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more manageable. Recently, there has been increasing interest in sequence submodularity
in connection with applications such as recommender systems and online ad allocation.
However, mostly ad hoc models and solutions have emerged within these applicative
contexts. In consequence, the field appears fragmented and lacks coherence. In this paper,
we offer a unified view of sequence submodularity and provide a generalized greedy
algorithm that enjoys strong theoretical guarantees. We show how our approach naturally
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captures several application domains, and our algorithm encompasses existing methods,

improving over them.
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1. Introduction

Many real-world applications in engineering and applied science have at their core the selection of sequences of objects
that maximize a reward. In information gathering missions, for example, the objects are observations and the goal is to
select a sequence of them that maximizes the information gain [1,2]. In a similar fashion, a movie recommender system
aims to provide its users with sequences of items that maximize relevance [3,4]. The crucial point in these applications
is that the value of the sequence depends not only on the objects belonging to it, but also on their relative order. This is
because the value of each object changes based on its position in the sequence.

If optimizing over sets is already a daunting task, optimizing over sequences quickly becomes unmanageable when the
problem at hand grows. However, the identification of special properties in the objective function helps in making the
task more approachable. Submodularity, in particular, has emerged as a powerful feature that can be leveraged to control
complexity in the maximization of both set and sequence functions. Submodularity can be understood intuitively as a dimin-
ishing return condition. Consider again an information-gathering mission. Each new observation increases the information
gain, but it does it to a smaller extent than the previous observations, with gain vanishing at infinity.

In areas as variegated as optimization, machine learning, economics, medicine and sensor networks, there has been a
vast amount of work on the maximization of submodular set functions (see Section 2). Only recently, the scientific commu-
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nity has started to pay closer attention to sequence submodularity prompted by applications such as online ad allocation [5]
and recommendations in online shopping [6], entertainment [3] and courses [7]. However, having arisen in specific applica-
tive contexts, the proposed models as well as the corresponding algorithms lack generality and require making restrictive
assumptions on the objective function to maintain efficiency.

In this paper, to remedy the current ad hoc approach and lack of coherence in the field, we offer a unified view of
sequence submodularity. By abstracting away specific applicative details, we show that the optimization problem that lies
behind several applications can be captured by a particular type of recursive submodular function. We study its structure
and, based on its properties, we propose a generalized greedy algorithm that has theoretical guarantees as strong as its
classical counterpart on set functions but does not require unrealistic restrictive assumptions. Our generalized algorithm
encompasses and improves the specific algorithms that have been developed for several practical applications. Another
property that confers flexibility to our approach is that we can easily enforce constraints on the cardinality of the elements
in the sequence (e.g. all elements must be distinct) in the domain description, which is particularly useful in applicative
problems.

The paper is organized as follows. After discussing related work in Section 2, we state the problem formally and introduce
our running example in Section 3. In Section 4, we recall the concept of submodularity for sequence functions and show
how, in general, a simple generalization of the classical greedy algorithm from sets to sequences fails to achieve good
performance for several optimization problems of practical relevance. Subsequently, in Section 5, we propose and analyze
a new greedy algorithm that is proven to achieve the same performance as the classical one for submodular set functions
(Theorem 1). In Section 6, we study how this result can be applied to the general class of problems that we are interested
in solving (Theorem 2 and Corollary 1) and, in Sections 7 and 8, we present several different application domains, which
demonstrate the expressiveness and generality of our approach. Finally, Section 9 provides explicit numerical simulations
for two of the applicative setups discussed in the previous two sections, while Sections 10 offers conclusive thoughts.

2. Related work

Work on submodularity spreads across multiple fields, including optimization [8,9], machine learning [10,11], economics
[12,13], medicine [14] and sensor networks [15,16]. This body of work focuses on set functions and, as most of the problems
considered are NP-complete, revolves around finding good approximations of the optimal solution via greedy approaches,
which are very effective for non-decreasing, submodular functions [9]. We do not review this literature here as set functions
are not our focus. For a comprehensive review on this topic, we refer the readers to the literature [17].

Only recently, work on sequence submodularity has emerged. Streeter and Golovin [18] first considered this problem in
the context of online resource allocation applications. Shortly after, Alaei and Malekian [5] introduced the term sequence
submodularity and showed that if the submodular function is non-decreasing and differentiable, a greedy approach always
achieves a solution that is at least 1 — % of the optimal one for the maximization problem.

Zhang et al. [15] consider string submodularity, which is a weaker concept as the submodularity holds for the prefix
relationship instead of for any type of subsequence relationship. They improve on Alaei and Malekian’s approximation by
introducing additional constraints on the degree of string submodularity (curvature) of the objective function.

Other authors have defined sequence submodularity within a graph-based setting. Tschiatschek et al. [4] consider cases
in which dependencies between elements of a sequence can be captured via directed acyclic graphs (DAGs) and present an
algorithm with theoretical guarantees for them. However, repetitions in the sequence are not allowed and DAG submodular
functions are not necessarily string or sequence submodular.

Mitrovic et al. [7] extend this graph-based framework to graphs and hypergraphs with bounded in or out degrees.

Finally, Qian et al. [19] take a departure from the greedy approach and propose a Pareto optimization method for se-
quence selection. They show that, for any class of submodular functions previously studied, their approach can always reach
the best known approximation guarantee.

Mitrovic et al. [20], on the other hand, consider the case in which the value of a sequence depends not only on the items
selected and their order but also on the states of the items, which might be initially unknown (adaptive submodularity).

Against the backdrop of this body of work, we aim to show that the submodular functions appearing in practical ap-
plications do not satisfy the constraints imposed by the approaches highlighted here. However, they do present a common
structure that can be exploited to equip a suitably modified greedy algorithm with strong theoretical guarantees.

3. Problem statement

In this section, we formally introduce the optimization problems that we study in this paper. Let 2 be a set and H ()
be the language over €, i.e. the set of sequences of elements in €2 of any length including the empty sequence @. Let HY ()
denote the sub-language consisting of all sequences in H(2) with distinct elements. If S = (Sq,..., Sp) € H(R), with S;
being the element of sequence S in position i, we denote with |S| =n the length of the sequence S. Given R, S € H (),
we say that R is a subsequence of S (denoted R < S) if R is obtained from S by eliminating some of its elements, i.e. if
there exists a strictly increasing function o : {1,...,|R[} = {1,...,|S|} such that R; = S, for every i=1,...,|R|. We use
the following convention to indicate a specific type of subsequences: if S =(Sq,...,Sy) € H(R) and 1 <a <b <n, we write
SIb = (Sq, Sat1s---,Sp). We put S|2 =@, if a > b.
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In this paper, we focus on greedy algorithms for maximizing functions defined on H(2) that present the following
recursive form:

Fo($)=Y_ g(S0[F(sI) - FSk™)] (1)
k=1

for S=(S1,...,Sp) € H(Q). In Eq. (1), g: 2 — R* is any function and F : H(Q) — R is a function independent from the
specific order of the elements in S, monotonic and submodular (formal definitions are given in the next section).

The problem of maximizing these functions (typically on finite sequences with length below a given value) is significant
because lies at the heart of several practical applications, ranging from jobs scheduling to web recommendation systems, as
we will see in what follows. Note that, for a general g, the functions F; depends on the specific order of the elements of
the sequence, with the consequence that the classical results on submodularity of set functions cannot be applied.

3.1. Running example

We now discuss an illustrative scenario that we will use throughout the paper as a running example. Consider the
monitoring of the level of a river subject to flooding. In case of danger, a set of movable floodgates are used to protect
roads, bridges and other critical points whose impairment could lead to catastrophic events. Actioning and using these
barriers over time and at different points on the river can be costly. A sensing system, e.g. a drone, can be used to observe
a specific point more closely to establish whether a floodgate is needed, with a consequent reduction in cost if the drone
concludes that the gate is unnecessary to protect that point. We are interested in the problem of finding the sequence of
drone observations that allows the maximum reduction in cost. We formalize this scenario as follows.

