
2m, O

The next lemma is a generalization of Theorem 1 in [1], and shows a conver-

gence result for aggregate vector w; ;1.

Lemma 7. Let t be any round, and assume the partition of V produced by true
clusters Vi,..., Vi, is a refinement of the one produced by the current clusters
Vigs.oosVingt. Let j = ji be the index of the current cluster node i; belongs
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to. Let this cluster be the union of true clusters V; ,V;,, ..., Vj,, associated with
(distinct) parameter vectors wj, , Wjs,, . . . ,u;,, respectively. Define
"1
_ g1
w =M (> zLt > (Mip1—1) | uy,
=1 i€V,
Then:

1. Under the same assumptions as in Lemma
Hﬂt — 'wj,tle < V3m T/‘C\l/?»j’tfl

holds with probability at least 1 — 0, uniformly over cluster indices j =
1,....my androundst = 1,2, ....

2. For any fixed u € RY we have

k
[ —ul| <2 [Juj, —ul| < 25D(u) .
(=1

Proof. Let Xy ;1 be the matrix whose columns are the d-dimensional vectors &,
forall s <t : i, € Vj,, BAy;_1 be the column vector collecting all payoffs a,
s <t :is€Vj,andn,, ; bethe corresponding column vector of noise values.
We have

— r—1 -
Wy =M, 1bj1,

with
) k
bjﬂgfl = ZXK,t—lBAZ,t—I
=1
k
= Xp (Xé,rt_luje - mz,H)
=1
k
= > (M1 = Dwg, + Xop1 Mgy
=1 \ieV;,
Thus

k

_ _ — 1
Wi t—1 — U = Mj,tl—l (Z <X12,t1 MNet—1 — % "ﬂ))

(=1
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and, for any fixed x € R? : ||z|| = 1, we have

2
- T T

. T
1 1
= Z Xot—1Mp—1 — % Uy, =17

(=1
k

-
- 1 -
< xTMj7t1_1$ <Z (Xg,t—1 Meg—1 — = ujz)) Mj,tl—l

(=1

k
1
X ( E <X£,t—1 Met-1~ % sz))
—1

Tar—1
<2x Mj’t_lat

k k
T _
X <(Z Xot-1 772,#1) M37t1—1 (Z Xei-1 W,tfl)
=1

/=1

1 k T k
o (g m) 3 (S
(=1 =1
(using (a + b)? < 2a? + 2b%).

We focus on the two terms inside the big braces. Because f/jﬂg is made up of
the union of true clusters, we can stratify over the set of all such unions (which
are at most 2" with high probability), and then apply the martingale result in [1]
(Theorem 1 therein), showing that

k

5 T
<Z Xot—1 77@,t—1> thtlfl (Z X1 77€,t—1>
=1

=1 B
< 202 <log %;ﬂJ)
holds with probability at least 1 — §/2. As for the second term, we simply write
A T k L

Putting together and overapproximating we conclude that

2
<1.

|ﬁ);»|:t_1$ — ﬁ;r$| <V3m TCBjﬂg,l(w)
and, since this holds for all unit-norm x, Lemma@yields

|wji—1 — || < V3mTCBj—1,
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thereby concluding the proof of part 1.
As for part 2, because

we can rewrite u as

so that

Hence
1 k
e =l < o || 5L Y g, — )|
(=1

k
0| S (M — 1) (g, — )|
= i€V,

~
—_

1
K

IN

k
[, —w)ll + D [, — ul]
=1

M- 1

IA
()

[|j, —ull

~
Il

1

as claimed. O]

The next lemma gives sufficient conditions on 7;; (or on T}@ to insure that
TCB;; (or TCB;;) is small. We state the lemma for TCB;;, but the very same
statement clearly holds when we replace ﬁi,t by T/‘(?ﬁjﬂj, T;+ by Tj, and n by
2™,

Lemma 8. The following properties hold for upper confidence bound Tféﬁi’t:

1. TCB; 4 is nonincreasing in T} 4;
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2. Let A= 0+/2d log(1 + t) + 2log(2/5) + 1. Then

__ A
TCB;; < —F—————
’ V14T ./8
when ) )
2-32 2nd 32 2nd
e log( 5 > tog ()\210 <5>> ;
3. We have
TCB;; < v/4
when

32 A? 64 2nd
Tt 27 maX{,yga N log <5>

‘1 322 oo (24
o ) .
S\ By
Proof. The proof follows from simple but annoying calculations, and is therefore
omitted. O

We are now ready to combine all previous lemmas into the proof of Theorem
1.

Proof. Let t be a generic round, 7,5 be the index of the current cluster node i,
belongs to, and j; be the index of the frue cluster i; belongs to. Also, let us define
the aggregate vector wj, ;1 as follows :

wjt,t—l = M} 1bj, i1,

_]t, 1—I+Z 1t1_

i€Vj,

bj, 1= E b1 .

1€Vy,

Assume Lemma [5| holds, implying that the current cluster V;t , 1s the (disjoint)
union of true clusters, and define the aggregate vector u; accordingly, as in the
statement of Lemma Notice that wj, ;1 is the true cluster counterpart to

w3 4 g that is, wj, ;-1 = w5 4 itVv;, = V%t. Also, observe that u; = u;,

when V;, = V;t ;- Finally, set for brevity

* T
Ty = argmax uita:
:EGCit
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We can rewrite the time-t regret r; as follows:

ry = u:twf - uiTt:Et
= u;;acf - w;7t_1wf + ’L_U;;t_lmf — @}j{’tilxr
+ fu;Tt’Hm;* — W T+ W), Ty — u By
Combined with
Wl X +TCBs , (xF) <@ T+ TCB: . (Ty),
Je,t—1 Je,t—1 Get—1 Je,t—1
and rearranging gives
ry < ulazf - '&);;t_lmf - TCBjt,til(scf) (2.8)
+ W, 1By — wl B+ TCBs | (F) (2.9)
+ (@) 01— @5, ,_,) ' (] — &) . (2.10)

We continue by bounding with high probability the three terms (2.8), (2.9), and

As for (2.8)), and (2.9), we simply observe that Lemma allowﬁ us to write

T _ T _ —=
U, Ty — Wj, 1Ty < ||ui, — Wy, 1—1|| < TCBj, 11,
and
_ _ T _ —
Wj, 1t — Wy, By < |[ug, — Wy, 1] < TCBj, p1 .
Moreover,
TCB}tytil(mt) < TCBj,,
(by Lemma [6)
< TCBj, t—1
(by Lemma and the definition of j;).
Hence,

+ (2.9) < 37CBj, 41 2.11)

holds with probability at least 1 — 24, uniformly over ¢.
As for (2.10), letting {-} be the indicator function of the predicate at argument,

'8 This lemma applies here since, by definition, Wy, t—1 is built only from payoffs from nodes in
Vi, , sharing the common unknown vector u;, .
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we can write
_ _ T, x _
(wjt,t—l - wjt7t71) (wt - mt)
= ()01 — ui) (@ — @) + (wi, — W) " (€] — &)
_ _ T, x _
+(w —ws, , ) (xf — )
< 2TCBjyp—1 + 2 ||us, — || +2V3m TCBs |,
(using Lemmafd] ||z} — ;|| < 2, and Lemmal[7] part 1)
= 2TCBj, 1+ 2{Vj, #V;,
+2v3m TCB~ i1
jt,
< 2(1+ V3m) TCBj, 11 + 4{Vj, # V5,,} SD(u;,)

(by Lemma[5] and Lemmal(7} part 2) .

,t} Hult - ﬁt”

Piecing together we have so far obtained

re < (54 2V3m) TCBj, 11
+ 4{Vjt # ‘A/}t,t}SD(uit) .

We continue by bounding {V}, # V% .} From Lemma we clearly have

Vi, # V;t,t}
< {Elz' €V;,3j ¢ Vi, 1 Vs < t((is # 1)
V (s = 1, |Jis 1+ wjs || < TCBi, 1 + TCB1 1)) |

<{Fi eV, :Vs<tis#i}

+{3i € ijaj §Z Vjt :

Vs <t H’CUi,sfl + wj7571|| < ﬁi,sfl + ﬁjysfl}

<{FieV;, :Vs<tis#i}

+{3ieV,,3j¢V;

Vs <t ﬁi,s—l + 'I:E/Bj7s_1 > ’7/2}

<{FieV;, :Vs<tis#i}

+{F €V : Vs <t TCB;s_1 >7/4}.

At this point, we apply Lemma to T/aaw with

A2 = (a\/Qd log(1+ T) + 21og(2/3) + 1)2
< 40?(d log(1 + T) +log(2/6)) + 2,

41

(2.12)
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and set for brevity

po 82 fa e o
= o mex roElY og | =5
322 2nd
x log ng 5 ,

2.322 om+lyg 322 om+lyg
C= 2 log< 5 )log(vlog< 5 >>

We can write

{Ji €V : Vs <tTCB;s_1>7/4}
< {HZ eV 'ﬁiﬂg_g > 7/4}
<{JieV :T; 2 <B}.

Moreover,

{FieV, : Vs <tis#i}
<{JieVj\{i} : Tix-1 =0}
<{FieV :T;1=0}.

That is,

{Vjt 7& V}t,t} = {37, eV Ti’t_2 = B}
+{3ieV: T, 1=0}.

Further, using again Lemma 8] (applied this time to TCB;;) combined with the fact
that TCB jt < Aforall j and t, we have

_ — A
TCBj; t—1 = A {Tjt,t—l <C}+ )

1+ )\Tjt,t—l/g

where
Ti1= Y Taa=|{s<t—1:i,€V;}|.
i€V,

Putting together as in (2.12), and summing over t = 1,..., 7T, we have shown so
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far that with probability at least 1 — 75 /2,
Zrt (5+2v/3m AZ{TM 1<C}

T
+(5+2/BmA Y !

t=1 4/ 1 +)\1:jt,t—1/8

T
+4> SD(uy,) {Fi €V : Tiy 5 < B}
t=1

T
+4> SD(ui){Fi €V : Ty 1 =0},

withT;; = 0if ¢t < 0.

We continue by upper bounding with high probability the four terms in the
right-hand side of the last inequality. First, observe that for any fixed ¢ and ¢,
T;. is a binomial random variable with parameters ¢ and 1/n, and Tjt,t,l =
Zz’evjt T; t—1 which, for fixed ¢, is again binomial with parameters ¢, and %
where vj, is the size of the true cluster ¢, falls into. Moreover, for any fixed ¢, the
variables T} ;, 7 € V are indepedent.

To bound the third term, we use a standard Bernstein inequality twice: first,
we apply it to sequences of independent Bernoulli variables, whose sum 7} ;o has
average E[T; ;o] = =2 (fort > 3), and then to the sequence of variables SD(u;,)
whose average E[SD(u;,)] = £ 3=, .\, SD(u;) is over the random choice of i;.

Setting for brevity

D(B) =2n (B + g log(Tn/(S)) +2

where B has been defined before, we can write

T
> SD(u;) {Fi €V : Tiy 5 < B}

t=1
> SD(u;,){3i€V : T, »<B)}
t<D(B)
+ > SD(w;,) {3i€V : Ty < B}
t>D(B)

Z SD(u;,)

+m Y {JeV:Ty,,<B}.
t>D(B)
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Then from Bernstein’s inequality,
P(3ieV3t>DB):Tit—2<B)<d,
and

IP’( > SDw,) > S D(B)ESD(w,)
<D(B)

+ gm log(1/5)> <é.

Thus with probability > 1 — 2§

T
> SD(u;){Fi €V : Ty < B}
t=1

< - D(B)E[SD(w;)] + 2 m log(1/6).

| W

Similarly, to bound the fourth term we have, with probability > 1 — 24,

T

> SD(ui){Fi €V : Tpyq =0}
t=1

<

DO o

D(0)E[SD(us,)] + gm log(1/5) .

Next, we crudely upper bound the first term as

T
(5+2V3m) A Z{Tjt,t—l < C}
t=1

T
< (5+2vV3m)A Y {Tj,1 < C},
t=1

and then apply a very similar argument as before to show that with probability
2 1— 57

a 5 (T

T 11 <CY<n C+glog(=]))+1.

t=1
Finally, we are left to bound the second term. The following is a simple prop-

erty of binomial random variables we be useful.

Claim 2. Let X be a binomial random variable with parameters n and p, and
A € (0,1) be a constant. Then

3 ; .
E[ 1 :|< Vit np ifnp > 10;
VI+HAX ]| ifnp < 10.
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Proof of claim. The second branch of the inequality is clearly trivial, so we
focus on the first one under the assumption np > 10. Let then § € (0,1) be a
parameter that will be set later on. We have

1
E [m] <P(X <(1-p3)np)
1

+
VI+X(1—=B)np
< o= B2np/2 !

- +\/1+)\(1—[3)np’

the last inequality following from the standard Chernoff bounds. Setting § =

/log(14+Anp) gives
np

1 1
E <
[Vl—!—z\X] “V1+Anp

P(X > (1—-p8)np)

1
+
\/1 + A (np — \/nplog(1 + Anp))
1

< +

VI+Anp  \/1+Anp/2

(using np > 10)
«_3
“VI+Anp’

i.e., the claimed inequality O

Now,

1 ULy 1
Ei = J

VI AT —1/8] =1 "™\ 1+ AT -1/8

being Tj;—1 = |[{s <t : i5 € V;}| a binomial variable with parameters ¢ — 1 and
1, where v; = |Vj|. By the standard Hoeffding-Azuma inequality

T T

LI IR

t=1 \/1+ ATy, —1/8 =1 j=1 1+ ATj4-1/8
+ /2T log(1/9)

holds with probability at least 1 — §, In turn, from Bernstein’s inequality, we have

t—1 5
-2 <39.
Ui g log(Tm/5)> <4

P <E|t 3j : Tje1 <
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Therefore, with probability at least 1 — 24,

;\/1+)\T]tt 1/8
T m
<3y 1
==

L+ 2n vy — ]'Og(Tm/(S))Jr

2T log(l/é)

7 v 5 d 1
<E | 4n = log(Tm/68) + 1 g ——
S =n "3 og(Tm/0) + +_ A=l
j=1 t=1 /14§ v;

9T log(1/9)

T
) “ vj
na log(T'm/é) + 1+ Z o Z
=1 =1 8 o i
2T log(1/9) .
If we set for brevity r; = % le j=1,...,m, we have

T

Z 1+84nv3 / V1+x_1
(\/1+Tr]—r] \/1—7“]-)

Ty

T
S 2 )
rj
so that
4 5
E < 4n§ log(T'm/§) + 1

t=1 1+)\Tjtt 1/8

" [T,
J .
+ /2T log(1/6) + 8 jgl \/ v

Finally, we put all pieces together. In order for all claims to hold simultane-
ously with probability at least 1 — J, we need to replace ¢ throughout by 4,/10.5.
Then we switch to a O-notation, and overapproximate once more to conclude the
proof. O

2.5.2 Implementation

As we said in the main text, in implementing the algorithm in Figure 1, the reader
should keep in mind that it is reasonable to expect n (the number of users) to be
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quite large, d (the number of features of each item) to be relatively small, and
m (the number of true clusters) to be very small compared to n. Then the al-
gorithm can be implemented by storing a least-squares estimator w; ;1 at each

node ¢ € V, an aggregate least squares estimator w3 4y for each current clus-
ter }t € {1,...,m}, and an extra data-structure which is able to perform decre-

mental dynamic connectivity. Fast implementations of such data-structures are
those studied by [100, 55 (see also the research thread referenced therein). In
particular, in [100] (Theorem 1.1 therein) it is shown that a randomized con-
struction exists that maintains a spanning forerst which, given an initial undi-
rected graph G; = (V, Ey), is able to perform edge deletions and answer con-
nectivity queries of the form “Is node ¢ connected to node j” in expected to-
tal time O (min{\V\z, |E1| log |V |} + /|V]|E1] log*? \V\) for |E4| deletions.
Connectivity queries and deletions can be interleaved, the former being performed
in constant time. Notice that when we start off from the full graph, we have
|E1] = O(]V'|?), so that the expected amortized time per query becomes constant.
On the other hand, if our initial graph has |E1| = O(]V| log|V|) edges, then the
expected amortized time per query is O(log? |V'|). This becomes O(log®® V) if
the initial graph has |E;| = O(|V]). In addition, we maintain an n-dimensional
vector CLUSTERINDICES containing, for each node 7 € V, the index j of the
current cluster ¢ belongs to.

With these data-structures handy, we can implement our algorithm as follows.
After receiving i, computing j; is O(1) (just by accessing CLUSTERINDICES).
Then, computing k; can be done in time O(d?) (matrix-vector multiplication, ex-
ecuted ¢; times, assuming c; is a constant). Then the algorithm directly updates
b;, 1 and E% ,_1»> as well as the inverses of matrices M;, ;1 and M;h +—1> Which
is again O(d?), using standard formulas for rank-one adjustment of inverse ma-
trices. In order to prepare the ground for the subsequent edge deletion phase, it
is convenient that the algorithm also stores at each node 7 matrix M;;_1 (whose
time-t update is again O(d?)).

Let DELETE(%, £) and IS-CONNECTED(¢, £) be the two operations delivered by
the decremental dynamic connectivity data-structure. Edge deletion at time ¢ cor-
responds to cycling through all nodes ¢ such that (i, ) is an existing edge. The
number of such edges is on average equal to the average degree of node i;, which is

n )
has to be deleted (each the deletion test being O(d)), then we invoke DELETE (i, £),
and then IS-CONNECTED (i, £). If IS-CONNECTED (4, £) = “no”, this means that
the current cluster Vjt,t—l has to split into two new clusters as a consequence of the
deletion of edge (i, £). The set of nodes contained in these two clusters correspond
to the two sets

0 (@) where | E1 | is the number of edges in the initial graph G1. Now, if (i, ¢)

{k € V : IS-CONNECTED (it, k) = “yes” },
{k € V : IS-CONNECTED(!, k) = “yes” }',
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whose expected amortized computation per node is O(1) to O(log*° n) (depend-
ing on the density of the initial graph (1). We modify the CLUSTERINDICES
vector accordingly, but also the aggregate least squares estimators. This is because
w3, (represented through MA and bA t) has to be spread over the two new-

born clusters. This operation can be performed by adding up all matrices M; ; and
all b; ;, over all 7 belonging to each of the two new clusters (it is at this point that
we need to access M; ; for each ¢), and then inverting the resulting aggregate ma-
trices. This operation takes O(n d? + d*). However, as argued in the comments
following Lemma [5 with high probability the number of current clusters m; can
never exceed m, so that with the same probability this operation is only performed
at most m times throughout the learning process. Hence in 7' rounds we have an
overall (expected) running time

E
0<T <d2+|nl|d> +m(nd*+d®) + |E|
+ min{n?,|E1| logn} + \/n|E| log®® n) .

Notice that the above is n - poly(logn), if so is |E1|. In addition, if 7" is large
compared to n and d, the average running time per round becomes O(d? + d -
poly(log n)).

As for memory requirements, we need to store two d x d matrices and one
d-dimensional vector at each node, one d X d matrix and one d-dimensional vector
for each current cluster, vector CLUSTERINDICES, and the data-structures allow-
ing for fast deletion and connectivity tests. Overall, these data-structures do not
require more than O(|E|) memory to be stored, so that this implementation takes
O(nd*+md?+|E1|) = O(nd?+|E]), where we again relied upon the m; < m
condition. Again, this is 7 - poly(logn) if so is | E1|.

2.5.3 More Plots

This section contains a more thorough set of comparative plots on the synthetic
datasets described in the main text. See Figure[2.6|and Figure

2.5.4 Reference Bounds

We now provide a proof sketch of the reference bounds mentioned in Section 2 of
the main text.

Let us start off from the single user bound for LINUCB (either ONE or IND)
one can extract from [1]]. Let u; € R be the profile vector of this user. Then, with
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Figure 2.6: Results on synthetic datasets. Each plot displays the behavior of the
ratio of the current cumulative regret of the algorithm (“Alg”) to the current cu-
mulative regret of RAN, where where “Alg” is either “CLUB” or “LinUCB-IND”
or “LinUCB-ONE” or “GOBLIN”or “CLAIRVOYANT”. The cluster sizes are bal-
anced (z = 0). From left to right, payoff noise steps from 0.1 to 0.3, and from top
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Figure 2.7: Results on synthetic datasets in the case of unbalanced (z = 2) cluster
sizes. The rest is the same as in Figure 2.6

probability at least 1 — &, we have

T

1
Zn:O T<a2dlogT—i—J2 logd—i—HuiH?) dlogT
t=1

6 (/7o a+ i) a)

:6((Jd+\/g)\/f>,
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the last line following from assuming ||u;|| = 1.
Then, a straightforward way of turning this bound into a bound for the CLEAR-
VOYANT algorithm that knows all clusters V7, ..., V,, ahead of time and runs one

instance of LINUCB per cluster is to sum the regret contributed by each cluster
throughout the 7" rounds. Letting T; 7 denote the set of rounds ¢ such that 7; € Vj,
we can write
T _ m
Zrt =0 | (cd+ \/&)Z Tjr
t=1 j

Jj=1
However, because 7; is drawn uniformly at random over V', we also have IE[T]T] =

T lZ—jl, so that we essentially have with high probability

T m
=0 | edrvavT [1+5 M)

i.e., Eq. (1) in the main text.