Given a time horizon [0, T], consider the monitoring of an environment subject to several catastrophic events, which
are represented as the elements of a set D. Each of these possible events requires to keep a safety infrastructure system
in place (the movable floodgates, in the example above). For simplicity, given an event d in D, we set the cost of the
infrastructure to prevent d to one per time unit. In the absence of other information, the total cost of monitoring each event
over the time horizon [0, T] is T and, as there are |D| events, the total cost of monitoring the environment amounts to
T|D|. However, over time, the monitoring system acquires information that can be used to rule out the happening of some
of the catastrophic events in D. Specifically, we assume that the system can perform a set Q of experiments. Each o € Q
has an associated cost ¢ > 0 (in the example above, the cost is associated to the use of a drone to make the observation o)
and an associated time t(o’) € [0, T], representing the moment at which the experiment can be performed. Each experiment
o € Q is also associated with a subset of the events D, € D with the following meaning: if o gives a negative result,
it can be inferred that none of the events in D, will take place. In consequence, the system can stop using the safety
infrastructure meant to prevent the events in D, from the time of the experiment t(o) to the end of the horizon, with a
consequence reduction of (T —t(0))|Dy| from the monitoring cost. A positive result of the experiment o, instead, does not
allow the system to rule out any possible event so the monitoring process does not undergo any change.

Over time, the monitoring system performs a sequence of experiments S = (S1,..., Sp), which are ordered in such a
way that t(S1) < t(S2) <--- < t(Sp). Let us now calculate the total monitoring cost when no catastrophic event takes place,
assuming that, in this case, all experiments will give a negative result. We first define d(S) = |U]_, Ds; |, which is the number
of events ruled out by the sequence of experiments and d = |D|. The total cost is given by the following expression:

L) =Y (t(S) — t(Sk-1))d —d(SK) + (T — t(Sw))(d — d(ST)) + cn (2)
k=1

interpreting t(Sg) = 0. The terms in Eq. (2) have the following interpretation. The expression d — d(S’l“1) is the number of
events not yet ruled out at time t(Sk_1). Since the system needs to keep monitoring those events, we have to account for
the cost per time they generate over the interval [t(Sk_1),t(Sk)]. The first term is then the monitoring cost up to the last
experiment S,. The second term, (T — t(Sy))(d — d(SY)), is the remaining cost up to the time horizon T. Finally, the third
term, cn, is the cost for performing n experiments.

Eq (2) can be rewritten as follows:

n
N(S) ==Y (T —t(SK)d(S}) —d(sk™)) + Td +cn
k=1
If we now put F(S) =d(S) and g(o) =T —t(c), we have that I'(S) = —F¢(S) + Td + cn, and the minimization of the cost
for sequences of a given length is equivalent to the maximization of Fg(S). The general minimization problem can then be
solved as follows:

o]
min[($) = min[Td + cn — Fo(S™)]
n=

where S™ is a maximum of Fg(S) for the sequences of length n.

3
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4. Preliminary results on sequence submodularity

In this section, we formally define the concepts of monotonicity and sequence submodularity of a function and describe
the greedy algorithm for the maximization of sequence submodular functions originally proposed by Alaei and Malekian [5].
We then discuss some preliminary results concerning the functions of interest in this paper, i.e. those of the type in Eq. (1),
and show that Alaei and Malekian’s algorithm does not perform well on them (Example 2). In the next section, we propose
a new greedy algorithm, which overcomes the limitations of the original one on such functions.

Consider the language HI(Q2) over a set Q. If S=(Sy,...,Sy) and S' =(S},...,S},) are two elements in H(<2), their
concatenation is defined as:

SL1S =(S1,.--.50, 57, ... Sp)
For the sake of notational simplicity, concatenations with sequences of length 1 (o) will be denoted simply by S1o and

o LS, dropping the parentheses.

Definition 1. A function J : H(Q2) — R is called forward/backward moneotonic if, respectively,

J(SLo)=J(S), J(w@lS)=]J(S) VSeH(R), oe

We use instead the term anti-monotonic if the inequalities are inverted.

Definition 2. A function | : H(2) — R is called forward/backward (sequence) submodular if, for every S,R € H(Q2), 0 €
Q, respectively,

J(SLRLo) = J(SLR) < J(SLo)—J(S)
J(@LRLS) = J(RLS) < J(0 LS) = J(S)

For brevity, we drop sequence as we are only concerned about those functions in this paper. On the subset Q" C H(2) of
sequences of length exactly n, there is a natural action of the permutation group P, (i.e. the set of bijections from {1, ..., n}
to itself):

S=(51,...,8), 0P, — 0S:= (Sg(]), ey Se(n))
Definition 3. We define the concept of permutation invariance for sets and functions as follows:

e A subset 7 C H() is said to be permutation invariant if for every S € Z and for every 6 € Pjs), it holds 6S € I.
e A function J:H(Q) — R is permutation invariant if, for every R € H(€2) and for every 6 € Pjg), it holds J(6R) = J(R).

For permutation invariant functions, the backward and forward notions of monotonicity and submodularity always coin-
cide and, in that case, we will refer to them as monotonic, anti-monotonic, and submodular functions.

Example 1. We now illustrate the concepts presented in this section in the context of our running example, presented in
Section 3.1. In that case, we can confer the right interpretation to the function Fgz(S) only for sequences S such that ts; is
monotonically increasing and, in consequence, g(S;) =T — ts; is monotonically decreasing.

For the sake of illustration, we consider now the extension of Fg(S) to the entire language H(L2). More precisely,
we consider the special case in which the experiments in Q = {o7...,0;} can be labeled so that the information they
convey is monotonically increasing, i.e. Dy, € Dy, € --- € Dg,. Given o € Q, we denote by k(o) =1,...,r its index in
this ordering, namely k(o) is such that oy) = 0. We put dy = |Dy, | for k=1,...,r. Given S € H(Q), we further put
k(S) = max{k(S;)|i=1,...,|S|}, and we notice that

N
d(S) = | Doy | = [Doys) | = dics) 3)
k=1

If Se H(Q) and o € £, thanks to (3), we have that,

ifk(S) < k(o)

Fg(SLo) — Fg(S) = §(0)[d(SLo) —d(S)] = { s ) )

Notice that k(S) and d(S) are both permutation invariant and monotonic. From expression (4), we obtain that Fg is forward
monotonic and, using the monotonicity of k(S), that is also forward submodular. Also note that

4
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Fg(oiloj) — Fg(oj) = g(op)di + g(ojdj[1i<j — 1]

where 1;.; is 1 if i < j and is 0 otherwise. The expression above shows that in general Fg is not backward monotonic: the
right hand side can be negative if i > j and g is such that g(oy)d; < g(oj)d;.

The following result shows how the function Fg; behaves with respect to a transposition of two consecutive elements of
a sequence S.

Lemma 1. Given a permutation invariant and submodular function F an~d a function g : @ — R, consider the function Fg as defined
inEq.(1). Let S € H(2) and k < |S| be such that g(Sy) < g(Sk+1)- Let S be the sequence obtained from S by swapping Sy with Sy 1.
Then,

Fg(8) = Fg(S)
Proof. Thanks to the permutation invariance of the function F, we have that:

Fg(S) — Fg(5) = g(SIF(SIY) — F(SK D1+ g(Sie DIF ST — F(SI)T — g(Sir DIF(SK LSpy1) — F(S[E1]
— g(SIFSIHY) — F(SF LSk )]
=[g(Skr1) — ESOIFSET) = F(S[K) = F(SET LS, 1) + F(SIEh)]

We conclude the proof by observing that the last term is non-positive since g(Sx) < g(Sx+1) and F is submodular. O
Remark 1. Notice that, under the stronger assumption that g(Sx) = g(Sk+1), Lemma 1 yields Fg(§) = Fg(5).

Lemma 1 implies that if we want to maximize functions of the type in Eq. (1) over a set of sequences Z that is permu-
tation invariant, we can always restrict to those sequences S € Z for which g(Si) > g(Sk+1) for every k. To formalize this
fact, we consider a total ordering < of the elements of Q for which g is non-decreasing: o < ¢’ implies g(o) < g(o’). We
call this a g-ordering and note that the g-ordering is not unique when g is non-injective.

We now present a number of useful concepts related to any fixed total ordering < on 2. We use the notation o > o’
to indicate that 6’ < o or 0’ =0. A sequence S € H() is called <-ordered if Sy > --- = S|5|. A subset Z C H(2) is called
<-ordered if each S € 7 is <-ordered. Given any subset Z C H(£2), we indicate the <-ordered subset as follows:

Z(<) ={S €Z|Sis <-ordered} (5)

When Z = H(Q) or Z = H4($2), we will use the notation H(2, <) and H4(, <), respectively, for Z(<). For the sake of
simplicity, a subset Z € H(Q) that is <-ordered with respect to a g-ordering <, where g is a function g: Q — R, will
simply be called g-ordered.

The following is a direct consequence of Lemma 1.

Proposition 1. Consider a permutation invariant and submodular function F and a function g : @ — R™. Let < be a g-ordering.
Then, given any permutation invariant set Z C H(2) and T € N, it holds that:

max Fq(S)= F
9 Fi9)= g Pl ©
IS| =T IS|=T

Remark 2. If we maximize Fg(S) over H4(2) with sequences of maximal length T = ||, the only sequence S of length
T belonging to H?($2, <) is a maximum. Because of Lemma 1 and Remark 1, all possible maxima can be obtained from
S by arbitrarily permuting the elements of any subsequence (Sp, Sp41, ..., Sk) for which g(Sp) = g(Sk). In this case, the
maximization problem boils down to a sort problem.

In our work, we are interested in investigating the maximization problem of the function Fg(S) for the general case
when sequences do not necessarily consist of distinct elements or have maximal length. In many applications, this is indeed
the case.

Let us now fix a value T € N and consider the problem of maximizing a function ] : H(Q) — R on the sequences of
fixed length T. A popular, simple, suboptimal algorithm for such maximization problems is the greedy algorithm by Alaei
and Malekian [5], which generalizes the classical result in Nemhauser and Wolsey [9] to sequence functions. This algorithm
produces recursively a sequence S = (S1,...,St) by adding new elements on the right side of the sequence so that, for
every k=0,...,T —1,

JSKLSi1) = J(S[kLo) Vo eg @
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Alaei and Malekian [5] give a lower bound on the performance of the greedy algorithm in the presence of monotonicity
and submodularity of J. In particular, fix a value T € N and let ST be the sequence generated by the greedy algorithm
stopped at step T and OT € H() any maximizing sequence of | restricted to sequences in H(S) of length T. Now,
assume that J is backward monotonic and forward submodular, then,

1
J(sTH > (1 - E)](OT) (8)

Considering now our function Fg, it is simple to see that it is forward monotonic and forward submodular, while, in
general, it does not possess the other two complementary properties. Hence, the result in Eq. (8) cannot be applied to it. In
Example 2, we show that the classical greedy algorithm can perform arbitrarily bad on such functions.

Example 2. Considering Example 1 again, we specify the values of the parameters as follows. We put di = 2¥~1 if k =
1,...,n—1, while d, = 2". We also assume that g(oy) = 2" *. Then, the value of the function over the single elements of
Q is given by the following expression:

21 ifk<n—1
Fg(oy) = glo)d(oy) = { on ;fk;n

Given the assumptions made, this expression reaches its maximum for k = n. Consequently, the greedy solution S of length
n will necessarily be such that S; = oy,. This implies that

Fg(S) = g(on)d(on) = 2"

as the remaining term will not give any further contribution. A direct check shows that, instead, the optimum among the
sequences of length n is reached by O = (01, ..., 0,). We can compute as follows:

n n
Fg(0)=2""Tdy + 3 2"k (dy —djp_q) =21 4 0=22" | pn3 _pnni3

k=2
Therefore,
Fg(o) . n+3
Fg(S) 4

Hence, no bound of the form in Eq. (8) can possibly hold in this case.
5. A new greedy algorithm on fully extendable sets

We now present a new greedy algorithm for the maximization of sequence submodular functions that allows each new
element of the sequence under construction to be placed in any position among the elements already in it. This approach
differs from Alaei and Malekian’s algorithm [5], which adds new elements only of the right-hand side of the sequence. We
show that the new algorithm maintains the same theoretical guarantees as the original one and performs well on functions
of the type in Eq. (1).

Compared to previous work, our optimization approach is more general as it allows problems to be defined not only
over H() (elements can be repeated) and HY(2) (elements are all distinct) but also over sets in which the number of
repetitions of each element can be constrained to be below a certain value. To allow for such generality, in Section 5.1,
we introduce the key concept of fully extendable set of sequences, and we generalize the notions of monotonicity and
submodularity by adapting them to fully extendable sets. Our new greedy algorithm, described in Section 5.2, exploits such
notions.

5.1. Monotonic and submodular functions on fully extendable sets

Definition 4. A subset Z C H() is called fully extendable if the following conditions are satisfied.

1. For every 0 € @, (0) € Z;
2.If ReZ and Q <R, then Q €7,
3. If Q,R €Z, there exists U € Z such that Q,R <U and |U| <|Q|+|R]|.

The third property says that, given two sequences Q, R € Z, there must exist another sequence U € Z of which both are
subsequences and whose length is at most the sum of the two lengths. If Q and R do not have any element in common,
the only possibility is that U is obtained by intertwining Q and R and then |U|=|Q |+ |R].

6
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We denote by Z(Q, R) the subset of sequences U satisfying property 3 defined above. Given Q € Z, we also denote

I7(Q):={UeZ|Q<U,|UI=1Q|+1}

In other words, Zt(Q) consists of the sequences in Z that are obtained from Q by adding one element. It follows from
properties 1 and 3 and the considerations above that if there exist elements in Q not appearing in Q, surely Z7(Q) # @.
We now give some examples of fully extendable sets.

Example 3. H () is a fully extendable set.

Example 4. Consider any total ordering < in the set Q. Then, the set of <-ordered sequences H (2, <) (formally defined in
Eq. (5)) is a fully extendable set.

Finally, we construct a family of fully extendable sets that subsumes the examples above and will be useful in the
applications presented in Sections 7 and 8. Those are sets in which the number of repetitions of each element can be
constrained to be below a certain value.

Example 5. We fix a total ordering < on the set Q. Given S € H(2), we denote by n, (S) the number of times the element o
appears in the sequence S. The following two properties are a direct consequence of the definition of <-ordered sequences:

(i) Given non negative integer numbers n, for every o € 2, there exists exactly one <-ordered sequence S such that
ns(S) =ny for every o € Q.
(ii) Given two <-ordered sequences Q, R, we have that Q <R if and only if n,(Q) <ns(R) for every o € Q.

For every o € €, fix a number ns € {1, 2, ...} U {+00} and consider the set of sequences

I={SeH(R,<)|ns(S) <ns Vo € 2} (9)

Note that H(€2, <) and HY(S, <) are special cases of Z, obtained when, respectively, n, = +00 and n, = 1 for every o € .
We have the following result:

Proposition 2. The set of sequences Z defined in Eq. (9) is fully extendable.

Proof. All singleton sequences S = (o) are <-ordered and respect the repetition constraint (since ns > 1). Therefore, they
are in Z and property 1 in Definition 4 holds. Property 2 also holds because any subsequence Q of a sequence in R €7 is
necessarily g-ordered and satisfies, thanks to property (ii) above, the constraints n, (Q) <n4s(R) <n, for every o € Q. To

check property 3, consider now two sequences Q, R € Z and put, for every o € ,

e =max{ns (Q), ny (R)}

Let U be the only <-ordered sequence such that n, (U) =n, (see property (i)). Since by construction n, <n, for all o € Q,
we have that U € Z. Notice now that both Q and R are subsequences of U because of property (ii). Finally,

U= nsU) <) [15(Q) +16(R)]=1Q| + IR

oeR oeR

That completes the proof. O
It follows from Proposition 2 that H(S2, <) and HY($, <) are both fully extendable.