2.5.5 Further Thoughts

As we said in Remark 3, a data-dependent variant of the CLUB algorithm can be
designed and analyzed which relies on data-dependent clusterability assumptions
of the set of users with respect to a set of context vectors. These data-dependent
assumptions allow us to work in a fixed design setting for the sequence of con-
text vectors x; , and remove the sub-Gaussian and full-rank hypotheses regard-
ing E[XX "]. To make this more precise, consider an adversary that generates
(unit norm) context vectors in a (possibly adaptive) way that for all x so gener-
ated \u]T:I: - u}jw[ > ~, whenever j # j’. In words, the adversary’s power is
restricted in that it cannot generate two distict context vectors & and x’ such that
\u]T:B - u;a}\ is small and |u]Tzc’ - u}jw’ | is large. The two quantities must either
be both zero (when 7 = j’) or both bounded away from 0 (when j # j’). Under
this assumption, one can show that a modification to the TCB; () and TCB; ()
functions exists that makes the CLUB algorithm in Figure 1 achieve a cumulative

regret bound similar to the one in (5), where the \/g factor therein is turned back

into v/d, as in the reference bound (1), but with a worse dependence on the geom-
etry of the set of u;, as compared to E[SD(wu;,)]. The analysis goes along the very
same lines as the one of Theorem 1.

2.5.6 Related Work

The most closely related papers are (34, (7, [14.[76].

In [7]], the authors define a transfer learning problem within a stochastic multi-
armed bandit setting, where a prior distribution is defined over the set of possible
models over the tasks. More similar in spirit to our paper is the recent work [[14]]
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that relies on clustering Markov Decision Processes based on their model param-
eter similarity. A paper sharing significant similarities with ours, in terms of both
setting and technical tools is the very recent paper [76] that came to our atten-
tion at the time of writing ours. In that paper, the authors analyze a noncontextual
stochastic bandit problem where model parameters can indeed be clustered in a
few (unknown) types, thereby requiring the algorithm to learn the clusters rather
than learning the parameters in isolation. Yet, the provided algorithmic solutions
are completely different from ours. Finally, in [34], the authors work under the as-
sumption that users are defined using a context vector, and try to learn a low-rank
subspace under the assumption that variation across users is low-rank. The paper
combines low-rank matrix recovery with high-dimensional Gaussian Process Ban-
dits, but it gives rise to algorithms which do not seem easy to use in large scale
practical scenarios.

2.5.7 Discussion

This work could be extended along several directions. First, we may rely on a softer
notion of clustering than the one we adopted here: a cluster is made up of nodes
where the “within distance” between associated profile vectors is smaller than their
“between distance”. Yet, this is likely to require prior knowledge of either the dis-
tance threshold or the number of underlying clusters, which are assumed to be
unknown in this paper. Second, it might be possible to handle partially overlap-
ping clusters. Third, CLUB can clearly be modified so as to cluster nodes through
off-the-shelf graph clustering techniques (mincut, spectral clustering, etc.). Clus-
tering via connected components has the twofold advantage of being computation-
ally faster and relatively easy to analyze. In fact, we do not know how to analyze
CLUB when combined with alternative clustering techniques, and we suspect that
Theorem 1 already delivers the sharpest results (as T’ — oo) when clustering is
indeed based on connected components only. Fourth, from a practical standpoint,
it would be important to incorporate further side information, like must-link and
cannot-link constraints. Fifth, in recommender systems practice, it is often relevant
to provide recommendations to new users, even in the absence of past information
(the so-called “cold start” problem). In fact, there is a way of tackling this problem
through the machinery we developed here (the idea is to duplicate the newcomer’s
node as many times as the current clusters are, and then treat each copy as a sep-
arate user). This would potentially allow CLUB to work even in the presence of
(almost) idle users. We haven’t so far collected any experimental evidence on the
effectiveness of this strategy. Sixth, following the comments we made in Remark
3, we are trying to see if the i.i.d. and other statistical assumptions we made in
Theorem 1 could be removed.



Chapter 3

Decentralized Clustering Bandits

3.1 Introduction

Bandits are a class of classic optimisation problems that are fundamental to sev-
eral important application areas. The most prominent of these is recommendation
systems, and they can also arise more generally in networks (see, e.g., [74, 45]]).

We consider settings where a network of agents are trying to solve collabora-
tive linear bandit problems. Sharing experience can improve the performance of
both the whole network and each agent simultaneously, while also increasing ro-
bustness. However, we want to avoid putting too much strain on communication
channels. Communicating every piece of information would just overload these
channels. The solution we propose is a gossip-based information sharing protocol
which allows information to diffuse across the network at a small cost, while also
providing robustness.

Such a set-up would benefit, for example, a small start-up that provides some
recommendation system service but has limited resources. Using an architecture
that enables the agents (the client’s devices) to exchange data between each other
directly and to do all the corresponding computations themselves could signifi-
cantly decrease the infrastructural costs for the company. At the same time, with-
out a central server, communicating all information instantly between agents would
demand a lot of bandwidth.

Multi-Agent Linear Bandits In the simplest setting we consider, all the agents
are trying to solve the same underlying linear bandit problem. In particular, we
have a set of nodes V', indexed by ¢, and representing a finite set of agents. At each
time, t:

e a set of actions (equivalently, the contexts) arrives for each agent ¢, Dé cD
and we assume the set D is a subset of the unit ball in R%;
e cach agent, 7, chooses an action (context) xi € D!, and receives a reward

ry = ()"0 + &,
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where 6 is some unknown coefficient vector, and £} is some zero mean, R-
subGaussian noise;

e last, the agents can share information according to some protocol across a
communication channel.

We define the instantaneous regret at each node 7, and, respectively, the cumulative
regret over the whole network to be:
t VI

. . T . .
p; = <xi’*) 0 —Er;, and Ry := ZZ;)%,

k=1 1=1

where x;‘;* '= argmax,cp; x"0. The aim of the agents is to minimise the rate of
increase of cumulative regret. We also wish them to use a sharing protocol that
does not impose much strain on the information-sharing communication channel.

Gossip protocol In a gossip protocol (see, e.g., 61} 104} 49| |50]), in each
round, an overlay protocol assigns to every agent another agent, with which it
can share information. After sharing, the agents aggregate the information and,
based on that, they make their corresponding decisions in the next round. In many
areas of distributed learning and computation gossip protocols have offered a good
compromise between low-communication costs and algorithm performance. Using
such a protocol in the multi-agent bandit setting, one faces two major challenges.

First, information sharing is not perfect, since each agent acquires information
from only one other (randomly chosen) agent per round. This introduces a bias
through the unavoidable doubling of data points. The solution is to mitigate this by
using a delay (typically of O(logt)) on the time at which information gathered is
used. After this delay, the information is sufficiently mixed among the agents, and
the bias vanishes.

Second, in order to realize this delay, it is necessary to store information in a
buffer and only use it to make decisions after the delay has been passed. In [96] this
was achieved by introducing an epoch structure into their algorithm, and emptying
the buffers at the end of each epoch.

The Distributed Confidence Ball Algorithm (DCB) We use a gossip-based
information sharing protocol to produce a distributed variant of the generic Con-
fidence Ball (CB) algorithm, [} [29, |69]]. Our approach is similar to [96] where
the authors produced a distributed e-greedy algorithm for the simpler multi-armed
bandit problem. However their results do not generalise easily, and thus significant
new analysis is needed. One reason is that the linear setting introduces serious com-
plications in the analysis of the delay effect mentioned in the previous paragraphs.
Additionally, their algorithm is epoch-based, whereas we are using a more natural
and simpler algorithmic structure. The downside is that the size of the buffers of
our algorithm grow with time. However, our analyses easily transfer to the epoch
approach too. As the rate of growth is logarithmic, our algorithm is still efficient
over a very long time-scale.

The simplifying assumption so far is that all agents are solving the same un-
derlying bandit problem, i.e. finding the same unknown 6-vector. This, however,
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is often unrealistic, and so we relax it in our next setup. While it may have uses in
special cases, DCB and its analysis can be considered as a base for providing an
algorithm in this more realistic setup, where some variation in 6 is allowed across
the network.

Clustered Linear Bandits Proposed in [41} 71} [75]], this has recently proved to
be a very successful model for recommendation problems with massive numbers of
users. It comprises a multi-agent linear bandit model agents’ #-vectors are allowed
to vary across a clustering. This clustering presents an additional challenge to find
the groups of agents sharing the same underlying bandit problem before informa-
tion sharing can accelerate the learning process. Formally, let {Uk}kzlm M bea
clustering of V, assume some coefficient vector #* for each k, and let for agent
i € U* the reward of action z} be given by

rh= e gl

Both clusters and coefficient vectors are assumed to be initially unknown, and so
need to be learnt on the fly.

The Distributed Clustering Confidence Ball Algorithm (DCCB) The paper
[41] proposes the initial centralised approach to the problem of clustering linear
bandits. Their approach is to begin with a single cluster, and then incrementally
prune edges when the available information suggests that two agents belong to
different clusters. We show how to use a gossip-based protocol to give a distributed
variant of this algorithm, which we call DCCB.

Our main contributions In Theorems [9] and [14] we show our algorithms DCB
and DCCB achieve, in the multi-agent and clustered setting, respectively, near-
optimal improvements in the regret rates. In particular, they are of order almost
\/m better than applying CB without information sharing, while still keeping
communication cost low. And our findings are demonstrated by experiments on
real-world benchmark data.

3.2 Linear Bandits and the DCB Algorithm

The generic Confidence Ball (CB) algorithm is designed for a single agent lin-
ear bandit problem (i.e. |V| = 1). The algorithm maintains a confidence ball
C; ¢ R? within which it believes the true parameter 6 lies with high probability.
This confidence ball is computed from the observation pairs, (zy, ry)g=1,..+ (for
the sake of simplicity, we dropped the agent index, ¢). Typically, the covariance
matrix A; = 22:1 xx), and b-vector, by = 22:1 rLT), are sufficient statistics
to characterise this confidence ball. Then, given its current action set, Dy, the
agent selects the optimistic action, assuming that the true parameter sits in C, i.e.
(z1,~) = argmax, g/ep,xc,{2"0'}. Pseudo-code for CB is given in the Ap-
pendix [3.5.1]

Gossip Sharing Protocol for DCB We assume that the agents are sharing
across a peer to peer network, i.e. every agent can share information with every
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other agent, but that every agent can communicate with only one other agent per
round. In our algorithms, each agent, 7, needs to maintain

(1) a buffer (an ordered set) Af‘; of covariance matrices and an active covariance
matrix A},
(2) a buffer B: of b-vectors and an active b-vector b,

Initially, we set, for all © € V, /16 =1, 56 = 0. These active objects are used
by the algorithm as sufficient statistics from which to calculate confidence balls,
and summarise only information gathered before or during time 7(¢), where 7 is
an arbitrary monotonically increasing function satisfying 7(¢) < t. The buffers are
initially set to A} = (), and By = ). For each t > 1, each agent, 4, shares and
updates its buffers as follows:

(1) a random permutation, o, of the numbers 1,...,|V| is chosen uniformly at
random in a decentralised manner among the agents

(2) the buffers of ¢ are then updated by averaging its buffers with those of o (i),
and then extending them using their current observations’]

b1 = ((%(A; + Af(i))) ° (miﬂ (xiﬂ)T)) ,
Biy = ((%(Bi + Bf(i))) ° (T§+1mi+1)) )

Al = Al ﬁa(i) and g§+1 = _’_’5?(1')‘

(3) if the length | A}, | exceeds ¢ —T(t), the first element of A7 ; is added to A,
and deleted from A} ;. B}, | and bf; 1 are treated similarly.

In this way, each buffer remains of size at most ¢ — 7(¢), and contains only infor-

mation gathered after time 7(¢). The result is that, after ¢ rounds of sharing, the

current covariance matrices and b-vectors used by the algorithm to make decisions
have the form:

7(t) V|
-/
—I—|— E E ’LU t $;/ﬂ7t/ s
t'=14=1
7(t) |V
dbi = e
an = w” Tt’wt’
t'=14=1

A
where the weights w; ,;t are random variables which are unknown to the algorithm.

Importantly for our analysis, as a result of the overlay protocol’s uniformly random
choice of o, they are identically distributed (i.d.) for each fixed pair (¢,¢’), and

A
Doy w;ﬂ;t = |V|. If information sharing was perfect at each time step, then the

!This can be achieved in a variety of ways.
The o symbol denotes the concatenation operation on two ordered sets: if z = (a, b, c) and
Y= (daevf)’thenxoy = (a,b,c,d,e,f),andyox = (d,e,f,a,b,c).
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current covariance matrix could be computed using all the information gathered by
all the agents, and would be:

Vi ¢

. ANT
A=1+Y3 a (xt) . G.1)
i'=1t'=1

DCB algorithm The OFUL algorithm [1] is an improvement of the confi-
dence ball algorithm from [29], which assumes that the confidence balls C; can
be characterised by A; and b;. In the DCB algorithm, each agent ¢ € V main-
tains a confidence ball C} for the unknown parameter ¢ as in the OFUL algo-
rithm, but calculated from A! and bi. It then chooses its action, x!, to satisfy
(22, 00) = argmax, g)cpix i &' 0, and receives a reward ri. Finally, it shares its
information buffer according to the sharing protocol above. Pseudo-code for DCB

is given in Appendix and in Algorithm [T}

3.2.1 Results for DCB

Theorem 9. Let 7(-) : t — 4log(|V|%t). Then, with probability 1 — 6, the regret
of DCB is bounded by

Ri <(N@OIV]+v(V] d, 1)) [0]]2

+ 42 (B(t) + 4R) \/|V|t1n ((1 + IV\t/d)d)v

where v(|[V|,d,t) := (d + 1)d2(4|V|In(|V]31))3, N(6) := v/3/((1 — 27 1)),

and

d
A(t) :== R,|In (W) + 1]/ (3.2)

The term v(t, |V, d) describes the loss compared to the centralised algorithm
due to the delay in using information, while N (6)|V'| describes the loss due to the
incomplete mixing of the data across the network.

If the agents implement CB independently and do not share any information,
which we call CB-NoSharing, then it follows from the results in [1]], the equivalent
regret bound would be

Ry <|VIB(O/Hn (1 +t/d)) (33)

Comparing Theorem 9] with (3.3)) tells us that, after an initial “burn in” period, the
gain in regret performance of DCB over CB-NoSharing is of order almost /|V/|.
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Corollary 10. We can recover a bound in expectation from Theorem 9] by using

the value 6 = 1/+/|V|t:
E[Ri] < O(t5) + v/[V]t]]l2
+ 4¢? (R\/ln ((1 + [VIt/d)? \/|V|t) + 110]]2 + 4R>

< JIVIE (1 + [V]e/d)e).
This shows that DCB exhibits asymptotically optimal regret performance, up

to log factors, in comparison with any algorithm that can share its information
perfectly between agents at each round.

Communication Complexity

If the agents communicate their information to each other at each round without a
central server, then every agent would need to communicate their chosen action and
reward to every other agent at each round, giving a communication cost of order
d|V'|? per-round. We call such an algorithm CB-InstSharing. Under the gossip
protocol we propose each agent requires at most O(loga(|V [t)d?|V|) bits to be
communicated per round. Therefore, a significant communication cost reduction
is gained when log(|V|t)d < |V|.

Using an epoch-based approach, as in [96], the per-round communication cost
of the gossip protocol becomes O(d?|V'|). This improves efficiency over any hori-
zon, requiring only that d < |V, and the proofs of the regret performance are
simple modifications of those for DCB. However, in comparison with growing
buffers this is only an issue after O(exp(|V|)) number of rounds, and typically |V|
is large.

While the DCB has a clear communication advantage over CB-InstSharing,
there are other potential approaches to this problem. For example, instead of ran-
domised neighbour sharing one can use a deterministic protocol such as Round-
Robin (RR), which can have the same low communication costs as DCB. However,
the regret bound for RR suffers from a naturally larger delay in the network than
DCB. Moreover, attempting to track potential doubling of data points when using a
gossip protocol, instead of employing a delay, leads back to a communication cost
of order |V'|2 per round. More detail is included in Appendix

Proof of Theorem

In the analysis we show that the bias introduced by imperfect information sharing
is mitigated by delaying the inclusion of the data in the estimation of the parameter
f. The proof builds on the analysis in [[I]. The emphasis here is to show how
to handle the extra difficulty stemming from imperfect information sharing, which
results in the influence of the various rewards at the various peers being unbalanced
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and appearing with a random delay. Proofs of the Lemmas [I1] and [12] and of
Proposition [I]are crucial, but technical, and are deferred to Appendix

Step 1: Define modified confidence ellipsoids. First we need a version of the
confidence ellipsoid theorem given in [1]] that incorporates the bias introduced by
the random weights:

Proposition 1. Ler § > 0, 0i := (A})~1b, W(r) := max{wf/,;t/ it <71 0,0 €
V'}, and let

i {xeRd 1 — w5 < N6l (3.4)

+ W(T(t))R\/2 log (det(ﬁg)%/a) }

Then with probability 1 — 6, 0 € C.

In the rest of the proof we assume that § € C/.

Step 2: Instantaneous regret decomposition. Denote by (z¢,0!) =
argmax,c pi e ci x'y. Then we can decompose the instantaneous regret, follow-
ing a classic argument (see the proof of Theorem 3 in [[1]):

pi = () 0~ ()0 < (&) 0} — (a0
= @) [(6i - ) + (% - 0)]
()~ U o ) 0 - 9( ZJ (3.5)

Step 3: Control the bias. The norm differences inside the square brackets of
the regret decomposition are bounded through in terms of the matrices gff
We would like, instead, to have the regret decomposition in terms of the matrix
Ay (which is defined in (3.1)). To this end, we give some lemmas showing that
using the matrices A§ is almost the same as using A;. These lemmas involve ele-
mentary matrix analysis, but are crucial for understanding the impact of imperfect
information sharing on the final regret bounds.

Step 3a: Control the bias coming from the weight imbalance.

< Jlatl 0; = 0;

Lemma 11 (Bound on the influence of general weights). Forallt € V andt > 0,

v
< TR

(Arry) "
il

Wit 71‘ det (A'r(t)) .

xi 2~.
H tH(A%)

~. T(t) IV
and det (Ai) < =1 21

Using Lemma 4 in [96], by exploiting the random weights are identically dis-
tributed (i.d.) for each fixed pair (¢,t), and D, wgit/ = |V'| under our gossip
protocol, we can control the random exponential constant in Lemma [TT] and the
upper bound W (T') using the Chernoff-Hoeffding bound:
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Lemma 12 (Bound on the influence of weights under our sharing protocol). Fix
some constants 0 < 6y < 1. Then with probability 1 — Z;(i)l Oy

Vi r (1) 1
3 Z )w 1‘ <y (2<t*t’>5t,> :
=1t'=1 =1
. _1
and W(T) <1+ 1§I§}E§i§(t) {’Vﬁ (Q(t—t’)(')‘t,> 2 } '

vt
In particular, for any § € (0, 1), choosing ¢ = d2 2, with probability 1 —
§/([VPt2(1 — 271/2)) we have

VI 7(t) 1
S8 < L
I=11'=1 (1 —2_3)’5\/5
and W(r(t)) <1+ —= W‘ (3.6)
5

Thus Lemma [TT] and [T2] give us control over the bias introduced by the imperfect
information sharing. Combining them with Equations (3.4) and (3.5) we find that
with probability 1 — 6 /(|V[3t2(1 — 27 1/2)):

p} s2ec<”uxi‘\|<m ) (1+C() 3.7)
T(t)

Wz log (€0 det (A,))* ) + 6]

where C(t) := 1/(1 — 27/4t/5

Step 3b: Control the bias coming from the delay. Next, we need to control
the bias introduced from leaving out the last 4 log(|V'|*/?t) time steps from the
confidence ball estimation calculation:

Proposition 2. There can be at most
v(k) := (4|V]log(|V[*/?k))*(d + 1)d(tr(Ag) + 1) (3.8)

pairs (i,k) € 1,...,|V| x{1,...,t} for which one of
2 1
(Ap-1 52wl @D)T)
i—1
or det (A, ()) > edet | Ap_1 + in(xfﬂ)T holds.
j=1

i[5 -2 > eflzgl
(k)

Step 4: Choose constants and sum the simple regret. Defining a constant
1

N(6) := m,



CHAPTER 3. DECENTRALIZED CLUSTERING BANDITS 60

we have, for all & > N(J), C(k) < 1, and so, by (3.7) with probability 1 —
(IVIk)=25/(1 —271/2)

Pl <2el|2 ]| 41 (3.9)

7(k)

SIS

edet (Ar(k)>

X [2R |2log 3

+ 11612

Now, first applying Cauchy-Schwarz, then step 3b from above together with
(.9), and finally Lemma 11 from [1] yields that, with probability 1 —
(L+ 552, (VI ™2/(1—271/2) 5 > 1 - 30,

1
t |V 2
i\ 2
Re SN@)VII6ll2+ [[VIE D> > (ohr)
#'=N(6) i=1
S(NE@IVI+v(V].d.t)) 0]

2

t M
46 (B() +2R) | [VIE DD S a2,

t'=11i=1
<S(NOIVI+v(V],d, ) [10]]2

+4¢€” (B(t) + 2R) V|Vt (2log (det (Ar))),

where (3(-) is as defined in (3.2)). Replacing ¢ with /3 finishes the proof.

Proof of Proposition 2]

This proof forms the major innovation in the proof of Theorem E} Let (yx)k>1
be any sequence of vectors such that ||yx|l2 < 1 for all k, and let B,, := By +

22:1 YkY. where By is some positive definite matrix.