Example 6. If || > 1, the set HY(Q) is not fully extendable. Indeed, let o1, 03 € Q be two distinct elements and consider
the sequences R = (01, 02) and S = (03, 01). Any sequence U of which both R and S are subsequences must contains either
two copies of o7 or two copies of o, and thus cannot belong to HY(S2). This reveals that the condition 3 in Definition 4
does not hold true.

Let us now see how the notions of monotonicity and submodularity change when adapted to fully extendable sets. The
novelty is that, in the definitions below, the new element o that is added to the sequences can appear not only at the
beginning and at the end of them, as with the standard notions of monotonicity and submodularity, but also in between
the sequences.
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Definition 5. Given a fully extendable set Z C H(£2), a function F : Z — R is called Z-monotonic if for every Q, R € Z and
o € Q such that Q Lo LR € Z, it holds:

F(QLoLR)>F(QLR) (10)

Definition 6. Given a fully extendable set Z C HI(2), a function F : Z — R is called Z-submodular if for every Q,R,SeZ
and 01,07 € Q such that Q Loy LR1oy 1S €Z, it holds:

F(QLlo1LlR1lo1S)—-F(QLlo1LRLS)<F(QLRloy1lS)—-F(QLRLS) (11)

Relation (11) is a way to express the diminishing return property that characterizes the definition of submodularity.
Adding an extra element o, to a sequence produces a smaller impact on the growth of the function F calculated over the
sequence as more elements are added to its prefix, as long as the constructed sequences remain elements of the set Z.

Remark 3. If Z = H(2), Z-monotonic functions are backward and forward monotonic and Z-submodular functions are
forward submodular.

Remark 4. If F: H(Q2) — R is permutation invariant, monotonic and submodular, then, for every fully extendable set Z C
H(), the restriction of F to Z is Z-monotonic and Z-submodular.

5.2. A new greedy algorithm

We now introduce a generalized greedy algorithm and show that, for functions that are Z-monotonic and Z-submodular,
this new algorithm ensures the same performance as in expression (8). In the next section, we will then show how to apply
this result to our problems.

Take a function J: H(®2) — R and a fully extendable set Z C HI(2). We fix a value T € N: the goal is to maximize ]
over the subset of Z of the sequences of length T. Put OT to be any such maximizing sequence for J.

We now consider a variation of the greedy algorithm to approximately solve this maximization problem. The algorithm
produces recursively an ordered sequence ST = (ST, ..., S;) € 7 in the following way:

o S'=(S]) where S} € argmax J(0);

oeQ
e Given Sk =(sk,..., S¥) e Z, we define
sk+1 ¢ argmax J(U) (12)

UeZ+(sk

In other words, instead of simply augmenting the sequence on the right hand side as the traditional greedy algorithm does,
we allow each new element to be placed in any position among the elements of the previous sequence. We note that, when
the argmax in expression (12) is not a singleton, the choice of S¥t1 can be any arbitrary element of it. The performance of
the algorithm will not be affected by this choice.

The following result shows that this new algorithm satisfies the same performance bound than the classical one (see
expression (8)).

Theorem 1. Consider a function | : H(Q2) — R and a fully extendable set T C H(2) and assume that | is Z-monotonic and Z-
submodular. Let OT be a maximizing sequence for | among the sequences in Z of length T and let ST be the result of the previous
algorithm. Then,

1
JisT > (1 - ;)1<0T>

Proof. For simplicity of notation, in the proof, we put O = OT. Fix k < T and consider

A=(1,...,Ap) € argmax J(U)
UeZ(sk,0)

We consider a partition of the indices

{1,2,...,n}={i1,i2, ..., ik} U {j1, J2, .-+, jm}

where iy < iy <--- < i} are such that Sf‘ = forI=1,...,k and j1 < j» <--- < jm with m=n —k are the remaining
indices.
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We now consider, for 0 <t <m, the sequence A® obtained from A by removing the elements Aj,, Aj. ;,-..., Ajep- Note
that, by property 2 of fully extendable sets, A® e T for every t and that A™ = A and A©@ = Sk, We can write

m
JA) = =3 [Ja®) - jatD)] (13)
t=1
Using the property of Z-submodularity and removing the elements Aj,_,,...,Aj, from A~ and A®, we obtain that
JAY) = JATD) < JU9) - J(s9 (14)

for some U® e T+ (S¥) (a sequence obtained from S* adding in some position the element Aj, ). Given the definition of the
extended greedy solution S¥, it follows that J(U®) < J(Sk+1). This fact together with expressions (13) and (14) yields:

J) = I =TI = J(sY)] (15)

The assumption of Z-monotonicity and the choice of A to maximize | on Z(S¥, 0) ensure that J(A) > J(O). Using this
fact inside expression (15) gives:

1 1
J(skH > —J(0)+ (1 - ?) J(sk

for every k=0, ..., T — 1. Applying recursively this relation, we obtain that

r 1 1\ 1\’ 1
J(sT) = ?Z<1—?> J(0) = 1—(1—7> ](O)z<1—g>1(0) 0

i=0
6. A detailed analysis of the function Fg

We now go back to our original optimization problem on functions of the type of Eq. (1) and study the conditions under
which we can apply the theory laid out in the previous section to it. Our aim is to show that, under suitable assumptions,
the function Fg satisfies the conditions of Theorem 1 on fully extendable g-ordered sets, which - thanks to Proposition 1 -
will allow us to obtain a solution with bounded suboptimality to our maximization problem.

We start by introducing some additional notation that will become handy in the proof of the main result of this section.

AF(Q,0,R)=F(Q Lo LR)—F(QLR)
A?F(Q,01,R,02,5) = AF(Q Lo1LR,05,S) — AF(Q LR, 02, S) (16)
=F(QLo1LR1051S)— F(Q Loy LRLS) — F(Q LRLoyLS)+ F(Q LRLS)

The first expression, AF(Q, o, R), is the ‘first’ variation of F obtained starting from the sequence Q LR and adding one
more element ¢ between the subsequences Q and R. The second expression, A2F(Q, o1, R, 02, S), is instead a ‘second’
variation, namely a variation of the first variation, which goes from Q LR to Q LoLR, relative to an added element o>.
They play an analogous role to, respectively, the discrete derivative and the discrete second derivative of a function; this
analogy will become apparent below when we discuss an example of a submodular functions obtained through convex
functions.

Note that the Z-monotonicity of F is equivalent to the requirement that AF(Q, o, R) > 0 for every choice of Q, R and
o such that Q Lo LR € Z, while the Z-submodularity of F is equivalent to the requirement that A2F(Q, o1, Ro2,5) <0
under the assumption that Q Loy LR1loy 1S e 7.

We are now ready to state and prove the main result of this section. It asserts that the Z-monotonicity and Z-
submodularity of a function F are transferred to a function Fg if the fully extendable set 7 is g-ordered, namely is
<-ordered with respect to any g-ordering <.

Theorem 2. Let g : @ — R ™ and let Z € HI(2) be a g-ordered fully extendable set. Given any F : T — R, it holds that

1. If F is Z-monotonic, then F is Z-monotonic;
2. If F is Z-submodular, then Fg is Z-submodular.

Proof. Assume that F is Z-monotonic. Fix Q,R € Z and o € Q such that Q Lo LR € Z. Put n = |R|. From the definition of
Fg, we obtain that
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AFg(Q,0,R)=Fg(Q) + g(0)AF(Q,0,0)

+) gRI(F(Q Lo LRI}) — F(Q Lo LR — Fg(Q)
k=1

— Y (RO(F(QLRK) — F(QLRI,™)

k=1 (17)
n n—1
=g(0)AF(Q, 0.0+ ) gROAF(Q,0, RN =D g(Ris1)AF(Q, 0, RI)
k=1 k=0
n—1

=[g(0) — g(RIAF(Q.0. %) + gR)AF(Q. 0. R) + Y [g(Re) — &(Rir1)IAF(Q. 0 RY)
k=1

By the assumption on Z, we have that

[g(0) — g(R1]=0, g(Rn) =0, [g(Rk) — &(Ri41)] = 0Vk (18)

On the other hand, Z-submonotonicity of F yields that all the first variation terms appearing in the expression above are
non-negative. It thus follow that AF¢(Q, o, R) > 0. This proves that Fg is Z-monotonic.