Lemma 13. For allt > 0, and for any c € (0, 1), we have

Hk e{l,2,...}: ||ka2Bk_—11 > c}
<(d+ c)d(tr(Bal) —)/c,

Proof. We begin by showing that, for any ¢ € (0, 1)

el > e (3.10)

can be true for only 2dc—? different k.
(k-1

Indeed, let us suppose that (3.10) is true for some k. Let (e, ))ISiSd be the
orthonormal eigenbasis for By_1, and, therefore, also for B,;ll, and write yp =
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2?21 a;e;. Let, also, ()\Z(.k_l)) be the eigenvalues for By_1. Then,

d

2
Tp—1 oy —1
c< kak_lyk = E NG < tT(Bk—1)a
i=1 °
Be (. dh ok, >
e je{,, }‘)\(_kfl)’/\(_k*1>>a’
J J

where we have used that o? < 1 for all 4, since ||y |l2 < 1. Now,
tr(Bkj_ll) - tr(Bkjl)
= tr(B1)) — tr((Bi—1 + yryh) ")
> tr(Bk__ll) —tr((Br-1 + a?eje})_l)

a?

1 — J
AFTD AT 4 a2)

_ 1
NGV N CE VT N
/\j >\j +of

> (e +de ) > TS

So we have shown that (3.10) implies that

2

-1 —-1 —1 c
tr(kal) > c and tT(Bk:fl) — t?"(Bk ) > m
Since tr(By ') > tr(B; 1)) > tr(B; ') > 0 for all £, it follows that (3.10) can be
true for at most (d + c)d(tr(By ') — ¢)c~2 different k. O

Now, using an argument similar to the proof of Lemma([T1] for all & < ¢

k
< 625:T<k)+1 lys+1 ”B;l

H?/k-i-IHBT—(l ||yk+1HBk—1a

k)

t 2
Zk:T(t)+1 ”yk”B*1
e

and det (B, ) < & det (By).

Therefore,

lyrsillp-a, = ellyrsillpor or det(Bruy) = edet(By)
k—1
= Z ”ys-&-lHB;l > In(c)
s=7(k)

However, according to Lemma [I3] there can be at most

,_ In(c) 1y @) [aw)?
v(t) = <d+ A(t)) d (”’ (Bo) A(t)) (ln(c))
times s € {1,...,t}, such that [|ys1l|p-1r > In(c)/A(t), where A(t) :=
In

max<k<t{k — 7(k)}. Hence Z’;:T(j)H ||ys+1||]§s1 > In(c) is true for at most
A(t)v(|V],d,t) indices k € {1,...,t}.
Finally, we finish by setting (yx)r>1 = %21(93%)?;'1-
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3.3 Clustering and the DCCB Algorithm

We now incorporate distributed clustering into the DCB algorithm. The analysis of
DCB forms the backbone of the analysis of DCCB.

Algorithm 1 Distributed Clustering Confidence Ball
Input: Size of network |V |, 7: ¢ — t — 4logy t, o, A
Initialization: Vi € V, set A} = I, b = 0, AL = B, = 0,and Vi = V.
fort =0,...00do
Draw a random permutation o of {1, ..., V'} respecting the current local
clusters
fori=1,...,|V|do
Receive action set D} and construct the confidence ball C; using fo and ’6%
Choose action and receive reward:

: i _ - .1 i
Find (2}, *) = AIGMAX 5 i i 0, and get reward 7 | from

context z , ;.
Share and update information buffers:

if (10001 — Oouayll > Amesh(t)

local
Update local cluster: Vi, ; = V' \ {o (i)}, Vti(f) = V7D \ {i}, and reset
according to (3.13)

elseif Vi = v,

Set Al = (%(A% + Af(i))) o (zh 4 (xiH)T) and

B§+1 = (%(B% + Bf(l))) o (7“§+133§+1)

else

Update: Set A}, = Aj o (2, (xiﬂ)T) and Bi ) = Bj o (ri127,1)

endif

Update local estimator: Aliocal,t = A}'oml’t + zt, (zt +1)T, bfoml’t g =
. . . a . =1

b;ocal,t + T;+1x%+1’ and Hlocal,t—&-l = (A;ocal,t—l—l) b;ocal,t—l—l

if [Aj ] >t —7(t) set Afy = Ap + Aj (1), Ajyy = Aby \ AL (D).

Similarly for B; ;.

end for
end for

DCCB Pruning Protocol In order to run DCCB, each agent ¢ must maintain
some local information buffers in addition to those used for DCB. These are:

7

. T A
(1) alocal covariance matrix A; ., = Alocal,t’

i Y
a local b-vector b;, ., = blocal,t’

(2) and a local neighbour set Vti.
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The local covariance matrix and b-vector are updated as if the agent was applying
the generic (single agent) confidence ball algorithm: A%ocal,ﬂ = Ay, b;ocaw =0,
A;ocal,t = .’IJ% (l‘%)T + A;ocal,tfla

i I i
and blocal,t =TTy + blocal,t—l'

DCCB Algorithm Each agent’s local neighbour set V is initially set to V. At
each time step ¢, agent ¢ contacts one other agent, j, at random from V}?, and both
decide whether they do or do not belong to the same cluster. To do this they share

A~ . 1. ~ : -1
local estimates, 0} = A}, 1b§06al7t and 0] = Afowl’t b{ocau, of the unknown
parameter of the bandit problem they are solving, and see if they are further apart

than a threshold function ¢ = c§"*"(t), so that if

167 — 6]]]2 > cresh(t), (3.11)

then V},; = Vi \ {j} and th+1 = V/ \ {i}. Here X is a parameter of an extra
assumption that is needed, as in [41]], about the process generating the context sets
Dy:

(A) Each context set Dz = {xp }1 is finite and contains 7.i.d. random vectors such

that for all, &, ||z4|| < 1 and E(xyx}) is full rank, with minimal eigenvalue
A>0.

We define c{"e"(t), as in [41], by

thresh . R\/Qd IOg(t) + 210g(2/6) +1
()

" /14 max{A(t,6/(4d)), 0} 612

where Ay (t,0) := % — 8log &3 — 24 /tlog 3.
The DCCB algorithm is pretty much the same as the DCB algorithm, except
that it also applies the pruning protocol described. In particular, each agent, ¢, when

sharing its information with another, j, has three possible actions:
(1) if (B:TT) is not satisfied and V" = V}, then the agents share simply as in the

DCB algorithm;
(2) if (B.T1) is not satisfied but V' # V;, then no sharing or pruning occurs.

(3) if (3.11) is satisfied, then both agents remove each other from their neighbour
sets and reset their buffers and active matrices so that

-Ai = (07 07 AR %ocal)?Bi = (07 0’ AR %ocal)’
and A" = b= bt (3.13)

)
local>»

and similarly for agent j.
It is proved in the theorem below, that under this sharing and pruning mechanism,

in high probability after some finite time each agent ¢ finds its true cluster, i.e.
V;} = U*. Moreover, since the algorithm resets to its local information each time
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a pruning occurs, once the true clusters have been identified, each cluster shares
only information gathered within that cluster, thus avoiding introducing a bias by
sharing information gathered from outside the cluster before the clustering has been
identified. Full pseudo-code for the DCCB algorithm is given in Algorithm I} and
the differences with the DCB algorithm are highlighted in blue.
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Figure 3.1: Here we plot the performance of DCCB in comparison to CLUB, CB-
NoSharing and CB-InstSharing. The plots show the ratio of cumulative rewards
achieved by the algorithms to the cumulative rewards achieved by the random al-
gorithm.
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3.3.1 Results for DCCB

Theorem 14. Assume that (A) holds, and let v denote the smallest distance be-
tween the bandit parameters 0. Then there exists a constant C' = C(v, |V|, \, 6),
such that with probability 1 — § the total cumulative regret of cluster k when the
agents employ DCCB is bounded by

Ry < [max{\/éjv(a),c+410g2(|V|3C)} U*|

+v<|U’“|,d,t>} 192

+4e (B(t) + 3R) \/|Uk|t1n (@ +[ukie/a)),
where N and v are as defined in Theorem [ and J(t)
R\/2 In ((1 + \Uk\t/d)d) + 162

The constant C'(y, |V|, A, §) is the time that you have to wait for the true clus-
tering to have been identified,

The analysis follows the following scheme: When the true clusters have been
correctly identified by all nodes, within each cluster the algorithm, and thus the
analysis, reduces to the case of Section [3.2.1] We adapt results from [41]] to show
how long it will be before the true clusters are identified, in high probability. The
proof is deferred to Appendices[3.5.4and [3.5.5]

3.4 Experiments and Discussion

Experiments We closely implemented the experimental setting and dataset con-
struction principles used in [[71} [75]], and for a detailed description of this we re-
fer the reader to [71]. We evaluated DCCB on three real-world datasets against
its centralised counterpart CLUB, and against the benchmarks used therein, CB-
NoSharing, and CB-InstSharing. The LastFM dataset comprises of 91 users, each
of which appear at least 95 times. The Delicious dataset has 87 users, each of
which appear at least 95 times. The MovieLens dataset contains 100 users, each of
which appears at least 250 times. The performance was measured using the ratio
of cumulative reward of each algorithm to that of the predictor which chooses a
random action at each time step. This is plotted in in Figure From the exper-
imental results it is clear that DCCB performs comparably to CLUB in practice,
and both outperform CB-NoSharing, and CB-InstSharing.

Relationship to existing literature There are several strands of research that
are relevant and complimentary to this work. First, there is a large literature on
single agent linear bandits, and other more, or less complicated bandit problem
settings. There is already work on distributed approaches to multi-agent, multi-
armed bandits, not least [96] which examines e-greedy strategies over a peer to
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peer network, and provided an initial inspiration for this current work. The paper
[54] examines the extreme case when there is no communication channel across
which the agents can communicate, and all communication must be performed
through observation of action choices alone. Another approach to the multi-armed
bandit case, [81]], directly incorporates the communication cost into the regret.

Second, there are several recent advances regarding the state-of-the-art meth-
ods for clustering of bandits. The work [[71] is a faster variant of [41]] which adopt
the strategy of boosted training stage. In [[75]] the authors not only cluster the users,
but also cluster the items under collaborative filtering case with a sharp regret anal-
ysis.

Finally, the paper [99] treats a setting similar to ours in which agents attempt
to solve contextual bandit problems in a distributed setting. They present two algo-
rithms, one of which is a distributed version of the approach taken in [94], and show
that they achieve at least as good asymptotic regret performance in the distributed
approach as the centralised algorithm achieves. However, rather than sharing in-
formation across a limited communication channel, they allow each agent only to
ask another agent to choose their action for them. This difference in our settings is
reflected worse regret bounds, which are of order Q(7%/3) at best.

Discussion Our analysis is tailored to adapt proofs from [[1]] about generic con-
fidence ball algorithms to a distributed setting. However many of the elements
of these proofs, including Propositions [I] and 2] could be reused to provide similar
asymptotic regret guarantees for the distributed versions of other bandit algorithms,
e.g., the Thompson sampling algorithms, [2, 159 88]].

Both DCB and DCCB are synchronous algorithms. The work on distributed
computation through gossip algorithms in [[12] could alleviate this issue. The cur-
rent pruning algorithm for DCCB guarantees that techniques from [96]] can be ap-
plied to our algorithms. However the results in [12] are more powerful, and could
be used even when the agents only identify a sub-network of the true clustering.

Furthermore, there are other existing interesting algorithms for performing
clustering of bandits for recommender systems, such as COFIBA in [75]]. It would
be interesting to understand how general the techniques applied here to CLUB are.
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3.5 Supplementary

3.5.1 Pseudocode of the Algorithms CB and DCB

Algorithm 2 Confidence Ball
Initialization: Set Ag = I and by = 0.
fort =0,...00do
Receive action set Dy
Construct the confidence ball C; using A; and b;
Choose action and receive reward:
Find (24, %) = argmax

_ T
' 20)eDixCy b 0
Get reward 7} from context x}
Update At+1 == At + .CCtI'I and bt+1 = bt “+ rixy

end for

Algorithm 3 Distributed Confidence Ball

Input: Network V' of agents, the function 7 : ¢ — ¢ — 4log,(|V| %t)
Initialization: For each i, set A} = I; and b}, = 0, and the buffers A} = ) and
Bi — 0.
fort =0,...00do
Draw a random permutation o of {1,...,|V|}
for each agent i € V do
Receive action set D! and construct the confidence ball C? using A’ and b
Choose action and receive reward:
Find (2}, %) = argmax

— o 2Th
z,0)eDixCi L 0

Get reward r} | from context xy , ;.
Share and update information buffers:

Set A§+1 = (%(AéﬂLAg(i))) © ($£+1 (xiﬂ)T) and B§+1 =

(3B +B/)) o (i 12i4)
if |AL | >t — T(t) set Al = A+ AL (1) and AL, = AL\
A1 (1). Similary for B} ;.
end for
end for

3.5.2 More on Communication Complexity

First, recall that if the agents want to communicate their information to each other
at each round without a central server, then every agent would need to communi-
cate their chosen action and reward to every other agent at each round, giving a
communication cost of O(d|V|?) bits per-round. Under DCB each agent requires
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at most O(logs(|V'|t)d?|V|) bits to be communicated per round. Therefore, a sig-
nificant communication cost reduction is gained when log(|V'|t)d < |V|.

Recall also that using an epoch-based approach, as in [96], we reduce the per-
round communication cost of the gossip-based approach to O(d?|V'|). This makes
the algorithm more efficient over any time horizon, requiring only that d < |V/|,
and the proofs of the regret performance are simple modifications of the proofs for
DCB. In comparison with growing buffers this is only an issue after O(exp(|V]))
number of rounds, and typically |V| is large. This is why we choose to exhibit the
growing-buffer approach in this current work.

Instead of relying on the combination of the diffusion and a delay to handle the
potential doubling of data points under the randomised gossip protocol, we could
attempt to keep track which observations have been shared with which agents, and
thus simply stop the doubling from occurring. However, the per-round communi-
cation complexity of this is at least quadratic in | V|, whereas our approach is linear.
The reason for the former is that in order to be efficient, any agent j, when sending
information to an agent ¢, needs to know for each k which are the latest observa-
tions gathered by agent k that agent ¢ already knows about. The communication
cost of this is of order |V'|. Since every agent shares information with somebody
in each round, this gives per round communication complexity of order |V |? in the
network.

A simple, alternative approach to the gossip protocol is a Round-Robin (RR)
protocol, in which each agent passes the information it has gathered in previous
rounds to the next agent in a pre-defined permutation. Implementing a RR pro-
tocol leads to the agents performing a distributed version of the CB-InstSharing
algorithm, but with a delay that is of size at least linear in |V|, rather than the
logarithmic dependence on this quantity that a gossip protocol achieves. Indeed,
at any time, each agent will be lacking |V |(|V| — 1)/2 observations. Using this
observation, a cumulative regret bound can be achieved using Proposition [2] which
arrives at the same asymptotic dependence on |V| as our gossip protocol, but with
an additive constant that is worse by a multiplicative factor of |V'|. This makes a
difference to the performance of the network when |V'| is very large. Moreover,
RR protocols do not offer the simple generalisability and robustness that gossip
protocols offer.

Note that the pruning protocol for DCCB only requires sharing the estimated
f-vectors between agents, and adds at most O(d|V|) to the communication cost
of the algorithm. Hence the per-round communication cost of DCCB remains
O(loga([V[t)d?|V]).

3.5.3 Proofs of Intermediary Results for DCB

Proof of Proposition[I} This follows the proof of Theorem 2 in [1I]], substituting
appropriately weighted quantities.
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Algorithm H Regret Bound ‘ Per-Round Communication Complexity
CB-NoSharing O(|V]vt) 0
CB-InstSharing | O(\/|Vt) O(d|V]?)
DCB O(VIVI#) O(loga(|V |)d?[V'])
DCCB O(V/|UF|t) O(logs(|V|t)d?|V])

Figure 3.2: This table gives a summary of theoretical results for the multi-agent
linear bandit problem. Note that CB with no sharing cannot benefit from the fact
that all the agents are solving the same bandit problem, while CB with instant
sharing has a large communication-cost dependency on the size of the network.
DCB succesfully achieves near-optimal regret performance, while simultaneously
reducing communication complexity by an order of magnitude in the size of the
network. Moreover, DCCB generalises this regret performance at not extra cost in
the order of the communication complexity.

For ease of presentation, we define the shorthand

X = (VW01Y1, -+ - v/ Wnyn) and 7 = (VWin1, -« oy VW),

where the y; are vectors with norm less than 1, the 7; are R-subgaussian, zero
mean, random variables, and the w; are positive real numbers. Then, given samples

(Vwiyr, Vwi(Oy1+m1)), - - ., (\/WnYn, /Wn (0Yyn+nr)), the maximum likelihood
estimate of 0 is

0:=(XX"+1)"'X(X"0+7)
= (XX "+ D)X+ (XX T+ )" XX +1)0— (XX +1)7'0
= (XX "+ D)X +6 - (XX"+1)7'0
So by Cauchy-Schwarz, we have, for any vector «,
270 = 0) = (@, X 5741 — @ 0) x4 (3.14)
<zl ggrn- (1Kl ggron + 10l ggrn) G195
Now from Theorem 1 of [1I], we know that with probability 1 — §

det(XXT + 1)

IX7]> < W?R*2log T R—

(XXT+I)-1

-----

with probability 1 — §

1
~ ~ 2
det(XXT+1) 191l

<WR | 2log 52

Hg_ HH()?)Z'T_i_I)fl
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since E]

<zl A (X XT + D|6]2A T (XX + 1)

mln(

< llz[l2/61]2-

m1n

HxH(XXT_H | (XXT41)-

Conditioned on the values of the weights, the statement of Proposition [1| now fol-
lows by substituting appropriate quantities above, and taking the probability over
the distribution of the subGaussian random rewards. However, since this statement
holds uniformly for any values of the weights, it holds also when the probability is
taken over the distribution of the weights. O

Proof of Lemma|l 1] Recall that Z@ is constructed from the contexts chosen from
the first 7(¢) rounds, across all the agents. Let ¢’ and ¢’ be arbitrary indices in V'
and {1,...,7(t)}, respectively.

(i) We have

~. ~. o . AT / . AT
det (A7) =det (A — (wiy = 1)ap (af) + (wi} 1) ap (a) )
— det (A7 1 ()
=de t—\wip —1)ay (xy

it i/
| (1 + (wf <1) Hx@ll@-(wz-';'l)z%(xii)T)l)
, t t

The second equality follows using the identity det(I + c¢B'/2z2TB/?) =
(1 + ¢||z||g), for any matrix B, vector z, and scalar c¢. Now, we
repeat this process for all ¢/ € V and ¢/ € {1,...,7(t)} as fol-
lows. Let (t1,i1),.., (tjvr(t), %|v|r(r)) be an arbitrary enumeration of
~. . T
V x {1,...,7(0)}. let By = Al and By = B,y — (w5 — 1)ai: (xt>
fors =1,...,[V|r(t). Then Bjy| () = Ar(4), and by the calculatlon above

we have
det () —det (4 H (1 (1) )
VIr(t) A
<det (Arp) exp | 3 (i = 1) ezl g,y
(1) |V
<exp Zz‘w —1‘ det
t'=14=1

>Amin( - ) denotes the smallest eigenvalue of its argument.
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(i) Note that for vectors z, y and a matrix B, by the Sherman-Morrison Lemma,
and Cauchy-Schwarz inequality we have that:

TR-1,,TR-1 TR-1,.,,TR-1
xT(B—f—ny)_lx:xTB_lx—xB yyB $>ﬂfTB_1iU—:EB xyB y

1+y™B~ly — 1+y™B1ly
=2'B la(l+y'B 'y
(3.16)

Taking

~. il 4 . O\ T i 4 .
B = (Ai — (w;; — 1) Ty (a:,@) ) andy = \/w; ;" — lay,

and using that y" B~ 'y < A\ (B)~1yTy, by construction, we have that, for
any t' € {1,...,7(t)} and ' € V,

e —1 T (i it il il ™ 1 it _1
x (At> x>z (At — (wz‘,t - 1) Ty (xt/) ) p(l+[w;; — 1)~

Performing this for each i’ € V and ¢’ € {1,...,7(¢)}, taking the exponen-
tial of the logarithm and using that log(1+a) < a like in the first part finishes
the proof.

O]

3.5.4 Proof of Theorem 14

Throughout the proof let ¢ denote the index of some arbitrary but fixed agent, and
k the index of its cluster.

Step 1: Show the true clustering is obtained in finite time.  First we prove
that with probability 1 — §, the number of times agents in different clusters share
information is bounded. Consider the statements

Vi, i€ V., Vi, (Héliocal,t - éf;cal,t“ > Cg\hreSh(t)> = ¢ Uk (3.17)
and,

vt > Oy, 8) = T (D)7 U (Bioeare = Oeatl] > (1),
(3.18)

where cg\hm"’h and A, are as defined in the main paper. Lemma 4 from [41]] proves

that these two statements hold under the assumptions of the theorem with proba-
bility 1 — §/2.

Let i be an agent in cluster U¥. Suppose that and hold. Then
we know that at time t = [C(v,\,d)], U¥ C V}’. Moreover, since the sharing
protocol chooses an agent uniformly at random from V}’ independently from the
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history before time t, it follows that the time until V;/ = U* can be upper bounded
by a constant C' = C/(|V|,§) with probability 1 — §/2. So it follows that there
exists a constant C' = C'(|V],~, A, §) such that the event

E := {@.17) and (3.18) hold, and (t > C(|V|,v,\,90) = V' = Uk:)}

holds with probability 1 — 4.

Step 2: Consider the properties of the weights after clustering. On the
event F/, we know that each cluster will be performing the algorithm DCB within
its own cluster for all ¢ > C(vy, |V'|). Therefore, we would like to directly apply
the analysis from the proof of Theorem [9] from this point. In order to do this we
need to show that the weights, w; t , have the same properties after time C' =

C(v,|V], A, d) that are required for the proof of Theorem [9}

Lemma 15. Suppose that agent i is in cluster U*. Then, on the event E,

(i) forallt > C(|V|,v,\,6) andi' € V \ UF, w;"zt’ —0;

(i) forallt' > C(|V],v,\,8) and i’ € U*, >, 1w wzct'/(lVlv) ]Uk ;

(iii) forallt >t > C(|V],v,\,0) andi' € UF, the weights wi’t vi e Uk are
id..

Proof. See Appendix [3.5.3] O

We must deal also with what happens to the information gathered before the
cluster has completely discovered itself. To this end, note that we can write, sup-
posing that 7(t) > C(|V],~, A, d),

i ol

i'eUk

z C

i vy Z S Wl (a:t,)T. (3.19)

=C+14'eUk

Armed with this observation we show that the fact that sharing within the appro-
priate cluster only begins properly after time C' = C(|V],7, A, ¢) the influence of
the bias is unchanged:

Lemma 16 (Bound on the influence of general weights). On the event E, for all
i € Vandt suchthat T(t) > C(|V],7v,\,9),

(1)
.. i]|2 s
(i) and a2 o < exp ( IR ‘) T

Proof. See Appendix [3.5.5] O

(i) det (g%) < exp (Tz(t: >

ci EU’C
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The final property of the weights required to prove Theorem [J] is that their
variance is diminishing geometrically with each iteration. For the analysis of DCB
this is provided by Lemma 4 of [96], and, using Lemma[I5] we can prove the same
result for the weights after time C' = C(|V|,v, A, 0):

Lemma 17. Suppose that agent i is in cluster U*. Then, on the event E, for all
t>C=C(V],v,\ ) andt' < t, we have

k
Jit! 2 1%
E <(wi,t -1 ) < ot—max{t',C’}

Proof. Given the properties proved in Lemma[I5] the proof is identical to the proof
of Lemma 4 of [96]. O]

Step 3: Apply the results from the analysis of DCB. We can now apply the
same argument as in Theorem [9]to bound the regret after time C' = C'(v, |[V|, A, 6).
The regret before this time we simply upper bound by |U*|C(|V'|,v, A, 6)||0]|. We
include the modified sections bellow as needed.

Using Lemma[I7] we can control the random exponential constant in Lemma
and the upper bound W (T'):

Lemma 18 (Bound in the influence of weights under our sharing protocol). Assume
thatt > C(~, |V, Ad). Then on the event E, for some constants 0 < dy < 1, with

probability 1 — 25(31 Oy

—(t—max{t',C})

PP oA il
=Ci'eUk ov
9—(t—max{t’,C})

d ) <1 k|3
and W (7(t)) < +  Jnax U"|2 5,

In particular, forany 1 > § > 0, choosing 8y = §2~(¢=max{t".CH/2 ‘and 7(t) =
t — ¢1 log, ot we conclude that with probability 1 — (¢ot)~¢1/25 /(1 — 2-1/2), for
any t > C + ¢; logy(c2C),

7(t)

PIDILEERE Pt L o wiri <1+ 2

(3.20)

Thus lemmas 16| and |18 give us control over the bias introduced by the imperfect
information sharing. Applying lemmas [T6] and [I8] we find that with probability
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1 — (eot)~ /25 /(1 — 271/2):

pi < 2exp Lk [EH] ! (3.21)
t = S t (3 - :
(1—271)e,t tTV0 (45)
E P 1
U*|3 Uk|3 det (Arp)?
1+ | |:1 R |2log [ exp | |fl (Ar0) + 0|
_1 G e _lyga 0
(1—-2"3)ct 20 (1—-2"3)ct t2 V0o

Step 4: Choose constants and sum the simple regret. Choosing again c¢; =

3 )
4, co = |V|2, and setting N5 = — 1 we have on the event F, for all

(1—21)/5
t > max{Ns, C + 4log2(|V|%C)}, with probability 1 — (|V[t)=26/(1 — 271/2)

pi < dellell ) (8t)+ BV2),

k i—1
At71+2i/:1 Ty

where (3(-) is as defined in the theorem statement. Now applying Cauchy-
Schwarz, and Lemma 11 from [1] yields that on the event E, with probability
1—(L+ 2,V =2/ —27Y2) 6 > 1 - 30,

Ry < (max{ Ny, C + dlogy(|V[3C)} + 2 (4] V|dlog (IV]£))* ) 161

+ e (8(t) + RV2) \/UF |t (210g (det (45))).

Replacing ¢ with /6, and combining this result with Step 1 finishes the proof.

3.5.5 Proofs of Intermediary Results for DCCB

Proof of Lemma(I5 Recall that whenever the pruning procedure cuts an edge,
both agents reset their buffers to their local information, scaled by the size of their
current neighbour sets. (It does not make a difference practically whether or not
they scale their buffers, as this effect is washed out in the computation of the con-
fidence bounds and the local estimates. However, it is convenient to assume that
they do so for the analysis.) Furthermore, according to the pruning procedure, no
agent will share information with another agent that does not have the same local
neighbour set.

On the event E, there is a time for each agent, 4, before time C' = C(~, |V|, AJ)
when the agent resets its information to their local information, and their local
neighbour set becomes their local cluster, i.e. VtZ = UF. After this time, this
agent will only share information with other agents that have also set their local
neighbour set to their local cluster. This proves the statement of part (i).

Furthermore, since on event E, after agent ¢ has identified its local neighbour
set, i.e. when V}! = U*, the agent only shares with members of U¥, the statements
of parts (ii) and (iii) hold by construction of the sharing protocol. O
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Proof of Lemma(I6] The result follows the proof of Lemma|[I1] For the the itera-
tions until time C' = C(vy, |V|, A\d) is reached, we apply the argument there. For
the final step we require two further inequalities.

First, to finish the proof of part (i) we note that,

W COvh 1
i'eUk i'eUk
w1 b
= det <AT> det I + Z T|AT AT
i'eUk
k i,
< det <AT> det | I + Z ‘wm - 1‘ Ak Z |U’f|
Z’EU’“ ’EUk
< det (AI%) 1+ Z ’wigc - 1’
i'eUk

For the first equality we have used that |[U*| A%, = Y oireuk Z’é, for the first inequal-
ity we have used a property of positive definite matrices; for the second inequality
we have used that 1 upper bounds the eigenvalues of Ag_l/ QAIE,A%_I/ 2,

Second, to finish the proof of part (ii), we note that, for any vector x,

-1

zC_l
T ~/
v T(t Z ]Uk] z
euk
-1
e,
TRy e e S P
= <A7<t> 2”5> I+, oR A S oAz Az o
ek
—1
A ‘ W 1’ 3 i 4k "1 k3
= <A7<t> 5”) I+ |Uk| A T Acdrg (AT@) “7)
i'eyUk
-1
> |1+ Z ‘wzic—l‘ mTAﬁ(t)_lx.

i'eUk

The first inequality here follows from a property of positive definite matrices, and
the other steps follow similarly to those in the inequality that finished part (i) of the
proof. O



Chapter 4

Collaborative Clustering Bandits

4.1 Introduction

Recommender Systems are an essential part of many successful on-line businesses,
from e-commerce to on-line streaming, and beyond [44, 46]. Moreover, Compu-
tational Advertising can be seen as a recommendation problem where the user
preferences highly depend on the current context. In fact, many recommendation
domains such as Youtube video recommendation or news recommendation do not
fit the classical description of a recommendation scenario, whereby a set of users
with essentially fixed preferences interact with a fixed set of items. In this classical
setting, the well-known cold-start problem, namely, the lack of accumulated inter-
actions by users on items, needs to be addressed, for instance, by turning to hybrid
recommendation methods (e.g., [43]]). In practice, many relevant recommendation
domains are dynamic, in the sense that user preferences and the set of active users
change with time. Recommendation domains can be distinguished by how much
and how often user preferences and content universe change (e.g., [74]]). In highly
dynamic recommendation domains, such as news, ads and videos, active users
and user preferences are fluid, hence classical collaborative filtering-type methods,
such as Matrix or Tensor-Factorization break down. In these settings, it is essential
for the recommendation method to adapt to the shifting preference patterns of the
users.

Exploration-exploitation methods, a.k.a. the multi-armed bandits, which have
been shown to be an excellent solution for these dynamic domains (see, e.g.,
[72, [73]). While effective, standard contextual bandits do not take collaborative
information into account, that is, users who have interacted with similar items in
the past will not be deemed to have similar taste based on this fact alone, while
items that have been chosen by the same group of users will also not be considered
as similar. It is this significant limitation in the current bandit methodology that
we try to address in this work. Past efforts on this problem were based on using
online clustering-like algorithms on the graph or network structure of the data in
conjunction with multi-armed bandit methods (see Section #4.3)).

76
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Commercial large scale search engines and information retrieval systems are
examples of highly dynamic environments where users and items could be de-
scribed in terms of their membership in some preference cluster. For instance, in a
music recommendation scenario, we may have groups of listeners (the users) clus-
tered around music genres, with the clustering changing across different genres.
On the other hand, the individual songs (the items) could naturally be grouped by
sub-genre or performer based on the fact that they tend to be preferred by the same
group of users. Evidence has been collected which suggests that, at least in specific
recommendation scenarios, like movie recommendation, data are well modeled by
clustering at both user and item sides (e.g., [93]).

In this paper, we introduce a Collaborative Filtering based stochastic multi-
armed bandit method that allows for a flexible and generic integration of informa-
tion of users and items interaction data by alternatively clustering over both user
and item sides. Specifically, we describe and analyze an adaptive and efficient clus-
tering of bandit algorithm that can perform collaborative filtering, named COFIBA
(pronounced as “coffee bar”). Importantly enough, the clustering performed by our
algorithm relies on sparse graph representations, avoiding expensive matrix factor-
ization techniques. We adapt COFIBA to the standard setting of sequential content
recommendation known as (contextual) multi-armed bandits (e.g., [S]]) for solving
the canonical exploration vs. exploitation dilemma.

Our algorithm works under the assumption that we have to serve content to
users in such a way that each content ifem determines a clustering over users made
up of relatively few groups (compared to the total number of users), within which
users tend to react similarly when that item gets recommended. However, the clus-
tering over users need not be the same across different items. Moreover, when the
universe of items is large, we also assume that the items might be clustered as a
function of the clustering they determine over users, in such a way that the num-
ber of distinct clusterings over users induced by the items is also relatively small
compared to the total number of available items.

Our method aims to exploit collaborative effects in a bandit setting in a way
akin to the way co-clustering techniques are used in batch collaborative filtering.
Bandit methods also represent one of the most promising approaches to the re-
search community of recommender systems, for instance in tackling the cold-start
problem (e.g., [97]), whereby the lack of data on new users leads to suboptimal
recommendations. An exploration approach in these cases seems very appropriate.

We demonstrate the efficacy of our dynamic clustering algorithm on three
benchmark and real-world datasets. Our algorithm is scalable and exhibits signif-
icant increased prediction performance over the state-of-the-art of clustering ban-
dits. We also provide a regret analysis of the v/T-style holding with high probabil-
ity in a standard stochastically linear noise setting.
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4.2 Learning Model

We assume that the user behavior similarity is encoded by a family of clusterings
depending on the specific feature (or context, or item) vector  under consider-
ation. Specifically, we let / = {1,...,n} represent the set of n users. Then,
given € R? set U can be partitioned into a small number m(x) of clusters
Ui(z),Us(x), . . ., Up(a) (), where m(x) is upper bounded by a constant m, in-
dependent of x, with m being much smaller than n. (The assumption m << n is
not strictly required but it makes our algorithms more effective, and this is actu-
ally what we expect our datasets to comply with.) The clusters are such that users
belonging to the same cluster U;(x) tend to have similar behavior w.r.t. feature
vector x (for instance, they both like or both dislike the item represented by x),
while users lying in different clusters have significantly different behavior. The
mapping ¢ — {U1(x),Uz(x), . .., Upz) ()} specifying the actual partitioning
of the set of users U/ into the clusters determined by x (including the number of
clusters m(x) and its upper bound m), as well as the common user behavior within
each cluster are unknown to the learning system, and have to be inferred based on
user feedback.

For the sake of simplicity, this paper takes the simple viewpoint that clustering
over users is determined by linear functions & — ul—-raz, each one parameterized
by an unknown vector u; € R hosted at user i € I/, in such a way that if users
i and 7' are in the same cluster w.r.t. @ then u; = w, x, while if i and i’ are
in different clusters w.r.t. x then |u2—:c — ulT,a:| > 7y, for some (unknown) gap
parameter v > 0, independent of a:E] As in the standard linear bandit setting (e.g.,
[5, 169, 125, 11, 27, 164, 91, 1106, |34, 41]], and references therein), the unknown vector
u; determines the (average) behavior of user ¢. More concretely, upon receiving
context vector x, user ¢ “reacts” by delivering a payoff value

ai(@) = u @ + () ,

where ¢;(x) is a conditionally zero-mean and bounded variance noise term so that,
conditioned on the past, the quantity uZTa: is indeed the expected payoff observed
at user ¢ for context vector x. Notice that the unknown parameter vector u; we
associate with user ¢ is supposed to be time invariant in this modelE]

Since we are facing sequential decision settings where the learning system
needs to continuously adapt to the newly received information provided by users,
we assume that the learning process is broken up into a discrete sequence of rounds:
Inround t = 1,2, ..., the learner receives a user index i; € U to serve content to,
hence the user to serve may change at every round, though the same user can re-
cur many times. We assume the sequence of users 1,19, ... is determined by an
exogenous process that places nonzero and independent probability to each user

! As usual, this assumption may be relaxed by assuming the existence of two thresholds, one for
the within-cluster distance of u; @ to u;, x, the other for the between-cluster distance.

2 1t would in fact be possible to lift this whole machinery to time-drifting user preferences by
combining with known techniques (e.g., [21}[79]).



CHAPTER 4. COLLABORATIVE CLUSTERING BANDITS 79

being the next one to serve. Together with i, the system receives in round ¢ a set
of feature vectors C;, = {x¢ 1, X1 2,..., %1, } C R encoding the content which
is currently available for recommendation to user i;. The learner is compelled to
pick some &; = x;j, € C;, to recommend to i;, and then observes i;’s feedback
in the form of payoff a; € R whose (conditional) expectation is uiTtizt. The goal of

the learning system is to maximize its total payoff Zle a¢ over T rounds. When
the user feedback at our disposal is only the click/no-click behavior, the payoff a;

is naturally interpreted as a binary feedback, so that the quantity @ becomes
a clickthrough rate (CTR), where a; = 1 if the recommended item was clicked by
user ¢, and a; = 0, otherwise. CTR is the measure of performance adopted by our
comparative experiments in Section

From a theoretical standpoint (Section[4.6)), we are instead interested in bound-
ing the cumulative regret achieved by our algorithms. More precisely, let the regret
r¢ of the learner at time ¢ be the extent to which the average payoff of the best
choice in hindsight at user i; exceeds the average payoff of the algorithm’s choice,
ie.,

Ty = (;Ié%i uZm) —uiTta_zt .
We are aimed at bounding with high probability the cumulative regret Zthl r¢ , the
probability being over the noise variables ¢;, (Z;), and any other possible source of
randomness, including i; — see Section@

The kind of regret bound we would like to contrast to is one where the latent
clustering structure over U (w.r.t. the feature vectors x) is somehow known before-
hand (see Section @] for details). When the content universe is large but known a
priori, as is frequent in many collaborative filtering applications, it is often desir-
able to also group the items into clusters based on similarity of user preferences,
i.e., two items are similar if they are preferred by many of the same users. This no-
tion of “two-sided” clustering is well known in the literature; when the clustering
process is simultaneously grouping users based on similarity at the item side and
items based on similarity at the user side, it goes under the name of “co-clustering”
(see, e.g., [32,133]]). Here, we consider a computationally more affordable notion
of collaborate filtering based on adaptive two-sided clustering.

Unlike previous existing clustering techniques on bandits (e.g., [41. [82]]),
our clustering setting only applies to the case when the content universe
is large but known a priori (yet, see the end of Section {.4).  Specifi-
cally, let the content universe be Z = {z1,x2,..., 7}, and P(z,) =
{Ui(zn), U2(2h); - - - s Up(a,) (®r) } be the partition into clusters over the set of
users U induced by item @x;. Then items xj, z;, € Z belong to the same cluster
(over the set of items Z) if and only if they induce the same partition of the users,
i.e., if P(x}) = P(xy ). We denote by g the number of distinct partitions so in-
duced over U by the items in Z, and work under the assumption that g is unknown
but significantly smaller than |Z|. (Again, the assumption g << |Z| is not strictly
needed, but it both makes our algorithms effective and is expected to be satisfied in
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relevant practical scenarios.)

Finally, in all of the above, an important special case is when the items to be
recommended do not possess specific features (or do not possess features having
significant predictive power). In this case, it is common to resort to the more clas-
sical non-contextual stochastic multiarmed bandit setting (e.g., [6} 4]]), which is
recovered from the contextual framework by setting d = |Z|, and assuming the
content universe Z is made up of the d-dimensional vectors ey, h = 1,...,d, of
the canonical basis of R%, As a consequence, the expected payoff of user i on item
h is simply the h-th component of vector u;, and two users ¢ and 7’ belong to the
same cluster w.r.t. to h if the h-th component of u; equals the h-th component of
u;. Because the lack of useful annotation on data was an issue with all datasets at
our disposal, it is this latter modeling assumption that motivates the algorithm we
actually implemented for the experiments reported in Section

4.3 Related Work

Batch collaborative filtering neighborhood methods rely on finding similar groups
of users and items to the target user-item pair, e.g., [103]], and thus in effect rely on a
dynamic form of grouping users and items. Collaborative Filtering-based methods
have also been integrated with co-clustering techniques, whereby preferences in
each co-cluster are modeled with simple statistics of the preference relations in the
co-cluster, e.g., rating averages [42].

Beyond the general connection to co-clustering (e.g., [32, 33]), our paper is
related to the research on multi-armed bandit algorithms for trading off explo-
ration and exploitation through dynamic clustering. We are not aware of any spe-
cific piece of work that combines bandits with co-clustering based on the scheme
of collaborative filtering; the papers which are most closely related to ours are
(34, [76, 82, [13] 165, 41} 163]]. In [34], the authors work under the assumption that
users are defined using a feature vector, and try to learn a low-rank hidden subspace
assuming that variation across users is low-rank. The paper combines low-rank ma-
trix recovery with high-dimensional Gaussian Process Bandits, but it gives rise to
algorithms which do not seem practical for sizeable problems. In [76]], the authors
analyze a non-contextual stochastic bandit problem where model parameters are
assumed to be clustered in a few (unknown) types. Yet, the provided solutions are
completely different from ours. The work [82] combines (k-means-like) online
clustering with a contextual bandit setting, but clustering is only made at the user
side. The paper [13] also relies on bandit clustering at the user side (as in [[76} 82]),
with an emphasis on diversifying recommendations to the same user over time. In
[65]], the authors propose cascading bandits of user behavior to identify the £ most
attractive items, and formulate it as a stochastic combinatorial partial monitoring
problem. Finally, the algorithms in [41, |63} [71] can be seen as a special case of
COFIBA when clustering is done only at the user side, under centralized [41} [71]]
or decentralized [[63]] environments.
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Similar in spirit are also [7, [14} [18} |60]]: In [7]], the authors define a trans-
fer learning problem within a stochastic multi-armed bandit setting, where a prior
distribution is defined over the set of possible models over the tasks; in [14]], the
authors rely on clustering Markov Decision Processes based on their model pa-
rameter similarity. In [18], the authors discuss how to choose from n unknown
distributions the k ones whose means are largest by a certain metric; in [60] the
authors study particle Thompson sampling with Rao-Blackwellization for online
matrix factorization, exhibiting a regret bound in a very specific case of n x m
rank-1 matrices. Yet, in none of above cases did the authors make a specific ef-
fort towards item-dependent clustering models applied to stochastic multi-armed
bandits.

Further work includes [97, 98]]. In [97], an ensemble of contextual bandits
is used to address the cold-start problem in recommender systems. A similar ap-
proach is used in [98]] to deal with cold-start in recommender systems but based
on the probability matching paradigm in a parameter-free bandit strategy, which
employs online bootstrap to derive the distribution of the estimated models. In
contrast to our work, in neither [97] nor [98] are collaborative effects explicitly
taken into account.

4.4 The Algorithm

COFIBA, relies on upper-confidence-based tradeoffs between exploration and ex-
ploitation, combined with adaptive clustering procedures at both the user and the
item sides. COFIBA stores in round ¢ an estimate w; ; of vector u; associated with
user ¢ € U. Vectors w; ; are updated based on the payoff feedback, as in a standard
linear least-squares approximation to the corresponding w;. Every user ¢ € U hosts
such an algorithm which operates as a linear bandit algorithm (e.g., [25} 1} 141]]) on
the available content C;,. More specifically, w;;—1 is determined by an inverse
correlation matrix M Z’tl_l subject to rank-one adjustments, and a vector b; ;1 sub-
ject to additive updates. Matrices M, ; are initialized to the d x d identity matrix,
and vectors b;; are initialized to the d-dimensional zero vector. Matrix M;tl_l is
also used to define an upper confidence bound CB;;—i(x) in the approxinHation
of w; 1 to u; along direction x. Based on the local information encoded in the
weight vectors w; ;1 and the confidence bounds CB;;_1(x), the algorithm also
maintains and updates a family of clusterings of the set of users U/, and a single
clustering over the set of items Z. On both sides, such clusterings are represented
through connected components of undirected graphs (this is in the same vein as
in [41]]), where nodes are either users or items. A pseudocode description of our
algorithm is contained in Figures 4.1 .2 and 4.3] while Figure [4.4]illustrates the
algorithm’s behavior through a pictorial example.