Assume that F is Z-submodular. Consider now Q,R,S € Z and o1, 072 € Q such that Q LojRLoy 1S € Z. Put m =|S|.
Then, from the expressions (16) and (17), we obtain that

A%Fg(Q,01,R,02,5) = AFg(Q Lo1LR,02,5) — AFg(Q LR, 07,5)
=[g(02) — &(S1)]-[AF(QLo1LR,02,0) — AF(Q LR, 02,1)]
+8(Sn)[AF(Q Lot LR, 02,5) —AF(Q LR, 02, 5)]

m—1

+ ) [8(5K) — (S )IIAF(Q Lot LR, 02, SIf) — AF(Q LR, 02, SI)] (19)
k=1

=[g(02) — 2(SNIA’F(Q, 01, R, 02) + g(Sm)A*F(Q, 01, R, 02, 5)
m—1
+ ) [8(5K) — &(Skt1)]A’F(Q, 01, R, 02, SIF)
k=1

From the inequalities in (18) and the fact that all second variation terms A%F appearing above are, as F is Z-submodular,
non-positive, it follows that Ang(Q, o01,R,072,5)<0 O

A direct consequence of Theorem 2 is the following corollary, which is crucial to analyze all our applicative examples as
we will see in the next section.

Corollary 1. Consider a permutation invariant, monotonic, and submodular function F : H(Q) — R, a function g: Q — R*, and a
g-ordered fully extendable set T C H(Q). Then, Fg is Z-monotonic and Z-submodular.

Proof. It is a direct consequence of Theorem 2 and of Remark 4. O

7. Detection and monitoring problems

In this section, we present a few applicative case studies regarding detection and monitoring and show how they can be
framed within the theory developed so far. The case studies revolve around the problem of choosing an optimal sequence of
experiments to optimize a quantity of interest. We start with a broad formulation of this problem, focusing on the common
characteristics of the case studies. We continue by exploring detection problems, which involve minimizing the detection
time of a given event, and we then tackle a particular instance of them, i.e. search-and-tracking (S&T), which is an important
applicative domain [2,21,22]. We conclude this section by considering environmental monitoring problems in which the goal
is to minimize the cost of the monitoring infrastructure. For each example, we show that its formal representation leads to
the maximization of a function Fg on a fully extendable set Z for which the properties of Corollary 1 are satisfied and, in
consequence, our generalized greedy algorithm can be profitably applied.

Consider a set of experiments . Each experiment o € Q is associated with a random variable X° on a finite space
A, which expresses the outcome of the experiment o, and a time stamp t(o), which indicates the time at which that
experiment can take place (e.g. because the device to perform the experiment is only available at that time).

10
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We are interested in scenarios where multiple experiments take place, statistically described as follows. For each se-
quence S = (S1,..., Sp) € H(), we consider a sequence of random variables X° = (X, ..., X,) distributed according to a
law Ps: A" — [0,1]. Ps(w1,...wy) is the probability that the set of experiments S has a global result (w1, ...wy,) € A".
Note that the same experiment o can be repeated within the sequence S.

We make two assumptions concerning the experiments: the specific order of disclosing the outcome of the various
experiments does not play any role; and ignoring the result of a subset of the experiments is equivalent to not having
performed them at all. Formally:

1. Permutation covariance: For every S =(Sq,...,Sy) € H(Q) of length n, w = (w1, ..., wy) € A", and permutation 6 € P,
it holds that

Pys(Ow) = Ps(w)

where 05 = (So1) ..., Somy) and Ow = (Wp(1), - - -, Wo())-

2. Coherence: Given R, S € H(Q) with R < S, the law of X® is the same as the law of the subsequence of the random
variables (X5)IR that are obtained from X° considering only those components corresponding to the positions of R
inside S. In particular, the i-th component of X° has the same law than X5i for every i =1,...,]|S|.

Against the backdrop of the framework outlined above, we now analyze the different problems, which differ in how they
exploit the experiments and in the quantity they want to optimize.

7.1. Detection problems

Given the space of the experiment outcomes, let us consider a specific event E C A, which we call the success event,
that represents a desired outcome of one of the experiments (e.g. a positive detection event). The problem is to determine,
among all the experiment sequences of a given length, the one that minimizes the expected time to obtain the success
event. We now formalize this problem. We fix a (—t)-ordering < on Q (e.g. o1 < 03 implies t(o1) > t(032)) and consider the
fully extendable set of <-ordered sequences H (2, <) (as defined in Eq. (5)). For every S € H (L2, <) with |S| =n, we define
the first detection time as the random variable ts : A" — R such that

t(Sy) ifwxeE, wj¢Eforj<k

Ts(w) = { T if wj ¢ E for every j

where T > maxycq t(o) is a constant playing the role, as we will see below, of a penalty for the fact that detection has not
succeeded within S. The quantity that we aim to minimize is E[ts], i.e. the expected value of ts on the set H(S2, <). We
now show how such a goal involves the maximization of a function of the type in Eq. (1).
We put E, ={w e A" |3i s.t. w; € E}. Given a sequence S € H () of length |S| =n, we define
F(S) = Ps(En)

that is the probability that the success event E has happened within the sequence of experiments S. The expected success
time can then be computed as follows:

E[ts]=Y t(SOF(SIH = FS) +TA=FS) =T+ Y (t(Se) = TH(F(S) — F(SI;™) (20)
k=1 k=1

The minimization of the expected success time is then equivalent to the maximization of the function

D (T = t(SESE) = FSIEH) (21)

k=1

which is of the form in Eq. (1) with g(o) =T — t(o). We observe that the optimization problem in this case is already
defined over the fully extendable set Z = HI (2, <). We now show that the properties needed to apply Corollary 1 hold:

e Permutation invariance of F follows from the permutation covariance property of the family of probabilities Ps and the
fact that the success events E, are permutation invariant.
e Monotonicity of F follows from the following computation:

AF(S,0) = Psi15(Ent1) — Ps(En) = Psio(Ent1) — Psig(En X A) = Ps1o(E  x--- x E“ x E) >0 (22)

where we denote E€ = A\ E.

11
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e Submodularity of F follows from the following computation:
AZF(S,61,02):P5L61LUZ(EC X+ X E°X E) — Ps10,(E® X --- x E® X E)
=Ps10,10,(ES X+ X E X E) — P50 106y (ES x -+ X E© x A X E) (23)
=—Psiolo(ESx - X ECxExE)<0

Notice how, in the second equalities of (22) and (23), we use the coherence property.
e By definition, the set H($2, <) is g-ordered with g(o) =T —t(o0).

An important extension of this example is the case when there are multiple detection events of interest El,...,ESCA,
possibly correlated among themselves. We indicate with ré‘ the first detection time of the event EX. In certain applications,
it is natural to consider the global average completion time IE[maxy rg‘] as the function to minimize; this happens when a
partial detection of only a subset of the events has no value. This new function has no submodularity properties. However,
in those applications where each detection event has an intrinsic value, it is useful to minimize the function E[}", ‘("é]. This
function fits in our framework. Indeed, if we define F¥(S) = Ps(EK) and

F(S) = Z Fk(s)

k=1

we obtain, computing as in Eq. (20), that the minimization of E[Y_, rf] is equivalent to the maximization of the function
in expression (21).

We now present a specific instance of the general detection problem presented above, which corresponds to an important
practical application.