At time £, COFIBA receives the index i; of the current user to serve, along
with the available item vectors ¢ 1, ..., T, and must select one among them.
In order to do so, the algorithm computes the c; neighborhood sets Ny, one per
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Input:

e Setof usersU =
e setofitems Z = wl, .
e exploration parameter BS d and ¢ edge deletion parameter aiz > 0.

Init:
) blo—OeRdandM :IERdXd, 1=1,.
o User graph G¥ = (U EV,), GV is connected overU
e Number of user graphs =1, !
e No. of user clusters my ; = 1;
e [tem clusters Il 1 =1, no. of item clusters g; = 1;
e Item graph GI'= (T, El), G! is connected over Z.

fort=1,2,...,T do

Set
—1 .
Wi t—1 = Mi7t_1bi,t71» i=1,...,n;
Receive i, € U, and getitems C;, = {@;1,..., 2, } CI;
For each k = 1, ..., ¢, determine which cluster (within the current user clustering
Ww.I.t. ; ;) user i; belongs to, and denote this cluster by Ny;
Compute, for k = 1,. .., ¢, aggregate quantities
My, -1 =1+ Z it—1—
1€ENg
by, t-1 = Z b1,
1€ Ny
_ —r—1 =
W t-1 = My, PN
_ T
Set ky = argmax (Wy, ; 1%k + CBN, t—1(Te k)

k=1,...,ct

where CBy, (—1(z) = \/:CTMZQ;t_lsc log(t+1);
Set for brevity &; = x¢ 1, ;
Observe payoff a; € R, and update weights M, , and b; ; as follows:
o M, =M, 1+x,2/,
° it = by i—1 + ay®y,
L] Set Mi,t = Mi’tfl, bi,t = bi’tfl for all ¢ 7é it .
Determine ﬁt €{1,...,g+} such that k; € fﬁtﬁ
Update user clusters at graph Ggﬁ = U, EtUE ) by performing the steps in Figure

B2 -
Forall h # hy, set G, = GY;

Update item clusters at graph GI (Z, E}) by performing the steps in Figure[4.3].
end for

Figure 4.1: The COFIBA algorithm.
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item x;;, € C;, based on the current aggregation of users (clusters “at the user
side”) w.r.t. item x; ;. Set N; should be regarded as the current approximation to
the cluster (over the users) i; belongs to when the clustering criterion is defined by
item x; .. Each neighborhood set then defines a compound weight vector w, 1
(through the aggregation of the corresponding matrices M; ;1 and vectors b; ;1)
which, in turn, determines a compound confidence boun(ﬂ CBn, t—1 (¢ ). Vector
wy, +—1 and confidence bound CBy, ;—1(x ) are combined through an upper-
confidence exploration-exploitation scheme so as to commit to the specific item
xy € C;, for user i;. Then, the payoff a; is received, and the algorithm uses
x; to update M;, ;1 to M;, ; and b;, ;1 to b;, ;. Notice that the update is only
performed at user 7, though this will affect the calculation of neighborhood sets
and compound vectors for other users in later rounds.

After receiving payoff a; and computing M;, ; and b;, ;, COFIBA updates the
clusterings at the user side and the (unique) clustering at the item side. In round ¢,
there are multiple graphs Gg n = (U, EtU ;,) at the user side (hence many clusterings
over U, indexed by k), and a single graph G} = (Z, E/) at the item side (hence a
single clustering over 7). Each clustering at the user side corresponds to a single
cluster at the item side, so that we have g; clusters I Ttseeos I g, over items and g;
clusterings over users. See Figure for an example where / = {1,...6} and
Z = {x1,...,xs} (the items are depicted here as 1,2,...,8). (a) At the begin-
ning we have g; = 1, with a single item cluster I 1,1 = Z and, correspondingly,
a single (degenerate) clustering over I/, made up of the unique cluster &/. (b) In
round ¢ we have the g; = 3 item clusters jl,t = {x1,z2}, IA27t = {@3, x4, 5},
I 3+ = {x6, x7, T3 }. Corresponding to each one of them are the three clusterings
over U depicted on the left, so that m? 1 =3, m?g = 2,and ths = 4. In this exam-
ple,#; = 4, and £; = x5, hence ﬁt = 2, and we focus on graph GgQ, corresponding
to user clustering {{1, 2,3}, {4,5,6}}. Suppose in GgQ the only neighbors of user
4 are 5 and 6. When updating such user clustering, the algorithm considers therein
edges (4,5) and (4, 6) to be candidates for elimination. Suppose edge (4, 6) is
eliminated, so that the new clustering over U induced by the updated graph GtUJrl,2
becomes {{1,2,3},{4,5},{6}}. After user graph update, the algorithm considers
the item graph update. Suppose x5 is only connected to x4 and =3 in GY, and
that x4 is not connected to x3, as depicted. Both edge (x5, x4) and edge (x5, x3)
are candidates for elimination. The algorithm computes the neighborhood N of
1y = 4 according to GtUJrl,Z’ and compares it to the the neighborhoods N gt 41()s
for ¢ = 3,4. Assume N # Ngt 11 (i¢), because the two neighborhoods of user 4 are
now different, the algorithm deletes edge (x5, x3) from the item graph, splitting
the item cluster {x3, x4, x5} into the two clusters {x3} and {x4, x5}, hence allo-
cating a new cluster at the item side corresponding to a new degenerate clustering
{{1,2,3,4,5,6}} at the user side. (¢) The resulting clusterings at the beginning of

3 The one given in Figure is the confidence bound we use in our experiments. In fact, the
theoretical counterpart to CB is significantly more involved, same efforts can also be found in order
to close the gap, e.g., in [4},41].
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Update user clusters at graph G 5 as follows:
e Delete from EUA all (zt, ) such that

|w (& — W) B| > CBy, 1 (ZT4) + CB4 () ,

where CB; () = agé/ T M, '@ log(t+1);

U U _ U
o Let Et+1 P be the resulting set of edges, set Gt+1 o= U, Et+1 P ), and
compute associated clusters U1 I Us i1 REE U U t417, A8 the con-

t+1.}§t’

nected components of GU
t+1, ht

Figure 4.2: User cluster update in the COFIBA

Update item clusters at graph G as follows:
e For all / such that (Z;, ;) € E/ build neighborhood Ngt+1(it) as

NZL,[tJrl(it) = {J D JF i, ‘w;‘z,twl - w;r’twd
< OBy, o(@e) + OB () }

e Delete from E/ all (&;,x,) such that N, (i) # Nf .., (i), where

NkUt 141 (i¢) is the neighborhood of node i; w.r.t. graph GtU 7
o Let 1] 1 be the resulting set of edges set G =, Ef 1) cL(Smpute associated

item clusters [ 16415 12’t+1, ... I ges1,¢4+1 through the connected components of

Gl
t+1° .
e For each new item cluster created, allocate a new connected graph over users

representing a single (degenerate) cluster /.

Figure 4.3: Item cluster update in the COFIBA

round ¢ + 1 (In this picture it is assumed that edge (x5, x4) was not deleted from
the item graph at time t).

On both user and item sides, updates take the form of edge deletions. Updates at
the user side are only performed on the graph G pomted to by the selected item

Z; = x4 k,. Updates at the item side are only made if it is likely that the neighbor-
hoods of user #; has significantly changed when considered w.r.t. two previously
deemed similar items. Specifically, if item x5, was directly connected to item & at
the beginning of round ¢ and, as a consequence of edge deletion at the user side,
the set of users that are now likely to be close to i; w.r.t. &, is no longer the same
as the set of users that are likely to be close to i; w.r.t. &y, then this is taken as
a good indication that item @, is not inducing the same partition over users as ;
does, hence edge (¢, xp) gets deleted. Notice that this need not imply that, as a
result of this deletion, the two items are now belonging to different clusters over Z,
since these two items may still be indirectly connected.

It is worth stressing that a naive implementation of COFIBA would require
memory allocation for maintaining |Z|-many n-node graphs, i.e., O(n?|Z|). Be-
cause this would be prohibitive even for moderately large sets of users, we make
full usage of the approach of [41]], where instead of starting off with complete
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Figure 4.4: Illustration example

graphs over users each time a new cluster over items is created, we randomly
sparsify the complete graph by drawing an Erdos-Renyi initial graph, still retain-
ing with high probability the underlying clusterings {U1(x4), - - ., Upy(z,) (%)}
h =1,...,|Z|, over users. This works under the assumption that the latent clus-
ters U, (xy) are not too small — see the argument in [41]], where it is shown that in
practice the initial graphs can have O(n logn) edges instead of O(n?). Moreover,
because we modify the item graph by edge deletions only, one can show that with
high probability (under the modeling assumptions of Section4.2)) the number g; of
clusters over items remains upper bounded by g throughout the run of COFIBA, so
that the actual storage required by the algorithm is indeed O(nglogn). This also
brings a substantial saving in running time, since updating connected components
scales with the number of edges of the involved graphs. It is this graph sparsifi-
cation techniques that we used and tested along the way in our experimentation
parts.

Finally, despite we have described in Section a setting where 7 and U are
known a priori (the analysis in Section 4.6 currently holds only in this scenario),
nothing prevents in practice to adapt COFIBA to the case when new content or
new users show up. This essentially amounts to adding new nodes to the graphs at
either the item or the user side, by maintaining data-structures via dynamic memory
allocation. In fact, this is precisely how we implemented our algorithm in the case
of very big item or user sets (e.g., the Telefonica and the Avazu dataset in the next
section).
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4.5 Experiments

We compared our algorithm to standard bandit baselines on three real-world
datasets: one canonical benchmark dataset on news recommendations, one adver-
tising dataset from a living production system, and one publicly available adver-
tising dataset. In all cases, no features on the items have been used. We closely
followed the same experimental setting as in previous work [25,41]], thereby eval-
uating prediction performance by click-through rate.

4.5.1 Datasets

Yahoo!. The first dataset we use for the evaluation is the freely available bench-
mark dataset which was released in the “ICML 2012 Exploration & Exploitation
Challenge’ﬂ The aim of the challenge was to build state-of-the-art news article
recommendation algorithms on Yahoo! data, by building an algorithm that learns
efficiently a policy to serve news articles on a web site. The dataset is made up of
random traffic records of user visits on the “Today Module” of Yahoo!, implying
that both the visitors and the recommended news article are selected randomly. The
available options (the items) correspond to a set of news articles available for rec-
ommendation, one being displayed in a small box on the visited web page. The aim
is to recommend an interesting article to the user, whose interest in a given piece
of news is asserted by a click on it. The data has 30 million visits over a two-week
time stretch. Out of the logged information contained in each record, we used the
user ID in the form of a 136-dimensional boolean vector containing his/her fea-
tures (index ¢;), the set of relevant news articles that the system can recommend
from (set C;,); a randomly recommended article during the visit; a boolean value
indicating whether the recommended article was clicked by the visiting user or not
(payoff a;). Because the displayed article is chosen uniformly at random from the
candidate article pool, one can use an unbiased off-line evaluation method to com-
pare bandit algorithms in a reliable way. We refer the reader to [41] for a more
detailed description of how this dataset was collected and extracted. We picked
the larger of the two datasets considered in [41], resulting in n ~ 18 K users, and
d = 323 distinct items. The number of records ended up being 2.8 M, out of which
we took the first 300K for parameter tuning, and the rest for testing.

Telefonica. This dataset was obtained from Telefonica S.A., which is the num-
ber one Spanish broadband and telecommunications provider, with business units
in Europe and South America. This data contains clicks on ads displayed to user
on one of the websites that Telefonica operates on. The data were collected from
the back-end server logs, and consist of two files: the first file contains the ads in-
teractions (each record containing an impression timestamp, a user-ID, an action,
the ad type, the order item ID, and the click timestamp); the second file contains
the ads metadata as item-ID, type-ID, type, order-ID, creative type, mask, cost,
creator-ID, transaction key, cap type. Overall, the number n of users was in the

*https://explochallenge.inria.fr/category/challenge
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scale of millions, while the number d of items was approximately 300. The data
contains 15M records, out of which we took the first 1,5M for parameter tun-
ing, and the rest for testing. Again, the only available payoffs are those associated
with the items served by the system. Hence, in order to make the procedure be
an effective estimator in a sequential decision process (e.g., [27, 136l 411 169]), we
simulated random choices by the system by generating the available item sets Cj,
as follows: At each round ¢, we stored the ad served to the current user i; and the
associated payoff value a; (1 =“clicked”, 0 =*not clicked”). Then we created C},
by including the served ad along with 9 extra items (hence ¢; = 10 V¢) which were
drawn uniformly at random in such a way that, for any item e;, € Z, if e; occurs
in some set Cj,, this item will be the one served by the system 1/10 of the times.
The random selection was done independent of the available payoff values a;. All
our experiments on this dataset were run on a machine with 64GB RAM and 32
Intel Xeon cores.

Avazu. This dataset was prepared by Avazu IHCE] which is a leading multina-
tional corporation in the digital advertising business. The data was provided for the
challenge to predict the click-through rate of impressions on mobile devices, i.e.,
whether a mobile ad will be clicked or not. The number of samples was around
40M, out of which we took the first 4\ for parameter tuning, and the remaining
for testing. Each line in the data file represents the event of an ad impression on
the site or in a mobile application (app), along with additional context information.
Again, payoff a; is binary. The variables contained in the dataset for each sam-
ple are the following: ad-ID; timestamp (date and hour); click (boolean variable);
device-ID; device IP; connection type; device type; ID of visited App/Website;
category of visited App/Website; connection domain of visited App/Website; ban-
ner position; anonymized categorical fields (C1, C14-C21). We pre-processed the
dataset as follows: we cleaned up the data by filtering out the records having miss-
ing feature values, and removed outliers. We identified the user with device-ID, if
itis not null. The number of users on this dataset is in the scale of millions. Similar
to the Telefonica dataset, we generated recommendation lists of length ¢; = 20 for
each distinct timestamp. We used the first 4V records for tuning parameters, and
the remaining 36 M for testing. All data were transferred to Amazon S3, and all
jobs were run through the Amazon EC2 Web Service.

4.5.2 Algorithms

We compared COFIBA to a number of state-of-the-art bandit algorithms:

e LINUCB-ONE is a single instance of the UCB1 [6] algorithm, which is a
very popular and established algorithm that has received a lot of attention in
the research community over the past years;

e DYNUCSB is the dynamic UCB algorithm of [82]]. This algorithm adopts
a “K-means”-like clustering technique so as to dynamically re-assign the

Shttps://www.kaggle.com/c/avazu-ctr-prediction
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clusters on the fly based on the changing contexts and user preferences over
time;

e LINUCB-IND [41] is a set of independent UCB1 instances, one per user,
which provides a fully personalized recommendation for each user;

e CLUB [41] is the state-of-the-art online clustering of bandits algorithm that
dynamically cluster users based on the confidence ellipsoids of their models;

e LINUCB-V [4] is also a single instance of UCB 1, but with a more sophis-
ticated confidence bound; this algorithm turned out to be the winner of the
“ICML 2012 Challenge” where the Yahoo! dataset originates from.

We tuned the optimal parameters in the training set with a standard grid search as
indicated in [27, 41]], and used the test set to evaluate the predictive performance
of the algorithms. Since the system’s recommendation need not coincide with the
recommendation issued by the algorithms we tested, we only retained the records
on which the two recommendations were indeed the same. Because records are
discarded on the fly, the actual number 7" of retained records (“Rounds” in the plots
of the next subsection) changes slightly across algorithms; 7" was around 70K for
the Yahoo! data, 350K for the Telefonica data, and 900K for the Avazu data. All
experimental results we report were averaged over 3 runs (but in fact the variance
we observed across these runs was fairly small).

4.5.3 Results

Our results are summarized in Figures [4.5] .6 and Further evidence is con-
tained in Figure In Figures 4.7] we plotted click-through rate (“CTR”) vs.
retained records so far (“Rounds”). All these experiments are aimed at testing the
performance of the various bandit algorithms in terms of prediction performance,
also in cold-start regimes (i.e., the first relatively small fraction of the time horizon
in the z-axis). Our experimental setting is in line with previous ones (e.g., [2541])
and, by the way the data have been prepared, gives rise to a reliable estimation of
actual CTR behavior under the same experimental conditions as in [25}41]. Figure
[.8]is aimed at supporting the theoretical model of Section4.2] by providing some
evidence on the kind of clustering statistics produced by COFIBA at the end of its
run.

Whereas the three datasets we took into consideration are all generated by real
online web applications, it is worth pointing out that these datasets are indeed dif-
ferent in the way customers consume the associated content. Generally speaking,
the longer the lifecycle of one item the fewer the items, the higher the chance that
users with similar preferences will consume it, and hence the bigger the collab-
orative effects contained in the data. It is therefore reasonable to expect that our
algorithm will be more effective in datasets where the collaborative effects are in-
deed strong.
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Yahoo Dataset
0.08 T T

= 0.04
5 0
0.03 —— LINUCB-ONE
DYNUCB ]
0.02 ~——~—""——LINUCB-IND
—CLUB
LINUCB-V
0.01 ——COFIBA
0 1 2 3 4 5 6 7
Rounds x10*

Figure 4.5: Results on the Yahoo dataset.

The users in the Yahoo! data (Figure [4.5)), are likely to span a wide range of
demographic characteristics; on top of this, this dataset is derived from the con-
sumption of news that are often interesting for large portions of these users and,
as such, do not create strong polarization into subcommunities. This implies that
more often than not, there are quite a few specific hot news that all users might
express interest in, and it is natural to expect that these pieces of news are intended
to reach a wide audience of consumers. Given this state of affairs, it is not sur-
prising that on the Yahoo! dataset both LINUCB-ONE and LINUCB-V (serving
the same news to all users) are already performing quite well, thereby making the
clustering-of-users effort somewhat less useful. This also explains the poor per-
formance of LINUCB-IND, which is not performing any clustering at all. Yet,
even in this non-trivial case, COFIBA can still achieve a significant increased pre-
diction accuracy compared, e.g., to CLUB, thereby suggesting that simultaneous
clustering at both the user and the item (the news) sides might be an even more
effective strategy to earn clicks in news recommendation systems.
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Telefonica Dataset
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Figure 4.6: Results on the Telefonica dataset.

Most of the users in the Telefonica data are from a diverse sample of people
in Spain, and it is easy to imagine that this dataset spans a large number of com-
munities across its population. Thus we can assume that collaborative effects will
be much more evident, and that COFIBA will be able to leverage these effects
efficiently. In this dataset, CLUB performs well in general, while DYNUCB de-
teriorates in the initial stage and catches-up later on. COFIBA seems to surpass
all other algorithms, especially in the cold-start regime, all other algorithms be-
ing in the same ballpark as CLUB. Finally, the Avazu data is furnished from its
professional digital advertising solution platform, where the customers click the
ad impressions via the i0OS/Android mobile apps or through websites, serving ei-
ther the publisher or the advertiser which leads to a daily high volume internet
traffic. In this dataset, neither LINUCB-ONE nor LINUCB-IND displayed a
competitive cold-start performance. DYNUCB is underperforming throughout,
while LINUCB-V demonstrates a relatively high CTR. CLUB is strong at the
beginning, but then its CTR performance degrades. On the other hand, COFIBA
seems to work extremely well during the cold-start, and comparatively best in all
later stages.

In Figure we give a typical distribution of cluster sizes produced by
COFIBA after at the end of its runE] The emerging pattern is always the same:

5 Without loss of generality, we take the first Yahoo dataset to provide statistics, for similar shapes
of the bar plots can be established for the remaining ones.
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Avazu Dataset
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Figure 4.7: Results on the Avazu dataset.

we have few clusters over the items with very unbalanced sizes and, corresponding
to each item cluster, we have few clusters over the users, again with very unbal-
anced sizes. This recurring pattern is in fact the motivation behind our theoretical
assumptions (Section4.2)), and a property of data that the COFIBA algorithm can
provably take advantage of (Section[4.6). These bar plots, combined with the com-
paratively good performance of COFIBA, suggest that our datasets do actually
possess clusterability properties at both sides.

To summarize, despite the differences in the three datasets, the experimen-
tal evidence we collected on them is quite consistent, in that in all the three cases
COFIBA significantly outperforms all other competing methods we tested. This is
especially noticeable during the cold-start period, but the same relative behavior es-
sentially shows up during the whole time window of our experiments. COFIBA is
a bit involved to implement, as contrasted to its competitors, and is also somewhat
slower to run (unsurprisingly slower than, say, LINUCB-ONE and LINUCB-
IND). On the other hand, COFIBA is far more effective in exploiting the collabo-
rative effects embedded in the data, and still amenable to be run on large datasets.
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Figure 4.8: A typical distribution of cluster sizes over users for the Yahoo dataset.
Each bar plot corresponds to a cluster at the item side. We have 5 plots since this is
the number of clusters over the items that COFIBA ended up with after sweeping
once over this dataset in the run at hand. Each bar represents the fraction of users
contained in the corresponding cluster. For instance, the first cluster over the items
generated 16 clusters over the users (bar plot on top), with relative sizes 31%, 15%,
12%, etc. The second cluster over the items generated 10 clusters over the users
(second bar plot from top) with relative sizes 61%, 12%, 9%, etc. The relative
size of the 5 clusters over the items is as follows: 83%, 10%, 4%, 2%, and 1%, so
that the clustering pattern depicted in the top plot applies to 83% of the items, the
second one to 10% of the items, and so on.
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4.6 Regret Analysis

The following theorem is the theoretical guarantee of COFIBA, where we relate
the cumulative regret of COFIBA to the clustering structure of users I w.r.t. items
Z. For simplicity of presentation, we formulate our result in the one-hot encoding

case, where u; € R% i = 1,...,n, and T = {e1,...,eq}. In fact, a more
general statement can be proven which holds in the case when Z is a generic set of
feature vectors Z = {x1, . . ., @7/}, and the regret bound depends on the geometric

properties of such Vectors

In order to obtain a provable advantage from our clusterability assumptions,
extra conditions are needed on the way i; and C};, are generated. The clusterability
assumptions we can naturally take advantage of are those where, for most partitions
P(ey,), the relative sizes of clusters over users are highly unbalanced. Translated
into more practical terms, cluster unbalancedness amounts to saying that the uni-
verse of items Z tends to influence users so as to determine a small number of
major common behaviors (which need neither be the same nor involve the same
users across items), along with a number of minor ones. As we saw in our experi-
ments, this seems like a frequent behavior of users in some practical scenarios.

Theorem 19. Let the COFIBA algorithm of Figure be run on a set of users

U ={1,...,n} with associated profile vectors uy, . .., u, € R? and set of items
Z = {e1,...,eq} such that the h-th induced partition P(ep,) over U is made up
of my, clusters of cardinality v 1,Vp2,...,Vnm,, respectively. Moreover, let g

be the number of distinct partitions so obtained. At each round t, let i; be gen-
erated uniformly at randorrﬁ from U. Once 1; is selected, the number c; of items
in C;, is generated arbitrarily as a function of past indices i1, ... ,1:—1, payoffs
ai,...,at—1, and sets Cy,,...,C;, |, as well as the current index i;. Then the se-
quence of items in C;, is generated i.i.d. (conditioned on iy, ¢y and all past indices
U1y...,%—1, payoffs ai,...,as—1, and sets C;,...,C;, ) according to a given
but unknown distribution D over I. Let payoff a; lie in the interval [—1,1), and
be generated as described in Section so that, conditioned on history, the ex-
pectation of a; is uiTt:Et. Finally, let parameters o and ag be suitable functions of
log(1/98). If ¢y < ¢ Vt then, as T grows large, with probability at least 1 — 0 the
cumulative regret satisﬁesﬂ

énzﬁ <IE[S]+ CWVAR(S)—Fl)ﬁ ,

where S = S(h) = >0 \ /o, h is a random index such that ey, ~ D, and
E[] and VAR(-) denote, respectively, the expectation and the variance w.r.t. this
random index.

7 In addition, the function CB should be modified so as to incorporate these properties.

8 Any distribution having positive probability on each ¢ € I/ would suffice here.

% The O-notation hides logarithmic factors in n, m, g, T, d, 1/4, as well as terms which are
independent of 7'.
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To get a feeling of how big (or small) E[S] and VAR[S] can be, let us consider
the case where each partition over users has a single big cluster and a number of
small ones. To make it clear, consider the extreme scenario where each P(ey,) has
one cluster of size vy = n — (m — 1), and m — 1 clusters of size v, ; = 1,
with m < y/n. Then it is easy to see that E[S] = /n—(m—1) +m — 1,
and VAR(S) = 0, so that the resulting regret bound essentially becomes O(v/dT),
which is the standard regret bound one achieves for learning a single d-dimensional
user (aka, the standard noncontextual bandit bound with d actions and no gap as-
sumptions among them). At the other extreme lies the case when each partition
P(ep,) has n-many clusters, so that E[S] = n, VAR(S) = 0, and the result-
ing bound is (5(\/ dnT). Looser upper bounds can be achieved in the case when
VAR(S) > 0, where also the interplay with ¢ starts becoming relevant. Finally, ob-
serve that the number g of distinct partitions influences the bound only indirectly
through VAR(S). Yet, it is worth repeating here that g plays a crucial role in the
computational (both time and space) complexity of the whole procedure.

Proof of Theorem[I9] The proof sketch builds on the analysis in [41]. Let the true
underlying clusters over the users be Vj, 1, Vi 2,. .., Vim,, With |V}, ;| = v, ;. In
[41], the authors show that, because each user 7 has probability 1/n to be the one
served in round ¢, we have, with high probability, w;; — wu; for all 7, as ¢ grows
large. Moreover, because of the gap assumption involving parameter -y, all edges
connecting users belonging to different clusters at the user side will eventually be
deleted (again, with high probability), after each user i is served at least O( %2)
times. By the way edges are disconnected at the item side, the above is essentially
independent (up to log factors due to union bounds) of which graph at the user
side we are referring to. In turn, this entails that the current user clusters encoded
by the connected components of graph G? 5, Will eventually converge to the my,
true user clusters (again, independent of h, {lp to log factors), so that the aggregate
weight vectors wy, ;—1 computed by the algorithm for trading off exploration vs.
exploitation in round ¢ will essentially converge to w;, at a rate of the fomm

1
, 4.1)
]. + Tht,jt,t—l/d

where h; is the index of the true cluster over items that ; belongs to, j; is the
index of the true cluster over users that ¢; belongs to (according to the partition of
U determined by hy), T}, j, t—1 is the number of rounds so far where we happened
to “hit” cluster V4, j,, i.e.,

ThtJt,t*l - ’{3 <t—1:is€ Vht,jt}’ ’

' Because Z = {ei,...,eq}, the minimal eigenvalue A of the process correlation matrix
E[X X 7] in [41] is here 1/d. Moreover, compared to [41]], we do not strive to capture the geometry
of the user vectors u; in the regret bound, hence we do not have the extra v/m factor occurring in
their bound.
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and the expectation is w.r.t. both the (uniform) distribution of i, and distribution D
generating the items in Cj,, conditioned on all past events. Since, by the Azuma-
Hoeffding inequality, T}, j, :—1 concentrates as

t—1
Thyjit—1 = Vhy i s
we have mp, )
Vh,; 4
1) ~Ep | > —

- n
J=1 \/ 14° dn Uhy,j

It is the latter expression that rules the cumulative regret of COFIBA in that, up to

log factors:
Mmp,

T
S Z Ep Z Pheg ! . (4.2)
t=1 J=1 \/1+ dn Uhy,j

Eq. is essentially (up to log factors and omitted additive terms) the regret
bound one would obtain by knowning beforehand the latent clustering structure
over .

Because h; € Cj, is itself a function of the items in C;,, we can eliminate
the dependence on h; by the following simple stratification argument. First of all,
notice that

mp Mp,

e O

Then, we set for brevity S(h) = > | /Up ;. and let hy i, be the index of the true
cluster over items that x; ;, belongs to (recall that /; j is a random variable since
so is @ ). Since S(ht ) < /mn, a standard argument shows that

¢
Uht J

p[S(he)] < Ep [k_max S(hw)]

=1,..,¢t

< Ep[S(he1)] + /e vVmn varp(S(he,) + 1

so that, after some overapproximations, we conclude that EtT:l r¢ 1S upper
bounded with high probability by

0] <<ED[S(h)] + \/cWVARD(S(h)) + 1> ﬁ) ,

the expectation and the variance being over the random index A such that ej ~
D. O
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4.7 Conclusions

We have initiated an investigation of collaborative filtering bandit algorithms oper-
ating in relevant scenarios where multiple users can be grouped by behavior simi-
larity in different ways w.r.t. items and, in turn, the universe of items can possibly
be grouped by the similarity of clusterings they induce over users. We carried out
an extensive experimental comparison with very encouraging results, and have also
given a regret analysis which operates in a simplified scenario. Our algorithm can
in principle be modified so as to be combined with any standard clustering (or co-
clustering) technique. However, one advantage of encoding clusters as connected
components of graphs (at least at the user side) is that we are quite effective in tack-
ling the so-called cold start problem, for the newly served users are more likely to
be connected to the old ones, which makes COFIBA in a position to automatically
propagate information from the old users to the new ones through the aggregate
vectors w y, ¢. In fact, so far we have not seen any other way of adaptively cluster-
ing users and items which is computationally affordable on sizeable datasets and, at
the same time, amenable to a regret analysis that takes advantage of the clustering
assumption.

All our experiments have been conducted in the setup of one-hot encoding,
since the datasets at our disposal did not come with reliable/useful annotations
on data. Yet, the algorithm we presented can clearly work when the items are
accompanied by (numerical) features. One direction of our future research is to
compensate for the lack of features in the data by first inferring features during an
initial training phase through standard matrix factorization techniques, and subse-
quently applying our algorithm to a universe of items Z described through such
inferred features. Another line of experimental research would be to combine dif-
ferent bandit algorithms (possibly at different stages of the learning process) so
as to roughly get the best of all of them in all stages. This would be somewhat
similar to the meta-bandit construction described in [97]]. Another one would be to
combine with matrix factorization techniques as in, e.g., [60].



Chapter 5

Showcase in the Quantification
Problem

5.1 Introduction

Quantification [39] is defined as the task of estimating the prevalence (i.e., rela-
tive frequency) of the classes of interest in an unlabeled set, given a training set
of items labeled according to the same classes. Quantification finds its natural
application in contexts characterized by distribution drift, i.e., contexts where the
training data may not exhibit the same class prevalence pattern as the test data. This
phenomenon may be due to different reasons, including the inherent non-stationary
character of the context, or class bias that affects the selection of the training data.

A naive way to tackle quantification is via the “classify and count” (CC) ap-
proach, i.e., to classify each unlabeled item independently and compute the frac-
tion of the unlabeled items that have been attributed to each class. However, a
good classifier does not necessarily lead to a good quantifier: assuming the bi-
nary case, even if the sum (FP + FN) of the false positives and false negatives is
comparatively small, bad quantification accuracy might result if FP and FN are sig-
nificantly different (since perfect quantification coincides with the case FP = FN).
This has led researchers to study quantification as a task in its own right, rather
than as a byproduct of classification.

The fact that quantification is not just classification in disguise can also be seen
by the fact that evaluation measures different from those for classification (e.g.,
F1, AUC) need to be employed. Quantification actually amounts to computing
how well an estimated class distribution p fits an actual class distribution p (where
for any class ¢ € C, p(c) and p(c) respectively denote its true and estimated preva-
lence); as such, the natural way to evaluate the quality of this fit is via a function
from the class of f-divergences [28]], and a natural choice from this class (if only
for the fact that it is the best known f-divergence) is the Kullback-Leibler Diver-

97
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gence (KLD), defined as

p(c)
KLD(p, p) Zp log (0) 5.1
ceC

Indeed, KLD is the most frequently used measure for evaluating quantification
(see e.g., [9} 381,139, 40]). Note that KLD is non-decomposable, i.e., the error we
make by estimating p via p cannot be broken down into item-level errors. This is
not just a feature of KLD, but an inherent feature of any measure for evaluating
quantification. In fact, how the error made on a given unlabeled item impacts the
overall quantification error depends on how the other items have been classiﬁecﬂ;
e.g., if FP > FN for the other unlabeled items, then generating an additional false
negative is actually beneficial to the overall quantification accuracy, be it measured
via KLD or via any other function.

The fact that KLD is the measure of choice for quantification and that it is non-
decomposable, has lead to the use of structured output learners, such as SVMP¢"/
[51]], that allow a direct optimization of non-decomposable functions; the approach
of Esuli and Sebastiani [37,38] is indeed based on optimizing KLD using SVMP¢"/,
However, that minimizing KLD (or |FP — FNJ, or any “pure” quantification mea-
sure) should be the only objective for quantification regardless of the value of
FP + FN (or any other classification measure), is fairly paradoxical. Some au-
thors [9, [78] have observed that this might lead to the generation of unreliable
quantifiers (i.e., systems with good quantification accuracy but bad or very bad
classification accuracy), and have, as a result, championed the idea of optimizing
“multi-objective” measures that combine quantification accuracy with classifica-
tion accuracy. Using a decision-tree-like approach, [78] minimizes [FP? — FN?|,
which is the product of |[FN —FP|, a measure of quantification error, and (FN+FP),
a measure of classification error; [9] also optimizes (using SVMP¢"f) a measure that
combines quantification and classification accuracy.

While SVMP*” does provide a recipe for optimizing general performance mea-
sures, it has serious limitations. SVMP is not designed to directly handle appli-
cations where large streaming data sets are the norm. SVM?*/ also does not scale
well to multi-class settings, and the time required by the method is exponential in
the number of classes.

In this paper we develop stochastic methods for optimizing a large family of
popular quantification performance measures. Our methods can effortlessly work
with streaming data and scale to very large datasets, offering training times up to
an order of magnitude faster than other approaches such as SVMP¢7.

'For the sake of simplicity, we assume here that quantification is to be tackled in an aggregative
way, i.e., the classification of individual items is a necessary intermediate step for the estimation of
class prevalences. Note however that this is not necessary; non-aggregative approaches to quantifi-
cation may be found in [43}162].
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5.2 Related Work

Quantification methods. The quantification methods that have been proposed
over the years can be broadly classified into two classes, namely aggregative and
non-aggregative methods. While aggregative approaches perform quantification
by first classifying individual items as an intermediate step, non-aggregative ap-
proaches do not require this step, and estimate class prevalences holistically. Most
methods, such as those of [9, [10, 38l 39, 78], fall in the former class, while the
latter class has few representatives [43] 162].

Within the class of aggregative methods, a further distinction can be made
between methods, such as those of [[10,39], that first use general-purpose learning
algorithms and then post-process their prevalence estimates to account for their
estimation biases, and methods (which we have already hinted at in Section
that instead use learning algorithms explicitly devised for quantification
[9,138L[78]]. In this paper we focus the latter class of methods.

Applications of quantification. From an application perspective, quantification is
especially useful in fields (such as social science, political science, market research,
and epidemiology) which are inherently interested in aggregate data, and care little
about individual cases. Aside from applications in these fields [48),162]], quantifica-
tion has also been used in contexts as diverse as natural language processing [24]],
resource allocation [39], tweet sentiment analysis [40]], and the veterinary sciences
[43]. Quantification has independently been studied within statistics [48} 162], ma-
chine learning [8, 35 |89]], and data mining [38} [39]]. Unsurprisingly, given this
varied literature, quantification also goes under different names, such as counting
(68, class probability re-estimation |3, class prior estimation [24], and learning
of class balance [33]].

In some applications of quantification, the estimation of class prevalences
is not an end in itself, but is rather used to improve the accuracy of other tasks
such as classification. For instance, Balikas et al. [8] use quantification for model
selection in supervised learning, by tuning hyperparameters that yield the best
quantification accuracy on validation data; this allows hyperparameter tuning
to be performed without incurring the costs inherent to k-fold cross-validation.
Saerens et al. [89]], followed by other authors [3} 105, [108]], apply quantification
to customize a trained classifier to the class prevalence exhibited in the test set,
with the goal of improving classification accuracy on unlabeled data exhibiting a
class distribution different from that of the training set. The work of Chan and Ng
[24] may be seen as a direct application of this notion, as they use quantification to
tune a word sense disambiguator to the estimated sense priors of the test set. Their
work can also be seen as an instance of transfer learning (see e.g., [84]), since
their goal is to adapt a word sense disambiguation algorithm to a domain different
from the one the algorithm was trained upon.

Stochastic optimization. As discussed in Section [5.1} our goal in this paper is to
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perform quantification by directly optimizing, in an online stochastic setting, spe-
cific performance measures for the quantification problem. While recent advances
have seen much progress in efficient methods for online learning and optimization
in full information and bandit settings [23} 41, 147, 192], these works frequently as-
sume that the optimization objective, or the notion of regret being considered is
decomposable and can be written as a sum or expectation of losses or penalties on
individual data points. However, performance measures for quantification have a
multivariate and complex structure, and do not have this form.

There has been some recent progress [56) [80] towards developing stochastic
optimization methods for such non-decomposable measures. However, these ap-
proaches do not satisfy the needs of our problem. The work of Kar et al. [56] ad-
dresses the problem of optimizing structured SVMP¢"/-style objectives in a stream-
ing fashion, but requires the maintenance of large buffers and, as a result, offers
poor convergence. The work of Narasimhan et al. [[80]] presents online stochastic
methods for optimizing performance measures that are concave or pseudo-linear in
the canonical confusion matrix of the predictor. However, their method requires the
computation of gradients of the Fenchel dual of the performance measures, which
is difficult for the quantification performance measures that we study, that have a
nested structure. Our methods extend the work of [80] and provide convenient rou-
tines for optimizing the more complex performance measures used for evaluating
quantification.

5.3 Problem Setting

For the sake of simplicity, in this paper we will restrict our analysis to binary clas-
sification problems and linear models. We will denote the space of feature vectors
by X C R? and the label set by ) = {—1,+1}. We shall assume that data points
are generated according to some fixed but unknown distribution D over X x ). We
will denote the proportion of positives in the population by p := Pr [y = +1].

x,y)~D
Our algorithms, at training time, will receive a set of ' training sz)ints sampled
from D, which we will denote by 7 = {(x1,y1), ..., (x7,y7)}.

As mentioned above, we will present our algorithms and analyses for learning
a linear model over X'. We will denote the model space by W C R and let Ry
and Ryy denote the radii of domain & and model space W, respectively. However,
we note that our algorithms and analyses can be extended to learning non-linear
models by use of kernels, as well as to multi-class quantification problems. How-
ever, we postpone a discussion of these extensions to an expanded version of this
paper.

Our focus in this work shall be the optimization of quantification-specific per-
formance measures in online stochastic settings. We will concentrate on perfor-
mance measures that can be represented as functions of the confusion matrix of the
classifier. In the binary setting, the confusion matrix can be completely described
in terms of the true positive rate (TPR) and the true negative rate (TNR) of the clas-
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sifier. However, initially we will develop algorithms that use reward functions as
surrogates of the TPR and TNR values. This is done to ease algorithm design and
analysis, since the TPR and TNR values are count-based and form non-concave
and non-differentiable estimators. The surrogates we will use will be concave and
almost-everywhere differentiable. More formally, we will use a reward function r
that assigns a reward r(7,y) to a prediction § € R for a data point, when the true
label for that data point is y € ). Given a reward function 7, a model w € W, and
a data point (x,y) € X x ), we will use

1
rt(wix,y) =~ -r(w'x,y) 1y =1)
p

rT(wix,y) = ip r(wix,y) -1y = 1)

1
to calculate rewards on positive and negative points. The average or expected
value of these rewards will be treated as surrogates of TPR and TNR respec-
tively. Note that since (E)[[r*(w; x,y)] = (E) [r(w'x,y)ly = 1], setting
X,y XY

)

rto rOY(g,y) = I[y -9 > 0], i.e. the classification accuracy function, yields

(E)[[r+(w; x,y)] = TPR(w). Here I]] denotes the indicator function.
x7y
For the sake of convenience we will use P(w) = E [rt(w;x,y)] and

(x,y)
N(w) = (){Ey) [r~(w;x,y)] to denote population averages of the reward func-

tions. We shall assume that our reward function r is concave, L..-Lipschitz, and

takes values in a bounded range [— B, B,].

Examples of Surrogate Reward Functions Some examples of reward functions
that are surrogates for the classification accuracy indicator function I [yg > 0] are
the inverted hinge loss function

7ﬁhinge(gv y) = max {17 Y- y}

and the inverted logistic regression function

Togit(9,y) = 1 — In(1 + exp(—y - )

We will also experiment with non-surrogate (dubbed NS) versions of our algo-
rithms which use TPR and TNR values directly. These will be discussed in Sec-
tion[3.3

5.3.1 Performance Measures

The task of quantification requires estimating the distribution of unlabeled items
across a set C of available classes, with |C| = 2 in the binary setting. In our
work we will target quantification performance measures as well as “hybrid”
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classification-quantification performance measures. We discuss them in turn.

KLD: Kullback-Leibler Divergence In recent years this performance measure
has become a standard in the quantification literature, in the evaluation of both
binary and multiclass quantification [9, 38 40]. We redefine KLLD below for con-
venience.

p(c)
KLD(p, p) Zp (0) 5.2)
ceC

For distributions p, p’ over C, the values KLD(p, p’) can range between 0 (perfect
quantification) and +ooﬂ Note that since KLD is a distance function and all
our algorithms will be driven by reward maximization, for uniformity we will,
instead of trying to minimize KLD, try to maximize —KLD; we will call this latter
NegKLD.

NSS: Normalized Squared Score This measure of quantification accuracy was

introduced in [9], and is defined as NSS = 1 — (%)2. Ignoring

normalization constants, this performance measure attempts to reduce
a direct measure of quantification error.

We recall from Section [5.1] that several works have advocated the use of
hybrid, “multi-objective” performance measures, that try to balance quantification
and classification performance. These measures typically take a quantification
performance measure such as KLD or NSS, and combine it with a classifi-
cation performance measure. Typically, a classification performance measure
that is sensitive to class imbalance [80] is chosen, such as Balanced Accuracy
BA = I(TPR + TNR) [9], F-measure, or G-mean [80]. Two such hybrid
performance measures that are discussed in literature are presented below.

CQB: Classification-Quantification Balancing The work of [78]] introduced this
performance measure in an attempt to compromise between classification and

2KLD is not a particularly well-behaved performance measure, since it is capable of taking un-
bounded values within the compact domain of the unit simplex. This poses a problem for optimiza-
tion algorithms from the point of view of convergence, as well as numerical stability. To solve this
problem, while computing KLD for two distributions p and p, we can perform an additive smoothing
of both p(c) and p(c) by computing

() = — P

elcl+ > plo)

ceC

where ps(c) denotes the smoothed version of p(c). The denominator here is just a normalizing
factor. The quantity € = 373 5\ is often used as a smoothing factor, and is the one we adopt here. The
smoothed versions of p(c) and p(c) are then used in place of the non-smoothed versions in Equation
We can show that, as a result, KLD is always bounded by KLD(ps, ps) < O (log %) However,
we note that the smoothed KLD still returns a value of O when p and p are identical distributions.
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quantification accuracy. As discussed in Section [5.1] this performance measure
is defined as

CQB = |[FP? — FN?| = |[FP — FN| - (FP + FN),

i.e. a product of |FN — FP|, a measure of quantification error, and (FN + FP), a
measure of classification error.