7.2. Search-and-tracking

As a specific applicative example of the detection problem presented in Section 7.1, we consider the search-and-tracking
(S&T), which is the problem of locating a moving target in a given area and following it to destination. Following a state-of-
the-art S&T application in this area [2,22], we assume that the target travels across a large geographical area by following
a road network (set of paths I'), and the observer is a UAV with imperfect sensors. When the UAV loses track of the target,
a set of candidate flight search patterns 2 is selected via a Monte Carlo simulation to direct the search towards the areas
in which it is more probable to rediscover the target (see [23] for more detail on the Monte Carlo simulation). The UAV,
however, has not enough resources to execute all candidates and a subset of patterns needs to be selected and arranged in
a feasible sequence for execution.

Each pattern o € Q provides visibility over a family of paths 'y C T, i.e. if the target follows a route in I';, the UAV
may be able to detect it while performing pattern o. Each pattern o € Q is also associated with: (i) a time stamp t(o'),
indicating the mid-point of a time window during which the target might plausibly be in the area covered by o; and (ii) a
detection probability ¢, with the following meaning: assuming that the target has taken a route in I'y, if the UAV performs
the pattern o at time t(o), detection will be positive with probability ¢,. In all other cases, detection will be negative.
We assume an a-priori uniform probability distribution on the routes in T", as well as independence of the outcomes of the
search experiments conditioned to the fact that the target has chosen a specified route.

In Bernardini et al. [22], the authors study the problem of selecting the sequence S € HI(2) of length n that minimizes
the expected detection time (defined using the reference time stamps t(o) for the various elements of the sequence). They
allow repetitions of the same search patterns as they correspond to the UAV repeating the search in the same area. Below,
we show how this problem fits in the general detection framework presented in this section, while, in Section 9, we provide
numerical simulations that highlight how the generalized greedy approach benefits the solution of the problem.

To every search pattern o € €2, we associate a binary random variable X° on {0, 1} that describes the outcome of the
search performed at o, where 1 expresses the positive detection event (target is found). For each sequence S € HI(R2), the
probability distribution Ps : {0, 1}" — [0, 1] of the outcomes of the corresponding search experiments is constructed on the
basis of the topology of the road network and the detection probability of each pattern. More precisely, given S € H ()
of length n, we consider a joint probability distribution Ps on {0, 1}" x I" where Ps(w;, ..., @n, y) denotes the probability
that the target has taken the road y and the outcome of performing the n search patterns Sq, Sy, ..., S; have given results,
respectively, wq, w3, ..., w,. The probability Ps is univocally described by assuming that its marginal on I is the uniform
distribution and that

Psi,....only)= [] (-wp ] s ] (-9¢s)

i:y¢rls; i:yels i:yerls
wi=1 w;=1 w; =0

(24)

The above equation summarizes our assumptions: given that the target has taken route y, the outcome of the various
experiments in S will give an independent outcome. The patterns S; not compatible with y will deterministically give a null

12
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result, while the others will be positive with probability ¢s, and null with probability 1 — ¢s,. The probability distribution
Ps of X5 = (X51,...,X5) is obtained from Ps by averaging over y € I'. The properties of permutation covariance and
coherence for Ps follow directly from Eq. (24). The detection event is, in this case, E, = {(0,...,0, 1)}. In Bernardini et al.
[22], the authors propose an explicit iterative expression for the function F(S) = Ps(Ey), which is useful for computation
purposes.

As in the general detection problem, here the optimization problem is naturally defined over the set H (2, <). However,
other choices can be of interest: for instance, we can use Hd(Q, <), if we want to enforce all search patterns to be distinct
or, more generally, we can use the fully extendable sets defined in Eq. (9) to impose specific restrictions on the number of
repetitions. Such type of restrictions may reflect the time needed for the UAV to perform a search pattern or the number of
UAV’s that are simultaneously available for the search.

7.3. Monitoring problems

In this section, we present monitoring applications by going back to Example 1 (Section 3.1) and framing it within a
more general and richer context.

Let us consider a system that monitors an environmental phenomenon Z, which is influenced by a set of uncertain
factors. As seen in Example 1, the phenomenon could be the level of a river subject to flooding, which is determined by the
intensity of the precipitations (among other factors). The phenomenon Z manifests itself by a set D of events. In Example
1, such events are given by whether the river will overflow at some established checkpoints over its course.

We now consider a family € of Bernoulli experiments, formally modeled as in Section 7.2, that allow the system to
observe the events in D. Each experiment o € 2 is associated with a random variable X° on {0, 1} and a time stamp t(o).
The output of a sequence of experiments S € H(2) performed at the prescribed times, X5 = (X51,..., X5, is governed by
the distribution laws Ps(x) as x € {0, 1}. Such distributions are calculated on the basis of historical data on the phenomenon
Z or other information, and we assume that they satisfy the same set of assumptions concerning permutation covariance
and coherence that hold true in the case of the detection problems.

Each o € Q is also associated with a subset D, € D with the following meaning. If the monitoring system performs the
experiment o at its associated time and observes a negative outcome, X° =0, the system is guaranteed that none of the
events in D, will take place, namely Z # E for any E C D such that EN D, # @. In our example, the system can observe
the level of the river at some of the checkpoints and, for any observation of the water being below a safety threshold, it
can exclude that a flooding will happen at that point.

We model the cost of handling the phenomenon Z without the aid of the additional experiments in € through an
additive function C : 2P — R*. C is determined by assigning nonnegative numbers ¢; to each i € D and, then, defining,
given E C D, C(E) =) ;¢ ci. This is the global cost that the system incurs to handle all the possible events in E. In Example
1, this cost arises from the use of moveable floodgates, which are lifted as soon as the precipitations increase above a certain
threshold. On the other hand, each experiment in €2 is associated to a cost c. In Example 1, this cost emerges from the use
of a drone to monitor some of the checkpoints and evaluate whether lifting the corresponding floodgates is needed.

Given a sequence S of length [ and a binary vector x € {0, 1}}, we put

Dsx= | Ds; (25)
jZXj=0

Let us now assume that we keep monitoring all the events in D for which the experiments have not given a negative
outcome. Over a time horizon [0, T], the total cost that the system incurs upon performing the sequence of experiments
S =(S1,...,Sy) with output X = X5 is given by the following expression:

P(S, X) = Yt = ESk-1)C (D\ Dgecr yaer ) + (T = t(Su))C (D\ Dy x1) +nc
k=1

n
=31 —t5) (c (DS,{_X,]‘) —C (Ds,{q,xﬁq)) £ TC(D) +cn
k=1
A natural optimal problem is the minimization of the average global cost I'(S) = E[T'(S, X)]. If we put F(S) =E[C(Ds x)]
and g(o) =T —t(o), we have that

(S) = —Fg(S) + TC(D) +cn

Minimizing I'(S) for sequences of experiments of a given length is equivalent to maximizing F¢(S). Indicated with s 3
maximum of Fg(S) for sequences of length n, we are finally left with the following problem:

o]
min['($) = min[Td + cn — Fg(S™)] (26)
n=

13
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Note that we can reconstruct the special case considered in Section 3.1 by choosing C as the cardinality function and
assuming that deterministically X; =0 for all i.

Below, we show that the assumptions in Corollary 1 are satisfied and hence our theory can be applied to find approx-
imate maxima for Fg(S) for sequences of experiments of any given length. It is worth noting that the inherent recursive
structure of the solution obtained through the greedy algorithm yields a simple iterative solution of the final minimization
problem (26).