QMaeasure The work of Barranquero et al. [9] introduced a generic scheme for
constructing hybrid performance measures, using the so-called Q-measure defined

as
Pclass : Pquant

: ;
/3 27Dclass + Pquant

that is, a weighted combination of a measure of classification accuracy Pjass and
a measure of quantification accuracy Pquant. For the sake of simplicity, in our
experiments we will adopt BA = %(TPR + TNR) as our P,,ss and NSS as our
Pquant- However, we stress that our methods can be suitably adapted to work with
other choices of Pglass and Pquant-

Qs = (1+ 5% (5.3)

We also introduce three new hybrid performance measures in this paper as a
way of testing our optimization algorithms. We define these below and refer the
reader to Tables[5.1land [5.2] for details.

BAKLD This hybrid performance measure takes a weighted average of BA and
NegKLD; i.e. BAKLD = C - BA + (1 — C) - (—KLD). This performance
measure gives the user a strong handle on how much emphasis should be placed on
quantification and how much on classification performance. We will use BAKLD
in our experiments to show that our methods offer an attractive tradeoff between
the two.

We now define two hybrid performance measures that are constructed by
taking the ratio of a classification and a quantification performance measures. The
aim of this exercise is to obtain performance measures that mimic the F-measure,
which is also a pseudolinear performance measure [80]. The ability of our methods
to directly optimize such complex performance measures will be indicative of
their utility in terms of the freedom they allow the user to design objectives in a
data- and task-specific manner.

CQReward and BKReward These hybrid performance measures are defined as
CQReward = 2_371\/?53 and BKReward = lfﬁ. Notice that both performance
measures are optimized when the numerator i.e. BA is large, and the denominator
is small which translates to NSS being large for CQReward and KLD being small
for BKReward. Clearly, both performance measures encourage good performance

with respect to both classification and quantification and penalize a predictor
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which either neglects quantification to get better classification performance, or the
other way round.

The past section has seen us introduce a wide variety of quantification and hy-
brid performance measures. Of these, the NegKLD, NSS, and Q-measure were
already prevalent in quantification literature and we introduced BAKLD, CQRe-
ward and BKReward. As discussed before, the aim of exploring such a large va-
riety of performance measures is to both demonstrate the utility of our methods
with respect to the quantification problem, and present newer ways of designing
hybrid performance measures that give the user more expressivity in tailoring the
performance measure to the task at hand.

We also note that these performance measures have extremely diverse and
complex structures. We can show that NegKLD, Q-measure, and BAKLD are
nested concave functions, more specifically, concave functions of functions that
are themselves concave in the confusion matrix of the predictor. On the other
hand, CQReward and BKReward turn out to be pseudo-concave functions of
the confusion matrix. Thus, we are working with two very different families of
performance measures here, each of which has different properties and requires
different optimization techniques.

In the following section, we introduce two novel methods to optimize these two
families of performance measures.

5.4 Stochastic Optimization Methods for Quantification

The previous discussion in Sections and clarifies two aspects of efforts
in the quantification literature. Firstly, specific performance measures have been
developed and adopted for evaluating quantification performance including KLD,
NSS, Q-measure etc. Secondly, algorithms that directly optimize these perfor-
mance measures are desirable, as is evidenced by recent works [9, 37,38, [78]].

The works mentioned above make use of tools from optimization literature to
learn linear (e.g. [38]) and non-linear (e.g. [78]) models to perform quantifica-
tion. The state of the art efforts in this direction have adopted the structural SVM
approach for optimizing these performance measures with great success [9, [38].
However, this approach comes with severe drawbacks.

The structural SVM [51]], although a significant tool that allows optimization
of arbitrary performance measures, suffers from two key drawbacks. Firstly, the
structural SVM surrogate is not necessarily a tight surrogate for all performance
measures, something that has been demonstrated in past literature [[577, [80]], which
can lead to poor training. But more importantly, optimizing the structural SVM
surrogate requires the use of expensive cutting plane methods which are known
to scale poorly with the amount of training data, as well as are unable to handle
streaming data.
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Table 5.1: A list of nested concave performance measures and their canonical ex-
pressions in terms of the confusion matrix ¥(P, N) where P and N denote the
TPR, TNR values and p and n denote the proportion of positives and negatives in
the population. The 4th, 6th and 8th columns give the closed form updates used in
steps 15-17 in Algorithm 4]

Name Expression V(z,y) v(q) G(P,N) a(r) G(P,N) B(r)
NegKLD [9,38] —KLD(p,p) patny (p.n) log(pP+n(1-N)) | (&,% log(nN+p(1-P)) 2.4
2) BA. , (1+82)- (22,0222 _
QMeasures[9] (1;2?131);3?151,\1555 “gjil‘{:‘y Z: (2 - 82 ) PN (1,1 | 1=(p(1—P)—n(1-N))? ii;jr)l
B<gq1+aq2
BAKLD C-BA+(1—-C)-(—KLD) | C-z+(1-C)-y (C,1-0) PN 1.3 —KLD(P,N) see above

To alleviate these problems, we propose stochastic optimization algorithms that
directly optimize a large family of quantification performance measures. Our meth-
ods come with sound theoretical convergence guarantees, are able to operate with
streaming data sets and, as our experiments will demonstrate, offer much faster and
accurate quantification performance on a variety of data sets.

Our optimization techniques introduce crucial advancements in the field of
stochastic optimization of multivariate performance measures and address the two
families of performance measures discussed while concluding Section -1
nested concave performance measures and 2) pseudo-concave performance mea-
sures. We describe these in turn below.

5.4.1 Nested Concave Performance Measures

The first class of performance measures that we deal with are concave combina-
tions of concave performance measures. More formally, given three concave func-
tions ¥, (1, (2 : R? — R, we can define a performance measure

Plwcr o) (W) = ¥ (G (w), C2(w)),

where we have

C1(w)
Ca(w)

G (P(w), N(w))
C(P(w), N(w)),

where P(w) and N (w) can respectively denote, either the TPR and TNR values
or surrogate reward functions therefor. Examples of such performance measures
include the negative KLD performance measure and the QMeasure which are de-
scribed in Section[5.3.1] Table[5.1]describes these performance measures in canon-
ical form i.e. their expressions in terms of TPR and TNR values.

Before describing our algorithm for nested concave measures, we recall the no-
tion of concave Fenchel conjugate of concave functions. For any concave function
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f:R? — Rand any (u,v) € R the (concave) Fenchel conjugate of f is defined
as

f*(u,v) = (z,;r)léRz {u:v + vy — f(xvy)} .

Clearly, f* is concave. Moreover, it follows from the concavity of f that for any
(z,y) € R?,
flz,y) = inf Aazu+yv— f*(u,v)}.
)ER?

(u,v
Below we state the properties of strong concavity and smoothness. These will
be crucial in our convergence analysis.

Definition 1 (Strong Concavity and Smoothness). A function f : R¢ — R is said
10 be a-strongly concave and ~y-smooth if for all x, y € RY, we have

— I =yll3 < £ = £(3) = (VF(¥)x—y) < =5 [ =y}

We will assume that the functions W, (7, and (, defining our performance mea-
sures are y-smooth for some constant v > 0. This is true of all functions, save
the log function which is used in the definition of the KLLD quantification measure.
However, if we carry out the smoothing step pointed out in Section[5.3.1| with some
€ > 0, then it can be shown that the KLD function does become O (é)—smooth.
An important property of smooth functions, that would be crucial in our analyses,
is a close relationship between smooth and strongly convex functions

Theorem 2 ([107]]). A closed, concave function f is 8 smooth iff its (concave)
Fenchel conjugate f* is %-strongly concave.

We are now in a position to present our algorithm NEMSIS for stochastic op-
timization of nested concave functions. Algorithm [4] gives an outline of the tech-
nique. We note that a direct application of traditional stochastic optimization tech-
niques [93]] to such nested performance measures as those considered here is not
possible as discussed before. NEMSIS, overcomes these challenges by exploit-
ing the nested dual structure of the performance measure by carefully balancing
updates at the inner and outer levels.

At every time step, NEMSIS performs four very cheap updates. The first up-
date is a primal ascent update to the model vector which takes a weighted stochas-
tic gradient descent step. Note that this step involves a projection step to the set of
model vectors W denoted by ITyy(-). In our experiments ¥V was defined to be the
set of all Euclidean norm-bounded vectors so that projection could be effected us-
ing Euclidean normalization which can be done in O (d) time if the model vectors
are d-dimensional.

The weights of the descent step are decided by the dual parameters of the func-
tions ¥, (1, and (2. Then NEMSIS updates the dual variables in three simple steps.
In fact line numbers 15-17 can be executed in closed form (see Table for all
the performance measures we see here which allows for very rapid updates. See
Appendix |5.7|for the simple derivations.
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Algorithm 4 NEMSIS: NEsted priMal-dual Stochastlc updateS
Require: Outer wrapper function VU, inner performance measures (1, (2, step sizes 7,
feasible sets W, A
Ensure: Classifier w € W
I: wg < 0,t + 0,{ro,q0, @0, By, Yo} < (0,0)
2: while data stream has points do
3:  Receive data point (x¢, yt)

4 /lPerform primal ascent

5. ify, > 0 then

6: Wip1 < oy (We + 0e(ye0001 + 76,2861) Ve T (Wes Xe, yt))
7. Qi1 <t e + (o1, Bea) -7 (Wes X, )

8: else

9: Wit < Iy (W + (12 + Ve,280.2) V™ (Wi X, Ut))
10: Qi1 —t-qe+ (g2, Bea) - 7 (Wi Xe, Yt)

11: end if

122 rep < (EF D)4+ (P (WX, ) T (Wes Xe, 1))
130 quyr — (1) 7 (@1 — (Ge), G (By))
14: //Perform dual updates

15:  oyqq =argmin{a-ri1 — ()}
16: ﬁt+1 = argﬁmin {B-ri —G(B)}

17: 4 = argmin {y - qi11 — V¥ ()}
vy

18: t<+—t+1
19: end while
— t
20: returnw = 13" w,

Below we state the convergence proof for NEMSIS. We note that despite the
complicated nature of the performance measures being tackled, NEMSIS is still
able to recover the optimal rate of convergence known for stochastic optimization
routines. We refer the reader to Appendix [5.8] for a proof of this theorem. The
proof requires a careful analysis of the primal and dual update steps at different
levels and tying the updates together by taking into account the nesting structure of
the performance measure.

Theorem 3. Suppose we are given a stream of random samples
(x1,Y1), ..., (X7, y7) drawn from a distribution D over X x ). Let Algo-
rithm {4| be executed with step sizes n; = ©O(1/+/t) with a nested concave
performance measure V((1(-),C2(+)). Then, for some universal constant C, the
average model W = % Zthl w; output by the algorithm satisfies, with probability
at least 1 — 6,

_ ) log 3
Peae) (W) 2 W P o) (W) = Coaer ( \/j—f ) )

where Cy ¢, ¢o.r = C(Lw(Ly + By)(L¢, + L¢,)) for a universal constant C' and
L, denotes the Lipschitz constant of the function g.
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Table 5.2: List of pseudo-concave performance measures and their canonical ex-
pressions in terms of the confusion matrix W (P, N). Note that p and n denote the
proportion of positives and negatives in the population.

Name Expression Puant (P, N) Petass(P, N)
CQReward | 55~ | 1+((1—P)—n(1-N)) sy
BKReward e g _EI?LD KLD: see Table 0N

Related work of Narasimhan et al : Narasimhan et al [80] proposed an algo-
rithm SPADE which offered stochastic optimization of concave performance mea-
sures. We note that although the performance measures considered here are indeed
concave, it is difficult to apply SPADE to them directly since SPADE requires
computation of gradients of the Fenchel dual of the function Py ¢, ,) Which are
difficult to compute given the nested structure of this function. NEMSIS, on the
other hand, only requires the duals of the individual functions ¥, (7, and (» which
are much more accessible. Moreover, NEMSIS uses a much simpler dual update
which does not involve any parameters and, in fact, has a closed form solution
in all our cases. SPADE, on the other hand, performs dual gradient descent which
requires a fine tuning of yet another step length parameter. A third benefit of NEM-
SIS is that it achieves a logarithmic regret with respect to its dual updates (see the
proof of Theorem 3) whereas SPADE incurs a polynomial regret due to its gradient
descent-style dual update.

5.4.2 Pseudo-concave Performance Measures

The next class of performance measures we consider can be expressed as a ratio
of a quantification and a classification performance measure. More formally, given
a convex quantification performance measure Pquane and a concave classification
performance measure P,s5, We can define a performance measure

Pclass (W)
P(Pquant,PclaSS) (W) = m7

We assume that both the performance measures, Pquane and Pejass, are positive val-
ued. Such performance measures can be very useful in allowing a system designer
to balance classification and quantification performance. Moreover, the form of
the measure allows an enormous amount of freedom in choosing the quantification
and classification performance measures. Examples of such performance measures
include the CQReward and the BKReward measures. These were introduced in
Section[5.3.1] and are represented in their canonical forms in Table[5.2]
Performance measures, constructed the way described above, with a ratio of
a concave over a convex measures, are called pseudo-concave measures. This is
because, although these functions are not concave, their level sets are still convex
which makes it possible to optimize them efficiently. To see the intuition behind
this, we need to introduce the notion of the valuation function corresponding to
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Algorithm 5 CAN: Concave AlternatioN
Require: Objective P(p, ., P...)> model space W, tolerance €
Ensure: An e-optimal classifier w € W
1: Construct the valuation function V'
wo 0,11
while v; > v;_1 + edo
Wil ¢ argmaxy, ey V (W, vt)
Vgq1 4= argmax, o v such that V(wiy1,v) > v
t+t+1
end while
return wy

the performance measure. As a passing note, we remark that because of the non-
concavity of these performance measures, NEMSIS cannot be applied here.

Definition 4 (Valuation Function). The valuation of a pseudo-concave perfor-

_ Pelass (W)
mance measure P(p,, ... Pus) (w) = Sea =8

= B at any level v > 0, is defined as

V(W7 'U) - Pclass (W) —U- Pquam(w)

It can be seen that the valuation function defines the level sets of the perfor-
mance measure. To see this, notice that due to the positivity of the functions Pquant
and Pgjass, We can have ,P(’pquam”pclass)(W) > v iff V(w,v) > 0. However, since
Pelass is concave, Pquant is convex, and v > 0, V(w, v) is a concave function of w.

This close connection between the level sets and notions of valuation functions
have been exploited before to give optimization algorithms for pseudo-linear per-
formance measures such as the F-measure [80, [85]. These approaches treat the
valuation function as some form of proxy or surrogate for the original performance
measure and optimize it in hopes of making progress with respect to the original
measure.

Taking this approach with our performance measures yields a very natural al-
gorithm for optimizing pseudo-concave measures which we outline in the CAN
algorithm Algorithm|5| CAN repeatedly trains models to optimize their valuations
at the current level, then upgrades the level itself. Notice that step 4 in the algo-
rithm is a concave maximization problem over a convex set, something that can be
done using a variety of methods — in the following we will see how NEMSIS can
be used to implement this step. Also notice that step 5 can, by the definition of the
valuation function, be carried out by simply setting v¢+1 = P(Pyun, Petass) (Wit1)-

It turns out that CAN has a linear rate of convergence for well-behaved perfor-
mance measures. The next result formalizes this statement. We note that this result
is similar to the one arrived by [[80] but only for pseudo-linear functions.

Theorem 5. Suppose we execute Algorithm [ with a pseudo-concave perfor-
mance measure P(p,,... Pu.,) SUch that the quantification performance measure
always takes values in the range [m, M|, where M > m > 0. Let P* :=
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SUDPweW PPy, Puss) (W) e the optimal performance level and Ay = P* —
P(pthpdm) (wy) be the excess error for the model w, generated at time t. Then,

t
foreveryt > 0, we have Ay < Ag - (1 — %) .

We refer the reader to Appendix [5.9for a proof of this theorem. This theorem
generalizes the result of [80] to the more general case of pseudo-concave functions.
Note that for the pseudo-concave functions defined in Table [5.2} care is taken to
ensure that the quantification performance measure satisfies m > 0.

A drawback of CAN is that it cannot operate in streaming data settings and
requires a concave optimization oracle. However, we notice that for the perfor-
mance measures in Table the valuation function is always at least a nested
concave function. This motivates us to use NEMSIS to solve the inner optimiza-
tion problems in an online fashion. Combining this with an online technique to
approximately execute step 5 of of the CAN and gives us the SCAN algorithm,
outlined in Algorithm 6]

Thoerem [6] shows that SCAN enjoys a convergence rate similar to that of
NEMSIS. Indeed, SCAN is able to guarantee an e-approximate solution after wit-

nessing O (1 / 62) samples which is equivalent to a convergence rate of o (1 / VT ) .

The proof of this result is obtained by showing that CAN is robust to approximate
solutions to the inner optimization problems. We refer the reader to Appendix[5.10]
for a proof of this theorem.

Theorem 6. Suppose we execute Algorithm[6|with a pseudo-concave performance
measure P(pquam,pdmx) such that Py always takes values in the range [m, M|

with m > 0, with epoch lengths s., s, = % (ﬁ)% following a geo-
metric rate of increase, where the constant Cy ¢, ¢, r IS the effective constant for
the NEMSIS analysis (Theorem[3)) for the inner invocations of NEMSIS in SCAN.
Also let the excess error for the model w. generated after e epochs be denoted
by Ac = P* = PPyuunPuss) (We)- Then after e = O (log (% log? %)) epochs,
we can ensure with probability at least 1 — 0 that A, < €. Moreover, the num-
ber of samples consumed till this point, ignoring universal constants, is at most
C\%,CLC%T 1 1 41

b (log log + + log 5) log™ <.

Related work of Narasimhan et al : Narasimhan et al [80] also proposed two
algorithms AMP and STAMP which seek to optimize pseudo-linear performance
measures. However, neither those algorithms nor their analyses transfer directly
to the pseudo-concave setting. This is because, by exploiting the pseudo-linearity
of the performance measure, AMP and STAMP are able to convert their problem
to a sequence of cost-weighted optimization problems which are very simple to
solve. This convenience is absent here and as mentioned above, even after creation
of the valuation function, SCAN still has to solve a possibly nested concave mini-
mization problem which it does by invoking the NEMSIS procedure on this inner
problem. The proof technique used in [80] for analyzing AMP also makes heavy
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Algorithm 6 SCAN: Stochastic Concave AlternatioN
model space W, step sizes 7, epoch lengths s, s/,

Require: Objective P(p,,,. Puw)>
Ensure: Classifier w € W
I: 99« 0,t+ 0,e < 0,wg <0

2: repeat

3: //Learning phase

4: W+ w,

5: while ¢t < s, do

6: Receive sample (x, y)

7: //NEMSIS update with V(-,v.) at time t
8: w1 < NEMSIS (V (-, ve), wy, (x,9), 1)

9: t—t+1

10:  end while

11: t(—0,€<—€+1,We+1(—\7\}

12: /| Level estimation phase
13: vy < 0,v- «0

14:  whilet < s/ do

15: Receive sample (x, y)
16: Uy 4 Uy + 1Y (We; X, YY) /lCollect rewards
17: t—t+1

18: end while ( :

. Petass (V4 ,v—
19: t <+ 0, Ve <_ Pouant (V4,0 )
20: until stream is exhausted
21: return w,

use of pseudo-linearity. The convergence proof of CAN, on the other hand, is more
general and yet guarantees a linear convergence rate.

5.5 Experimental Results

We carried out an extensive set of experiments on diverse set of benchmark and
real-world data to compare our proposed methods with other state-of-the-art
approaches.

Data sets: We used the following benchmark data sets from the UCI machine
learning repository : a) IJICNN, b) Covertype, c¢) Adult, d) Letters, and e) Cod-
RNA. We also used the following three real-world data sets: a) Cheminformatics,
a drug discovery data set from [53]], b) 2008 KDD Cup challenge data set on breast
cancer detection, and c) a data set pertaining to a protein-protein interaction (PPI)
prediction task [86]. In each case, we used 70% of the data for training and the
remaining for testing.

Methods: We compares our proposed NEMSIS and SCAN algorithmﬂ
against the state-of-the-art one-pass mini-batch stochastic gradient method

3We will make code for our methods available publicly.
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Table 5.3: Statistics of data sets used.

Data Set | Data Points | Features | Positives
KDDCup08 102,294 117 0.61%
PPI 240,249 85 1.19%
CoverType 581,012 54 1.63%
Chemlnfo 2142 55 2.33%
Letter 20,000 16 3.92%
IJCNN-1 141,691 22 9.57%

Adult 48,842 123 23.93%

Cod-RNA 488,565 8 33.3%

(1PMB) of [56] and the SVMP¢" technique of [52]]. Both these techniques are ca-
pable of optimizing structural SVM surrogates of arbitrary performance measures
and we modified their implementations to suitably adapt them to the performance
measures considered here. The NEMSIS and SCAN implementations used the
hinge-based concave surrogate.

Non-surrogate NS Approaches: We also experimented with a variant of the
NEMSIS and SCAN algorithms, where the dual updates were computed using
original count based TPR and TNR values, rather than surrogate reward functions.
We refer to this version as NEMSIS-NS. We also developed a similar version
of SCAN called SCAN-NS where the level estimation was performed using 0-1
TPR/TNR values. We empirically observed these non-surrogate versions of the al-
gorithms to offer superior and more stable performance than the surrogate versions.
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Figure 5.1: Experiments with NEMSIS on NegKLD: Plot of NegKLD as a func-
tion of training time.
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Figure 5.2: Experiments on NEMSIS with BAKLD: Plots of quantification and
classification performance as CWeight is varied.
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Figure 5.3: A comparison of the KLD performance of various methods on data sets
with varying class proportions (see Table[5.4.2).
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Figure 5.4: A comparison of the KLD performance of various methods when dis-
tribution drift is introduced in the test sets.
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Figure 5.6: Experiments with SCAN on CQreward: Plot of CQreward performance
as a function of time.

Parameters: All parameters including step sizes, upper bounds on reward
functions, regularization parameters, and projection radii were tuned from the val-
ues {1074,1073,...,10%,10*} using a held-out portion of the training set treated
as a validation set. For step sizes, the base step length 179 was tuned from the above
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set and the step lengths were set to 7; = 719/+/t. In 1PMB, we mimic the pa-
rameter setting in [S6], setting the buffer size to 500 and the number of passes to 25.

Comparison on NegKLD: We first compare NEMSIS-NS and NEMSIS
against the baselines 1PMB and SVMP¢" on several data sets on the negative
KLD measure. The results are presented in Figure 5.I] It is clear that the
proposed algorithms have comparable performance with significantly faster rate
of convergence. Since SVMP* is a batch/off-line method, it is important to clarify
how it was compared against the other online methods. In this case, timers were
embedded inside the SVMP¢"f code, and at regular intervals, the performance of
the current model vector was evaluated. It is clear that SVMP* is significantly
slower and its behavior is quite erratic. The proposed methods are often faster
than 1PMB. On three of the four data sets NEMSIS-NS achieves a faster rate of
convergence compared to NEMSIS.

Comparison on BAKLD: We also used the BAKLD performance measure
to evaluate the trade-off NEMSIS offers between quantification and classification
performance. The weighting parameter C' in BAKLD (see Table [5.1]), denoted
here by CWeight to avoid confusion, was varied from 0 to 1 across a fine grid; for
each value, NEMSIS was used to optimize BAKLD and its performance on BA
and KLD were noted separately. In the results presented in Figure [5.2] for three
data sets, notice that there is a sweet spot where the two tasks, i.e. quantification
and classification simultaneously have good performance.

Comparison under varying class proportions: We next evaluated the ro-
bustness of the algorithms across data sets with varying different class proportions
(see Table [5.4.2) for the dataset label proportions). In Figure[5.3] we plot positive
KLD (smaller values are better) for the proposed and baseline methods for these
diverse datasets. Again, it is clear that the NEMSIS family of algorithms of has
better KLD performance compared to the baselines, demonstrating their versatility
across a range of class distributions.

Comparison under varying drift: Next, we test the performance of the
NEMSIS family of methods when there are drifts in class proportions between the
train and test sets. In each case, we retain the original class proportion in the train
set, and vary the class proportions in the test set, by suitably sampling from the
original set of positive and negative test instancesﬂ We have not included SVMP¢/

“More formally, we consider a setting where both the train and test sets are generated using the
same conditional class distribution P(Y = 1|X), but with different marginal distributions over
instances P(X), and thus, have different class proportions. Further, in these experiments, we made
a simplistic assumption that there is no label noise; hence for any instance x, P(Y = 1| X =
x) = 1 or 0. Thus, we generated our test set with class proportion p’ by simply setting P(X = x)
to the following distribution: with probability p’, sample a point uniformly from all points with
P(Y = 1| X = x) = 1, and with probability 1 — p’, sample a point uniformly from all points with
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in these experiments as it took an inordinately long time to complete. As seen in
Figure on the Adult and Letter data set the NEMSIS family is fairly robust
to small class drifts. As expected, when the class proportions change by a large
amount in the test set (over 100 percent), all algorithms perform poorly.

Comparison on hybrid performance measures: Finally, we tested our meth-
ods in optimizing composite performance measures that strike a more nuanced
trade-off between quantification and classification performance. Figures [5.3]con-
tains results for the NEMSIS methods while optimizing Q-measure (see Table[5.1)),
and Figure [5.6] contains results for SCAN-NS while optimizing CQReward (see
Table [5.2). The proposed methods are often significantly better than the baseline
1PMB in terms of both accuracy and running time.

5.6 Conclusion

Quantification, the task of estimating class prevalence in problem settings subject
to distribution drift, has emerged as an important problem in machine learning
and data mining. Our discussion justified the necessity to design algorithms that
exclusively solve the quantification task, with a special emphasis on performance
measures such as the Kullback-Leibler divergence that is considered a de facto
standard in the literature.

In this paper we proposed a family of algorithms NEMSIS, CAN, SCAN,
and their non-surrogate versions, to address the online quantification problem. By
abstracting NegKLD and other hybrid performance measures as nested concave or
pseudo concave functions we designed provably correct and efficient algorithms
for optimizing these performance measures in an online stochastic setting.

We validated our algorithms on several data sets under varying conditions, in-
cluding class imbalance and distribution drift. The proposed algorithms demon-
strate the ability to jointly optimize both quantification and classification tasks. To
the best of our knowledge this is the first work which directly addresses the online
quantification problem and as such, opens up novel application areas.

5.7 Deriving Updates for NEMSIS

The derivation of the closed form updates for steps 15-17 in the NEMSIS algo-
rithm (see Algorithm [)) starts with the observation that in all the nested concave
performance measures considered here, the outer and the inner concave functions,
namely W, (1, (» are concave, continuous, and differentiable. The logarithm func-
tion is non-differentiable at O but the smoothing step (see Section refformulation)
ensures that we will never approach 0 in our analyses or the execution of the al-
gorithm. The derivations hinge on the following basic result from convex analysis
[LLO7]:

P(Y =1|X =x) =0.
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Lemma 7. Let f be a closed, differentiable and concave function and f* be its
concave Fenchel dual. Then V f* = (V)1 i.e. foranyx € X andu € X* (the
space of all linear functionals over X), we have V f*(u) = x iff Vf(x) = u.

Using this result, we show how to derive the updates for . The updates for 3
and o follow similarly. We have

¥y = argmin{y - q; — ¥ ()}
Y

By first order optimality conditions, we get that , can minimize the function
h(y) = ~v-q — V*(v) only if ¢4 = VU*(«v,). Using Lemma [7, we get
~v; = V¥(q;). Using this technique, all the closed form expressions can be readily
derived.

For the derivations of «, 8 for NegKLD, and the derivation of 3 for Q-measure,
the derivations follow when we work with definitions of these performance mea-
sures with the TP and TN counts or cumulative surrogate reward values, rather than
the TPR and TNR values and the average surrogate rewards.

5.8 Proof of Theorem

We begin by observing the following general lemma regarding the follow the leader
algorithm for strongly convex losses. This will be useful since steps 15-17 of
Algorithm [ are essentially executing follow the leader steps to decide the best
value for the dual variables.

Lemma 8. Suppose we have an action space X and execute the follow the leader
algorithm on a sequence of loss functions {y; : X — R, each of which is a-strongly
convex and L-Lipschitz, then we have

T T
L?logT
E i E < o7
t=1 i) igf t=1 i) < a

where x;11 = arg min Zizl 0, (x) are the FTL plays.
xeX

Proof. By the standard forward regret analysis, we get

T T T T
_ < _
;ft(xt) ;g{fvtzz;ft(x) < tz:;ft(xt) ;&(Xﬁl)

Now, by using the strong convexity of the loss functions, and the fact that the strong
convexity property is additive, we get

t—1 t—1 Oé(t . 1) )
D le(xig1) =) le(xe) + ——— % — o1l
=1 T=1 2

t t

at
D le(x) 2> lr(xe41) + < llxe = X1l

T=1 T=1
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which gives us

Q

Go(xt) = b(xe1) > (26 =1) - [lxe = xppa 3.

However, we get £;(x;) — ¢(x441) < L-||x¢ — X¢+1|| by invoking Lipschitz-ness
of the loss functions. This gives us

2L
- <=
th Xt+1H2 —= a(zt - 1)

This, upon applying Lipschitz-ness again, gives us

212
l l —
t(xt) = bi(xi41) < a2t 1)
Summing over all the time steps gives us the desired result. O

For the rest of the proof, we shall use the shorthand notation that we used in
Algorithm[4] i.e.

ar = (a1, 04.2), (the dual variables for (;)
B = (B, Br2), (the dual variables for (2)
Ye = (V,1,74,2), (the dual variables for W)

‘We will also use additional notation

= (r (We e, 41), 1 (Wi Xe, 41)),
P = (a s = Gilaw). B s = G(8)))
Ly(w) = (r"(wWixe, ye), 7™ (Wi xe,31))
R(w) = (P(w), N(w))

Note that £;,(w;) = s;. We now define a quantity that we shall be analyzing to
obtain the convergence bound

T
Z 'Yt Pt — V(7))
t=1

Now, since V is Sg-smooth and concave, by Theorem we know that W* is
%—strongly concave. However that means that the loss function g;(7y) := v ps —

U* () is %-strongly convex. Now Algorithm (step 17) implements

¥y = argmin {y - q; — ¥ (7)},
v

where q; = %Zizl p- (see steps 7, 10, 13 that update q;). Notice that this is
identical to the FTL algorithm with the losses g;(v) = p¢ - v — ¥*(y) which are
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strongly convex, and can be shown to be (B,(L¢, + L¢,))-Lipschitz, neglecting
universal constants. Thus, by an application of Lemma [8) we get, upto universal
constants

T

(4) < inf {ZWTPt - ‘1’*(7))} + Bu(Br(L¢, + Ley))? log T

t=1

The same technique, along with the observation that steps 15 and 16 of Algorithm4]
also implement the FTL algorithm, can be used to get the following results upto
universal constants

T T

> (s = Giaw)) < inf {Z(a st — (i (e ))} + B, (BrLe, ) log T,

t=1 t=1
and
T T
> (Blsi—G(By) < inf {Z(ﬁTst - c;(m)} + B (BrLgy)* log T.
t=1 t=1

This gives us, for

Ay = By(B(L¢, + Le,))? + Be, (BrLe,)* + By (BrLe,)?,

T
(4) < inf {Z(vat - \11*(7))} + AylogT

t=1

IN

T
lnf{ 1Y (o s = (i (o) +’Y2Z Bl st — G(By) — (’Y)} + AqlogT

=1
}—l—AllogT

T
Vigfﬂ {’Yl Z(a st — (7 (a +’)’2Z 5 st — (3(8)) — V()
T t=1

Now, because of the stochastic nature of the samples, we have

Est| {(XT7yT)}T 1= Eet(wt” {(X77y7)} 1 = R(Wt)
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A 1
+ ?1 <logT + log 5)

T
= igf (71(1 (;;R(Wt)> + 7202 (T ZR(Wt)> - ‘I’*(’Y)>

A 1
+ ?1 (logT + log 5)

< inf (nGUR(W)) + 1G(R(W)) = (1) + ——*

_ _ Aqlog &
= U(G(R(W)), (R(W))) + ——,
where the second last step follows from the Jensen’s inequality, the concavity of
the functions P(w) and N(w), and the assumption that (; and (> are increasing
functions of both their arguments. Thus, we have, with probability at least 1 — 4,

—_

(A) < T W(G(R)), GR(W) + Arlog <

Note that this is a much stronger bound than what Narasimhan et al [80] obtain
for their gradient descent based dual updates. This, in some sense, establishes the
superiority of the follow-the-leader type algorithms used by NEMSIS.

he(w) = ve1 (e £:(w) = (F (@) +7¢,2(B¢ £e(w) = G5 (By)) — U™ (7¢)

Since the functions /(-) are concave and (Ly L, (L¢, + L¢,))-Lipschitz (due
to assumptions on the smoothness and values of the reward functions), the standard
regret analysis for online gradient ascent (for example [109]) gives us the following
bound on (A), ignoring universal constants

T
(A) =Y hu(wy)
t=1

T
= > e &(wi) = G () + 1287 &(wie) — G(By) — T ()
t=1

T
> Y (e 4(wW*) = (@) +7e2(B] &(W*) = G3(8y))
t=1

— () — AgVT,
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where Ay = (LyL,(L¢, + L¢,)). Note that the above results hold since we used
step lengths 1, = ©(1/+/1). To achieve the above bounds precisely, 77; will have to
be tuned to the Lipschitz constant of the functions /;(-) and for sake of simplicity
we assume that the step lengths are indeed tuned so. We also assume, to get the
above result , without loss of generality of course, that the model space WV is the
unit norm ball in R?. Applying a standard online-to-batch conversion bound (for
example [23])), then gives us, with probability at least 1 — 9,

12(8 R(W*) = (5(8,))

IIMH

T

A 1

s LS (] B~ Gilew)
t=1

(B) (@
T 1
1 log =
—E Y () - A2,
r= VT

where A3 = Ay + Ly B, (L¢, + L¢,). Analyzing the expression (B) gives us

Z’Ytl at — (i (o))
Sl T e ) Lo
i—1 V1 100 ¥ t,1
=== 7| BW") =) ()
T <t1 ZtT_l%,l) tz1 Zt 1M1
Sl T e ) Ly«
—1 M1 100 t,100
L (($ e ) (5 )
t=1 Zt:l V1 t=1 Zt:l V1
T
> 72%:1 i1 min {aTR(W*) — Cf(a)}
T o

= 71 min {aTR(w*) - Cf(a)} = NG (R(W"))

A similar analysis for (C') follows and we get, ignoring universal constants,

(’;” > MG (RW)) + TG Rw) — ;‘I’ ) 1(\)/gz'f
=BG UR) + TG R ~ ¥ (7) — 28

oo 1

> mﬂ}n MG RW")) + nG(R(wWF)) — U (y)} — As 1\/?

log %

VT

= V(Q(R(W")), Q(R(W))) — Az
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Thus, we have with probability at least 1 — 9,
1
(4) 2 T W(G (R(w)), G(R(W))) — Aglog 5 VT

Combining the upper and lower bounds on (A) finishes the proof since Aglog %\/T
overwhelms the term A4 log %.

5.9 Proof of Theorem 3

We will prove the result by proving a sequence of claims. The first claim ensures
that the distance to the optimum performance value is bounded by the performance
value we obtain in terms of the valuation function at any step. For notational sim-
plicity, we will use the shorthand P (W) := P(p,,.. Puuss) (W) -

Claim 9. P* := supycyy P(W) be the optimal performance level. Also, define
et = V(Wyy1,vt). Then, for any t, we have

P*—P(wy) < =
m

Proof. We will prove the result by contradiction. Suppose P* > P(wy¢)+ £t. Then
there must exist some w € JV such that

~ e e
P(W):Et“‘P(Wt)-i'e/:é-l-Ut—i-e/::v',

where ¢’ > 0. Note that the above uses the fact that we set vy = P(w;). Then we
have
V(Wa Ut) — €6t = ,Pclass(‘kv/') — V¢ - ,Pquant(vf‘v/) — €¢.

Now since P(w) = v’, we have Pejass(W) — v - Pguant(W) = 0 which gives us

V(\A{/',’Ut) — €t = (% + GI) Pquant(VA{’) —er > <% + €/> m— e > 0.

But this contradicts the fact that maxweyy V (W, v¢) = e; which is ensured by step
4 of Algorithm [5 This completes the proof. O]

The second claim then establishes that in case we do get a large performance
value in terms of the valuation function at any time step, the next iterate will have
a large leap in performance in terms of the original performance function P.

Claim 10. For any time instant t we have

P(wier) 2 P(we) + 17
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Proof. By our definition, we have V (w1, v;) = e;. This gives us

€t Pelass (Wt-i-l ) ( €t >
vt + 7) >t =
¢ M 7>quant (Wt+ 1 ) ! 7)quant (Wt+ 1 )
_ (U Pquant(wt+1) oy = 07
Pquant (Wt+1 )

Pclass (Wt—i-l ) _ (
Pquant (Wt+1)

which proves the result. O

We are now ready to establish the convergence proof. Let A, = P* — P(wy).
Then we have, by Claim[J]
er > m - Ay,
and also
€t

P(wir1) > P(we) + L

by Claim[10} Subtracting both sides of the above equation from P* gives us

e
A=A - o
m m
< _ . — I
< A M At (1 M) At

which concludes the convergence proof.

5.10 Proof of Theorem [6]

To prove this theorem, we will first show that the CAN algorithm is robust to
imprecise updates. More precisely, we will assume that Algorithm [5only ensures
that in step 4 we have

VWit ve) may)é Viw,v) — €,

- we
where €; > 0 and step 5 only ensures that

Vy = P(Wt) + 5t7
where d; may be positive or negative. For this section, we will redefine

e; = max V(w,v
t wew ( ) t)
since we can no longer assume that V (w41, v;) = e;. Note that if v; is an unre-
alizable value, i.e. for no predictor w € W is P(w) > v, then we have e¢; < 0.
Having this we establish the following results:

Lemma 11. Given the previous assumptions on the imprecise execution of Algo-
rithm[3] the following is true
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If 0 <Othenes >0

If 6 > Othene; > —6;- M

We have P* < v iffe; <0

If ey > 0 then ey > m(P* — vy)

Ife; < Othen ey > M(P* — vy)

IfV(w,v) = efore>0then P(wW) > v+ 17
7. IfV(w,v) = efore < 0then P(w) > v+ 5

AN NS

Proof. We prove the parts separately below

1. Since §; < 0, there exists some w € W such that P(w) > v;. The result
then follows.

2. If vy = P(wy) + d; then V(wy, v) > —6; - M .The result then follows.

3. Had e; > 0 been the case, we would have had, forsome w € W, V' (w, vy) >
0 which would have implied P(w) > v; which contradicts P* < v;. For the
other direction, suppose P* = P(w*) = v; + ¢’ with ¢’ > 0. Then we have
e = V(w*,v;) > 0 which contradicts e; < 0.

4. Observe that the proof of Claim E] suffices, by simply replacing P(w;) with
v¢ in the statement.

5. Assume the contrapositive that for some w € W, we have P(w) = v+ $& +
¢/ where ¢/ > 0. We can then show that V(w,v;) = (6—1\2 + e’) Pquant(W) >
et + € - Pquant (W) > e; which contradicts the definition of e;. Note that since
e < 0, we have £ > m and we have Pyuan (W) > m > 0.

6. Observe that the proof of Claim suffices, by simply replacing P(w;) with
v¢ in the statement.

7. We have Pjass (W) — v - Pquant(W) = e. Dividing throughout by Pyuant (W) >
0 and using m > = since e < 0 gives us the result.

This finishes the proofs. O

Using these results, we can now make the following claim on the progress
made by CAN with imprecise updates.

Lemma 12. Even if CAN is executed with noisy updates, at any time step t, we
have

M
Appr < (1—m)At+—-|6t|+3.
M m m

Proof. We analyze time steps when ¢; < 0 separately from time steps when 6; < 0.

Case 1: §; < 0 In these time steps, the method underestimates the performance of
the current predictor but gives a legal i.e. realizable value of v;. We first deduce that
for these time steps, using Lemma I I|part 1, we have e; > 0 and then using part 4,
we have e; > m(P* — v;). This combined with the identity P* — v, = A; — dy,
gives us

€t Z m(At — (St)
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Now we have, by definition, V (w11, v¢) = e; — € (note that both e;, e > 0 in this
case). The next steps depend on whether this quantity is positive or negative. If
e < e;, we apply Lemmal|TT]|part 6 to get

€t — €
M

P(wip1) > vp +

which gives us upon using P* — v, = Ay — §; and e, > m(A; — &),

m m €t

A< (1-)a- (1= D)+ o

t+1 S M) ot ) + i

Otherwise if ¢; > e; then we have actually made negative progress at this time step

since V/ (w41, v) < 0. To safeguard us against how much we go back in terms of
progress, we us Lemma|[T ] part 7 to guarantee

€t — €
P(wip1) > vp + L t7
m

which gives us upon using P* — v; = Ay — 0 and e; > m(Ay — &),
AtJrl < 27
m

Note however, that we are bound by €¢; > e; in the above statement. We now move
on to analyze the second case.

Case 2: §; > 0 In these time steps, the method is overestimating the performance
of the current predictor and runs a risk of giving a value of v; that is unrealizable.
We cannot hope to make much progress in these time steps. The following analysis
simply safeguards us against too much deterioration. There are two subcases we
explore here: first we look at the case where v; < P* i.e. wv; is still a legal,
realizable performance value. In this case we continue to have e; > 0 and the
analysis of the previous case (i.e. d; < 0) continues to apply.

However, if v; > P*, we are setting an unrealizable value of v;. Using
Lemma [11] part 3 gives us e; < 0 which, upon using part 5 of the lemma gives
us

€ > M(P* - Ut).

In this case, we have V (wy41,v¢) = e, — ¢, < O since e; < 0 and ¢, > 0. Thus,
using Lemma [T T|part 7 gives us

€t — €

P(wip1) > v +

which upon manipulation, as before, gives us

At+1§(1—M)At+(M—1)5t+6tS(M—1>5t+€t,
m m m m m
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where the last step uses the fact that A; > 0 and M > m. Putting all these cases
together and using the fact that the quantities Ay, €, |J;| are always positive gives
us

m M? —m? €t
A <<1——)A - =
t+1 < U t+< i >|5t‘+m

m M €t
<(1- —) A+ — -0 —,
- ( M et m 10¢] + m
which finishes the proof. 0

From hereon simple manipulations similar to those used to analyze the STAMP
algorithm in [80] can be used, along with the guarantees provided by Theorem
for the NEMSIS analysis to finish the proof of the result. We basically have to use
the fact that the NEMSIS invocations in SCAN (Algorithm [f]line 8), as well as the
performance estimation steps (Algorithm [6] lines 14-19) can be seen as executing
noisy updates for the original CAN algorithm.
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