We now discuss the applicability of Corollary 1. The set of sequences on which this maximization takes place is here the
set HY(Q, <), where < is any (—t)-ordering on the set . Concerning the properties of F, we reason as follows.

e Permutation invariance is obtained via the following computation. For a fixed S € H(2) of length n and a permutation
6:{1,...,n} — {1,...,n}, we have that

FS)= Y Py®CDsi )= Y Psu®)C(Dgo)= >  Ps(x)C(Dsy) =F(S)

xe{0,1}" xe{0,1}* xe{0,1}"

where the second equality follows from a relabeling of the running variable x and the third equality from the assump-
tion of permutation covariance for Ps and the definition of Ds .
o Note that, by the coherence property of Ps, we can write for every S € H(Q) and o € ,

F(SLo)=F(S)= Y Psic(IC(Dsiox) — C(Dg ysi]
M
xe{0,1}ISI+1
Since, by construction, Ds NS Ds1o.x (see Eq. (25)) and C is additive, it follows that the right hand side above is
X1

nonnegative. This proves that F is monotonic.
e We now fix the sequences R and S in H(2) and o € Q2 and we put n = |R| and m = |S|. Denoting the corresponding
running output sequences as Xg, Xs, and X, and using again the coherence property, we can write

F(RLSLo) = F(RLS) = F(SLo)+F(S)= Y > > Pristo®rL1xs1xo)[C(DRLsLoxg x5 in,)
xre{0,1}" xge{0,1}m x5 €{0,1}

— C(Dris xgixs) — C(Ds1io,xs1x,) + C(Ds xs)]

(27)
Notice now that
C(DRLSLoxgLxsLxs) — C(DRLS xgLxs) = { E(Do \ D5 e i) 1;2 i(l) (28)
g Lxs =
while
C(Ds Lo s L1y) — C(Ds xg) = : ° o =1 (29)
C(Dg \ Dsys) ifxe =0

Since by construction Ds x; € Dris.xz1xs and C is additive, it follows comparing (28) and (29) that

C(DR1sLoxglxslxs) — C(DRLSxz 1xs) < C(Dsio xs1x,) — C(Ds xs)

This implies that the right hand side formula in Eq. (27) is nonpositive and, thus, F is submodular.
8. Other applicative domains: job scheduling and recommender systems

In this section, we present additional applicative examples that can be addressed within our framework.
8.1. Job scheduling

We tackle a job scheduling problem that was first studied by Stadje [24]. Assume that Q is a set of jobs that need to
be processed by a single machine subject to failure, which is modeled stochastically. We associate a number P(c) with
each job o € Q, which represents the probability that the machine does not fail while performing o. We assume that the
machine is not aging so the probability of not failing while performing a sequence of jobs S is simply P(S) = I—[j P(Sj).
Every job o is also associated with a reward R(o) > 0 and a discount d(o) € [0, 1[ (typically, the discount depends on
the time t, needed to complete job o, e.g. d(o) = e %), The reward of performing the job o after the sequence of jobs
S has been performed is given by d(S)R(o), where d(S) = ]_[]-d(Sj). The objective function G on a sequence of jobs S is
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the expected total reward under the assumption that the machine keeps processing jobs of the sequence S until it fails.
Formally, we have

S|
G(S)=Y  P(SIHd(SI;HR(SK) (30)

k=1

(with the convention that P(2)d(2) = 1). The function G fits the class of functions in Eq. (1) and is formally equivalent
to the function considered in the S&T problem described above. To see this, we put D(S) = P(S)d(S) and we note that, by
multiplying and dividing the k-th addend in Eq. (30) by 1 — D(Sk), we obtain:

S|
_ k=1y _ k R(Sk)
G<S>—§D<S|l )= DS 55 (31)

If we now put F(S)=1— D(S) and g(o) = ]f(D"(()T), we observe that G coincides with Fg as defined in Eq. (1). The main
result reported by Stadje [24] is that, restricting G to sequences of distinct jobs of a fixed length n, the optimal solution
is a sequence S for which g is decreasing, namely g(S1) > g(S2) > --- > g(Sy). This conclusion is also implied by the
general result expressed in Proposition 1. We now fix a g-ordering < on Q and show that the properties needed to apply

Corollary 1 hold on the fully extendable set HY(Q, <):

e D(S) is, by construction, permutation invariant and thus also F(S) =1 — D(S) is permutation invariant.
o Note that

AD(S,0)=D(SLo)—D(S) =D(S)[D(o) — 1]

This implies (since D(o) <1 for every o) that AD(S,0) <0 for every S and o. Hence, D is anti-monotonic and,
consequently, F monotonic.
e From the equality

A2D(S,01,02) = D(SLo1Loy) — D(SLoy) — D(SLaz) + D(S) = D(S)[1 — D(o1)][1 — D(02)]

it now follows that A2D(S, 01, 03) > 0 for every S, oy, and 0. This yields the submodularity of F.
e By definition, HY(S2, <) is g-ordered.

8.2. Recommender systems

Finally, we present and extend a recommender system application presented by Ashkan et al. [3]. Numerical simulations
for this example are given in Section 9.

Assume that € is a set of movies and the function g: Q — [0, 1] attributes the corresponding satisfaction probability of
a default user to each of them. Movies are organized under different genres, i.e. there is a set 7 of genres and a function
t such that, for each o € @, t(c) €T is the subset of the genres covered by o. The recommender system generates a
sequence S € HY(Q).

The objective function G : H9(Q2) — R is the probability of the user satisfaction assuming the following stochastic model
of choice: the user chooses a genre t in 7 with a probability r; and picks the first item S; in the given sequence for which
t € t(S;). We use the notation i(t) to indicate such index i. Formally, we have that i(t) = min{i =1,...,|S||t € t(Sj)}. The
user will be satisfied with probability g(Si)).

We can formally compute G(S) as follows:

S|
G(S)=) nP(satisfied |t) = > rg(Sie) = | D e |&Sn (32)
teT teT i=1 \t:i(t)=i
Define now F : H%() — R so that
FS= Y n (33)

tel J; t(Si)
F(S) represents the probability that the chosen genre shows up in the sequence S and it holds
Y r=F@SH—FSEH
t:i(t)=i

Substituting the above expression in Eq. (32), we recognize that the function is in the form of Eq. (1).

15



S. Bernardini, F. Fagnani and C. Piacentini Artificial Intelligence 297 (2021) 103486

Ashkan et al. [3] study (for the case when r; are all equal) the optimality of the function F; over the set of sequences of
distinct items of maximal length |2| and discover that the solution, as in the previous example, is given by any S on which
g is monotonically decreasing. In addition, they note that such optimal solution S can be trimmed by iteratively discarding
all items S; for which F(S|§) — F(S|’1’1) = 0. In this way, they obtain the shortest possible recommended sequence of items
still maximizing the satisfaction probability.

Similarly to the previous example, we now show that the properties needed to apply Corollary 1 hold on the fully
extendable set HY($Q, <), where < is any fixed g-ordering. The function F(S) is, by construction, permutation invariant. It
is known in the literature as a weighted coverage function: interpreting r; as the weight of genre t, F(S) represents the global
weight of the genres covered by the sequence of movies S. Such functions represent a well known example of monotonic
submodular functions (see the work by Krause and Golovin [17] for details). Finally, by definition, H%($2, <) is g-ordered.

In practical applications, as also noted by Ashkan et al. [3], it may be of interest to optimize over sequences that are not
necessarily of maximal length. In this direction, we propose a generalization of the above model that also leads to a function
of the type of Eq. (1). Instead of assuming that a movie o € Q covers a set of genres t(o), we associate a probability vector
p°® over 7 with each movie o, where p?(t) indicates to which extent movie o covers genre t. Hence, we assume that
the choice mechanism of the user is now the following: once the genre t has been selected, the user will pick S1 with
probability pS1(t). If S; is not chosen (which will happen with probability 1 — pS1(t)), the user will pick S, with probability
p52(t) and so on. If Siq is the one chosen, the user will be satisfied with probability g(Si()). In this case:

S|

1 1
G(S) == D P(at[=— > > gSHP(® =ilD)
= 71

teT i=1

where

P =ilt)=1—=p* @) (1= p*1©)p*(®)
If we now define

IS

F(S) = Z(l —pSiE))---(1 = pS=1(6)pSi(0)

i=1

as the probability that one of the items of the sequence S is eventually picked, we have that

This shows that, in this more general case too, the function G has the same structure of the function in Eq. (1).

In regard to the applicability of Corollary 1, note that the function F(S) is identical to the success probability as defined
in the detection problem and is thus permutation invariant, monotonic, and submodular. Finally, the fully extendable set on
which the maximization takes place is the set H?($2, <) introduced above, which is g-ordered by definition.

9. Experimental results

To show the potential of our method, we now provide explicit numerical simulations for the S&T and recommender
system applications described above.

9.1. Search and tracking

We show the advantage of using the generalized greedy algorithm over the standard one by running both algorithms on
several, randomly generated S&T problems. To highlight when the two algorithms exhibit different behaviors, we consider
scenarios in which the detection probability of each pattern depends on the execution time associated with it. If the pat-
terns associated with a lower t have a high detection probability, the standard and the generalized greedy search perform
similarly. They prefer these early patterns by placing them at the beginning of the sequence and add the remaining patterns
to the end of the sequence. Conversely, if the detection probabilities associated with patterns with a greater t are high
enough, the standard greedy immediately places those patterns at the beginning of the sequence, but, as patterns are only
added on the right side of the sequence, it never exploits early search patterns. In this way, it constructs short sequences
that do not make full advantage of the richness of the set 2. Instead, the generalized greedy, being free to place patterns in
any position, manages to exploit both types of patterns.

We generate 11,000 realistic problems instances, each with 20 candidate patterns and 40 destinations.! Each pattern o
is associated with a random sample of destinations. Time stamps are generated sequentially by taking a random sequence

1 See supplementary material available online at https://doi.org/10.5281/zenodo.3695080.
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Fig. 1. Average objective values obtained by the standard and the generalized greedy algorithms.

Table 1

Average running time (in milliseconds) of the standard and the generalized

greedy algorithms.

max repetitions = 1 max repetitions = 3
Gstandard 4+1 15+4
Ggeneralized 16+6 67 £25
of all the search patterns S = (o1, ..., 0y) and imposing that t(o;) = t(c;_1) +r, where r is a random number. The detection

probability is a linear function of the indexes of the sequence of search patterns in S with different angular coefficients:
¢, =m-i+q, where m is a value between —1 and 1, and q is such that ) ; ¢y, is constant across the scenarios. A scenario
with m = —1 corresponds to the case of patterns with a lower time stamp having higher detection probabilities, while, a
scenario with m =1, represents the case of patterns with higher time stamp having higher detection probabilities. When
m =0, all the patterns have the same detection probability.

For each problem, we run the generalized and the standard greedy algorithms over sequences of maximal length 10.
We consider two types of sequences: in the first, we establish that all patterns must be distinct; in the second, instead, we
allow at most 3 repetitions for each pattern.

Fig. 1 shows the average objective values found by the two algorithms for different scenarios: the left plot corresponds
to the case of distinct patterns, while the right plot to the case of a maximum of 3 repetitions per pattern. The figure
shows that, in all cases, the generalized greedy algorithm dominates the standard algorithm. As expected, the difference
in performance is particularly high (considering the ratio) in scenarios where the search patterns associated with a greater
execution time have a higher detection probability. The average running time across all scenarios of the two algorithms and
across all instances is reported in Table 1. While the generalized greedy algorithm is slightly more time consuming than the
standard algorithm, the runtime is acceptable for the real S&T application as the optimization of the objective function is
typically performed within a time limit of one minute [2,23].

9.2. Recommender systems

For the recommender systems application, we analyze the performance of our generalized greedy algorithm for the same
case study considered by Ashkan et al. in [3], and we make a comparison with the DUM algorithm proposed therein. The
general setting is described in Section 8.2. Each movie ¢ in a set 2 is equipped with a satisfaction probability g(c) and
a subset of genres t(o) C 7. For a fixed positive integer K, Ashkan et al. [3] compare sequences of movies S of length at
most K from Q2 based on two performance indices: the Intra-List Distance metric (ILD) [25] and the normalized Discounted
Cumulative Gain (nDCG) [26]. ILD measures the diversity of a sequence and is formally defined, for a sequence S, as

1
ILD(S) = 7o D IHSHALS))]
i,j<IS|
where t(S;) At(S;) indicates the symmetric difference between the two subsets t(S;) and t(S;). nDCG is a discounted accu-
mulated measure of the level of satisfaction of a sequence, formally defined, for a sequence S, as

IS

g(51)
nDCG(S) = Z oD

where C is a normalization constant defined as the ideal gain obtained for a sequence of the same length and maximum
satisfaction probability for all its elements.

The DUM algorithm considered by Ashkan et al. [3] and explained in Section 8.2 consists in sorting the elements of
according to their satisfaction probability g and, then, removing from the sequence all those elements that do not increment
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Table 2
Comparison of DuM and GREEDY.
K=5 K=10 K=15
ILD nDCG ILD nDCG ILD nDCG
Dum 1.85 0.78 1.91 0.72 1.84 0.72
GREEDY 2.20 0.83 2.12 0.82 2.01 0.82

the value of the function F. The sequence obtained in this way has a length that is guaranteed to be below the total number
of genres. Since in this case the authors want to produce a sequence of prescribed length K that is in general smaller than
the number of genres (|7| =18 in the considered case study), they apply a modification of their algorithm by substituting
the original function F with the following one:

F(S)=Y min{)_ |{o :t et(0)}], Ne} (34)

teT oeQ

where N; is a prescribed number of movies of genre t that are forced to appear in the sequence. These numbers N; are
chosen so that ), N; = K and are constructed by making use of the user’s preferences r; of the various genres.

Specifically, the case study considered starts from the 1M MovieLens dataset,” consisting of one million movie ratings from
6040 unique users, from which users with more than 300 ratings are then selected. This results in a dataset of 955 users
with 502k ratings for 3644 unique movies, divided into 18 genres. For each user, rated movies are split into a training and a
test set with a 2 : 1 ratio. The test set forms the set Q of recommendable movies. Data in the training set is used to create
the user’s interest and genre profiles. The user’s interest profile is generated using matrix factorization via singular value
decomposition [27] and provides, for each movie o € €, the satisfaction probability g(o). The genre profile consists in the
empirical distribution r; on the movie genres 7 obtained from the training set rated by the user.

For DumM, the numbers N; are computed as follows [3]: first, another empirical distribution r{ is calculated by sampling 10
elements from the original distribution r; on the genre set, and, then, it is established that N = lrf-KI.ED=K-Y", N =
0, then N; = N; is set. Otherwise, D more elements t1, ..., tp are further sampled from the distribution r¢, and, finally, it is
put that Ny =N; + |[{i=1,...,D|t; =t}.

In our approach, instead, we apply the original function F defined in Eq. (33) using, for each user, the original distribution
r¢ of the genre profile and maximizing directly over sequences of prescribed length K.

We perform experiments with different values of K. Every experiment is repeated 3 times, with different training and
test set splits. In Table 2, we report the comparison between Dum and our generalized greedy algorithm that maximizes
Eq. (32) with respect to ILD and nDCG. As shown in the Table 2, our approach performs better than Dum against both
metrics. Our improved performance is achieved thanks to the flexibility of our algorithm, which incorporates the full set of
genres in the optimization problem directly, as opposed to Dum that samples a subset of genres before the construction of
the sequences.

10. Conclusions

In this paper, we show that, in several applicative domains, the problem of finding a sequence of objects that maximizes
a reward can be expressed as the maximization of a recursive function that exhibits the structure captured by Eq. (1).
After proving that existing greedy algorithms do not yield strong theoretical guarantees for such a function, we study its
properties and generalize the notions of monotonicity and submodularity by adapting them to fully extendable sets of
sequences. We then introduce an efficient generalized greedy approach that ensures finding solutions that are O(1 — %) of
the optimal. Our method is general and can be applied to any domain with an objective function that can be transformed
in the form of Eq. (1). To support this thesis, we present evidence that our technique works across several applications and
provide explicit numerical simulations for two domains, S&T and recommender systems. The experiments directly show the
power of our new algorithm. Our work contributes to the discussion on submodularity by stepping away from the specific
details of practical applications and presenting general properties of functions often encountered in them, which can be
exploited to find better solutions more efficiently.
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